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NETWORK. THESIS ADVISOR : ASSOC. PROF. JIRAPHON

SRISERTPOL, Ph.D., 115 PP.
LINEAR BEARING / ARTIFICIAL NEURAL NETWORK / FAULT DETECTION

This study focuses on methods of detecting linear bearing defects in
operating conditions using Artificial Neural Networks (ANN) to be used to reduce
maintenance costs. The concept is based on a study by the American Mechanical
Engineering Association (ASME) that found that Condition Based Maintenance (CBM)
will reduce the cost of 52.94% and 33.33% per 1 horsepower compared to Break Down
Maintenance (BDM) and Preventive Maintenance (PM) for respective. The objectives
of this study are as follows: 1) To fault detection and diagnostic of linear bearing in
operational condition using artificial neural network 2) Develop a system to fault
detection and diagnostic of linear bearing to reduce stop and damage machine to break
down machine. In the study, three parameters of data were collected: FFT spectrum,
Motor current and Crest factor. From the data collected, it will be calculated to find the
total of 50 values in 6 conditions for each parameter, resulting in a total of 300 data for
analysis in the artificial neural network to identify the condition of the defect. The

results show that linear bearing defects can be classified with 91.0% statistical accuracy.

It can be adapted to use with Condition Based Maintenance (CBM) to effectively reduce

maintenance costs. Fault Detection and Diagnostic (FDD) by artificial neural network.
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Input layer Hidden layer Output layer
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- Wanduag TounuuAAIIaUIAT (Hardlims) A431)9 2.10

-1 :n<O0
f(n)= 2.8)
1 :n=0
51l 2.10 WaRdume Teunuusiiaudisauinag (Hardlims)
- MadFudioTounuuunudnuess (Tansig) Aa31#i 2.1
n_x—nN
f(n)=— 2, —1=€_=€ 2.9)

1re2n T el4e
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51/t 2.11 WenFumroTounuuFnuood (Tansig)
- ManduneTounumFudu (Purelin) 9agili 2.12

f(n) =n (2.10)

”)

51/ 2.12 Wardunie TounuuFadu (Purelin)

J o 1 a 4 o §
- WenFumeTeunuuaonFnuosa (logsig) Ag1M 2.13

1
fnN)=—= _ @.11)
(n) 1+eN



5141 2.13 WedFumieTeunuuasndnuess (logsig)

AN a o w (2 {
- WedFume TouuuuFHudusina aagii 2.14

1oans-1 (2.12)
f(nN)=yn ;-1<n<1
1 :n>1
‘n<
0 in=Q (2.13)
f(n)={n ;0<n<1
1 :n>1

do 1 a o w
517 2.14 MasFume TeunuuFaudusing



20

Jd o 1 [ {
- Wandume Tounuun ey (Gaussian) A93UN 2.15

(2.14)

{ A
517 2.15 Wadduargleunuuin e (Gaussian)

=

1 T I
F91n5910Usea@1nNeN (Artificial Neural Network, ANN) @101500 U0t ua1w

msBeudawnsonisennld 4 Ussndagili 2.16 Ao

Diagnostics Big data Structure

}ustomer Visualization \ 5 Discovery
imensio

Classificati Retention nality
on reduction

i “\Feature
Image Supervised Unsupervis Elicitation
Classification learning ed learning

Estimating life
expectancy Customer

Regression K
Segmentation

y Forecasting M a C h | n e
Market Recommender Targeted

Forecasting learning Systems  Marketing

Real-time

decisions Reinforceme Imitation
nt learnin i
Robot g learning
Navigation

driver car
Game Al

A = Y . .
g‘ﬂ‘ﬂ 2.16 NM3L38U VDI Machine learning
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= sld'

= 9 S 9 . . A E] o Y
2.6.1 NMITITIUIHVUVNHTDU (Supervised learning) A9 ﬂﬁ!,ﬁ‘(’JuimﬁﬁfJiJﬂW]’f)Ull’J

U

Yy Ay 9 Y o ' ~ ' ~ 1o ~
uaa eilougavoyarinnulasenelssarmmen Tasanelssamineuszasiagnmaoun
Y A [ ] ] = I v W A I Yo d‘dds!
latianugnuie li drmevlignInseiielszamiiounszliuaneuns i ldmaounaau

4
1 1 A I
iy Jilnasesaeugniwa liwtiaiiaoes 15 Hudu
~ Y} Ay . . A ~ Y} A
2.6.2 migsauguuu”lmgmau (Unsupervised learning) A® N1TLT8UIUVUNIL
1INGY (Class) TABIZAAWIHAUDUNALAIINAI (Similarities and Differences) 1A8nH U0

A Y T yYo A
mmﬂugum”lﬂmu

Y "9 o ]
- ADIULNAIYAUTUUAVDIING (Feature)

v
a

~ Y o A A v Y ' o
- wmﬁauﬂuﬁ}mmﬁmmumm HATINA NN UABIA NN UNING (Intra-
group similarity should be high, while inter-group similarity should be low)

' ] < 9
U MUY sIanYese s 1Wuau

= 9 a v W . . < =) 9
263 N1TLTUIUVVLFIVIAY (Reinforcement learning) tHunisiSeuslag

U

9
A @

a S a o o g = ~ g‘/ 1

ﬂ'lﬁLEEJuLLUUW’L]@ﬂiiiJNHBfJ C?Nﬂ?iﬁﬂuuﬂﬂlﬁlﬂﬂﬂﬂﬂL‘]J”L!ﬂ'liljfJ‘L!‘VIfI‘VI\? 2 LU ﬂﬁ'l'Jﬁ’f] U
=) a9 ~ a9 9 = a9y 1
ﬂ?ﬁljﬂull‘ll‘ﬂllE‘!ﬁ’t’)‘l‘!!mZﬂ"lﬁlﬁf]ﬂ!!,‘]_lll”lull@ﬁ@u Iﬂfﬂ%fﬂi!,3ﬂullﬂﬂqﬂuﬁﬁﬂuﬂlu3$ﬁ31ﬂﬂ1§
Aaa a ~ D} P A Y A v 7 ' A A
TOUNNDUNAUNIIYALAY Llﬁgﬂl%’ﬂTSLﬁﬂuLLUUNQﬁ@uLM@“@ﬂTL@TﬁW@LLﬁZU@ﬂ?TQﬂ‘Vii’E)Nﬂ
Y Y 1 1 1 J A 1 Y 9

u,anzclwwam)mmu (Reward) LmuliJ‘]_lfJﬂ’N!,'f)"lﬂW‘ﬂQﬂﬂ@ﬂglli IBU NITUHUNVUHUINDDY

1 1 g o N 2 g A =& & [ v 4
TEUINHUIUA AlphaGo N1 Ke Jie mgﬂumﬁuwaﬂaﬂ FINANTTUUIVHHHIUA AlphaGo

Y
@ I
ansoezue lnanua 3 e dudu

v

Y =2

= 9 = " . \ I = YA
264 0TI UIUUULAS UL (Imitation learning) WWunisiGeusnaalona

QU

'
a A

a v o a v o 1 4 1 4
msiSeuiuuuFainy TaemsBeuiuuurainusiuaueidyaueniignrsoAaiiowm1ana
Y ' =) 9 = Y Y o =3 9 o
gnlrmanuuNy (Reward) ANITEUFHVVIABUUUAFTIUININGEEUIINNTTUNY

a Y A A 1 A ~ Y % = 9 Y A
NYANTINYBIRNUANWAFIIWIY 1FU ADUNIUTIUTNITVUID 151TIUTINHNFIIVIYNT
o Y ~ 3 Yo  ya o Y 3 o A Ay v = 3 v
dusnld Tassuiudiegdizermgmstusoudusimierdei ldguudeunoy Hudu

A A A [l = 1 Y I

definsanafaenssunsevelsyamieuainsaunaIdiily 2 Uszian
A9 1A30U1eN U ¥19M1 (Feed forward network)itazin3ev1eileundy (Backward propagation
of errors or Backpropagation)

- 19150918 119194111 (Feed forward network) 93191 2.17 dnsoutisoonla
& A . o A J a g .
W 2 UV AD VY Single layer perceptron M ANA VT Y INAUTLUUIFUAY (linear

a g}/ o Y @ 9/::' 3 Y 1 1 Aa g}/ []

system) 1/52nouna18dUNAvOITUE N 1A D1ly (Node) 1 1Aua Tty 1 Fugou uazvate

@ g . . o iy 1 & -
1DIANAYDITUN100N LALIDD Multi-layer perceptron a1z AuTyv1n TaidlwiFadu
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=1

. é 9 g’a 1 3’, o g’a 1 1Y
(Nonlinear system) %41/5znoua18% U0 unatsrutas vl uatslulugsuson aegl

2.18

" pUt Wﬁ
;:|i ﬁ .
Delays 1 Weigth Weigth >|E—;

Bias Bias

gﬂﬁ 2.17 1n30v18 l)dhanih (Feed forward network)

Input layer Hidden layer Output layer

P,

P, " = Y2

L L
: b, 4 :
W, 1y
Pyl Y
b,

3 10 2.18 Multi-layer perceptron

4
NI AIANMT laaail

y=fWp+b) (2.15)



23

Taeh

p-r:[p1 p, K pSJ A9 BUNAYDI MLP

b! :[bl b, K bR} Ao ludaves MLP

Wip K Wi )
W=l M O M | A9 1minves MLP
Wgp L Wep

Y
mmiammmmgmuﬁmazmmmmwmﬂ‘lé’f i

Error:T arget of data -True of data (2.16)
Target of data
Accuracy =T arget of data - Error 2.17)

9
%

a o 1 o ] Y Y a
GI,‘L!ﬂ1iﬂﬂﬂ1u’3m1’i1ﬂ1&@1@Wﬁﬂlﬂdiﬂiﬁﬂl1ﬂﬂi$ﬁ1ﬂlﬁﬂu Tﬂﬂﬁ@ﬁg’ﬂ‘]ﬂ!@l&ﬂﬁ

& J I [ 1 B 1 o A g J Y A A
LL@%"BHL@'W]WGIUJUE]EHQUli AIUBUBDULTINIUUALDN Lllf]glfl1§l1/!¢]tlﬁ’3li'lﬁ1lﬂiﬂﬂtﬁ’E]ﬂ

J A '

Y
WanduoeTeu'ld auy@dunaminy 3.405 wrdwaliawiiny 1du TaeFuseull 1 Tnua
Y

q
91 sl
%

Iﬂﬂﬂ1ﬁuﬂﬂ1u11’iUﬂ%uﬂuWﬁlﬂ1ﬂU 0.63 AMUIMUAFUFOUININY 0.5 @Niﬂ‘ﬂ 2.19 Tay

wonldwensume lounuudnuoos

W, =0.63 ;=050

Input =3.405 ——

Ui 2.19 nuusraeanievie lihamth

Qe
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o o 2 ¢
HAANTUDITULDIANEA

y,=fW,p, +b)
y, = f((3.405x0.63) +0.5)
y, = f(2.64515)

1

Y
NAANTUOIFUTOU

y, = f((0.933711x0.5) +0.5)

y, = £ (0.966856)

1

y, =f L+e0'966856 } =0.724492

§y o <3 T Y J J [ Y o &
Fuiloduna i uNAIANARBINTININ 1 ua IaA1IANAMIND 0.724492 Fariu

Y

3 v v ] ) 1 a @ 4
%mumﬁmzmum (Accuracy) HagAIANUNANAA (Error) ﬂ\iﬁ

_ 1—0.754492 ~0.275508

Error

Accuracy=1-0.275508=0.724492

~inseveiloundy (Backward propagation of errors or Backpropagation) REGLAL,
(% a . ' Aa I [
Youndvudealdn1sflaclud183F Gradient Descent 1912 1uAana1a1d undnly
v 9
msulasuasan nanfedearimANuAaNaIa (Error) ¥99%U1190n (Output layer) AAUNN

g}/ 1 9 g}/ d’ [ 1 a [ d' = Y o dy
%uﬂ@uwumumemmﬂmmmwwwmﬂmgﬂ‘ﬂ 2.20 Iﬂﬂﬁ?ﬂ?iﬂﬁlﬁ]ﬂﬁhﬂ?iqﬂﬂﬁu

F(X)=E[(t-y)?] (2.18)
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Taeh
t Ae  wasnveuithwine

A a 9
y ae wasnveuthrung

Output
Input Delays 1 Weigth Weigth AN
E / /

Bias Bias

gﬂﬁ 2.20 1n30v18Y o Und (Backward propagation of errors or Backpropagation)

2.7 Analysis of various (ANOVA)

[

3 a { A Y 4 9 1 g
msnaaounu1lslsiu (ANOVA) uIsntenlauniieanniivewmundil
a Al 1 1
- AnsnengimaNuuanae 1aunni 2 Uszanns
- mwnseazd ldnnnn 1 a9

a o @ 2 o o
- ﬁ’lﬂJ’liﬂ')Lﬂi’]gﬂﬂ%ﬁ]ﬂNaﬂigﬂﬂ“dﬁ\iﬂullagﬂu (Interaction)

v

29 o zdy A
Iﬂﬂllell’f]ﬂ'lwuﬂﬂ\iu o

] D) Y A ¥ a o Y o
- Yeyannioyanvelininizaevoyauulng (Normal distribution) 11111 Tagii

N1INATOU Normality test i NATOU Homogeneities of Variance Test

2 o

- mnnwAunilsvesteyaveuaazdszanides inanaiuediadisd i

2.8  manauenlagl¥nszuIumInmeana

[ 1 [

= [ 9 Id A A o A [ g’/ a dyd Y o Aam [
Fanmsaauendoyaitludandinyed1aos auin nuIselivelaineismsnauen lag
T¥nszuIumsneana dsznoudreanlouuuuInTgIu (Standard deviation), A1A214 1A

(Kurtosis), AIRAgAAIa 0 (Root Mean Square, RMS)

A

1 { a aa ] I
2.8.1 mgﬁmmummgm (Standard deviation) lumadmnanavazanuiivziune

d o A A =

Y @ % ' a v o (=]
ﬂ”l’i’mmsmzinﬂmuuuﬁﬁﬂmadﬂquﬂlﬂga Uﬂﬂi‘%}ﬂmaﬂﬁﬂ! DNHININENNUINUAN (T ) XY

=) 43! dl % 1 dy
HeuvruaninnaedvesnNnuulsdsiudsaunsas lli
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(2.19)

282 a1nnwulag (Kurtosis) Avmsdannudvesdoyalundazaivioluuaazsia

9 A A P} ~ A A A a A & a Y o A
GUstU@ll”a Nﬂ?WﬂJﬂiﬂﬂu@ﬂlWﬂﬁiﬂ ﬂﬁ@NﬂQWNQQQWﬂﬂﬂ@ Gﬁﬂﬁ1u15ﬂlﬂlﬂuﬁuﬂ1§qﬂ ANU

X~ X (2.20)

. 13
Kurtosis = —
N i=1 (o2

283  AURAUA1a9a09 (Root Mean Square, RMS) Aon13 AN 19adafIans vo

v
v AA

Wunanimsnlasunlasaasanal daensoeuiion laaatife

(2.21)

Tagh
A oA
o Ao ANDENUUINAITIY
° < T o l 7 4
N Ao SuanlunguaAl0d19INInua (Sample size)
X; o ATENABUNAVBINAUAIDYS
- A ] ~ 9 )
X A9 AUNTBYBIVOYANINNA

v a d'd' Y
2.9 ﬂ%‘nﬂH'J‘iﬁmﬂiiil!!ﬂ%ﬂﬂiﬂ%fﬂl!ﬂﬂ)ﬂli’)\‘l

@ aa o ' a 4 A g 4 ! §
11!ﬂTi@]i’Jﬁlﬁl‘ULla3"Juﬁ]ﬂflﬂ313J1JﬂW'i'ENﬂ]@ﬂﬁlﬁﬂillﬂiﬂ!ﬂu&ﬂﬂﬁfJ']ﬂ Lﬁf‘]ﬂﬁ]”lﬂ@jﬂﬂﬂ

'
v v v o =)

aa o a [ A = 1 A o ~ v [
ﬂlﬂﬁaluﬂﬁlmi\il’lllllﬂﬁllNﬁﬂﬂﬁNLﬁ’t’)Hﬁﬁ@ﬂDﬁT FATIUNTUNTITNUADULIYNIT Area zone A

d' [ g‘/ é Qdd‘a o YA [ o A 9 o 1 d' 9 a o
gﬂVI 2.21 AUY nuAIsNHewhn lgRemsIamsaudsinou LLG’JHWﬂWVI]lﬂiJW’JLﬂSWZWIﬂEJ
o d'

I a o o [
114 FFT spectrum, Statistics 14@% 182151 Pattern 71 1811910713 3A3512% 1839117130529

aa o 1 a 4 a a 4 1 1
uagdianeanuunnsesvesaiesuuse TaelddgyanlseAuguuuaig 9 19U Decision, ANN

' Y
[ = (2 =) [

I Y a A a Y av = ° a A A Y
Wuau IﬂEN"IL!’J%EJ‘VIW”I‘L!?J"ITILﬂEJ’JGUi’NﬂTJQ"Iu’Jﬁ]EJH FIUITTTINITDUUD NN IUIVYNINYIVDINN

e

v A

Y awv Y 1 Ay A A Y < @ dy
WGMH1\11H’J§]EJU1@@QH IﬂEJlL“]J\iﬂl!’J%EJ‘ﬂLﬂEI’MIENf]EJﬂLﬂH 3 HUUANU
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'
v o W A

31N 2.21 AwNAUAANUI 1980 (Area zone)

a o d' d' 9 [ =y
29.1  UIVGNNYIVBINVLLVSFY
1143) @.71. 2014 Jaouher Ben Ali and et al. [1] 1@11ausmIdIdunuuani g
A a 9 [ o A a o [
voagnunaylunyselaglemstamsauazineuinimnzinudnyugluuy A
[ Y o @ [ Yas ol . .. = 9
UAWID LLﬂ’Jmuuﬂﬂmaﬂ‘H‘mZUﬂWTNIﬂEﬂﬂﬂ‘ﬁ Empirical Mode Decomposition (EMD) a9
an aa J o . | Y o [ A Y = 9y
AFNNADAAANTLLUY Intrinsic Mode Functions (IMFs) ummﬂmaﬂymw"l@mvlﬂﬁauiﬂﬂh
33 Tnsavreilszainiien Artificial Neural Network (ANN) #awa® lasinnis 14 laseaie
Usgennifienne imudnenmlumsasresuanuunniesvesgniunanluuiza
T3l n.#. 2017 Issam Attoui and et al. [2] 1@siuauoN15 T2 YAz SMUNAIN
1 A a Yas | a 4 %
VNI 0390399 n1u U5 11ae 1935 time-frequencyynAtns 1z Hrigadny e 3 uu LAY
yanseual 1y Adaptive Neuro-Fuzzy Inference System (ANFIS) algorithm 114n15 145 yuag
o l A A X A FY o 1
swunanuuansesesgniulunniadwan ldlunmsseyuazsuunanuunniosvss

A a A v o
antulunysalinnuiug 99.83%

G

(3 1

13 a.#. 2016 Jian Chen and et al. [3] IS UaUOMTIHINIANUUANT 03UD
a d' [ 9 [ o A a 4 9 o U d' a
nusaluaseaduarlaelulaglensiamsauasmsuunnsizy uamNnaasdITILay
v ] Y
amnldannmsaouainlaseinedszamiien (ANN) vuffeumeuny Tasman lda1niaosa

Tuuanaranu
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1143] A.@1. 2018 Han Liu and et al. [4] 1@11@1001531988ANUUANTDIUD
. . A o <3 1 [ [
Rolling Bearing Tae143% Recurrent Neural Networks (RNN) Tag#i1n1510uA1 dB uaaza1n
9y o = [ an am d‘ Y [] o aa [ 1
HadIMsSeumeunaazIs 1aedsn a1 uei U1 Tun 15319 eANUANT 89UB 3
Rolling bearing mﬂﬁq AN® GRU-based non-linear predictive denoising autoencoders (GRU-NP-
DAEs)
143) ./, 2014 Jafar Zarei and et al. [7] Idinauensld Artificial Neural
(9 o 1 a 4 { o
Networks (ANNs) 11m15a5299 UL UUNANNUNNT 09vLL5 4 luyomes miie i Taguuy
a 4
AANTVDUSVTIY 4 1Y AD Healthy, Inner race defect, Outer race defect ti1¥ Double hole in
outer race 1A81/38UNIUTLHINNTH Removing Non-Bearing Fault Component (RNFC) filter
uae laill RNFC filter Fawah lanonsi Removing Non-Bearing Fault Component (RNFC) filter 3¢
9
AINTOWUNTAIZYDITING 4 v 1@ 100%
1343) a.8. 2011 Claudio Bianchini and et al. [9] 181 1@ 1003293 UANVUANT B
a J a v @ o
yosaiesuuseldmsiadyanumsdu 1aensld Statistical methods (rms, crest factor Az
Kurtosis)
113) a.61. 2010 Boskoski and et al [10] lA1@1OMTATINTUANNUANT 09V
1 4 4 o ) 1 H
asvaedulunomes Inihlasldmsduaziion ldrinmineasslaeuswewmes IWihniias
A I o 9 1 S A A A9 I o o a A
vaeawilu 63 @7 uaulaNewesNNa1THasaumas ooy 21 Tagymsdauusuaene 4
A = AN YA A A Ay ' & A
#A1¥AD BPFI, BPFO, FTF, BSF d4nai lane Weasrasauvaotiosmmsduazinouay
' Y
[N 2 §A1IEAD BPFO,BSF
a 4 { [ =Y 4
113 a7, 2000 fiszwa gagdauud [11] Iddsunnanunernuulasnies
< & & o q Y VY o a 2 < .
puws) FeunanuiezmldlassnanuvuieveanisuiaewSiesuuni5a (Fast Fourier
Transform : FFT) uazranismasnindaanaluTammuna

Av A A 9 @ a 4
292  nuvsnnevenulyylszag

a3

[

133) A.91. 2018 Zhigiang Chen and et al. [5] 1@ naueuisefiferdeaiuns
Sivsunnunnns0a1aele Deep leaming 19811111314 Deep learning 1avua 3 35 A9 Stacked
Auto-Encoders (SAE), Deep Boltzmann Machines (DBM) 42 Deep Belief Networks (DBN) 514;'0
wad 18 ra 3uny WaanuiudwInni 99%

111l A9, 2018 Haidong Shao and et al. [6] AU UAUBNMITATIVIUANVUANT 04
U904 Rolling bearing Tae 1% Continuous Deep Belief Network (CDBN) az¥ Genetic Algorithm

(GA) Tumsmianmuizay 1ae1iian Predicted 11ag Error (%) Y94 CDBN v11msufseuiey
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AUdn 3 35A® Back Propagation neural network (BP), Support Vector Regression (SVR) 4o
Standard Deep Belief Network (DBN) «T?waﬁ'lﬁ’ﬁa CDBN ¥ Predicted 1J1ﬂ‘ﬁq a azlia
Error (%) o aﬁqw

1143) @1./1. 2014 Muhammet Unal and et al. [8] I&inauemsls Genetic algorithm

(%

Tumsmamnmanzanlumsly ANN Tun1531aneauUANT09Ued Rolling bearing #9411

E4
Aagv A

Y . . a s & Ay YA
Fooil 1A 1% Envelope detection 101¢ Fast Fourier Transform (FFT) 1UA51E1 Fawah lane M3
19 ANN Taeld Genetic algorithm anemimiimnzanlagly 16 duna awisolinaw
13iUE 98%
111l A1.71. 1993 Martin Fodslette Moller [14] 1@ uaue Scaled conjugate gradient
. S . = 3 A 2y . . 9
algorithm 1/ Algorithm N39a59MgalumsadounuvUAaoy (Supervised learning) Tagld
"T‘Emiuf’fﬁmum‘wqﬁnismémmmiﬁammuﬁmj’ﬁauﬁa Parameter learning rate {{8¥ Momentum
constant
293 NWANEMNEIToINDIZUUMIFOUINFUALTZUVATIIUANVUNNT O
1uil #.7. 2011 Halim Alwi and et al. [12] 1aioufangufuaznisooniuy
[ A 9 v A
3EUVATINADVANVUNNTBIN 1NV THiNAGaY
a [ J v ) [
Tuil a.#t. 2014 wrs1au Sunwaa [13] Ia@eudeszuunsseuriigeasnyl

inseeInsNianudnyed1s lsuazdszmnuesszuumsson1inga Ny

a5

Q

= N o d = 9 Yy ) as [
mﬂmﬁﬂﬂyTﬂﬁﬂﬁuaiimﬂ’iimmzﬁmawmﬂmmm llﬂilﬂ']ﬁlﬂlﬁ‘l!@')‘ﬁ NI1TANTIVIY
1 a 4 a Qy a o a 4
W']ﬂ'J'UJ‘UﬂWTEJQGUENﬁlﬁﬂﬁllﬂﬁﬂllﬂggﬂﬂﬂﬁllﬂﬁﬂ ﬁ'J?Jﬁ\Tﬂ”IiUH@']‘]jﬂJﬂJ']ﬂﬁgﬂBﬂ (AD) wuy
@19 9 15U Back Propagation neural network (BP), Support Vector Regression (SVR), Standard
& X g o
Deep Belief Network (DBN), Artificial Neural Network (ANN) Audy FuriuImsiner ANN
1 9 9
welumsmanuunnsesvesnusdiaanuuiudings daiu auiseilseddinaue
@ aa o 1 aa J a o Aa A o Aa A 9
N1IATIVIVLASIUIRYAIUUNNIDIVDIAUUYTLHUIN IﬂfJi]”Iai’)\‘lﬁﬂ”l'l&ﬂﬁlu&ill‘ﬂiﬂ!ﬁﬂﬁWﬂllﬂ
= ' aa a ' | A s a .
"]NﬁﬁJTﬁﬂLL‘]JQﬁﬂYJgaLLlflilL‘]JﬁﬂllfLN@@ﬂl‘]Ju 6 9N17% A9 ﬁm’;zgﬂﬂuﬂﬂm (Healthy bearing),
an12zgniudenie 1 gn (One ball bearing damage), A4N172gNYUHIY 1 N (One ball bearing
VA Ay . A A Y '
loss), #N1ILH1THADAUINADUDY (Starved lubricant), ﬁm’gzgﬂﬂumﬂmﬂ 1 QﬂWilelﬁ’li‘ﬂa’f]

Auviaeley (One ball bearing damage with starved lubricant) uammazgﬂ'ﬂumﬂ 1 QﬂW%IfJiJ
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1 4 . [ <]
A15Ma0AUNA1108 (One ball bearing loss with starved lubricant) Tag la¥imsinudoya
a 4 gﬂ o {
3W131M03 Ao FFT spectrum , Motor current 1182 Crest factor 19 6 #n1zuahdoyai laun
a o 1 4 [
AL Ingavelseaniiey (Artificial Neural Network, ANN) 10119181015 0U80LEE

Y
701214 6 a0z lanie lunaz ldannusiud (Accuracy) 1 la
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a v A

o a L4
INAUAAIUN FFT spectrum, Motor current Li81& Crest factor HA31IN1TRB NV VLA IATIEY

9 =

o aa o a 9 1 = ) Ay o A
"’U’f)iJmW’E]%”ILLuﬂﬁﬂ”I’J%aL‘LlEJiLL‘]JNIﬂEJ“lGIfIﬂN"’U”IEJﬂi%ﬂ'”l‘ﬂmEJIJLLﬁ’JﬁEiJWﬁQ”Iu’Jﬁ]EJﬂQE‘]JTI 3.1

U

v v s 9 a A A Y w
AUAIIDIANNNF NOYT LazoNaI MNEIVDIND
Tasauietlszanmeutas sEUUNITNTINULAZININEANNUANT D4

A

ﬂ@ﬂll‘]ﬁjigllllﬂ'ﬁ!ﬁﬂ%@gaﬁ"ﬂl@\‘l
aan o A A
atles nusvazan iz ldanuesa (FFT spectrum, Motor current, Crest factor)

A

a J Y 9 a
AnTrveyalaalumaiin FET spectrum

Motor current Li81& Crest actor

A

PONLULLAZAATIZHT YA WDATIN VLA IUR sANUUANT VATl 0T
13 lae 11 nsenodsy niion

a7ilwanuivy

A ax o A ao
5UN 3.1 39MIAUUUINITY

G
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FmsauiuauIseutiseenily 3 @1 Ao dauﬁtﬁu%’ﬂga (Data collection block) ,
d21uAn512¥40Ya (Data analysis block) tazaunfFoufioy (Comparison block) Taodui
udeyaszneulidle M3AIAINITNARDA (Experiment set up) @01WAINUANTDIVO
alﬁﬂ’i’" SIER (Fault condition of linear bearing) ﬂﬁy’umumi Lﬁﬂ‘ﬁlﬂll“a (Data acquisition procedure)
Amdnsziveyalseneudie nsasivduuazidinennuunwiesvesaissuuialag
14 Tnse91e Tagvelsearnifion (Fault detection and diagnostic use artificial neural network)
naza1wyToutfey (Comparison block) UsynaualenmsifTeuieouszrinalnsevie

J o

Yaaniszaugnudyanlsyavg degilii 3.2

&9 U

Data Collection Data Analysis Comparison
Block Block Block

Data
acquisition
procedure

Comparison of
Fault detection and artificial network
diagnostic use neural network
e artificial neural (ANN) between
network (ANN) artificial intelligence
(Al)

Fault
condition of

Experiment
setup

A <3 as o A aw
g‘lhfl 3.2 UaoNIFTNITAUUUIIUIY

3.1 M5A9NINTNAGDY (Experiment setup)

maRusveyalay1¥ Magnetic linear DC Motor (Akribic SGL 100-AUM3-PS4J) Tag

o <3 < 1 { aa
MMTFANINGI 0.50 m/s LATANNITI 1.0 m/s’ NTTLNE 400 Uaauas Taell lvan 7 Kg

9
a (4

Y
1 a [ J o 1
ﬂﬂﬂﬂ%ﬁﬁuﬂuﬂlﬂi linear DC Motor @IAAUEULEDTIAAITULIY 3 t1AU (3 Axis acceleration

4 =

Y [
sensor model PCB 356A32) Tag@nad 131ndqduditiesuusddduiniga dualdunu x 11
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[

Y 9 9 Y H 1]
mmzmﬁu UAUY ANRINHVUNU X LUAZUNU Z Gl\iﬂ'lﬂﬂﬂlll!’)ﬁu aegn 3.3 ﬁ']ﬂﬁ!.‘t]ﬂfﬂu Ao

U

Jd o 1 [ 4 o < [
[ WIS IAN T AN iOtech dynamic signal (640u) tivoulasdayaanie Wil udaana

9 o

Y 1w ) A A D) o ~
“I/I'l\iﬂm!a’Jﬁl@ﬁﬂ]j‘lﬁﬂ!iﬂlﬂ‘ﬂ’illﬂiﬂ Ez-analyst LWEJ‘VILlﬁﬂﬂwafJ?)ﬂiJWlNﬁ‘lﬂ%@ﬂﬂg‘ﬂVl 34

Clamping unit 7 kg.

._l/
‘ Moving direction

Linear bearing 3 Axis acceleration sensor

Magnetic linear dc motor

H o 1 a 2 s . .
g‘ﬂﬁ 3.3 AUHUINITAAGIVIUGULEDT (Set up sensor of linear bearing)
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3 Axis accelero sensor
(PCB 356A32)

lotech dynamic signal
Vibration signal analyzer (640u)

/ - \
./ \u
‘b
¢ )
{ )

{ o I o 9 . .
gﬂﬁ 34 gﬂLLNQWQﬂTﬂ“}f@Qﬂﬂimﬂ1ﬂﬁﬂﬂaﬂ\ma$ﬂTi‘i’)’Ui’NJGUE]lql‘ﬁ (Schematlc ofexperlment

setup and Data Acquisition)

a a a d A
3.2 amnanuRalnAveIaieSuUSa (Fault condition of linear bearing)

=2 1 aa o a ] I A 2 a
Gluﬂ'liﬁﬂ‘ﬂ'lﬂ'ﬂﬂ‘ﬂﬂWﬁ’fN“ll@\‘]aLuElﬁLL‘U?\‘]LL‘UQ@@ﬂLﬂu 6 1N1IT MO ﬁﬂ'l')%@lﬂﬂuﬂﬂﬂ

)

(Healthy bearing) ﬁmasgﬂﬂmﬁﬂmﬂ 1 90 (One ball bearing damage) #1229 YUNIY 1 gn
(One ball bearing loss) AN1I¢A1THADAUINAD O (Starved lubricant) An192gniluIdewIe 1
QﬂW%}E)iJﬁﬁﬁa'@auma@ﬁjﬂﬂ (One ball bearing damage with starved lubricant) A ®N1IL

gniluwe 1 gnwdoumsndodumaoiios (One ball bearing loss with starved lubricant)
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32.1  aazantun@ (Healthy bearing)

U
[

=1

2 S 1A = A 1 A A =
ﬁmaz‘namJumJmm"lmffﬂmﬂuazumiﬂaﬂau 100% na1nAean1Izngnilu

) u u
v

s A A A ' o A
ﬁuuﬁm%qﬂﬁﬁﬂ@,ﬂﬂuﬂf]@ﬂﬂJ1i]1ﬂI§Q\11H11’?3J 9 @Nglh/] 3.5

e Ty I I By Ny Iy Iy AWy Ny ) Iy Ny W=

Healthy bearing

gﬂ‘ﬁ 3.5 ﬁm’JzQﬂﬂuﬂﬂa (Healthy bearing)

A
322 a@anzgnUu@sing 1 gn (One ball bearing damage)
{ o a . a0 A yAa. { o Y
annziildgniluiaanudeme yeluauitetiinenldisniildgnilu

@eorine 1935m3 305z IuTagldnsesdess luasga 3.6

e 4‘ - -,

Defect of area

One ball bearing damage

3191 3.6 72 12zgni W@ 811 1 gn (One ball bearing damage)




36

323 anzgnilume 1. gn (One ball bearing loss)

a o

I ~ A a & a 9 o 1 g
L'iJL!ﬁﬂ'l’)%‘ﬂ@‘ﬂ‘ﬂLlLﬂﬂﬂ'li‘l’ifj'ﬂﬁ'lflclﬂlﬂﬂllﬂﬂﬁ'lﬂﬂiﬁlﬂ LLG]QI‘LN'IL!’J gUu

nszih lasmsnengnilueenin 1gn sagili 3.7

317 3.7 dn11zgnilumie 1 gn (One ball bearing loss

3.2.4  apnzaIsvidoaMvianiioy (Starved lubricant)

g

~ = (= VA A = ~ T A A 9 d'o [
ffﬂnz1/1Qﬂm’ou'lmmﬁwaaauma"lumaﬂ Tﬂﬂ‘ﬂﬁ’ﬁ‘ﬁﬁi’]auhﬁu1ﬂﬁ1 3]
A 9 Y

[

Tvgj 9 Avaausudvamunazilosiuaiy Tasa1uia

aa

dﬂl o Y VA
s Ivasnasaumaslosnie

Y
nenaugniuusR181181 Isopropyl alcohol (IPA) 1182 19 d qyay1a1 Ultrasonic a1z 01a

g g

Taeldn309 BRANSON (2510) 9317 3.8
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5191 3.8 anzansrdeauaniios (Starved lubricant)

A A v 1A Ay )
3.2.5 ﬁmaxgnﬂumﬂmﬂ 1 anwiIoNaItiavalitiaaiol (One ball bearing
damage with starved lubricant)
I A A A o A e
lﬂUﬂ1§i’JiJ 2 6NN ﬁ’ﬂW’J%Qﬂﬂu!ﬁﬂﬂ1ﬂ 1 gﬂﬂuﬁmazmiwaaaumaa

Y @ {
oy A3l 3.9
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)

One ball bearing damage with starved lubricant

310 3.9 annzgnilu@enine 1 gnuiendisnasaumieiios (One ball bearing damage with

starved lubricant)

b
326  annzgniume 1 gnwdenansvideauaniios (One ball bearing damage
with starved lubricant)
< A o A 2 o 1A A g
Wuaanznsiunu 2 anngiegnurie 1 gniuangasnaoauraoios

A931/9 3.10
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starved loss

v

33 %’uﬂaunmﬁuﬁi’faya (Data acquisition procedure)

WimsiAudeya 3 uVUAD FFT spectrum (dB) Tae1d 1151050 Ez-analyst matAud
Y038, Motor current (mA) 19T1/sunsa Akribis PCSuite M3AUAToA 1AZMIIAVAT Crest
factor TAGYNAN Time domain 31511781 TAGYIASIHULIRINNA 50 71 18 6 AAIZAD 1) @Ay
aniJun@ (Healthy bearing) 2) @n122gnu@eH18 1 gn (One ball bearing damage) 3) 7172

£l

gnifune 1 gn (One ball bearing loss) 4) @NNIZA1THABAUINADTOY (Starved lubricant) 5)
annzgnilwdenie 1 gnwiouaisvasauaotios (One ball bearing damage with starved
lubricant) 6) @n112¢gn1lunIe 1 gNW3 ouA1TNADAUINEDIBY (One ball bearing loss with starved

v Y H
lubricant) %4 1A% 03aN1NA 300 A A931N 3.11
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l

-

Yes

{ o gj <
g‘ﬂ‘ﬁ 3.11 LLNQN\‘lﬂlu@]’e)uﬂﬁLﬂ‘]J‘i’f?)y@ (Flowchart of data acquisition procedure)

(2

P Aag ) dy
Iﬂﬂﬂ']‘ﬂlﬂllilﬁlcnq 6 ANNTUTANANIU

- an122gniuinA (Healthy bearing) A9A13197 3.1

M13197 3.1 aA1zgnYunA (Healthy bearing)

FFT Spectrum (dB) Motor current (mA) Crest factor
-114.444 1070 4.693
-108.470 1059 4.480
-112.784 1067 4.351
-117.739 1082 4.377
-110.926 1074 4.618
-109.368 1028 5.047




M350 3.1 7n1gnYuln@ (Healthy bearing) (AD)

41

FFT Spectrum (dB)

Motor current (mA)

Crest factor

-113.129
-112.032
-115.086
-111.399
-114.321
-113.104
-112.281
-109.251
-111.851
-112.299
-111.467
-115.182
-113.878
-111.139
-113.303
-110.854
-118.491
-110.410
-110.171
-117.528
-112.617
-114.930
-110.307
-112.849
-113.384
-115.002
-110.384

-110.118

1102
1091
1051
1025
1080
1079
1044
1056
1087
1067
1093
1061
1074
1035
1078
1041
1017
1036
1047
1049
1017
1051
1057
1075
1021
1095
1020

1052

4.646
4.656
4.228
4.573
4.307
4.399
4311
4.547
4.260
4.285
4.524
4.635
4.362
4.080
4.105
4.170
4.385
4.527
4.358
4.344
4.521
4.430
4.377
4.397
4.330
4.360
4.693

4.089




M350 3.1 7n1gnYuln@ (Healthy bearing) (AD)

42

FFT Spectrum (dB)

Motor current (mA)

Crest factor

-113.661
-117.330
-111.603
-109.622
-115.097
-110.724
-111.470
-112.458
-115.168
-111.990
-114.693
-113.275
-116.295
-117.353
-115.964

-111.685

1085
1061
1054
1089
1084
1062
1056
1061
1048
1034
1086
1040
1080
1062
1067

1078

4233
4.164
4.654
4.120
4.360
4377
4360
4.191
4360
4377
4.285
4.693
4.444
4377
4.477

4.094

- @ 12gniwden1e 1 gn (One ball bearing damage) A4M1519% 3.2



M350 3.2 712N YUIFENIE 1 g0 (One ball bearing damage)

43

FFT Spectrum (dB)

Motor current (mA)

Crest factor

-90.950
-88.527
-92.875
-91.804
-90.849
-91.870
-92.013
-92.573
-93.243
-89.450
-91.247
-90.741
-91.567
-91.871
-93.412
-92.891
-95.646
-92.104
-93.660
-93.208
-93.991
-90.798
-92.658
-91.967
-91.232
-92.075
-89.020
-90.448

1114
1128
1123
1112
1106
1106
1127
1071
1108
1075
1105
1108
1120
1121
1102
1124
1091
1111
1107
1095
1123
1094
1102
1100
1094
1127
1122
1106

3.992
4.391
3.752
4.229
4.507
3.958
3.702
4.148
3.958
4.376
3.858
3.843
3.889
4.488
4.376
4.301
4.374
3.966
4.261
4.025
4.761
3.850
3.911
3.848
5.000
4.859
4.206
4.069




M350 3.2 71N YUIFENIE 1 g0 (One ball bearing damage) (#10)

44

FFT Spectrum (dB)

Motor current (mA)

Crest factor

-91.988
-92.445
-91.155
-91.816
-92.723
-90.462
-89.973
-91.593
-92.250
-93.733
-91.308
-94.621
-89.223
-91.433
-92.455
-93.818
-93.011
-91.444
-92.496
-93.648
-94.694

-94.433

1131
1116
1089
1129
1081
1102
1089
1100
1096
1111
1078
1092
1085
1134
1101
1102
1101
1109
1076
1088
1092

1100

4.523
4.089
4.562
4.376
3.737
4.374
4.359
3.851
4.067
4.142
4.331
4.115
4.245
4.025
4.376
4.115
3.958
4.115
3.958
4.025
4.115

3.992




- ﬁmazgﬂfﬂumﬂ 1 @0 (One ball bearing loss) A9913197 3.3

A15197 3.3 ﬁmaxqﬂﬂumﬂ 1 90 (One ball bearing loss)

45

FFT Spectrum (dB)

Motor current (mA)

Crest factor

-93.311
-95.064
-98.423
-92.100
-100.571
-97.587
-96.275
-95.654
-96.635
-96.848
-94.629
-96.698
-93.336
-94.602
-97.393
-99.279
-93.451
-97.043
-91.956
-95.924
-98.077
-97.226
-97.605
-96.835
-95.038

-95.50

1128
1075
1080
1098
1097
1087
1070
1057
1087
1051
1083
1098
1115
1125
1099
1105
1081
1080
1103
1126
1074
1082
1090
1102
1087
1077

4.606
4.088
4.178
4.008
3.587
4.021
4.151
4.482
3.983
3.984
4.726
4.320
3.702
3.506
3.721
4.117
3.735
3.910
4414
3.806
3.957
3.798
4.260
4.041
3.926
3.798




A15197 3.3 ﬁﬂnxqﬂﬂumﬂ 1 @0 (One ball bearing loss) (@ii’))

46

FFT Spectrum (dB)

Motor current (mA)

Crest factor

-95.380
-93.699
-95.691
-92.694
-95.762
-95.611
-97.889
-96.930
-94.212
-94.266
-95.470
-94.665
-94.525
-94.865
-98.137
-97.078
-96.078
-92.134
-96.490
-92.955
-97.544
-94.783
-98.540

-94.945

1070
1090
1095
1136
1098
1089
1113
1115
1091
1095
1084
1101
1102
1136
1075
1094
1112
1072
1076
1110
1088
1087
1102
1108

4.057
3.934
3.920
3.792
3.858
3.843
3.958
4.097
3.568
3.668
4.040
4.254
3.717
4.027
3.806
4.128
3.862
3.752
3.858
3.577
4.179
4.179
4.097

3.756

- AAMEANTHADAUIMADIDY (Starved lubricant) AIA1319 3.4



~ A A 9 .
A1TNN 3.4 ANNTATHADAUIMADUDY (Starved lubricant)
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FFT Spectrum (dB)

Motor current (mA)

Crest factor

-108.494
-113.082
-112.223
-111.308
-114.130
-114.110
-110.743
-109.190
-112.505
-110.541
-114.784
-113.215
-113.167
-114.598
-113.220
-113.801
-111.805
-111.481
-112.138
-113.158
-109.480
-115.196
-111.296
-112.332
-111.821
-111.410
-107.845

-109.979

1080
1119
1087
1105
1073
1086
1117
1101
1097
1113
1143
1081
1073
1122
1113
1102
1088
1083
1045
1084
1089
1077
1092
1089
1095
1108
1118
1083

4.493
4.132
4.264
4.423
4.381
4.013
4.079
4.419
4.099
4.143
4.391
4.289
4.692
3.800
3.916
4.152
4.445
4.384
4.279
4.292
4.595
4.592
4.325
4.585
4.412
4313
4.173

4.112
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= A A 9 . N
A1919N 3.4 dNNTETHADAUNADUDY (Starved lubricant) (§919)

FFT Spectrum (dB) Motor current (mA) Crest factor
-110.060 1132 4.389
-112.180 1058 4.079
-111.764 1075 4.265
-113.164 1079 4.171
-110.944 1099 3.787
-112.608 1102 4.478
-111.826 1097 4.445
-113.364 1093 4.138
-110.614 1116 4.105
-114.462 1113 4.116
-110.429 1133 4.020
-112.446 1118 3.963
-111.765 1063 4.605
-109.923 1103 4.426
-113.501 1086 3.898
-112.181 1086 4.706
-112.823 1117 4.108
-113.580 1128 4.002
-111.239 1108 4.208
-109.155 1107 4.121
-111.442 1109 4.303
-111.479 1110 4.248

-danzgnin@eniie 1 gnnieud1snaeautnaniios (One ball bearing

damage with starved lubricant) A40113 NN 3.5



M13199 3.5 annzgndudenie 1 gnudoudisnasaumaniios (One ball bearing damage

with starved lubricant)

FFT Spectrum (dB) Motor current (mA) Crest factor
-101.177 1182 4.017
-99.717 1172 4.164
-99.483 1155 4.226
-100.135 1133 4.243
-98.258 1123 3.903
-100.085 1164 4.088
-99.556 1128 4.340
-102.168 1138 4.144
-100.867 1143 4.087
-99.515 1139 4.430
-100.279 1147 4.621
-97.342 1140 4211
-101.352 1130 4.041
-100.077 1167 3.934
-98.351 1147 4.189
-99.450 1155 3.976
-101.609 1146 4.346
-99.747 1141 4.013
-102.157 1122 4.354
-100.109 1121 4.232
-97.536 1149 4233
-97.722 1101 4237
-102.678 1160 4.087
-99.109 1120 4.265
-99.060 1154 4217
-100.136 1150 4218
-97.270 1143 4.208




50

M13199 3.5 anzgniudenie 1 gnnSeuasHaoaUian1ie (One ball bearing damage with

starved lubricant) (Gl"f))

FFT Spectrum (dB)

Motor current (mA)

Crest factor

-101.392
-101.684
-101.316
-99.097
-99.847
-100.620
-98.948
-101.618
-98.659
-98.665
-100.291
-98.955
-100.198
-98.574
-98.028
-100.581
-101.594
-100.122
-99.307
-101.369
-100.980
-97.182

-99.470

1167
1121
1160
1132
1134
1132
1122
1157
1187
1120
1112
1158
1148
1189
1139
1137
1133
1151
1150
1157
1162
1158
1143

4.389
4.163
3.972
4.429
3.934
4.055
3.866
4.200
4.211
4.380
4.354
3.860
4.106
4.065
4.168
4.028
4.163
3.866
4.429
4.232
3.908
4.521

4.123

- annzgniume 1 gnndouaisnaoauniaeiios (One ball bearing loss with

starved lubricant) A9913197 3.6
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M13199 3.6 anzgnilunie 1 gnwiouasnaoaumaeiios (One ball bearing loss with starved

lubricant)

FFT Spectrum (dB) Motor current (mA) Crest factor
-94.271 1272 3.670
-95.141 1257 3.970
-94.370 1257 3.778
-94.394 1261 4.354
-94.915 1252 3.832
-95.061 1215 3.509
-94.848 1286 3.542
-93.211 1246 3.430
-92.621 1247 4.249
-92.282 1267 3.941
-92.603 1234 3.703
-95.041 1213 3.698
-94.743 1278 3.828
-94.741 1293 4.039
-94.838 1249 3.887
-92.831 1359 3.705
-92.780 1291 3.934
-92.629 1277 3.416
-93.908 1296 4.159
-93.845 1285 3.858
-96.588 1286 3.744
-94.546 1267 4.260
-93.654 1295 3.886
-91.221 1287 3.724
-91.339 1286 4.161
-93.607 1321 3.952
-94.316 1295 3.952
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M13199 3.6 anzgnilunie 1 gnwiouasnaoaumaeiios (One ball bearing loss with starved

lubricant) (Gl"f))

FFT Spectrum (dB)

Motor current (mA)

Crest factor

-94.933
-92.121
-95.553
-92.804
-93.157
-95.595
-96.051
-92.776
-94.798
-93.261
-90.841
-92.119
-90.331
-97.711
-94.316
-93.268
-94.013
-94.637
-91.613
-95.011
-93.171
-95.802
-94.994

1317
1319
1292
1314
1309
1307
1295
1266
1302
1318
1271
1352
1309
1292
1288
1333
1261
1283
1305
1292
1301
1299
1307

4.096
4.238
3.655
3.671
3.646
4.127
4392
4.152
3.438
4.150
3.602
4.051
4.144
3.842
3.593
4.157
3.688
3.932
3.785
3.759
3.663
3.733
3.685

v aa o a d a
3.4 MInsduMazINafgaNuUNNIasvesatesuuslaglilaseviedszain

e (Fault detection and diagnostic use artificial neural network)

= a o dy o 9 o [ Y] I A < a 4
‘3])'\1GhNTL!'J%EluﬂgLl']!,’fﬂ"lJ’f]ial,ﬁ1J1T]1ﬂ']illﬂﬂﬂﬂllflﬂ’f]’f]ﬂlﬂu 3UUUAND HUINITTULNDT

(Single parameter) #4317 3.12, ¥04W15171A0F (Double parameter) A451/# 3.13, @ iiwes



9,1

[ { 4 a 4 1 [ o {
(Triple parameter) #9317 3.14 oI5 1WAes lnuldmanuuiudunniga

% % a 4
gﬂ‘ﬁ 3.12 uNAAUBIH HINIT1098S (Schematic of single parameter)

{ Y a 4 .
gﬂﬁ 3.13 BAHRUBITDINITINNDT (Schematic of double parameter)

3



n

519 3.14 uRIFIVBIANNITIN0S (Schematic of triple parameter)

o g’/ a [ 1 Y [ ) =< o <
1ne 3 suummfFeusunudmuy Tvuldatdudige deaziiinisge
[ 3|
Tnseeszannifoneondy 3 wuu Ao
& a 4 . o <3 ] =
- MHUAN151301A 0T (Single parameter) 1A8710151%0 Iasev1edszarninen
Y Y Y Y Y v Y 1
Aatifie Uy (Input) 1 91, FusoU (Hidden) 10 FU 11az5up0n (Output) 6 51 A9z 3.15
v : . . " o & vy
Tag14 Scaled conjugate gradient algorithm Tun1seoUILUUITDYAAIN 70% IFTUnsaou
(Training) 15% 19 1un3A5990 (Validation) azdn 15% 4@ umInaae (Test)
a 4 o <3 ] = [ dyd
- @0IN1510A0S (Double parameter) M1N151%a IAssuelseamnenastine
2 v Y 9 Y v H
FUY U (Input) 2 Fu, FugoU (Hidden) 10 ¥ ttazFuo0n (Output) 6 $u fag1li 3.16 Taeld
v F2
Scaled conjugate gradient algorithm 1un1sdoudavzulsvoyanail 70% 14 lun1sdou
(Training) 15% 19 1uM3sas39aey (Validation) t1azdn 15% 1 mSumsnaaey (Test)
a J . o [ ] = 1% dyd
- AWWIS1A0F (Triple parameter) MMTIFA IAs9U8d sz mneuaItiaoe
Y Y Y Y 9 9 H
FUV U (Input) 3 ¥U, ¥UEOU (Hidden) 10 ¥U AL FUODN (Output) 6 HU mgﬂﬁ 3.17 T 1%
F4
Scaled conjugate gradient algorithm Tun1saouTagvzulisdoyaail 70% 1§ lunisaou

(Training) 15% 1%1un15A519@0Y (Validation) 11azdn 15% l¥d@1msumsnaae (Test)
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Hidden Output

A o 1 =t & a J
E‘IJVI 3.15 uEeraU0d Insaielssaninennilansines

Hidden Output

714 3.16 umaraveslasselsgamiendosniines

Hidden Output

= o ] ~ a J
g‘ﬂ‘ﬂ 3.17 lLPNPNGIJENTﬂN“ll’IEJ‘]J‘J%?I”WIW]EJ?J@TWNWTTIMWIEH
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d

35 mafSeuieuszihalassedaandssavgiuifuanilssavg
a 4

TagmmanfSeumouanuuiudiszrinlaseniedssammeunuiyanlscasy

a9

A

uUUdU TABIZ UL 2 HUVA® K-Nearest Neighbors (KNN), Decision Tree #4317 3.18 19

T1/51n54 Matlab 2020a Tumsaasiew

51/ 3.18 manSemieuTyalseAvgsiiace q

asd
Qq
Tumsdutinanultedesianuan laferdumsiansduazfousiudinnumnla
{ o a d 1 I [ [ o ¥
meanulyalsednd awnsoutseon il 3 daulua o deil
1 A I a 3’; Jd ax ) = aa o
drun 1ifuniseenuuunIsAaaIglnial 35013910990 WAENI8VDIAINYS
a = I 9
nu3 s lUfesmanudoya
1 { I o > . o 1% aa o
a2un 2 13un15111e1 Artificial neural network (ANN) 4111101505799 UUaz U8
1 aa J =Y d' U a 4 Y [} o d‘ o ]
ANuUNNIoaies s uNon1IIMlees luldannuududunniiga Tagiinisuai
v o o 9
doyan laoontiu 3 4Tl Training (70%), Validation (15%), Test (15%) t1az 14 Scaled
conjugate gradient algorithm ¥1&90U (Train)
1 ~ I 1 o Aa P Y ~ =% o
aun 3 1Wudinvesnisinervesninimesnlvamnngaunfseuneuny
a o 4 4 1 a 4 1 1 o { Ao
Tayanszasguuudu q eommsiimesuuy nuldaanuivdunniga Tasauise

9
1 a J
ula ulayanilsgaugun 2 11UV K-Nearest Neighbors (KNN), Decision Tree
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Nﬁﬂ1i‘l’lﬂﬁﬂﬁ!lﬂza!ﬂi1$ﬁwﬁﬂ1§1’lﬂﬁi’)\‘]

a 4 [ % [ gj
HANIINABDILAZ UATIZHHANITNITNABDILLIDDN 4 AT 11e) 9 Ao TUADU
<3 [
N13INUYeYA (Data acquisition procedure), ¥AN13NAADINITAALEN TAslFNTZUIUNITNI
aa @ Aaa @ 1 aa J a 9 ] =
0@, N13ATIIVLALININEANNUANTBIvaesuUs e Taeld Insenelseaniey (Fault
detection and diagnostic use artificial neural network) ,mM31U3euMeVTEHIe a1l sedn
[ a 4 4
Wennudyn1UseAuguuudu 9 (Comparison of artificial neural network between artificial

intelligence) Az NANITNAAB1A 11/54054 Simulink 11 Matlab 2020a fage 113

v
U

4.1 mumuﬂmﬁwﬁaya (Data acquisition procedure)

1 )
Witouanlana 3 17998 Ao FFT Spectrum, Motor current L1a¥ Crest Factor 108111181

U

9
v

Y} 3 oA ' = o . [

Yoyand 6 an1zueneeMuaeIngu Ao nquwilaIde (Single) Yszneuale an1iy
A a . = = .

anJuina (Healthy bearing), @0132gn1UIT8¥18 1 g0 (One ball bearing damage), 1172

gnilun1e 1 gn (One ball bearing loss), 11 AITHADAUNADTIDY (Starved lubricant) dIUDN
1 I 1 [ = [ 4

nguidunqusauiave (Combine) Ysznoudisdniizgniludenis 1 gnwionaisvaoau

1391198 (One ball bearing damage with starved lubricant) ttaz@n122gn YUY 1 gANSoNTIS

=

1 H 9
¥a0AUINAD108 (One ball bearing loss with starved lubricant) Tagiino19oyahn lananuau

a J an Ya . . A J Y A =
AATIZHNNADA 13T Analysis of Variance (ANOVA) erausanenuey lars el @

a o Y= = o [ 3 9 ~ I a
M35 H Iag 1995 ANOVA agldod1vua dail avvoyan lagsuiludsyaninzina

Y U

P
= A o X 9 =%

Y
1 9 1 I
(Normality) ﬂﬁ'l'Jﬁ’fJ Glﬁlj’f]llﬁﬂ ﬁjﬁjm"lncl%eﬁ}@na nvu H%’E'Jﬁ'%}'lﬂ"ldju GBIJ’E'J\‘]L‘]JH"IJ’E)N'QVI ANIIN
y N S

U

NINAABII3Y HazmANuAuLsvesToyaveaaazszrnsazdes luuana1esiuedall
Hed Ay
4.1.1 FFT spectrum
o Sy v "9 a . ST
1NMIATIvdeUteyai Iduusmudeyaniizilnd (Normality) iHudeya

1119991NA1 Probability value #3® A1 P-Value HAMWINAT1 0.05 NANUIFONY 95% fa317 4.1
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Probability Plot of FI'T Spectrum
Normal - 95% CI

Condition
—i#— Healthy bearing
—m@— One ballbearing damage
-4~ One ballbearingloss
—ik - Starved lubricant
+- One ballbearing damage with starved lubricant
+ One ballbearing loss with starved lubricant

Mean StDev N AD P
-113.0 2.450 50 0.420 0.314

= 9207 1508 50 0.162 0.942
S -95.75 1937 50 0.159 0.946
= 120 1664 50 0.195 0.888
a -99.87 1380 50 0.256 0.712
-93.86 1515 50 0.432 0.294
A 1 ] I A A d
gﬂ‘w 4.1 MANNUITUYDY FFT Spectrum NANNNITONU 95%
Boxplot of FFT spectrum at velocity 0.5 m/s
-90 -
-95 |
)
Z _100/
g
2 -105
S
£
-115 -
-120
Q@’b-

Condition of linear bearing

3

il

A
N

4.2 Boxplot of FFT spectrum at velocity 0.5 m/s
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210317 4.2 wuiAna1e (Mean) vouuaazean1az 6 an1z Tasanzgnily
1n@ (Healthy bearing) 171 -112.9780 dB, ﬁm?z@.ﬂﬂm%ﬂﬁw 1 9N (One ball bearing damage)
UAUMND -92.0682 dB, 4n122Qn1IUH18 1 gn (One ball bearing loss) WA11A1Y -95.7481 dB,
AN ATNARAUINABT0Y (Starved lubricant) AR -111.9600 dB, anMzgniludenie
1 gﬂw%’aumiwdaﬁum #9119 (One ball bearing damage with starved lubricant) nAUMNY -
99.8688 dB LAz ANz 1 gnwdenaisnaoaumaeiien (One ball bearing loss with

starved lubricant) UAUNIN -93.8644 dB

A I} J J A a o d'
13190 4.1 msuseuneual FFT spectrum ﬁSﬁ“Vi'JNﬁﬂTJ‘éﬁQﬂ‘]JH‘]JﬂG]ﬂ’].lﬁﬂTJZE]u 9

Fault bearing
Target Delta %
conditions
Healthy bearing One ball bearing damage 20.909 18.51
Healthy bearing One ball bearing loss 17.230 12.86
Healthy bearing Starved lubricant bearing 1.018 0.90

One ball bearing damage
Healthy bearing 13.109 11.60
with starved lubricant

One ball bearing loss
Healthy bearing 19.113 12.51
with starved lubricant

MINANTNA 4.1 NUNAMANUIANA NN Az NN 12N UG (Healthy bearing)
nfFeuisunuanizgnilu@enio 1 gn (One ball bearing damage) TAglAUIING 18.51% Haz
Manuuanaeitlosngaognan1zgniulnd (Healthy bearing) 1f5ouifiounuaniigais

1 d' =) 9 . S 1 [ % ] d‘ 1
NABAUMNADYIBY (Starved lubricant) IasTANNIAY 0.90% Tag liansanuentezanuuanai
9y A 1 9 [
14110991081 Delta 110871 5%
4.1.2 Motor current

1NMsasITeNTeyan lauusmuNToyan1azUnd (Normality) i laun

o ' , ' ' ' { y & o
iutoyaiiioanIns Probability value #30 A1 P-Value IA110N31 0.05 NANUTONY 95% H9



60

Percent
(9]
o
1

99

Probability Plot of Motor current
Normal - 95% CI

s

Condition
—@— Hedthy bearing
—@— Onebal bearing damage
- ‘ - oneball bearing loss
—i - Starved lubricant
—' - Onebal bearing damage with starved lubricant
+ Oneball bearing loss with starved lubricant

Mean StDev N AD P
1061 22.29 50 0.350 0.459
1104 15.79 50 0.290 0.598
1094 18.64 50 0.301 0.565
1098 20.14 50 0.200 0.878
1145 18.82 50 0.198 0.882
1286 29.90 50 0.389 0.371

1.
1000 ]_100 1200 1300 1400
Data
~ 1 ] I A A D
gﬂ‘ﬂ 4.3 mmmuﬁmﬂumm Motor current NAIAIULLEDUU 95%

Motor current (mA)

1400

1300 1

1200

1000 -

Boxplot of Motor current at velocity 0.5 m/s

286.

08

Condition of linear bearing

ﬂﬁ 4.4 Boxplot of Motor current at velocity 0.5 m/s
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203U 4.4 131950 10NAINAN (Mean) VoG A2 6 7012z Tasanizgnily
UnA (Healthy bearing) HANNINY 1060.56 mA, #0112gn1uTen10 1 gn (One ball bearing
damage) HAUNINY 1104.48 mA, @1122gn1UN18 19N (One ball bearing loss) HAUNIAY
1093.92 mA, ANNZANTHEAUINADIY (Starved lubricant) JANNINY 1097.90 mA, §017%

=

nilwdene 1 gnwiena1sMaoauantios (One ball bearing damage with starved lubricant)

1 o

9
A A 9 A A 9 .
UAUNMDNUY 1144.78 mA uazﬁmazgﬂﬂuma 1 NNIDNFITHADAULM D UDY (One ball bearing

loss with starved lubricant) JAUNINY 1286.08 mA

A i) ' 1 Y a o d'
13190 4.2 msuseuneun Motor current zizmwﬁmazgnﬂuﬂn@ﬂuamazau 9

Fault bearing
Target Delta %
conditions
Healthy bearing One ball bearing damage 43.920 4.14
Healthy bearing One ball bearing loss 33.360 3.15
Healthy bearing Starved lubricant bearing 37.340 3.52
One ball bearing damage
Healthy bearing 84.220 7.94
with starved lubricant
One ball bearing loss
Healthy bearing 225.520 21.26
with starved lubricant

NNATNA 4.2 NUNAANVIANAINNTGAIZ 0N TN 12N UUNA (Healthy bearing)

nFeuifeuiuannzgniiume 1 gnwieuasviasaumasiios (One ball bearing loss with

. = | Y 1 1 d' 9 d' Id' = a

starved lubricant) TaglAumny 21.26% agmanuuanaeiiesigasgnaniizgniuilng

. = v = . ISP ' o

(Healthy bearing) 1/38uingunuan1izgnilunie 1 gn (One ball bearing loss) IagiiAuniy

3.15% a9 luamnsonenuezAnuuana 19 14 118991071 Delta Hoona1 5%
4.1.3  Crest factor
{ 1 { I a .
nnmsasdendeyan lanun Jeyah lanuiludeyan1izind (Normality)

1119491071 Probability value %30 A1 P-Value 1A1110N310.05 NANMFRNY 95% fa31/71 4.5



Probability Plot of Crest factor
Normal - 95% CI
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Condition
—@— Healthy bearing
—— One ball bearing danmge
—’- One ball bearing loss
—h - Starved lubricant
—p-- Ons ball bearing danmge with starved lubricant
—f}— One ball bearing loss with starved lubsicant
Mean 5tDev N AD P
4.401 0.1935 50 0.701 0.063
‘E 4.167 0.2868 50 0.664 0.078
8 3.975 0.2605 50 0.388 0.374
E 4.255 0.2219 50 0.272 0.658
o 4,169 0.I772 50 0.318 0.527
3.868 0.2502 50 0.535 0.163
~ 1 ] I A A d
319 4.5 AR WU UYBA Crest factor NAINNUIAFDIU 95%
Boxplot of Crest factor
500 -\ " g N4
4.75
_ 450
8
] 4.22025

8 4.25 4.16893

=)

(%]

Y 4.00-

Y 3.86764
375 =
3.50 -

. g <) N
fé\&) & & S § & &
& & <O N & O L&
S & § S S RS
S ) & > O X &
& & N & PO SN
< & ‘Q® @ SAERNY N &
D 2 =) NN NS
N o N SEE
N ¢ «F (N
O OQ S s&
&
&
Condition of linear bearing
A .
gﬂ”ﬂ 4.6 Boxplot of Crest factor at velocity 0.5 m/s
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13U 4.6 NUFAINA19 (Mean) VoauRazan1z 6 7013z Tasanzgnilulng
(Healthy bearing) AN 4.40066, ﬁmazgﬂfﬂmﬁﬂma 1 90 (One ball bearing damage) um
A 4.16690, AN1I2@N1 U118 1 90 (One ball bearing loss) HAUNINY 3.97500, ANIZANT
napauaetios (Starved lubricant) HA 1Y 4.22025, anzgnilui@eris 1 gnudenais
Wd@ﬁﬂlﬁﬁ@ﬁﬂﬂ (One ball bearing damage with starved lubricant) UAUNINY 4.16893 1A
anzgnilume 1 gnwdemsnaoaumaeiien (One ball bearing loss with starved lubricant)

Y

JAUNINY 3.86764

A i) ' 1 2 a o d'
13190 4.3 msuseuneun Crest factor izmwamazgﬂﬂuﬂn@ﬂuﬁmazauq

Fault bearing
Target Delta %
conditions
Healthy bearing One ball bearing damage 0.234 5.31
Healthy bearing One ball bearing loss 0.426 9.67
Healthy bearing Starved lubricant bearing 0.180 4.10
One ball bearing damage
Healthy bearing 0.232 5.27
with starved lubricant
One ball bearing loss
Healthy bearing 0.533 12.11
with starved lubricant

MINANTNN 4.3 NUNAIANWIANAIIINTFAIZDINAN1IZgNTUUNA (Healthy bearing)
= [ 2 . o 1" v 1
Eeuneunuan1Izgnunie 1 gn (One ball bearing loss) 1ASNAUNIAY 12.11% uazal
ANuuAnA1INeeNgaognadn112gnduina (Healthy bearing) 15 suifisunvaniag

1 d‘ A Y =S 1 1 w é ] 1 9 d' 1
@15 naauastos laglA NN 4.10% G]Nulll?ﬂlﬂiﬂl!ﬂﬂllﬂ$ﬂ’)1hll§lﬂﬁ1\ﬂﬂ LUBIINA

Delta Y0801 5%

42  wamInaasIMsnauenlaalinszuIUNMINIaaa
Tasshinsihdeyanamuain 300 Seyaunimsdauenlaeldnszuumsmaada

T@mmﬁi‘fﬂﬁmﬁuﬁmmummgmﬁmamﬁqgﬂﬁ 4.7-4.9 A TAaaasdagIli 4.10-4.12

wagAuRAeidaaoansieglii 4.13-4.15 vosusazms1ine$ (FFT spectrum, Motor current,

) &

Crest factor) #9921l 00MY 6 An1IzAIlAD Toyaaus 1-50 (Healthy bearing) ,51-100 (One

U
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ball bearing damage), 101-150 (One ball loss bearing loss) , 151-200 (Starved lubricant) , 201-250

(One ball bearing damage with starved lubricant) , 251-300 (One ball bearing loss with starved

lubricant)

421  AuDeUVUNINTFIU (Standard deviation)

- FFT Spectrum

Standard devietion of FFT spectrum
1
0.8
IS
2
=
o
S 06
D
l_
LL L]
L .
— .
8 0.4 =
L)
(2] L e,
o
02 » L) ’_
L]
0
0% — ——>50%gy >100« g 150« 200 250. 300
Healthy bearing One ball bearing damage  One ball bearing |‘;5> Starved Iubricant$ (;ne ball bearing dam:ge E beal?los:
Number of sample with starved lubricant  with starved lubricant

31U 4.7 AdlsuuUINATFIUURY FET spectrum



- Motor current
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Standard devietion of Motor current
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0 Ce T
. — L
. T «—— N »100 < —150 200 250 < __»300
Healthy bearing One ball bearing damage  One ball bearing loss Starved lubricant One ball bearing damage  One ball bearing loss
Number Of Sample with starved lubricant with starved lubricant
' '
ﬂd oA
JUN 4.8 ANUVYIUUUNINTIIUUDI Motor current
- Crest factor
Standard devietion of Crest factor
0.1
0.09
0.08
0.07
.
o
=}
&
8 006
=
w
<] .
6 0.05 °
Y— . .
8 0.04 ° °
L] . L)
w 0.03 . . 0 o’ ° . . . ° °®
. .
L . . * . ‘. . ‘ P
.. oo .. L] . ° L ] ° L] ..
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0.01 oo o o L P . o 2% o o - - o -
o - © LY o o % o s oo ° o °yp 3 ° ee ° o
. . . L4 ° . .
LI S % teeed. o St Wea ettt ML o 0 aaye
0 o' . o ° .
0 " 50 N 100+ » 150« —» 200« — > 250 300
Healthy bearing One ball bearing damage  One ball bearing loss Starved lubricant One ball bearing damage  One ball bearing loss
Number of sample with starved lubricant  with starved lubricant

1 4.9 ANTIALUNINTFIUDY Crest factor

1
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1 1
422  manulas (Kurtosis)
- FFT spectrum
Kurtosis of FFT spectrum
0.1
IS
>
=
(&}
(3}
o
w
|_
LL
LL 0.05
w—
o
[72]
‘B
£
5
¥
¥ (]
0 praw
0+~ " 0+ 00— 150- 200 250 300
Healthy bearing One ball bearing damage ~ One ball bem: ) Starved IubrTcant$ (;ne ball bearing da;:ge <@,au bearinTos:
Number of sampie with starved lubricant  with starved lubricant

517 4.10 1AW TAIYDI FFT spectrum
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-Motor current

Kurtosis of Motor current

0.3
0.25
0.2
0.15
0.1

0.05

.o .aa.. .
0 Retwne BN A

Kurtosis of Motor current

P

=N

Healthy bearing

> 150« —»200 <

< — 00—
One ball bearing damage  One ball bearing loss Starved lubricant

Number of sample

— 5250 » 300
One ball bearing damage  One ball bearing loss
with starved lubricant with starved lubricant

171 4.11 A1 A9V Motor current

d
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- Crest factor

Kurtosis of Crest factor

Kurtosis of Crest factor

7E-11
L]
6E-11
L]
5E-11
4E-11
3E-11
- .
© .
2E-11
. o °
° L]
1E-11 o . * . o5 * . .o
r'4 L]
° . ° . r o ° ®o © ¢ * e ¢ o %
N ®e oo 0% o o’ s B "u 'S o ~ oS °® &°
0 % chte sroteamatvedun? cttiatmmsmans e ooflm AR W ctin s S et et MM ool @ PodOemn Nodes
Healthy bearin >80 ) »150¢—— 200 250 »300
y ing One ball bearing damage One ball bearing loss Starde lubricant One ball bearing damage  One ball bearing loss
Number Of Samp e with starved lubricant with starved lubricant

317 4.12 1AW A0 Crest factor



423 ANINATAIT09 (Root Mean Square, RMS)

- FFT spectrum

69

RMS of FFT spectrum

-~ »
0 Healthy bearing 50

RMS of FFT spectrum

- —>»100« 150«——
One ball bearing damage  One ball bearing loss Starved lubricant

Number of sample

»200«

One ball bearing damage
with starved lubricant

— 5 250«

—» 300
One ball bearing loss
with starved lubricant

310 4.13 AuRAsMAa9a99903 FFT spectrum
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- Motor current

RMS of Motor current

RMS of Motor current
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° o . ® oo ) «° o .
So e () Se ° © « °
DB S LA kSR SRR R Y
L) al.' ®Je "':'..‘-" ®
o . °
° .
50
Health beW’ 5@ - —» 1006 150« » 200« —» 250« —» 300
Y g One ball bearing damage ~ One ball bearing loss Starved lubricant One ball bearing damage  One ball bearing loss
Number Of Sample with starved lubricant with starved lubricant

317 4.14 AuRAeAaIe03UDI Motor current
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- Crest factor

0.5
0.4
—
o
=
Q
(]
=03
17 ¢ *
[5) L ™ ° oo o . b . .
— o ®%e¢ o o _® ° o [ . “ .
rJ o e o o . L S e o ©
© .“"I.\.‘-.". ®e e % o000 @ ele 0l 0 .’..g} .‘\p.‘-. =i, © ., e o8 seope
— s ..“ ° 00 o ° %% () & “ Qoo o’ % 0® 0% .8 .
o LY ° .oo"". S ) 0T e e
wn 02 ® e Phi ° o
=
o
0.1
0
0 heatthy bearing 505 4 —T100% - : g 0 200 > 250¢ 300
ealthy bearing One ball bearing One ball bearing loss Starved lubricant One ball bearing damage One ball bearing loss
damage Number of sample with starved lubricant with starved lubricant

519 4.15 AUNDYAA9a09D9 Crest factor

U

Ly aa o a d a
43  MINTIVMASININANNUNNIBIVaIaHESuUSagl¥laseviglszan

=

N8N (Fault detection and diagnostic use artificial neural network)

o { a ' i 4 o

Wnerdeyaninulauilinsigd Taeld Arificial neural network (ANN) 1182111

1 a 4 1 ] ) { T o I
nfFeuiieudnwsiimosuuy Tvuldainnuming (Accuracy) Nga Tasutisiadoosniu 3
v Y 1A & a 4 a 14 a 4 [ g’/
Wave IMAe NN 1NeS, TRINITINNDIHAT NS 1Al TYaNIHua
' I

300 ¥@ uieondu Training 210 Y@ Validate 45 4d Lag Test 45 YA

43.1  nilanniwes (Single parameter)
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- FFT spectrum

Confusion Matrix
Training Confusion Matrix Validation Confusion Matrix
7] 0J0[15]0 [0 f3.14 3[0[0] 20 [0 f00% 1 Healnybearing
"18.1%(0.0%{0.0%7.1%/0.0%(0.0%}6 9% "16.7%[0.0%(0.0%14.4%(0.0%[0.0%}0.0% 2. One ball bearing d
L0303 0 0 |13}527 L[ 06 1[0 ][0[2 a7y =0 ernedumee
0.0%/14.3%}1.4%|0.0%|0.0%|6.2%p4.8% 0.0%[13.3%2.2%]0.0%]0.0%4.4%§3.3% 3. One ball bearing loss
dsfofol60]5 8 p52% B[ 011510013 F56% , e nbrioant
8 10.0%0.0%]7.6%|0.0%|2.4%|3.8%f4 8% S 10.0%]|2.2%[11.1%0.0%|0.0%]6.7%§4 4%
9 J16[ 00 240 [0 fo0% o 5[0 0 20 [0 p5&% s Oneballbearing damage
3 " |7.6%]0.0%]0.0%11.4%0.0%0.0%}0.0% 3 " 11.1%0.0%|0.0%|4.4%(0.0%|0.0%f 1 4% '
% . 0 0 6 0 30 0 b337 % . 0 0 1 0 7 0 b75% with starved lubricant
O "~ [0.0%]0.0%|2.9%]0.0%]14.3%40.0% 6.7 % O 7 |0.0%]0.0%|2.2%|0.0%15.6%40.0%} 2.5%{ 6. One ball bearing loss
6 0 6 9 o 0 2 4 4:/ 6 o 2 2 o o 30 2 g:/: with starved lubricant
0.0%/2.9%4.3%|0.0%0.0%|5.7%p5.6% 0.0%14.4%14.4%0.0%I0.0%|6.7%57 1%
1.5%83.3%47 1951 .5%85.7% 64“/§1.4“/ 7 .5%56.7%p5.6%p0.0%{100%B7 5757 .8%
118.5%16.7%52.9%8.5%1 4 .3%53.6788.6% 2.5%B3.3%14 4%50.0%0.0%62.5742.2%
LN Vv L ™ o © N Vv o ™ o ©
Target Class Target Class
@
Test Confusion Matrix All Confusion Matrix
JJ7ToToTaT0T0 p36% J27ToToT21T0 0
5.6%0.0%|0.0%|8.9%/0.0%/0.0%p6 4% 9.0%]0.0%]0.0%|7.0%]0.0%0.0%|
J04aT2T0T0 5 poay {0406 0[]0 20Ff
0.0%|8.9%I4.4%0.0%]0.0%11.1%3 6% 0.0%113.3%2.0%|0.0%|0.0%/6.7%
2.0 o[s[ofo[1h34 QB.[0o]1][26]0]5][12
0 0
S 10.0%(0.0%111.1%40.0%]0.0%(2.2%} 6.7 3 10,0%]0.3%/8.7%(0.0%/1.7%(4.0%
O, 20030 [0 F00% O,B[0[0[2l0]0
3 [4:4%]0.0%0.0%(6.7%(0.0%[0.0%$0.0% 2 " [7.7%]0.0%0.0%(9.7%(0.0%(0.0%
s [ofoflo|o|s|ofood <. [ofo|]7|0o[a]o0
3 =3
3 ° [0.0%]0.0%{0.0%(0.0%17 8%40.0%0.0% 3 °10.0%0.0%[2.3%]0.0%15.0%40.0%
o1 [o0o[o0o]o][3 [50% 0|9 [1[oo[18
6 10.09%12.2960.0%(0.0%(0.0%6.79%b5 0% © 10.0%[3.09%)3.7%(0.0%(0.0%6.0%
7.8%80.0% 1.4%42 9%100%:53.3%6. 54.0780.0%: 0.0%86.0%1
2.290.0%8.6% 0.0%$66.7%83.3% 6.0%20.0%418.0%12.0%10.0%64.0%$8
N s % 5 o N9 % b G
Target Class Target Class
© (d)

517 4.16 Confusion of FFT spectrum

U

131N 4.16 nuNAIANVUNUEIFIMTUNITAOU (Training) UAUNINY 61.4%
A5A5I980Y (Validation) NAUNINY 57.8% UAZNIINAAD (Test) HAUNINY 66.7 % HAZIND

g’/ 1 ] o 1w < o 1 1 o Y o g
5’JllVI\?W?J@T]?]'I?]’N?JLLNUEHL‘VHﬂU 61.7% cdﬁmmmﬁammmmmgmum"lﬂmﬁ

Accuracy = Truef og 4.1)

Total of data

- Training

d' v 9 g}/ d' . = c’x}z A dl
mﬂg‘ﬂw 4.7 (a) MUBDYANINNUANLDINT Train UNIKUA 210 YA LUAZNAIN

U
9 9
Y @

Y
RNADITNNINA 17+30+16+24+30+12 AU IEINTOHIMANMLLUE A9l

ACCUFaCY s, = 17+30+16+24+3O+12><100 _ 614%

210
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- Validation

v Y H ) Y
11317 4.7 (b) Mdoyananuae 11 Validation INaviua 45 e A9tin

[

Y
AANNLNUEATT

Accuracy,igation = 3+6+5+2+7+3><100 = 57.8%

45

Test

[ Y H v v
11307 4.7 () AMloyanIuANo 1IN Test INIHUA 45 YA AIUU AINIIN

ui U Aeid
7+4+5+3+8+3
Accuracy,,, = x100 = 66.7%
45
All
mﬂgﬂﬁ 4.7 (b) ?h%yjaﬁ’wmﬁgmm Al UNIHUA 300 YA AILY A1
uuE Al
27+40+26+29+45+1
Accuracy,, = 2 e 8><100 = 61.7%

300



- Motor current

Training Confusion Matrix

Confusion Matrix

Validation Confusion Matrix

183837070 fre% JOTOTAT2]0 [0 [507 1.Healny bearing
9.0%|1.4%|3.8%|1.4%]0.0%)0.0%} 2 4% 0%0.0%|2.2%|4.4%0.0%(0.0%p5.0% )
0 2 1 2 1 0 $0.0% 0 0 0 0 0 0 Kane 2. One ball bearing damage
2 |0.0%|1.9%0.5%|1.0%0.5%(0.0%}0.0% 2 10.0%|0.0%]0.0%(0.0%(0.0%/0.0%}aN] 3. One bl bearing loss
@g[10[1M]16]14 10 [0 14 B3 1]0]0F00% , o ibian
B 14.8%5.2%|7.6%|6.7%|0.0% o.o“/zs 6% 8 12.29%(2.2%6.7%|2.2%|0.0%0.0%$0.0% *
9 Jo[12[1a]16] 6 [0 f33% o 08110 [0 [00% s Oneball bearing damage
3 " 0.0%|5.7%6.7%]7.6%[2.9%|0.0%F6.77% 3 " (0.0%]17.8%2.2%(2.2%(0.0%0.0%H0.0% .o
S5/ 0] 1]3]4]26[0 [65% S50 1]0[0]10[0 foo
O " [0.0%]0.5%|1.4%|1.9%)] O  10.0%|2.2%|0.0%|0.0%22.2%0.0%| % 6. One ball bearing loss
6 0 o 0 0 6 o 0 o 0 0 6 00% with starved lubricant
0.0%0.0%0.0%0.0% 10.0%0.0%0.0%0.0%0.0%13 1“]0 0%
5.5%12.9%p8.1%441.0%8 8% 0.0%40.0%50.0%25.0%100% woov/ﬂ
B4.5%87.1%51.9%59.0%1.2%40.0% 0.0%100%#0.0%75.0%0.0%0.0%5.6%
N v L ™ © © LS Vv o 1 o ©
Target Class Target Class
Test Confusion Matrix All Confusion Matrix
JJ7JoeToT1T0T0 fr5% J[3]3T9T6]0T 0 [60%
L ewJvo% 0.0%|2.2%0.0%0.0%} 2 5% 1.7%1.0%|3.0%|2.0%|0.0%0.0%p4 0%
ool 1 0T 0 [.0% Jol4al2]2]1 0 pas
0.0%0.0%2.2%0.0%]0.0%)|0.0%}100% 0.0%]1.3%]0.7%|0.7%|0.3%]0.0%$5.6%
333 11400 114 3314 1320 19| 0o [ 0 po3%4
S °16.7%|2.2%|2.2%|8.9%0.0%0.0%$8 9% 8 °14.7%|4.3%]6.7%|6.3%|0.0%]0.0%$9.7%
SJq1[e[1[2[2]0 674 O 12616198 [0 pr1%
3 " [2:2%]13.3%2.2%|4.4%(4.4%(0.0%p3 3% 3 " 0-3%[8.7%)5.3%6.3%(2.7%|0.0%} 2.9%
s:;/0[2]0]0([5 ][0 [14 S [0[4]3 ][4 a0 887
O 7 [0.0%]4.4%|0.0%|0.0%{1.1%0.0%p8.6% O [0.0%|1.3%)|1.0%]|1.3%3.7%0.0%p 1 2%
sl 000 o008 fooy o[ 0] 000050007
0% 0%]7. 10.0%]0.0%0.0%|0.0%]0.0%6.7%40.0%
0.0%48.0%}10.0%38.0%2.0%{100%6.3%
0.0992.0%60.0%62.0%18.0°%40.0%§3.7%

N Vv %

[

o o Lo

Target Class

5 % 6 o
Target Class

gﬂﬁ 4.17 Confusion of Motor current

74

103U 4.17 wuAraNuel U FIMTUN1Tae Y (Training) HAUNIAY 55.7%

9
FINIMUAUMANULUUT UMY 56.3%

AMINTIVADU (Validation) HAUNINY 64.4% 11AZAITNAADY (Test) UAUNIAY 51.1% HaZIiD
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- Crest factor

Confusion Matrix
Training Confusion Matrix Validation Confusion Matrix
J[ZB[9T2T1]9 2317 JBTAT2[7 1[0 3% 1 Healtny bearing
3.3%4.3%|1.0%|7.1%4.3%|1.0%}6 9% 1.1%2.2%|4.4%015.6%2.2%|0.0%$8 8% )
2 [18]16] 6 |12 8 }9.0% 02 |1 2][3 [ 1 paoy >Oncbolbearingdamage
2 |1.0%(8.6%17.6%|2.9%)5.7%|3.8%} 1.0% 2 10.0%[4.4%|2.2%)4.4%(6.7%(2.2%} 7 8% 3. One ball bearing loss
@ 3 |INCIR IR SO OO Ry =N 8 B L O Y ——
5~ 10.0%0.0%]0.0%0.0%]0.0%0.0%}NaN S~ 10.0%0.0%]0.0%0.0%|0.0%/0.0%}aN
o JOl0ofol 000 fan < 4900 00 [0 [aNy s oneball bearing damage
3 " 0.0%/0.0%0.0%]0.0%(0.0%0.0%hN" 3 " 0.0%0.0%]0.0%]0.0%[0.0%|0.0%HNENA . o1y tubricant
g [5[8]8[9[14]0 b5y 11 [1[3]s 17 ™
O 7 [2.4%|3.8%|3.8%|4.3%6.7%|4.3%} 3 6% O 7 [2.2%|2.2%|2.2%|6.7%{1.1%2.2%$8.3%| 6. One ball bearing loss
sl 03710 [19}33% ol 0T 013 005 F25 it urvediubrican
0.0%)1.4%]3.3%0.5%]0.0%|9.0%§6 7% 10.0%]0.0%6.7%|0.0%]0.0%1.1%7 5%
0.0%17.4%40.0%0.0%10.0%50.0%87.6% 3.3%50.0%40.0%]0.0%55.6% 1 4747 8%
R0.0%52.6%100%100%60.0%50.092.4% 6.7%50.0%4100%/100%14 4928 6%$2.2%
N v H ™ © © & v ‘b L -] ©
Target Class Target Class
Test Confusion Matrix All Confusion Matrix
121 ][0 29 J[30]1aT s 24T 11 [ 2 Fi1%
3.3%8.9%]2.2%|4.4%2.2%0.0%§7 1% 3.0%4.7%|1.7%|8.0%3.7%]0.7%}8 9%
J1[3]2]0]3]3 ps50% o[ 323 19] 8 [18 12 }77%
2.2%(6.7%|4.4%0.0%]6.7%6.7%'5 0% 1.0%I|7.7%16.3%|2.7%6.0%4.0%J 2 3%
$3ooooooaNﬂ/ gsoooooomq
S °10.0%0.0%0.0%|0.0%0.0%0.0%HaN S ©10.0%0.0%0.0%0.0%|0.0%]0.0%NaN%
O,0[0[0fo[0]o0 O ofofo]ol00 [Ny
3 10.0%]0.0%0.0%|0.0%|0.0%|0.0% 3 0.0%0.0%]0.0%]0.0%(0.0%0.0%HaN®
5 . (2N a2 5[ 8 [ 1010 [ 16|21 | 11 b7:6%
O 7 4.4%|2.2%|2.2%|8.9%4.4%|2.2% O 7 [2.7%|3.3%|3.3%]|5.3%|7.0%|3.7% 2 4%
sl0fofe 1101 ol 0 [3[16]2 [0 2539
0.0%0.0%113.3%2.2% Y 10.0%]1.0%I5.3%0.7%]0.0%8.3%}5 7%
6.7987.5%0.0%|0.0% 8.0%416.0%{0.0%]0.0%}2.0%450 .046.0%
3.3%62.5%100%100% 2.0%54.09%4100%/100%458.0%450.0%$4.0%
T T Npg o x 6 o
Target Class Target Class

3 1/71 4.18 Confusion of Crest factor

910317 4.18 WuNAIANUUNUEIFINTUNITAOU (Training) HAUNIAY 37.6%
A1393579a01 (Validation) HAUNINY 37.8% HAZMTNATDU (Test) UAUNINL 26.7% LA
Y
FIUNINUATAIN1VUNVENNY 36.0%

432  @94M3130A95 (Double parameter)
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- FFT spectrum & Motor current

Confusion Matrix
Training Confusion Matrix Validation Confusion Matrix
JJZ[oT o]0 0 [30% i 0 [ 3 [0 [0 [67% 1 Healtnybearing
99%0.0%0.0%|4.8%0.0%|0.0%p7.0% 0.0%]6.7%(0.0%(0.0%p3 3% , (@
L[0 ]3] 7000 i 5 0 [ 0|0 |0 [iooy *OnePbearngdamage
0.0%14.3%3.3%0.0%]0.0%0.0% 8 9% X 0.0%0.0%0.0%0.0%J0.0%| 3. One ball bearing loss
as[0[4]27] 000 f71% B[00 a0 1]0FB00% , 0
S~ 10.0%]1.9%[12.9%0.0%|0.0%0.0% 2.9% S °0.0%|0.0%]8.9%|0.0%[2.2%/0.0%$0.0%
9 Jelofol2r]0 [0 [71% o J 1[0 0[5 0 [0 339 s Oneball bearing damage
3 [3.8%]0.0%0.0%112.9%0.0%(0.0%2 9% 3 " [2.29/0.0%]0.0%f11.1 0.0%6.7% i arved lubricant
S5/ 0]0[2]034]0 pas ss/0f0fof0 0 |i00%
O 7 |0.0%]0.0%]1.0%]0.0%| 5.6% O 7 (0.0%0.0%0.0%|0.0% 10.0%]0.0%| 6. One ball bearing loss
ofofofo o[o[ofo0 00%
ith starved lubs it
6 10.0%(0.0%/0.0%/0.0%0. € 10.0%|0.0%]0.0%|0.0%(0. o.00| " Served brican
77.1988.2%75.0%3.0% 5.7%4100%100%52 5% uwj
2.9%11.8995.0%27.0%0. ; 4.3%0.0%|0.0%B7 5% 14%
LN Vv B ™ © © N Vv o 1 o ©
Target Class Target Class
Test Confusion Matrix All Confusion Matrix
0400 674 JJ#J0oToT47] 0 [0 o7
0.0%|8.9%0.0%0.0%}3 3% 3.7%0.0%0.0%]5.7%]0.0%0.0%F9 3%
2 [0 [0 [0 f78% 46| 9 [0 |0 [0 p36%
14.4%]0.0%0.0%|0.0%p2.2% 5.3%3.0%|0.0%|0.0%]0.0% 6.4%
a 5 8 [0 o [ o Joo% 33 4 (39|01 o0 ps6%
S °10.0%|0.0%17.8%0.0%0.0%0.0%0.0%) S ©10.0%1.3%13.0%40.0%0.3%]0.0%} 1 4%
O,0[0(0[1 ][00 oo+ o T A I
3 " 10.0%]0.0%0.0%|2.2%(0.0%(0.0%]0.0% 3 " [3.0%]0.0%]0.0%11.0%0.0%|0.0%} 1 4%
s;/0[0f0f0 6 S [0[0]2]0 a0 5%
O 7 [0.0%]0.0%]0.0%]0.0%| O [0.0%]0.0%0.7%|0.0%6.3%40.0%]3.9%
sl 00 0 o[ 0] 000050007
10.0%]0.0%0.0%|0.0%]0.0%6.7%40.0%
2.0%92.0%8.0%6 078 .0%{100%56.0%
; 8.0%48.0%p2.0934.0%2.0%|0.0%}§4.0%
Ny % 6 6 N o % 6 o
Target Class Target Class

| 1/ 4.19 Confusion of FFT spectrum & Motor current

91031U7N 4.19 WUIAIANUUNVEIFIMTUNITAOU (Training) HAUNIAD 85.2%
A139579a01 (Validation) HAUNINY 88.9% HAEMTNATDU (Test) UAUNIND 86.7% LA

9
5’33J‘VIQWN@T]ﬂ'Iﬂ’NlILHJHEiHﬂ1ﬂ1J 86.0%
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- FFT spectrum & Crest factor

Confusion Matrix
Training Confusion Matrix Validation Confusion Matrix
0 [11]| 0 | 0 po4% 1| 0 | 0 B57% 1. Healtny bearing
0.0%|5.2%0.0%0.0%}0 6% 2.2%]0.0%]0.0%} 4 3% .
30000 |12k 9 T 0 ] 3 f35y 2 Oneball bearing damage
2 |0.0%013.3%1.4%(0.0%]0.0%5. 7%} 9% X 0.0%]0.0%|6.7%p6.4% 3. One ball bearing loss
as[0[1]18]02]4 0% G006 0 [2]3pasy o
8 *10.0%]0.5%8.6%|0.0%]|1.0%|1.9%p8 0% S 10.0%|0.0%13.3%0.0%4.4%]6.7%§5.5%
9 JM[o[o[26]0 [0 [o3% o 10030 [0 [50% s Oneball bearing damage
3 [5:2%|0.0%0.0%012.4%0.0%]0.0%}9 7% 3 [2:2%/0.0%/0.0%[6.7%|0.0%I0.0%F5 0% 1 o1+ i bricant
ss/0]0]3]0[31]0 pi2y s[0[0foTo][7]0 foox
O " [0.0%]0.0%|1.4%]0.0%]14.8%40.0%8.8% O "~ |0.0%]0.0%]0.0%0.0%}5.6%40.0%0.0%| 6. One ball bearing loss
6| 0[5 [10[ 0020719 ol O[T 1]0T]01[3F00% it arved ubricant
0.0%2.4%4.8%|0.0%0.0%|9.5%§2.9% 10.0%2.2%|2.2%|0.0%/0.0%]6.7%#$0.0%
9.4982 4952 .9%§0.3993.9%5 6740.5% 5.7%B7 5%5.0%5.0% 7 8%$3.3%41 1%
0.6%1 7 69417 1929 .76.1%414.4989 5% 4.3%12.5%25.09%25.09%2.2%56.7988.9%
N v B ™ © © N Vv o 1 o ©
Target Class Target Class
Test Confusion Matrix All Confusion Matrix
6[0oJo[3]o]o 74 7[00 [15] 00 f12%
! 3°/JOAO% 0.0%]6.7%0.0%]0.0%}3.3% ! 2.3“/J0.0% 0.0%|5.0%(0.0% vo%£8 8%
o[s[1]0o]o0][o0 psox 045 ][00 [15F}83%
2 10.0%17.8%42.2%(0.0%(0.0%|0.0%} 1 1% 2 10.0%014 3%1.7%(0.0%0.0%|5.0%}1 77
a.lolo[alo]o][3 pri% a0 1 28] 0 a4 [10f51%
0 w
g % 10.0%{0.0%(8.9%/0.0%(0.0%6.7%}2.9% g 3 10.0%(0.3%]9.3%{0.0%|1.3%3.3%}4 97
¥ 1n oo on sn oo on 5.7% on 13; on oo 35o on o° 2.9%
3 " [2:2%]0.0%0.0%]13.3%0.0%]0.0%} 4 3% 32 " [4.3%|0.0%0.0%[11.7%40.0%|0.0%F7.1%
s [ofo[2]o0o]s& ]| o poo% s [o]o|5]0][4]0 po2%
3 3
3 °[0.0%/0.0%[4.4%|0.0%07.8%0.0%}0 0% 3 °[0.0%]0.0%[1.7%]0.0%15.3%40.0%}o.5%
olo[1][0]0 6.7% ol 06 12] 00 [25Fsi
10.0%2.0%|4.0%|0.0%0.0%|8.3%§ 1.9%
'4.0786.0%56.0%70.0%2.0%50 .04 1.3%
6.0%014.0%14 0%B0.0%8.0%50.0%88.7%
N T T TS N9 h 6 o
Target Class Target Class

3 19 4.20 Confusion of FET spectrum & Crest factor
91031 4.20 wuAIANNENUEIFINTUNITTOY (Training) HAUNIAY 70.5%
A13A52980U (Validation) HAUNINY 71.1% LALMTNATO (Test) HANUNIND 75.6% Laziile

9
FINIMUAUMANULLUT UMY 71.3%
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- FFT Motor current & Crest factor

Confusion Matrix

Training Confusion Matrix Validation Confusion Matrix
1 27 |3 |1 70 ] 0 [1.1% 1 5 |01 1 1 [ 0 | 0 P25% 1. Healtny bearing
2.9%1.4%]0.5%|3.3%|0.0%0.0%}8 9% 1.1%2.2%|2.2%|2.2%0.0%0.0%$ 7 5% )
0 7 3 10 3 0 b6 0 3 0 2 1 0 $0.0% 2. One ball bearing damage
2 10.09%|3.3%]2.9%(4.8%[1.4%0.0%} 3.1% 2 10.0%6.7%]0.0%(4.4%{2.2%0.0%0.0% 3. One ball bearing loss
@l 2[13]26] 500 o5 At [3 a0 [0 paar o oricant
5 11.0%]6.2%12.4%2.4%|0.0%]0.0%} 3 5% 8 2.2%|6.7%|8.9%|2.2%|0.0%/0.0%$5 6%
o J3T 72131 [0 foo% 9 . [IEARS ts 2 | 0 | 0 }56% 5. Oneball bearing damage
3 [1:4%[3.3%|1.0%(6.29/0.5%|0.0%50.0% 3 [4:4%0.0%6.7%/4.4%0.0%(0.0%f 1A% . (oo ubricant
5[ 0[5[17]3][2]0 [43% S50 1]0]1]10] 0 f33%
O 7 [0.0%]|2.4%|0.5%|1.4% O 7 [0.0%]|2.2%|0.0%|2.2%22.2%40.0%} 6.7% 6. Oneball bearing loss
o[of[o]fo of[ofo]o] o3 foox

with starved lubricant

© 10.0%/0.0%0.0%|0.0%(0.0%6.7%}0 0%
2.5%87.5%50.0%p8 690.9%100%50.0%
B7.5%2.5%50.0%71.4%49.1%0.0%}0.0%

€ 10.0%]0.0%|0.0%/0.0%)o.
54 4920.0%72.2%34 2%
5.69%80.0997.8%5 8%

LN Vv P, > o © N v x 1 =] ©
Target Class Target Class

Test Confusion Matrix All Confusion Matrix
J8J0T0T0T0T0 Jo0% 4[9T7aT278T0T0 Jiry
7.8"/J040% 0.0%|0.0%|0.0%0.0%J0.0% 3.3%1.3%]0.7%|2.7%|0.0%|0.0%F5.9%
20210700 o0 [0 o[ 0126 [12] 4 [0 p53%
0.0%|4.4%0.0%]0.0%|0.0%0.0%0.0%! 0.0%|4.0%|2.0%]4.0%|1.3%0.0%$4 .7%
33 0 [4a[5|[3]o0ofo0 7% 33 3 (235|900 f22%
5~ 10.0%8.9%11.1%6.7%|0.0%]0.0%§5 3% 8 11.0%]6.7%]11.7%3.0%|0.0%]0.0%} 7 8%
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A T 5 % 6 o
Target Class Target Class

3 1191 4.21 Confusion of Motor current & Crest factor

103U 421 nudraANuul U 1MTUNITAR Y (Training) HAUWIAY 65.7%
AMINTIVEADU (Validation) HAUNINY 60.0% LAZAITNAADY (Test) UAUNIAY 75.6% HAZIHD
Y
FAININVALMANUUNUEUNINY 66.3%

433 sumaimes (Triple parameter)
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- FFT spectrum & Motor current & Crest factor

Confusion Matrix

Training Confusion Matrix Validation Confusion Matrix
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3 1/#1 4.22 Confusion of FFT spectrum & Motor current & Crest factor
131N 4.22 WuAIANNUNUI T IMTUNITADY (Training) HAUNIAY 90.0%
A13A52980U (Validation) HAWNIND 91.1% UALNITNATOD (Test) HANNIND 95.6% Laziile
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spectrum & Motor current & Crest factor 1AgUAIANNILUEBEN 91% Aag1N 4.23
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Neighbors (KNN), Decision Tree, Artificial Neural Network (ANN) FaHan'1ane K-Nearest

Comparison of overall parameter

100.0% 91.0%
86.0%
90.0%
80.0% 71.3%
66.3%
70.0% 61.7%
56.3%
a 60.0% -
S
3 50.0%
Q 36.0%
.0%
< 40.0%
30.0%
20.0%
10.0%
0.0%
Crest factor Motor current FFT spectrum Motor FFT spectrumé& FFT spectrum& FFT spectrum
current&Crest Crest factor Motor current &Motor
factor current&Crest
factor
Parameter

A = 1 ) a 4
i“lJ‘VI 423 ﬂﬁllﬁﬂﬂ!ﬂUUﬂ’ﬂmmufJ'lﬂﬂWﬁﬁJm@i

U

d

msnfRaunauszrnadassnelssaneunudayanilszavg

a9

(Comparison of artificial neural network between artificial intelligence)

o = 1 [] o a 14 3’; =
1/]1ﬂ1il°]ﬁ'8‘]JmEJ‘]Jﬁ1ﬂ1ﬂ’ﬂllulluﬂ'l"ljf)\iﬂiyi‘llﬂﬂ‘izﬂ‘Hj;ﬂQWllﬂ 6 11U AD K-Nearest

80

Neighbors (KNN) = 83.3%, Decision Tree = 84.0% 140z Artificial Neural Network (ANN) =91.0%

A931l9 4.24
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Comparison of ANN between Artificial Inelligence
191.0%
92.0%
90.0%
88.0%
> -
S  86.0% 83.3% (520
>
3 e AN
<
82.0%
80.0%
78.0%
KNN Decision Tree ANN
Type of Atritificial Intelligence
{ 1 [l 1Y) a 4
31N 4.24 manfSeumevszrielasielssammonnuynlszavg

4.5 WaNINAA0Y Simulink 114 Matlab 2020a

1#11N1591899N1511191U4049 Artificial Neural Network b1 Simulink U89 Matlab 2020a

[
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G
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= AN Yo a
“BQWﬂﬂﬁﬂﬂaﬂ\‘]VIllﬂﬂﬂﬂﬁNﬂ 4.4

[Pl Block Parameters: INPUT bad
Constant @

Output the constant specified by the 'Constant vi
'Constant value' is a vector and 'Interpret vector
treat the constant value as a 1-D array. Otherwic
the same dimensions as the constant value.

Main  Signal Attributes

Constant value:

|[-114.784;1143;4.301] | v
>

<
oK Cancel Help Apply

0.013 Healthy bearing

E!

One ball bearing damage

9.392e-06|| one ball bearing losss

Constant
0.986/|| starved lubricant
One ball bearing damage
INPUT 0.0004944 with strved lubricant

One ball bearing loss
1.847e-07 with strved lubricant

Condition of linear bearing

Aritificial Neural Network (ANN)

311 4.25 A1961IMIUAAINAVOI Simulink
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[ [~ [ 4 a 1 1
nngddunagiu e lddunafe A1 FFT =-114.784 , A1 Motor current = 1143 1A%
A1 Crest factor = 4.391 SWUNANMSVIANYI I AD TNNNLETHADAUNMADI 08 (Starved

. =2 A 1 I =R
lubricant) FIUANUUIY 1D 98.60%

Q13197 4.4 HANINADDY Simulink

Input Output
FFT spectrum (dB) | Motor current Crest factor Condition Probability
(mA) (%)

-100.135 1133 4.243 One ball bearing damage 99.43
With starved lubricant

-92.603 1234 3.703 One ball bearing loss 99.88
With starved lubricant

-95.595 1307 4.127 One ball bearing loss 99.83
With starved lubricant

-114.784 1143 4.391 Starved lubricant 98.60

-119 1056 4.300 Healthy bearing 95.48
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o 9 a 4 AaA A o Yas . .
INNITUIVBYANIUATICHNNADANAINLTONU 95%1@81%3‘ﬁ Analysis of Variance
A A v 9 s, I 9 a .
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- ﬁll nnstart

4\ MATLAB R2020a

- O X
m B4 mdee 7)) @ |Search Documentation o]
= gl
E; (™ G U3 [JFind Files
New New New Open (] compare VARMBLE CODE SIMULINK ~ENVIRONMENT  RESOURCES
Script  Live Script v v
- - - - v —
FILE a
=g » C: » Program Files » Polyspace * R2020a * bin » v L
Current Folder Ul Command Window Workspace O]

Name = MNew to MATLAB? See resources for Getting Started. X!| Name =
icutzdata ~fe s> - Input_6_condi.
m3iregistry EE Output_bcond...
ut
win32 v
Details v

Select a file to view details

180N Pattern Recognition app

4\ Neural Network Start (nnstart) — *

ﬁ ? Welcome to Neural Network Start

Learn how to solve problems with neural networks.

Getting Started Wizards Maore Information

Each of these wizards helps you solve a different kind of problem. The last panel
of each wizard generates a MATLAB script for solving the same or similar
problems. Example datasets are provided if you do not have data of your own.

Input-output and curve fitting. & Fitting app |~ (nftool)

Pattern recognition and classification.

& pattern Recognition app | (nPrtool)

Clustering. & Clustering app | (nctool)

Dynamic Time series. & Time Seriesapp | (ntstool)

86
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4\ Neural Pattern Recognition (nprtool)

Introduction

In pattern recognition problems, you want a neural network to classify
inputs into a set of target categories.

For example, recognize the vineyard that a particular bottle of wine came
from, based on chemical analysis ; or classify a tumor as

benign or malignant, based on uniformity of cell size, clump thickness,
mitosis

The Neural Pattern Recognition app will help you select data, create and

train a network, and evaluate its performance using cross-entropy and
confusion matrices.

$ To continue, click [Next].

Welcome to the Neural Network Pattern Recognition app.

Solve a pattern-recognition problem with a two-layer feed-forward network.

Neural Network

Hidden Layer Output Layer

A two-layer feed-forward network, with sigmoid hidden and softmax output

neurons . can classify vectors arbitrarily well, given enough
neurons in its hidden layer.

The network will be trained with scaled conjugate gradient
backpropagation

“ Neural Network Start K4 Welcome ® Back @ cancel
o g‘} 1
- Import input LLa¢ Import output HANIINUUN WleJ Next
4\ Neural Pattern Recognition (nprtool) - m} X

J

Select Data

What inputs and targets define your pattern recognition problem?
Get Data from Workspace

Input data to present to the network. 1

B Inputs: Input_6_condition_FFT_Current_CrestFactor_ e

Target data defining desired network output.
[0] Targets:

Samples are: O Wi} Matrix columns @ [E] Matrix rows

Want to try out this tool with an example data set?
Load Example Data Set

B To continue, click [Next].

“ Neural Network Start 14 Welcome

Summary

Inputs ‘Input_6_condition_FFT_Current CrestFactor ' is a 300x3 matrix,
representing static data: 300.samples of 3 elements.

Targets 'Output_bcondition’ is a 300x6 matrix, representing static data: 300
samples of 6 elements.

@@ Back @ Cancel

&7
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4\ Neural Pattern Recognition (nprtool)

g Validation and Test Data

Set aside some samples for validation and testing.
Select Percentages

& Randomly divide up the 300 samples:

@ Training: 70% 210 samples
@ validation: 15% ~ 45 samples
W Testing: 15% ~ 45 samples

Restore Defaults

é Change percentages if desired, then click [Next] to continue.

Explanation
& Three Kinds of Samples:
W Training:

These are presented to the network during training, and the network is
adjusted according to its error.

W Vvalidation:

These are used to measure network generalization, and to halt training when
generalization stops improving.

[ ] Testing:

These have no effect on training and so provide an independent measure of
network performance during and after training.

& Neural Network Start Hd Welcome @ Back @ Cancel
Ll
- NA1jy Next
4\ Neural Pattern Recognition (nprtool) ] X
Network Architecture

Hidden Layer
Define a pattern recognition neural network. patternnet
Number of Hidden Neurons:

Restore Defaults

Neural Network

Hidden Layer

Set the number of neurons in the pattern recognition network’s hidden layer.

Recommendation

Return to this panel and change the number of neurons if the network does
not perform well after training.

Output Layer

Input

$ Change settings if desired, then click [Next] to continue.
“ Neural Network Start

14 Welcome

Output
3 6
10 6

@ Back

@ cancel
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4\ Neural Pattern Recognition (nprtool)

% Train Network
Train the network to classify the inputs according to the targets.

Train Network

Results
Train using scaled conjugate gradient backpropagation. (trainscg) & Samples CE
9 Training: 210 =
@ validation: 45 -
. . o : ) [ ] Testing: 45 -
Training automatically stops when generalization stops improving, as
indicated by an increase in the cross-entropy error of the validation
samples. Plot Confusion Plot ROC
Notes

W Training multiple times will generate different results

2 Minimizing Cross-Entropy results in good classification.
due to different initial conditions and sampling.

Lower values are better. Zero means no error.

Percent Error indicates the fraction of samples which

= are misclassified. A value of 0 means no
misclassifications, 100 indicates maximum
misclassifications.

0 Train network, then click [Next].

& Neural Network Start HiWelcome

@ Back ® Next

= %E

@ Cancel
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4\ MATLAB R2020a

fx >> classificationLearner
cef_locales

cef_resources
connector_plugins
cppmicroservices_com...

ddux
diagram_autolLayout_h...
dialogs

foundation

iconengines
imageformats

ogin
matlab_startup_plugins
mda_plugins

mexopts v
Details v

Select a file to view details

- O =
w a4 8509 @ ® |Search Documentation R
E IE]ﬁ e 3 [ Find Files
New New New Open (] Compare = VARMABLE | CODE  SIMULINK ~ENVIRONMENT = RESOURCES
Script Live Script ¥ -
- h - h A —
FILE -
= ga » C » ProgramFiles » Polyspace » R2020a * bin » wing4 » P
Current Folder Wl Command Window Waorkspace ®
MName = New to MATLAB? See resources for Getting Started. x Value
builtins a
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Page 3 of

Times New R

¥ Format Painter | B

Chpbeard d

2owords [

4 Classification Leamer

SIFICATION LEARNER

New  Featwre PCA  Misclassification ]
Session™  Selection Costs QuickTo-Tr
FLE FEATURES oPnans

Data Browser
- Histary

 Current Model

Engiish (United States)

MathType

Help

& what

AaBbCcL | AaBbCel| AaBbCdl assbcen FAA D assbeend mapbce tasbcer

Alltinesr e Tree Advanced | Use | Train PLOTS EXPORT
- Parallel
- -
MODEL TYPE TRANING

Dind -
# Replace
: Select~

Editing

92

-NA Import Selection

Output Type:
i Table ~

OlReplace

@ Text Options ~

IMPORTED

Input_6_condition(FFTaCurrentaCrestFacton_RepioMinerisx

= o

FFTspectrum Motereurr... Crestfactor Condition
“Mumber  ~Number  -Categerical 3

tigh

MPORT

Range: [x20301 ~
Variable Names Row: 1 <

SEECToN
A 8
Number
1 FFT spectr .
HIET 1070
3| -1oe4700] 1059)
4| 1127840 1067
5| 117700 1082
6| -1109260 1074
7| -1093680] 1028
a 1131200 1102
9| -1120820 1091
10| 1150860 1051
1| 1113990 1025
2| 143210 1080
13[ 1131080 1079
4| -1zas0 1044
15[ 1092510 1056,
6| s 1087
7| 112290 1067
18| 1114670 1093
19 1151820 1061
20| 1128780 1074)
2| -1 1035
22| 1133030 1078
23| 1108540 1041
24| 1184910 1017]
25| 1104100 1036
26| 1101710 1047
a7l _m7sel 104
sheett

46633 |Healthy be.d]

44804 Healthy be.
43513 Healthy be.
43772 Healthy be...
46178 Healthy be...
5.0468 Healthy be...
46456 Healthy be.
46564 Healthy be.
42275 Healthy be...
45729 Heaithy be..
43088 Healthy be...
43991 Heaithy be..
43114 Healthy be.
45472 Heaithy be..
42599 Healthy be...
42847 Healthy be...
45236 Healthy be..
46347 Healthy be.
43619 Healthy be..
40805 Healthy be...
41055 Heaithy be..
41703 Healthy be...
43854 Heaithy be.
45265 Healthy be...
43576 Healthy be..
43848 ealth be.

Parameterinout 6

* unimportable cells with * NaN

UNIMPORTABLE

FT&CurrantéCrastfactor) RepidMinerxl

Y

Import
Salection
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Artificial Neural Network

1 Introduction

Hard Disk Drive (HDD) industoy bas a competition
of product price and speed of reading and writing
techoplogy. The cost of manufactuning proces: and
reliability of the automation machine ae the important
role to profit margin of a product. Head Gimbal Assembly
(HGA) is the major component in HDD. HGA assembly
process is used Auto Corz Adhesion Mountmy machine
(ACAM) to atfach the zlider fo suspension as shown in
Fiz.1, then commect the circuit berween slider and
suspension. ACAM machine iz used to adhesive dispense
and attach the slider fo suspension with requiring both
short cycle time and high accoracy. ACAM machine used
the motor to transfer HGA clamping nnit from pesition to
position and linear bearing are integrated to suppor and
friction reduction propose while mevement. According, to
the machine is confimes ran to support production. Linear
bearing faults are the direct impact to ACAM machine
efficacy reduction. The preliminary damage of the linear
bearing must be detected befors the machine breaks
down. Thus, the Condition-Based Maintenance (CBM) of
the linsar bearinz condition is necassary.

In order to detect faults of Folling Element Bearinzs
(REBs), faulty diagnoses are used. For automaric
condition., menitering provide by using Empinical Mode
Decomposition (EMD) to extract the vibration signal
Amificial Weural Wetwork (ANN) was applied to classify

" Correspanding author: jiraphong satac th
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Abstract MNowndayz. Factars ofa compedtion of Hard Disk Cmive HDD industry bave reduced the cost of
mamxfachming process via mreasing the mate of prodoctivity and reliabdity of the awomaton machine This
DAper MnE 1o inmease the efficacy of Conditon-Based Mamterance :CBM of linsar bearing in Auio Core
Adhesion Mountme machne (ACAM. The near bearmp fmles considered in three causes such as healtby
bearme. ooe ball heaning damage and one ball bearing damage with starved Inbnicant The Fast Foarier
Transform spectram FFT spectruny can be detected for linear bearing fults and Artificial Meural MNetwork
(ANN) method used to apalyze the cause of linsar beanng fuies in opermtional conditon. The experimental
resules show the potential application of ANN and FFT specmmm technique as Fanlt Detection and Isolation
(FLLtool for near heanme it detection performance. The acomacy and decision makme of ANNis enoush
1o develop the diappestic method for anomation machine m operational condition.

bearing defects. The resulf indicates that the classifier is
promizing for high acouracy of fault bearing detection
[1)Fault diagnostics of ball bearing Adaptive WNeuro
Fuzry Inference Systems (ANFIS) is used for
automatically identify and claszify of bearing fanlt it was
found the accurate classification of #9.83%; [I].

Fig1 Anto Care Adhesion Momaing machine (ACAM)
The method presents the Amificial Weural Network
[ANN) in machine condifion menitoring and the result
compares of sinmlation and experiment [3]. The paper on
fault diagnosis of rolling bearings with recument neural

& The Authors, published by EDP Sciences. Thas is an open access article distributed under the terms of e Creative Commons Atiribution License 4.0
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network basad autoencoders descopt abour the effect of
ambisnt noise fo extract the diagnostic result. therefors
multiple sensors were nsed. Fecurent Meural Nemvork
(B is used fo a rofary machine for classifying fault.
The model for predicting wsing Gated Fecwrent Unit
(GE) based on this advantage is to utilize information
from multiple sensors [4]. Zhigiang Chen provided the
deep menral nerwork to rolling beanng fault diagnosis.
Vibration siznal of seven fault patterns in term of time and
frequency domain was used for data training in thres desp
learning mdel which are comsist of Stacked Aute-
Encoders (3AE). Deep Boltzmann Machine: (DBM) and
Deep Belief Networks (DBN) all models are efficient to
classify. The accuracy achieved more than 80% [5]. The
detection of rolling beanng fault are used Continnous
Deep Belief Network(CDBNW) and Continuous Festricted
Boltzmann machines(CRBMs) .The CDBEMN are optimized
with genetic algorithm{GA)[§] The fowr condition of
detection and classification in roller bearing: healthy,
inmer race defect, outer race defect and double holes m
outer race wused an  Arificial NWeural Network
(AMN)[7] Fault diagnosis of rolling bearing are analysis
by Hilbert Transform(HT) and Fast Foumer
Transform(FFT)_Antificial Neural Network used genstic
alzorithm info optimization[E]. In addition. the model of
linear beanng was emploved to detect fault form vibration
sipmal Statistical amalysis is an extension method to
amalyze vibration marsover i order to detect the fault of
linsar bearing the wibration modsl has important [9].
Convelution neural network was provided dus to fault
classification of the rolling bearing by using vibration
signal data. The raining stacture defines the hismarchical
and back propagation process to classify the resmlt
indicate that the maining simple affect to acouracy which
is more sample the acouracy can be achieved [10]. Faul
identification i the paper on sparse classification based
on dictionary learming for planet beamng  fault
identification. Four conditions (sun gear, planet gear, nng
gear and rolling zear) of fanlt was investigated. Chuan
Zhao discusses spares method based on dictionary
learning it has a merit of tackling raw inputs. Om the other
hand the vibration signal it cannet be learning to optimize
inasomich, map to oansform the siznal vector to A matrix
form which retains the infrinsic fanlt feature informaton
is usad [11]. To analyze nonlinear wibration signal of
rofating electrical machine three intellipence approach of
the arificial peural netwodk, genetic algorithms and
active-set methods were proposed. The comparison is the
mumerical mefhod with the help of different measures
[12]. The Smgular Specoal Analysis (55A) is a tme
domain analysis technigue this show the complex faature
extraction. Faoller element of bearing famlt was detectad
by the applied neural network on singular speciral and
evaluation using two experimental datasets. The result
revealed that bearing fault diagnesis iz simpls, noise
tolerant and eficient [13].

This paper ams to increase the efficacy of
Condition-Based Maintenance (CBM) of linear beanng in
Auto Core Adhesion Moeunting machine (ACAM) by
Fault Detection and Iselation (FDI) techmique. The
mechanical failure of linear bearing considered in thres

causes such as healthy bearing, one ball bearing damage
and one ball bearing damage with starved hubricant. The
amalytical results of linear bearing fault by using the Fast
Fourier Transform (FFT) spectrum and the Artificial
Neural Metwork (ANIN) methodology ars proposed in this
reszarch

2 Theoretical backgrounds
2.1 Fault Detection and Isolation (FDI}

Fault Detection and Iselation (FDI) technique. is widely
nsed in many applications in conmel system. FDT is used
to detect fault or faihure then find the location or type of
fault. 5o that feedback mformarion to reconfipnration
contoller for eliminate or minimize the effect on the
overall system performance. The classifications of FDI
were divided into two major zroups, which are modal-
base and non model-based. Non model-based schemes are
inchide Condition Monitoring and Intellizenmt FDI as
shown in Fig.2

ol
Mo Madel
Bazed
i 1
Condidgen InteRigent
Momitoring FOi
Artificial Nearal
Natwork [ANN)
Fig? Fault Detection and Tsolarion FTT

22 Artificial neural network

The feed forward percepton can be separated into
Single Layer Perceptron SLE; and Multilayer Percepiron
MILP. The multilayer perceptron consists of multipls
nenron: and multiple parallels The multilayer percepiron
inchude of the inpat laver, hidden layer and output layer is
shown in Fig 3.

The output funcdon can be expressed in term of the
matris as follow:

y=fFp+h) (n
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Where p" =[m B: p.] is the input of MLP
B —[ B .. B]isthebiasof MLP and

e )

iz weight of MLE

Fig.3 Mulfilayer Perceptron (MLF)

2.3 Linear bearing model

The linear bearing with recirculating ball bearinzs
desigmed to use for move heavy loads along the precision
lncar path. The lnear bearng consists of 1 major
components with moving carriage and precision linear rail
as shown in Fig4. The ball or roller is used for the
movement berwesen camiage and linear rail with
frictionless. According to contmes mmn of lnsar hearing
the contact berween ball bearing and precision rail is the
lead to wom out of mechanical part and degeneration of
lubricant.

Fig. 4 Component and ball element of linear bearing.

To define the characteristc frequency of the ball
bearing, the contact between ball bearing to rail and
carmage each tme and ball bearing completes rotation
The characteristic frequency of ball bearing is described
a5

g =—2% 2

xD,

]

Where F,_, isvelocity of ball bearing and [, is diameter
of ball bearing.

2.4 Fast Fourier Transform (FFT) spectrum

In gemeral vibration sizpal was analyzed both time
domain and fequency domain The most common
technigue for fault diagnostic to identify the statos of the
machine is the vibration amalysis. However, when the
component of machine such as linear bearing moving it
will be generated vibration signal at several fegquencies.
Thersfor time domain analysis is difficult to extract the
machine condition Tradifional analysis has genemlly
relied upon spectrum amalysis based on Fast Fourier
Transform FFT) spectrom which are the signal processing
in Fequency domain since was shown as eq.3 It is the
most imporant technique to detect the fault freguency of
fault linear bearing.

(0 -% jx( G @)

3 Experimental setup and procedure

31 Data collection

In this research, the experimental semp was
performed with using the lmear DC Motor (3GL 100-
AUM3I-PS4] model The experiment was setup by
installed a clamping unit with the load 7 kg onthe top of
lmear DC motor. The acceleraton senser set up with the
JXoaxis parallel to the dirsction of movement to the Seor
plape, Yumwis perpendicular to the Xavis and Zamis
perpendicular to the floor plan Because the Xoarir heavily
affected by fee mowvement bar Feaxir and Zas fixed
movement due to the mechanic of magnetic linear DT
motor. Vibration Measursment by acceleration sensor and
data acquisition wia I0tech and EZ-Analyst sofiware. The
acceleraton  semsor measurement PCE  Prezomonics
(356432 model is employed in these expeniments. The
vibration sensitvity of semsor is #0921 mWVg in Xaus
direction, 2.1 mWVg in Fmds direction and 1011 mVogin
Z.xis direction respectively. Sampling frequency is 4000
Hz The operational condition of linear motor was setup
based on cument serting in production mede with
acceleration 100 ms®, velocity of 0.5 ms and meving
distance of 400 mm for data collection

Table 1. Ball Sult characteristic frequencies

Mator speed Ball speed  Ball Frequency
) s Hz

050 025 53.00
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Fig. 6 (a) Haalthy bearing (1) One ball baaring damage () One
ball beanns damage with starved lbricant

The experimental setup is shown in Fig 5. The dara
collection of three conditions were consistzd of the
healthy bearing, one ball bearing damage and one ball
bearinz damage with starved lubricant The healthy
bearing 13 perfect bearing s shown in Fiz § (a).one ball
bearing damage is simulate by manual gridding surface of
ball bearing with area 2.565 mm* as depicted in Fig. 6(b).
The one ball bearins damage with starved ubncant was
conductad by using isopropyl alcohol (IPA) cleaner and
BRANSON (2510 model) dizital ultrasonic cleaning to
Temove Zrease at carnage and rail as shown in Fig.6(c).
Data collection by measuring vibration siznal as above

setting each condition are collect 50 data points total 150
data samples.

As setup motor speed 0.5m's the charactenistic
frequency of ball bearing is cakulate per equation (2)
result shown as Table 1.

3.2 Classification of Artificial Neural Network
(ANN)

The data of FFT spectrum is used for detecting and
isolating of fault beannz conditions These difficult to
detection and isolation of fault bearing conditions in
operatiopal condition In this section, detection and
isolation of linear beanng condition require the ANN
technique to forecasting models linear beaning condition
To simplified procedure the model, we selected 150 data
samples to feed into the ANN models. Since the FFT
spectrum values of various 3 bearing condition are very
different

Arnficial neural petwork steps as 1 inpur layer, 1
hidden layer 10 nodes and 3 output as shown in Fig 7. The
ANN training was done the using the scaled conjugate
gradient alzorithm by dividing the data into 70+-15x-15

for training, validation and testing.
s | .'NL/.?» s =
B | VT | l’h—."
» 1
Fig7 Amificial Neural Network (ANN

4 Result and discussion

FFT spectrum data comparison for all 3 conditions
considering that healthy beaning, one ball bearing damage
and one ball bearing damage with starved lubnicant were
tested of linear bearing Result shown as Fig 8, Fiz9and
Table2. Both fault beaning conditions are clearly segregate
from healthy. Thus, in order to test the effectivensss of the
propos=d method for FFT spectrum The FFT spectrum
companison of healthy beanng and fault beanng
conditions, One ball bearinz damage and one ball bearing
damage with starved lbnicant are increased by 18 52« and
11.62s, respectively as shown in Table 3
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Tabde 2. Anplitade oJB; at welocity 050 ms

e D5

Cendition Confidenre interval
Healthy bearing -113.49 1o 11236
Ome ball bearing damage H158 to 0155
Cne ball bearing damage 10038 to 0035

with starved lubricant

Table 3. Conparison of betwesn heathy bearing and fult

bearing conditions
Fault bearing
Tagat 2. =
Haalthry bearing Ometall bearing damage. 2083 1832
. O ball bearing darmips
Haltlry bearing e 133 u&

All Confusion Matrix
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Fig 10 Confosion matrix

The AWM result shown the raining stopped at 25t
iterations. The detection and isolation vales of the linear
bearing condition of AN training. The ANN can satisfy
affectivensss detect and isolate of the linear bearing
condition. The confuzion mamix is conducted by
comparing the forecast accuracy convergence. The
acouracy percentage of the acomacy is 100w as shown in
Figl0. The test results demensmated the detection and
isolation wvalues with decision making of the ANN
analysis.

& Conclusion

FDI method can be used for reliability improvement
of the automation machine Premilary mechanical failure
detection of the mrtomation machine is very improtant in
operational condition before the machine breaks down
Thus paper prasents linsar motor fault detection using FFT
spectmim and ANN methed m operational conditon. The
vibratdon amplitade can be analyzed the linear bearing
faules at ball frequency of 33 Hz. according to motar spead
of 50 ms In case of healthy bearing has been compared
with onz ball bearing damage and ons ball bearing
damage with starved lubricant. the vibration amplitndes
were mcreased 1252« and 11452« approximately. The
decision making of ANW method can be comecdy
identified the linear bearing fanlt The experimental
results shew petential applicaton of AMM and FFT
spectmum technique az FOI tool for linear bearing fault
detection performance
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Abstract: Wowadays, the mzjor competiion of Hard Disk Dimve (HDDb mdustry 1s to reduce the cost of
mamifzchmng process via increasing the rate of productivity and rehability of the automation machine This
study zms to merease the efficacy of Condihon-Based Maintenance (CBM) of lmear bearing n Auto Core
Adhesion Mounting machine (ACAN) The Imear bearing faults were considerad m six fault conditions. The Fast
Foumer Transform spectum (FFT spectnmy, motor curent and crest factor can be detected for linear beanng
faults. The Artificial Meurzl Metwork (ANM) method was uwsed to analyze and classify the cause of linear bearing
fault mto operztionzl condition The expenmental resnlts showed the appheation of AN as Fault Detection and
Isolation (FDT tool for linear beanng fault detechion performance The acowmacy and decision malang of ANM are
encugh to develop the diasnostic methed for autometon machine m operationzl condifion.

Eey Weords: Fault detechion and 1solabon, Linear beanng, Artificial newal network, Fast Founer transform
spectum, Conditon-Based Mamtenance.

1 Introduction beanng condifion 15 necessary. In order to detect

faults of relling element bearings, faulty diagnoses
Hard Dhsk Dive (HDDy industry has a compention of are used For awtomatic condifion, monitoring system
product price and capacity of data storage The cost provides by usmz empincal mode decomposthion to
of memfictuing process and relishility of the extract the vibration signal Artificial Newral Network
antomation machine play an important role in profit (AWM was applied to classify beanng defects. The
margn of a production Head Gumbal Assembly result indicates that the classifier is promusimg for
(HGA) is used for reading and wiiting data m HDD high acowacy of fault beanns detechion (2n Fault
111 HGA aszembly process used Auto Core Adhesion diagnostics of ball beanng Adaptive MNewro Fuzzy
Mounting machine (ACAM) Figl) to adhesive glue Inference Svstenys (AMNFIS) 15 used for antomatically
and attach the shder to suspension requing short identifying and classifymz of bearing fault I reveals
cyvele time and high zcomacy m subnucrometer. The the acaurate classification of 99.83::(3; The artificial
ACAM machine was dimve HGA clampmg unrt by pewral network (AN 15 used to dlagnosis of bigend
motor with link together with lmear bearme to bearing knock faults n IC engmes. The experiment
transfer work pleces to decide posthon then imvestizates on nommal bearing cleaances and
processing. The machine was nm confimiously with  gifferent oversize bearing clearances The envelope
highspeed condiion The deterioration of linear of vibration siznal is the data for training the model
bearing shows trend to ealy foult and cawses | oyas  demonstated that the model could
wplarned  downtime of machme The miner  gyecessfully detect different bearmg kmock fults in
reliability of linear beanng can severely decrease actual tests, and classifyy the faults locahon 41 The
preliminary damage of the Imear beanng mmst be recurent newal network based awto encoders
detected tefore the machine treaks down Thus, the desenibes the effect of ambient noise to extract the
Condihon-Based Mamtenance (CBMy of the hnear diagmostic result, therefore nmltple sensors were
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wed Recrent Meural Metwork NN 15 used to a
predicting using Gated Recwrent Unit (GRLU based
on thes advantage uhlizes information from nltiple
sensors [5) Zuqiang Chen provided a deep peural
network fo rollng bearing fault dizpnosis. Vikvation
sigmal of seven fault patterns m terme of tme and
frequency domam was use for data raming m thes
deep leaming models, which consist of Stacked Auto-
Encoders (SAE), Deep Boltzmann Machines ([DBM
and Deep Belief Metworks (DBN) all models ae
efficient to classify. The acouracy achueved more than
9% 6y In addibon, the model of hnear beanng 1=
employ to detect falt fom wibretion =mpmal
Statistical anaby=1s 15 an extension method to analyze
vibration. Moreover, m order to detect the fault of
Inear beanng, the vibration model 15 mportant (71
Convolation newal metwork was provided due to
fault classification of the rolling bearing by usng
vibration sigmal data The tmnmg stucture defines
the hierarchiczl amd hack propagation process to
classify the result mdicating that the training sample
affect to accwacy, wlich 153 more snple the
ACCUTACY, ean be achieved (f Fault identification in
the paper on sparse classification 15 based an
dicionary  leammz  for planet beang  fault
identification Fonw conditions (sum pear, planet pear,
nng gear, and rolling gear) of fault were mvestizated.
Chuan Fhao disousses spare method based on
dictionary learning that 1t has a ment of tackling raw
mmd*sﬂntheudrerhamiﬂnetﬂmﬂnn"lgnalm.d

be optmmzed masrmch, mopped to tensform the
signal vector to a matix form wisch mtams the
minnsic fault feature wfmmaton hlo analvze

ponhnear vibiahon signal of rotammg elechical
machime three mtellizence approaches: the atificial
perzl metwork, genetic algonthmes and actve-set
methods were proposed (10; The Smeular Speciral
Analy=is (5547 15 a tune domam analy=is techmique
This shows the complex featwre extrzction Foller
elemeant of beanng fault was detected bv the apphed

peural metwork on smgular spectral and evaluzfion
using two expaimental datasets The result revealsd
that bearng fault dizgnesis was simple, novse tolerant
and efficient 11; Conpoumnd dies are widely used in
stanping industrial The stipper is the mmin
conponent In conpound die, which was used for
producing mare accirate sheet metal parts withouwt
any internal or external defects However, the study
on fangue bife of stippers was spread. Salmkhe, 5

E4SSN: 2224-2856

Prathan Chommaungpuck,
Shwanu Lawbootsa, Jisphon Srsarpal

prﬂmiedﬂlen:eﬂ:ﬂdforh.ﬁeq‘depmdlcﬁunuf
stipper by companng two approaches. arfifieral
pewral network (ANM) and adaptive pewro furzy
inference (ANFIS) m the process of trammmng This
tramng wsed fowr mput for creatnz the modsl
inchiding maximmim prnciple  stress, moTInTING
m@lesﬁmaﬂplﬂdema:dnﬂmstrﬁs.
The desire output of predichon 1 hfe cycle of
siipper. The result revealed that the ANWFIS i= a
smtable method for predicing a life cyvele because 1t
showed higher predictabihity than ANMN;12; Beitine,
F prowvided the novel approach for predictmg
kanemane emmors of trochoidsl machimmg by wmg
artificial pewal network AR The model of ANN
was proposed i nmlhlayver perceptron (MLP) to find
the mmerse kmemahes soluben for a fiveanms
machme For the traimng data set, 1042 sample were
uwsed for ezch axms The result of traming obtzins less
than | second The result of validation displayed the
model performence with nearly zero emor [13; The
nnﬂba..edonnncb:mlem‘ﬂmgm_samhrﬁ:rﬁult
diagnosrs of myecton machine The experiment
revealed that 1t was pessible fo create a3 machine
learming-base fanlt dizgnesties model that was train
on process data (ldy The paper on Condibon
momtorng and fult dapnesties for hydropower
plants desenbes a fault diagnomns and classification of
data usmg the support vector machine This work
imvestizates the hyvdropower plants under vanymg
speed conditions, by using the emvelope order
tracking analy=s scheme (15;

Fie 1 Auto Core Adhesion Mounting machine
(ACAND
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Thiz study aims to mcrease the efficacy of
condiionbased mainterance of hnear beanng m
ACAW machine by usng fault detection and 1solation
techmque. The mechanical faihoe of bnear bearmgz
can be classified mto sor causes such as healthy
bearing, one ball bearng damage, one ball bearmgz
loss, starved lubmcant bearms one ball beanns
damape with starved lubricant, and one ball beanmz
loss wiath starved lubricant The thee sigmal
processing techmgues were nsed for data collecting
as FFT spectum, time waveform and motor curment.
This mesearch proposes Artificial MNeural MNetwork
(ANN methodology to be used for amalyzmg the oot
cawses of the linesr beaning fault m operstional
condition

2 Theoretical Background

The analyziz method can be analyvsed the lnear
beaning fault of the sutomation mechine such as
frequency of fault ball beanng and frequency of the
loss ball bearing using Fast Founer Transform (FFT)
spectum The artificial newwal network (AN can be
carrectly identified linear beanmgz fault conditon.

1.1 Linear ball bearing model

The hnear beanng with recoreulatmz ball bearmz=
was desipned touse for movmzheavy loads alons the
precizion linear path The linear beanng consists of
two major components with mewing camage and
precision linear mil as shown m Fig2 The ball
bearing 15 used for movement between the camage
and Imear rzal with fmchonless dimng translaton

Qﬁ"

Fig? Elemnent= of the hnear bearing.
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2111 Fault on ball bearing damage

The fault charactenshe frequency of the ball beanms
was caused by the contact between the ball beanng to
rail and camage on each tme when conpleting one
cycle The chamctenstc frequency of fault ball
beaning is descrtbed as Eq (1)

Wy

Frall = D,

where fmﬂis the charactenstic frequency of ball
bearing, Foail 15 the veloctty of the ball beanng, D,

1= the dizmeter of the ball bearmg and 7 15 the central
distance of two balls beanng

iy

112 Fault on one ball bearing loss
The charactenstic frequency of the loss of ball

beanng in camage 15 defined as Eq. 2
PR o
loss i

1.1 Fault detection and izolation (FDIy

Fault detection and 1solation techmque 15 used to
detect and isolate the system condiion Then
diagnoste and feedback mformation 15 applied to
reconfizme the appropriate controller mechamsm or
parameter to mmmure the mmpact of the overzll
system

1.3 Artificial Neural Network (ANN,

The Artfieral Nawral MNetwork uses the prneiple of
pewmzl smlanon Each of the newal commmmicates
with each other through electnical stmmlation The
ANN can be clazaified mio feed forward perceptron
and backpropagation.

131 Feed forward percepiron

The feedforward perceptron 15 the smmplest type of
artificial newal network The algonthm of tus
petwork 15 the imformeton moves from the mput
node to the cutput node mn only cne direchion by
through the hidden mode and there are no cveles
the network The feedforerard neral network drinded
and another 15 2 npmltilaver perceptronMLFP). The
single layer perceptron consists of a hdden node enly
one layer that a capable of leammg hnearly separable
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patterns, on the other hand the rmlt laver perceptron
can be used several lndden lavers that 15 the vanety
of learning techmiques as shown m Fig 3.

Fig 3 Schematic of nolti-laver perceptron.

The output fiunchion can be expressed in terms of the
matrix as Eq. 33

y=F(Fe+5&) )

where: pT =[p1 Py o p_t] 15 the mmput of

MLE. & = [ B .. By ]is the bias of MLP
LTI ’Fm‘:
andW - | i the weight of MLP.
i
Fa — Fsg)

132 Backpropagation

The backpropagzhon i1s the trammg methed of an
artificial newrzl neterork The algonthm uses gradient
descent to optinmze the emror finction by retom the
arror value of the cwipat mn each hidden layer When
the dafa entering each mput layer mio the network
output layer wall be compared fo the target as showm
in Fig 4 The alponthmwill adjust the weight and bias
of the network to mimmize the average square emror

of the output Layer and tarpet
i | -H/. « K B
B ]
Fig4 Schemahic backpropagation
F(x)= Elle- )" &

E-4S8N: 2224-285E

Prathan ChommaEungpauck,
Shwanu Lawbonisa, Jisphan Srisarpol
In case of more than one cutput

F(x)=Ele-3)T (- 3)] 5

Where x iz the matnx of weight and bias, ¢ 15 the
mainx of the target, and ¥ 15 the mammx of the cutput:

2.4 Fast Fourier tranzform (FFT) spectrum
The Fast Fourer Tramsform FFI) 15 2 sigmal
processing method. ot 15 used to converse the time
wavefom to spectnmm referred to as the frequency
dommain The mathematical of FFT 15 used to ammange
the complex waveform into its harmome component
shoomn as Eq. o5

X(k)= Ex(t}mﬂ- ji x(k)sm_ &

The wm'Eﬁolm comfzins M S-E.I:I:plﬁ The taro
components mehided cosine and sine fimction, § 15
mepresent for the phase of mgmal The spectum is
illstrated as frequency and amphitude eferng to
Eq. i Only vibrzhon spectrumis considered.

15 Crest factor

The analymis of vibration sometime can be explained
by crest factor, which 15 the ratio of the peak value to
the root mean square(FMS) value as Eq (7.

Peak

Cr = Iear
ext factor T m
The prnciple of this method shows impacts in the
waveform If the anphiude of waveform is
simpsoidal, the crest factor will be close to 14 as
shown in Fig5. On the other hand if the machine

with 2 beanng fault has more spiky waveform, the
crest factor will be higher a5 illustrated in Fig 6.

Srmpb e

Fig5 Crest factor of simiscedal wenveform
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Fig6 Crest factor of wanveform with bearing fault

3 Experiment Setup and Procedure
This experimental setup confains an actumtor as linear
DC motor, sensor and amalyzer. The procedure
Fuuﬂsﬁulrcm.dlhmnfhmﬁrbemmgmpm'ble
termes and operating speed of ACAM machine related
to operational condifion.

31 Experiment setup

In this research the expenmental setup was
performed by using the Inear THC Motar (SGL 100
AUNEPSAT modely The clampms wmt installmg
withload 7 kg on top of hnear DHC motor. The 3-axes
acceleration sensor of PCB Plesotromes model
356432 was used for vibishon measurement The
sensor was placed followr by X-axis parallel to the
motor direchion and Fawis perpendicnlar to the
mzchine base The senmitivity of the aceelerafion
sensor was setup for all 3 axes as 992 mVig 951
mVieg and 1011 mWVig for X Y and Z ams
respecttvely. The sampling 1ate frequency was set at
4000 Hz for data acquisition wvia Ifech and EX
analyzer software was wsed for analyze The operation.
condition of the near motor was sefup refeming to
a:h:alselhngmpmix:tmmﬁ sccelaration 1.00
ms®, velocity of 0.5 ms and clamping umt translation
distance equal to 400 mm The experimental setap 1=
showm m Fig. 7.

3.2 Fault condition of inear bearing

This study considered the mechanical failure of
linear bearing into six causes such as healthy
beanng, one ball bearmg damage, one ball
bearing loss, starved lnbricant bearmg, one ball
bearing damage with starved lubnecant, and one
ball beaning loss with starved lnbricant.

EASSN: 2224-7856

mﬂm
Siwanu Lawbootsa, Jisphon Srsapol

Fiz. 7 Expenment sefup

311 Healthy bearing

The healthy bearmg 15 the perfiect condition of linear
bearing with proper lobricant and healfhy ball
bearing as shown m Fig 8.

1.1 Due ball bearing damage

The ball bearng damage was paformed by the
grnding swface of the ball bearmg with area 2.565
o as depicted m Fig 9.

323 One ball bearing loss

remoning ball beanng from camiage cage to vary the
distance randomly. This spectacle leads to random
fuctoabons of the time distibuhon of mipacts
depicted in Fig 10.

14 Starved lubricant bearing

The lubncant was used for fochon reduchion and
comosion profection. The expeniment was setup to
remove lubricant from beaning by wsing 1sopropyl
aleohol (PA) cleaner with BRANSON (2510 model;
digital ultrasome cleamng machine zs shown in Fig
11
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.25 One ball bearing damage with starved
lubricant

removing lubricant of ball bearnz damaged
condition by ultrasonic cleaning as depicted in Fig
12

3.2.6 One ball bearing loss with starved lubricant
The ball beaning loss with starved lubnicant was
conducted by remove lubncant with ultrasomc
cleaning machine as depicted in Fig 13.

Fie 10 One ball bearing loss

Fig 11 Lubncant removal from bearing using
ultrasonic cleaning

E4SSN: 2224-2856

One ball beaning damage with starved lubricant
Fig12 Ball bearing damage in ultrasonic cleamng
machine

Fiz 13 One ball beaning loss in ultrasonic cleaning

3.3 Data acquisition procedure

FFT spectrum (dB), crest factor from time waveform
and motor cwrent mA) as setting 50 data samples
were collected for each condition per statistical
requurement as shown m Fig 14.

=D
| 1
= = &

O
.

.

Yo

b 4 e
e PR e s ]
10w

Fig.14 Schematic of data collection
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3.4 Classification of artificial neural network
AMNN techmique was used to classify root cause of
bnear bearning fault conditon Three types of mput
sigmals meluded FFT spectum motor curent and
crest factor. The ANN programs consisted of the
three group of input parameter such as single, double
and fiple input parameter. The propose of this
expeniment was conducted to compare acowacy of
the AMNN program as shown in Figl3, Figl6, and
Figl7 respectrvely. The experiment 15 smplifiing
procedure of all three program with the total 300
sample data sets of six condiions. ANN program
classified hnear motor fault condibons as follow by
single. double, and tiple parameter mto inpuat layers,
1 ludden layver 10 nodes and 6 outpuat are showed as
Fig 18 The ANN trammg used the scaled conjugzte
gradient algorithm by dividing the data set by T for
traming, 15 for vahdating and 15 for testng

— ek g

s oo bl s b i
— _j

= et bt i
| —

[N T ——
[T -

—

e il g .
e et

Fig 15 Schematic of single parameter ANN progrzm
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Fig 16 Schematic of double parameters ANN
program
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Fiz 17 Schemanic of tnple parameters ANM

program
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Fig 18 Schematic of Artificial Mewral Metwork

4 Result and Discussion
The results of ANN program analyzed based on all
three fypes of mput parameter.

41 Data acquizition procedure

411 FFT spectrum analysis

The anplitade of FFT spectrum comparison for six
conditions depicted as Fig 19, result can be divaded
into two groups of data Fust groap includes healthy
and starved lubricant condibon shown szmficant
dafferent from the second group which melades four
conditions. All fowr condiions show comparzble
vibrafion amphiude with 95+ confidence interval
{Takle 1).

Bowkat of smiplfuce ) ot welocty 250 mtt

I

Ml T
4@ @

T I
i
f f .1’} #)/‘yfjdisz

&

Fi1z19 Boxplot of FFT spectrum
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Table 1. 95 confidence mterval of spectnum

FFT spectnm o5 of
&% ConSdenca Frearval

Twpe Condition

single Haalthry bearing 113593 ta . 112463
single One ball bearmg danoizs:

singls Onie ball bearmg loss

52563 to 91353

-BE9 o HTSIG

Prathan ChommaEungpuck,
Stwaru Lawbontsa, Jimphon Srissrpal

Bazpit of Corrent imAd ad velocky D58 mhy

single Starved hibricant bearing 112475 b0 111445
. e badl bgars
e ZEUERERT ommsin
. Onie ball bearzg loss DOITE o GBI
Combie o imrved hibrican e Fiz 20 Boxplot of cwrent mdy
Tahble 2. Spectrum comparison with healthy bearing Table 3. Motor cwrent of 95+ confident mterval
N Motor curmeat aoA; of
Targst F?ubnn'_'@' Ik A Type Condtiom 0% Confidance
N Imtarial
Haalihry bearing Oms ball beoring damage 20508 1851 singl Hialtizy bearing 1074 80 £ LOSE 72
Hsalthry baaring Oisa bl beorring loss 17230 1286
- single e ball bearing darmgs 1096 52 b0 111044
Hsalthry baaring Starved bchricast baaring.~ LOIE 080
. ungk {Onc ball bearing koss L0BT D5 to 105928
Hulhybowng =~ oo lcemdmmm 309 14 : :
;;L“ -"’l‘:_"- single Stamved hibricant beasing 1091 94 ta 110356
Hsalthy bearing - bearing low 19113 1251 i
= with starved hobricamt Comniba Jno ball bearing damoge: 113882 to 115074
with starved hbmicant
The FFT spectum compared between beanng fault Al g&iﬁmh‘ 1980 17 1 129204

conditions with healty condion One ball beanng
damape  showed 1851n higher than |lealthy
condition, while starved lubneant conditon showed
0.9 delta conpared to healthy beanng

41.2 Motor current andy analysis

Motor cwrent of six condiions was shown usmg
booplot i Fiz 20 Moreover, the highest motor
cwrrent value of 1286 mA or 21w lngher than healthy
bearing condifion1s one ball beanng loss wath starved
Iwbricant condiion as shown m Table and Table 4
The beanng fault condron with starved lubnicant
showed raising up trend of motor curent, while other
2 falt condihons (ball beanng loss and damagey
showed motor omrent value slhightly higher than
healthy beanng condiion.

E4S5N: 2224-2656

Table 4 Motor cwrent anA) companson with
healthy beaning

Tarpst Fanlt bearing comditions Dilta =

Hialthry bearing O ball bearing dieage 43520 414

Hualtiybearing  Oima bl bearing loss #3319
Hualfrybearing  Sared bibricabeanng 37340 32
Haaltir; baaring ﬁﬁﬁﬂ_@ 4120 784
Hulhyboring oo Ll being o MI 2126

41.3 Crest factor analy=is

The crest factor companson using booplot as Fig 21
dememstrate that both ball beanng loss and hall
beanng loss with staved lubnicated showed low crest
factor value or 967% and 1211l% respectively
congpared to healthy condition.
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Banphst af cret factar at velscity L50 mi

v o Patur

Fiz?] Boxplot of crest factor

Table 5 Crest factor of 95% confidence interval
Thw crest factar of 95

Condtion

Ty Confidence Interval
dngls Esaltir hearing 43017 1o 44996
singls s ball bezsing dumags 40680 1o 4 2658
singls e ball bearing Jos 3ETEL 1o 40738
dngls Sored nbrom berng +123 1043182
Comhins Eﬁ?ﬁ?‘ 407700 1o 4 2678
Combine =8 Bl beasing lowa 37889 10 3 8677

with starved hibricant

Table & Crest factor companson wath healthy

Fault bearing X

Tt conditions Dt b
Hialtiry bearing Czcball bearing damage 01234 331
Hialthry bearing Ormsa bl bearing loss 0426 o67

Haalthry bearing Starved ubricaxt bearing 01180 410
Raliyiecay  Cpilbuesime 0 5w
5 D Tl hearing lows oy
Hulfybaring oyl eeg o 0 12n
4.2 Classifieation fault condition by Artificial
MNeural Network

411 Single parameter program

The AMN program of single parameter using
confusion matmx 15 shown m Fag22, Fig?3 and
Fiz24. The acowacy of the model 587 547 and
433+ for FFT spectum motor cwmrent and crest
factor parameter respectively. The single parzmeter
mput program 15 not satfy for predictree fault of
Inear beanng.

E4SSN: 2224-2856
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Fig 22 Confusion matree of FET spectrum
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Fig 24 Confusion matrx of crest factor
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41.2 Double parameters program

The double mput parameters program was setup by
combining two mnput parameters. As follow by FFT
spectum plus motor omrent, FET spectnum phus crest
factor and the motor cwnment plus crest factor showed
as Fig 25, Fig 26, and Fig 27 respectively. The results
of model accwacy are showed 897w for FFT
spectum with motor cuvent While FFT spectnum
and crest factor showed 733+ And motor cuvent
with crest factor showed 680w All result of double

parameters program showed more acourate conmpared

to single parameter progranm
Al Confusion Matrx
e e e e
I R RE
gt ,s-‘f P CEtl el il el i
Es O O =
g e e e e
P R
A T T T T T
- v&.\ﬁ‘ ; & ars (o con |oow  joowm  jEow L
¥, pv-'fy' SR Y Y ) )
L Vs’ y -
Ao = & - -
F A v"’frf‘@ +
F A e
& ,5’_;."{*{. £
S LA
Target Chiss
Fig25 Confusion matirx of FET spectrum and motor
cunent
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Fig 26 Confusion matmx of FFT spectrum and crest
factor
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Fig 27 Confusion matnx of motor cwment and crest
factor

4.2.3 Triple parameters program

Tnple parameters (FFT spectum, motor current and
crest facture) were used for ANN program. The
confusion matirx as Fiz.28 showed result of the triple
parameters program with zeomacy equal to 93%,
compared to single and double parameters prosram,
Therefor the predichon by friple mput parameters
ensures the fault detection of hnear beaning,

Al Confosion Matrix
et
E T
s ol N S
L R R
& & o R L L
*'J{j;’;_ | e el .
A o e
KL Ayfm | |om fom fim fon
e e e e
dd,#; i felom [im o e [oe
P F I 7
& & #
& '}T‘A ‘»”f_;-'“‘ ﬁﬁ;‘:ﬂ?
L
Target Class

Fiz28 Confusion matrix of FFT spectum, motor
cwmrent and crest factor
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Table 8. Summary of confusion matrices

B = B T -
FFT Spectraz . . B
Mo cume . . H
Crst factar . . 3
FFT Speciram Mot et . B
Mioter o Crest factor . T
Crst factar Mot et 6B D
FFT Speciram CrostBor  Mooamm Bk

Comparizon of overall parameter
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Fig29 Comparizon of the acouracy of ANN model

5 Conclusion

DI method can be wsed for rebababity improvement
faihme detection of the afonation machine 1= very
machine breaks down This peper presents hnear
motor fault detecton usmg FFT spectm, motor
cwrent, and crest factor as inpat signal to detect the
lmear bearmg conditon. ANN was used to clasafy
the hnear bearins condition resulted from experiment
showm increased parameter from single to tipple The
acowmacy of model meoreased rase up to 930k as
showm m Fig 29 The lmear bearing fault can be
carrectly identified by the dedsion of ANI. The
exparmental results showed potential application of
ANN as FDI tool for inear beanins fault detechion
performance.
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