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" Frequency Spectrum 'Convolutional Neural Network (CNN)

" Envelope
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* Short-Time Fourier Transform (STFT)
¥ Hilbert-Huang Transform (HHT)

* Wavelet Transform (WT)

* Convolutional Layers

" Pooling Layers

Y4

(bg3r) ¢« OV-FA. 20 .Y 5 0 ko (e (50,9 ¢ (NFo¥ 3) iy pb SSilSo suwiigeo

Tl pleol 5 g STl deaSid g5 ool el (Shy 90 )l sl
Ygons Ll slasagyy &5 comitle ol sloop)l5 sl 1) ol &
o sly il 45 S e calie e Aifed s (glaools
50 sl san S il slasog g o LS (et g b ol

REMNOW PREINE

ORaagh ol Gl o ras oSl YL slagUlys Jolsa
€55 o Vb gz agaz sl il obml 5 i ol 53 6)sls ok
Jlesl czr iz laoos ol oslitd JLisay (B it Sae s
Wlosgy a1 oolid 5,50 (sbaosls £33 55 555155 5 6355 sLaosls (53,
5 Sl sheghy 0 edls S5 azsi 3)5e |y i 93 8 5 sloae
00,5 Slginy 03,08 oS b oty a5 K T iSen
Conglio 3T Jos S o ool (5345 lsiedr (gins 5y (glaosls 5l &5
B S e ROW PR EEIE SR E S Ae
5 a8 wols slgiis |, 'LSTM Jaw 5 b ol o multi-scale i
Bl ] e g K18 el 08,5 0sliiad (6355 olsieas sl b)) JiSms
a9 hod b pgal 1 aS )5 sleiin 1) cus At Gy, S0
23 gy 30,8 oo ooliil Brae cwas 85d (6995 lsreds @
e 2 B sl ants waz iy, o Y oiKes 5 55
348 woges )| Balas JSiz (o5,F (550k 5 pdoy (a4
s g olas ol a5 S e ool (e 03> o) (glo Jia
580y b i 653 slagiesyy Wgdioe Jod (539)9 Oloredr gm0
Sy 5,5 GERshy 50 Pl e wd 5 g 4 JlSle 50 (5 905
Tone oS a5 s 55 by oy (omme o503 31 T s
ol glice IS 45 g wloo,S oliciul (53,5 03ls fsieas blasl JUSms §
e obisS 42,98 o 5 (s (a5 Sl oolizad L1 )i
Dol S 5 15 lazsls iy piie sloygo 4o L shows 4
bbbl wge (aseis lp a¥ 99 (ciomy oae G8S0d S Sy
b daosls 1l o5 & ppo ol &2 0,5 olgiiny bjeel adls g0l oluws
Y (oisel sl 5505085 5l s igse (55105 @ )8 o
plol ool &llas (5gel ales )3 5 93,5 o0 ooliind &)las (90 g &Y @
Joe 5 sl slao,Sas) bojsm cnl 5 5 6,50 lagieghy 95ds
Ol gy 31 et o M el w8 8 050 5355 slaosls 5
253,5 ooliciasl (35,5 slaodls o5, " Slga-polem o 31 MY e
9 Sy WS (o (oras &0 A |y LWl psla
5 ko b5 43,98 o 3 Slpa-Syea s el T o Ko
Ol 5 (6yloaly o550 (gl o s S eolitd 5" Szge s
A (53559 Olyiets oyl 5 (el il (ol 03 S 511
o ingss ools )8 sy 3550 1y BUL oxabs 5 g 00,5 aoliiud

Sl 4285 850 031 £55 50 (559155 2,505, b g gedie (nl b 5 6,500
[yy-vsl

' Weights Sharing

¥ Spatial Pooling

" Long short-term memory

" Fast Fourier Transform (FFT)
® Random Forest
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* Convolutional Layer 1
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. Convolutional Layer 2
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' Backpropagation

' Fully Connected Layer
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Image, 1280x960x1
Conv2D, 3x3, 8, ReLU
MaxPooling2D
Conv2D, 3x3, 2, ReLU
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1 Conv2D 2 3*3 RelLU (1278, 958,2)
2 BatchNormalization - - - -
3 Conv2D 8 3*3 RelLU (1276, 956, &)
4 BatchNormalization - - - -
5 MaxPooling2D - 2% - (638, 478, 8)
6 Conv2D 2 3*3 RelLU (636, 476, 2)
7 BatchNormalization - - - -
8 MaxPooling2D - 2%2 - (318,238,2)
9 Flatten - - - 151368
10 Dropout 0.6 - - 151368
11 Dense 4 - Softmax -
12 Loss Function - - Categorical Crossentropy -
13 Optimizer - - Adam -
14 Total Params 605794

Uscd Data
2500

2000 S ===
408
1500 —_
1000 —— S 0077 !
1597
500 :
G — | —

mTrain m Validation mTest

9 2Ly ‘Jia)sz ..\...’T}s 0 o oolawl gbvosly slaxi NA ST

IS ol 5 a5 jskilen cad o ool (iales V) B VAl S o
Aoy Ve oy oS a8 slows jo owilS 8 b (95,9 b Joe sl

Gl ools lias g3 5 K0 Joe 59 4y Cad (6 i (S45S 5 00w
aon ;0 V- KN 5 # kN L L alfislej] slaosls 5l laJas ol s

Gl e glaosls (gl (Kisu y0m,0 G yile 058 oo ooliiu] lace

" Epochs

093] Sygot gy (nl sl €8l dnugt Sl (ras a5l LSl
AbolS 5l eoliiwl b g gl yiaw 0 ald ol cad sl o)
olal b dubs g olew polas 5l a5t ol 0 .03 olxl TensorFlow
plesl saY 98 siomn Y 4wl 5 (635,5 (laieds JuSy VYA-XAF
b yuolie ol o ot oslind ! Szl sl Jled a5 s (st 5
09 5 e LSy ecilize JS0 a4 aglie 6l il g
498 Jodd G5 L pgd Jb oo 039> JUiSow ploreds (B3l pin oo
Ohayt pelell (8,5 b 3T 0 g il B b ot iS5l gy
e Al Joe a4y e jobas g dbes g ol gl &jsoas & plen
leie sla F5g aSiid 550 o0 00ld il Jlsl b a8l dnwgd ioey
ol bl s gl U 511 GBUL Gl Cgae b daye

QLS e (gidd s Glisee la WIS o 1) laesls da S

FB VA s o a5 joblen ol 5 (owilS ;8 giloj o0ls aw ;o sl
Condg Yoz s 50 alBislesl slassls asys - L.{,aJ Sl oamlice
Sl gl S0 a0 B0 3l g 4l b3yl g Gassel anl sl L
Sy ee oolaiul 4l

e ool 5 (S B b (Sloy JUuSem il b ilise (6399 4n

' Softmax Activation Function

1



1A%

100

Accuracy (Percent)

Accuracy (Percent)

Accuracy (Percent)

Training and Validation Accuracy

90 1

80 1

70 4

60 1

20 1

10 4

<

Loss

—— Training Accuracy
—— Validation Accuracy

100 A

90 +

80 -

70 1

60 -

201

10 A

T T T T T T

10 15 20 25 30 35
Epochs

(dg3r) ¢« DV-F A0 .Y (5 0 ko (o (50,90 ¢ (V¥ 1b) iy pid SilSo quwiigo

Training and Validation Loss

2.0 1

1.8 4

1.6 1

1.2

1.0 4

0.8

0.6

—— Training Loss
— Validation Loss

10 15 20 25 30 35
Epochs

Sl JESow (69959 813 (P lo3T (sodld (59 Juo bigel wBs N Ui

Training and Validation Accuracy

loss

—— Training Accuracy
— Validation Accuracy

100

2 3 4 5 6

Epochs

Training and Validation Loss

0.5

0.4

0.3

0.2

0.1

0.0

—— Training Loss
— Validation Loss

Epochs

ol 3 il Jis (5399 (51t (HELglosT (sloo0ld 535 o sbpaT o ¥ S

Training and Validation Accuracy

90 1

80

70 A

60

20 1

101

Loss

— Training Accuracy
— Validation Accuracy

T T T T T T

10 15 20 25 30 35
Epochs

Training and Validation Loss

1.0

0.8

0.6

0.4

—— Training Loss
— Validation Loss

T T T T T T

10 15 20 25 30 35
Epochs

el JUKw (6999 (812 (BELLo3T (rodls 59) oo Shjgel Cds YIS




Ol%en g Sl 3 e ol 58 9 ploj 0j92 S JUS s (Slop (S (omas A b puiito ()15 bl pd 50 (Ale B 2l 5 wiadigr (abcwe
H| 0.385 0.225 0.000 0.390 0.094 0.000 0.204
IRF| 0.202 0.442 0.116 0.240 IRF| 0.014 0.000 0.026
ORF| 0.010 0.325 0.665 0.000 ORF| 0.000 0.000 0.000
REF| 0.185 0.004 0.000 0.81 REF| 0.062 0.000 0.000
H IRF ORF REF H IRF ORF REF H IRF ORF REF
Cond 5l2odls (gl (Kot yo )0 oYY JSCi
PP 9 il 8 b Sloj JUSw oo €. Jgur
(Cand) L35 Wl (00)0) Cand B (20y0) i)l cds | (30y0) hjeel o &%9,9
WYY OAIA YA Y/ by Jiew
O 0/ 14/8 Yoo )8 b
\t/d a0 aYig AYIY odlgil

rbin 285 5 9,55 515 05k cnl y3 elS jebas baosls 5 (S s
P Ak az e o oo Sl (ole 1S Lo Grizmes 3985 Jol>
JUSms 3 T b a5 0500 Jols ) Lo puilS 3 5l (s cbo 2L,
e yild ple o ol 1Sl g 0,5 00 0 |y 6%t LS
Sl 595 5ikd e jsb e 0 5laile oliiil 4y 1) CNN - o wilgs oo
Gamb 03,5 bl b a5 ol samlie BB al ol (Solots col ogee
3 e Gl g WS (o et ol SO (il 5 iz ax o S ilS
Mo ol 51 G g ol 3 il hilae jo ojlasl e ol Iy Joe
Oliebl (nl 5 0980 48,5 598 s JUSomw pled 3l (92 )l |,
12 5 Sl Sg2ge owilS 3 il JUSKw ;o wpais axl o1 a5 50 042
2 JUSm IS8 eizmen 258 g0 ol | JiS (S 6 03k plos
IS 0 il b il JUSs S (o3 S (g 0590 Sl o
“ S8 55 a5 5 b S e S 2l ST Il (s 9 90 S oz
b Joe o ,Shas (65l slinl, 55 el plis ol Sopeien SlS £g500 ol V£
s S dags o Jlosl oo 5 2Lid o3l olad ol 3Y sl (599
g o930 B Condg 2 Gl JiSs wp0tS 4 bl 6T e Sle b

O pdy O ygo 00

SV OIS &S ©olgil (39,5 sTn s (B (55, Y gax el o
OBl col msss as m3Y o ls (63555 cul Ghisel Bols b anylae o
Sl asts (i )8,L cos ol g Ghigel b amlie jo Cus
S 35,5 Slhlab ey i 3 o o ol Gl L s
lolid ) el a8 S1,81) o5 (0L Lyl o o (anseis a5 Jue
53 il il 6 Lan oSkee Cons sm YL IS0 o >
$lasog)s 5l e Yol jo (3 ild ol Jlael 4 Sl ogloil (53455

R b (699)5 b Jae (Ghiy S5)) Sloj JUiSew 59959 b Joe
ooy 0alo ialed YV S )3 (50,8 ) wolgil (50959 b Joe (tsf] 5)

Sl e 54 REF  ORF IR H Lt Gy o S5 pl )5 o
6995 b Jae blie jo cuil eolws flas 0g5 3l o s Sloy JLKw
e o ol i g g 008 s ol a0 lsd
ol o oSy il 5355 b o Jb ol b el ol (glaools

S8l (ol B ik pgal (639)9 45 (Jae 098 o0 cdalin &5 joblen
2 plsil Ghyy aSilay azg bl o555 (1A0) w85 0 YL Jles S
Ol o Sty sras slaaSed la g Judoa cal g w3l 1595 5
2 695 3 e S S 5 ol ol aslind 3 o &y
doosls olass yogs YU Joay (gusios ol 1o 8o e oo olulid
Gl el oas a8 )3 a0 008 jasie 31l ojb S s £ o sl
P B Ky G caxsg Gl e VY B YYD o5l o LB
3G pBlel glaodls (55, wnlp cnl oS Jlesl 5ym Y70
4l conl b 00,5 oo Jlosl (B5ls i Al e 0 Jae jo esland

¢A



e Al sla olls o 4 Raghy (ol ) el o Slaasly
ool Jao G 5L s g e s (gan WIS e glal (Bloy po oy

e g5 5 OBLL o> erid ol chmy crac (54D Bes oS g

oo Lyl 00 IS LUl b s ol Ky shiie oy b oolial ]
DB ez ) o 5Ty il A 2] (sn S sl
P (B Sy Gl Sandg (o sslatens pelaings ouale
G9) Esmas Oypoh B> ad eolind aszle 35 () S,
ool E5ie S 5 oty 65 LB ¥E o 5 wiad sbxyl oL

laodls (obicwe Cuz 4 (539)5 JuSem &9 (e L Gl p 0 pld
— elsil g (eilS8 b (Sloy LS JSKS A 4 0ah CF LALS)
il oo Giigel 5l b o0ls (i (seas aSD & (5995 Ol
Loanlie ;o il b 53555 Hn 3l S @l (Joae ool
4281 ad patie ool plal Glaow; » b v ol 5 loy JuSw
Ll camo e o d JUSims culS 3 ciabs 5l (goisde oy oSl Lol
aSod yo s G cge S Joe g ild olal (g psite wiile (Yo
ol 6,18, o @l b (odlS 8 el s o 4 358 (i (ras
rae SBaSd )3 Sbcws 1 ansS (n e s el S ln
Este oo pladl b Wl oo gy ol s 090 o0 Cgmime (odonn
Al dnngs Joo (izran b d5ate Wil 0 Shes oy g ool 55, 500
Cre Al Glp Gaie GBS 59 Sl gl alpe ool o

b e o2l gl B

Refernces- L.

‘. Wen, L, Gao, L. and Li, X., Y* V. A new deep
transfer learning based on sparse auto-encoder for
fault diagnosis. IEEE Transactions on systems, man,
and cybernetics: systems, £3()), pp.)YI-VEE
DOI: Y, Y« 4/TSMC.Y VY, YVOoEYAY

Y. Abdel-Hamid, O., Mohamed, A.R., Jiang, H. and
Penn, G., Y)Y, March. Applying convolutional
neural networks concepts to hybrid NN-HMM model
for speech recognition. In Y+ )Y IEEE international
conference on Acoustics, speech and signal
processing (ICASSP) (pp. £YVYV-£YA.),  IEEE.
DOI: Y+, VY« 3/ ICASSP.Y « YY,TYAAATE

Y. Kim, Y., Y+)¢. Convolutional neural networks for
sentence classification proceedings of the Y+)¢
conference on empirical methods in natural language
processing, emnlp Y+ £, october Yo-Y4, Y+ V¢ doha,
qatar, a meeting of sigdat, a special interest group of
the acl. Association for Computational Linguistics,
Doha, Qatar. DOL: ) +,¥)Yo/y\/DY£-)YA)

£, Song, X.,Cong, Y., Song, Y., Chen, Y. and Liang, P.,
Y+ YY. A bearing fault diagnosis model based on CNN
with wide convolution kernels. Journal of Ambient
Intelligence and Humanized Computing, ) ¥(A),

¢9

(bg3r) ¢« OV-FA. 20 .Y 5 0 ko (e (50,9 ¢ (NFo¥ 3) iy pb SSilSo suwiigeo

i)l Bl 5l S oS Al g bgel B0l I VL cws Bals

s

sloosls gly aSis e e Wl oo Gy s 5l &S (6,500 a4
Coio ;0 gaoge | gl so ool Laseid o olildl 4 oS el 5
b ooly> 4 e ()3 pansis pae | Sl 25 LB 5 s sl
slrosls 5l ool oy s oedoe ok Jhew Jb g S ol )l
b ol il Joo i 3l Ol Yoz A1 s o (alale]
O ol 5o eolaiul 8,50 Jae s ax g5 Wbl doy0 S 55 sl
5950 &P E89 Dyge y0 g abboe Llb ) cue o oLl Ul LS
Sledl G 3l ce Jlaml 5 ol,3 (1S aeis o alles e a8 HBLL Lol
ot 3o 095 00 laS Lol el ploal 0550 Jaw o Slas il S0 ladl 4
e o lal &S Ll ol o oS plulin ol g o5 cal aS
O G yeS b Lol g anlgs Ul 3 ol ololiss 4,0 Jow o Jlagsy
SER9% Egoge 45 S walyS (o) wiejls Joe 9 Shes 0 ledl 4

ilse s

GpSams b
gycrl 31l Jlas slapyile ol )3 0 1) e O i oide sl BLL
2 e sl 5l (BHE QBUL e wieign g plSamag; (aniis

pp.i AN ZY-h
https://doi.org/\ IARRAYARRAZ-ERAREZ-A A T

°, Chen, X., Zhang, B. and Gao, D., Y+ Y\, Bearing fault
diagnosis base on multi-scale CNN and LSTM

model. Journal of Intelligent Manufacturing, Y'Y (%),
pp- AVI-4AY,

https://doi.org/Y +, Y+« V/sY s AZo e YooY

1. Jia, F., Lei, Y., Lin, J., Zhou, X. and Lu, N, Y1,
Deep neural networks: A promising tool for fault
characteristic mining and intelligent diagnosis of
rotating machinery with massive data. Mechanical
systems and signal processing, VY, pp.¥:¥-YVe,
https://doi.org/Y +,Y «YV/j.ymssp.Y+Vo,)+, Yo

Y. Xu, G, Liu, M,, Jiang, Z., Soffker, D. and Shen, W.,
Y+ 14, Bearing fault diagnosis method based on deep
convolutional neural network and random forest
ensemble learning. Sensors, ) 4(°), p.)AA
https://doi.org/Y +,Y¥a /g1 2+ 01+ AA

A. Eren, L., Y+)V. Bearing fault detection by one-

dimensional convolutional neural
networks. Mathematical Problems in
Engineering, Y+ YV(}), pATYYTY O,

https://doi.org/) +,YY0o/Y 1 Y/ATIVTY 0
4. Chen, J.,, Jiang, J., Guo, X. and Tan, L., Y:Y), An
Efficient CNN with Tunable Input-Size for Bearing



AR

'Y

VY.

V¢

Yo

‘1,

ARY

YA,

. Zhang, W., Peng, G. and Li, C.,

OllSen g Gilal b e

Fault Diagnosis. Int. J. Comput. Intell. Syst., Y¢(V),
pp.'l\'o_'”"i.

https://doi.org/) +,¥29V/ijeis.d. Y)Y+ VI, + )

. Peng, D., Wang, H., Liu, Z., Zhang, W., Zuo, M.J.

and Chen, J., Y+ Y «. Multibranch and multiscale CNN
for fault diagnosis of wheelset bearings under strong
noise and variable load condition. IEEE Transactions
on Industrial Informatics, Y(V), pp.£3£3-£37.,
DOI: Y+, )Y ‘\/TIIV +Y.,Y4 VooV

. Zhu, X., Luo, X., Zhao, J., Hou, D., Han, Z. and

Wang, Y., Y+Y+. Research on deep feature learning
and condition recognition method for bearing
vibration. Applied  Acoustics, 1A, p.)+VEYe,
https://doi.org/) +,Y + YV/j.apacoust.Y « Y+, 1 VEY0

. Peng, D., Wang, H., Desmet, W. and Gryllias, K.,

Y:YY. RMA-CNN: A residual mixed-domain
attention CNN for bearings fault diagnosis and its
time-frequency domain interpretability. Journal of
Dynamics, Monitoring and Diagnostics, Y(V),
pp.)Ye- Ty,

https://doi.org/) +,YY41/jdmd.Y+ YV, )01

Wang, B., Feng, G., Huo, D. and Kang, Y., Y:YY A
bearing fault diagnosis method based on spectrum
map information fusion and convolutional neural
network. Processes, ) *(V), pEYLL
https://doi.org/Y +, Y'Y «/pr) + VY YT

. Pham, M.T., Kim, JM. and Kim, C.H, Y:V-.

Accurate bearing fault diagnosis under variable shaft
speed using convolutional neural networks and
vibration spectrogram. Applied Sciences, ‘+(1A),
p.1YAe https://doi.org/) «, YV +/app) + YATYAS

Y+)Y. Rolling
element bearings fault intelligent diagnosis based on
convolutional neural networks using raw sensing
signal. In Advances in Intelligent Information Hiding
and Multimedia Signal Processing: Proceeding of the
Twelfth International Conference on Intelligent
Information Hiding and Multimedia Signal
Processing, Nov., YV-YY Y+V1 Kaohsiung, Taiwan,

Volume Y (pp. VYY-Af). Springer International
Publishing. https://doi.org/Y +> ¥+ + V/AYAY. ¥ 4.
OuYIYoe Y

Hasan, M.J., Islam, M.M. and Kim, J.M., Y:Y),
Bearing fault diagnosis using multidomain fusion-
based  vibration imaging and  multitask
learning. Sensors, YY()), p.°ol.
https://doi.org/) +,Y¥4«/g¥Y 1 v e0T

. Qin, Y. and Shi, X., Y+ YY, Fault diagnosis method for

rolling bearings based on two-channel CNN under
unbalanced  datasets. Applied  Sciences, Y Y(1V),
p./\i\/i. https://doilorg/\ +,¥Ya ~/app\ YYVAEVE

Xin, Y., Li, S., Wang, J., An, Z. and Zhang, W., Y+ Y +.
Intelligent fault diagnosis method for rotating
machinery based on vibration signal analysis and

AR

Yy,

Yy,

Y¢

Yo,

AR Y

YV,

ol 3 9 ploj 039> SJUSaw Sl (Sl (mae &Sd b it )1 Il 50 (lilé GBUL 5 wiedgd b

hybrid multi-object deep CNN.IET Science,
Measurement & Technology, ' ¢(¢), pp.&:V-£)o,
https://doi.org/) +,) + £3/iet-smt.Y + YA, 07V

. Yuan, Z., Zhang, L., Duan, L. and Li, T., Y A

October. Intelligent fault diagnosis of rolling element
bearings based on HHT and CNN. In Y:)A
Prognostics and System Health Management
Conference (PHM-Chongqing) (pp. Y3Y-Y37). IEEE.
DOI: Y +,) Y+ 3/PHM-Chonggqing.Y * YA, + + + 01

. Verstraete, D., Ferrada, A., Droguett, E.L., Meruane,

V. and Modarres, M., YV, Deep learning enabled
fault diagnosis using time-frequency image analysis
of rolling element bearings. Shock  and
Vibration, Y+ Y()), p.c+iviey,
https://doi.org/) +,YVoo/Y «V/eaVie)

. Pandhare, V., Singh, J. and Lee, J.,, Y14, May.

Convolutional neural network based rolling-element
bearing fault diagnosis for naturally occurring and
progressing defects using time-frequency domain
features. In Y+)% Prognostics and System Health
Management Conference (PHM-Paris) (pp. YY:*-
YY1). IEEE. DOI: Y+,Y) +3/PHM-Paris.Y + Y4, ++ 1)

Bai, R., Meng, Z., Xu, Q. and Fan, F., Y.YY,
Fractional Fourier and time domain recurrence plot
fusion combining convolutional neural network for
bearing fault diagnosis under variable working
conditions. Reliability Engineering &  System
Safety, VY’\', p.\~‘1~\/'1.
https://doi.org/) +,) +YV/jress. Y+ YY,) + 4.V

Zhang, X., Chen, G., Hao, T. and He, Z., Y'Y,
Rolling bearing fault convolutional neural network
diagnosis method based on casing signal. Journal of
Mechanical Science and Technology, Y'¢, pp.Y¥+V-
YY1, https://doi.org/) +5 Y+ V/SITY 4 TaYav 00 TA

. Youcef Khodja, A., Guersi, N., Saadi, M.N. and

Boutasseta, N., Y+ Y+. Rolling element bearing fault
diagnosis for rotating machinery using vibration
spectrum imaging and convolutional neural
networks. The International Journal of Advanced
Manufacturing Technology, Y+7, pp.)VYV-ivey,
https://doi.org/) «5) + +V/s+ VYo e VAL EVYALY

Zhu, X., Zhao, J., Hou, D. and Han, Z., Y+Y4. An
SDP Characteristic Information Fusion-Based CNN
Vibration Fault Diagnosis Method. Shock and
Vibration, Y +)4(Y), p.raviany,
https://doi.org/)+,) Yee/Y 1 4/av4Y

Kumar, A., Vashishtha, G., Gandhi, C.P., Tang, H.
and Xiang, J., Y+ YV, Tacho-less sparse CNN to detect

defects in rotor-bearing systems at varying
speed. Engineering  applications  of  artificial
intelligence, Y £, AREZ RN

https://doi.org/) +>) + Y V/j.engappai. Y« Y1,V « ££4)
LeCun, Y., Bottou, L., Bengio, Y. and Haffner, P.,
V449A, Gradient-based learning applied to document



YA,

Y4

o)

recognition. Proceedings of the IEEE, A1())),
pp.YYVA-YYYSE DOL Y+, 1)) +4/0,VYTV4)

Singh, J., Azamfar, M., Li, F. and Lee, J., Y*Y+. A
systematic review of machine learning algorithms for
prognostics and health management of rolling
element bearings: fundamentals, concepts and
applications. Measurement Science and
Technology, V\'(\), p. YY o), DOI Yo, e AAATYS
10+ /abAdfd

. McFadden, P.D. and Smith, J.D., Y3A¢, Vibration

monitoring of rolling element bearings by the high-
frequency resonance technique—a review. Tribology
international, YV(V), pp.¥-) .
https://doi.org/\ YV \-'IV‘IX(/\i)‘I VLA

Yo,

Y,

(bg3r) ¢« OV-FA. 20 .Y 5 0 ko (e (50,9 ¢ (NFo¥ 3) iy pb SSilSo suwiigeo

SKF Bearing Select, in, pp-
https://skfbearingselect.com/#/size-
lubrication/single-bearing.

SDT, Vigilant, in, Pp-
https://sdtultrasound.com/products/permanent-
monitoring/vigilant/.



