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ABSTRACT

Rotating ‘machines play an important role in several applications such as
transportation, ‘industry and-military. Maintaining. continuous operations of these
machines is vital-to these applications. The reliability of these rotating machines
depends on ball bearing health. Bearing can fail from many factors, e.g., impurity of
lubricant, improper instatlation, etc. All of these defects can be detected by vibration
analysis. Therefore, vibration signals are utilized to develop early fault detection of
ball bearing to warn operators of any anomalies in the system. This research presents
a fault detection algorithm using a binomial logistic regression method to assess the
health state of ball bearing. This regression utilizes the node energy of wavelet packet
decomposition, kurtosis and crest factor as key features. The resulting signals are
processed using the Savitzky-Golay smoothing algorithm before determining the time
location where the defects occur with a confidence. interval of 99%. The proposed
method was tested with actual vibration data of bearing which were provided by the
FEMTO-ST institute and showed that it is capable of accurately predicting defect time
only 20 seconds before the actual defect occurred. The worst-case prediction of 15
minute 10 seconds after defect occurs also observed during experiment. Although the
system did not set off alarm for fault detection after 15 minutes 10 seconds, one can
observe an increase in the fault probability trends in early state. Therefore, the

proposed algorithm can be utilized for early fault detection in ball bearing applications.
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Prognostic Diagram

Dimensionality

Feature

RUL

Preprocessing Reduction Behavior Model RUL Estimator
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Fauit Detection Diagram

Dimensionality

Raw Feature

Failure
Probability

Preprocessing Reduction

(Optional)

3 Classifier
Extraction
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1.4 YBULINNISIE

Ingrdnuseduiidumsifaundaneifilunsanafuauiinun lumshaures
uusdaudszazusniFumeanisifineuiiaund Tnsedonsiiareideyanisduauiieunes
wuseildanmsnaasudeyanaaeuissergnislduasuuds (PROGNOSTIA Platform)
waztneunslagan1 iy FEMTO-ST wisUssinan$aiaiviai Feyadoyadsndniildszyds
Usstamvaseufinunilumshanudiintu drfusanasfiudilflunmsasauanuiiaunily
e U TR TusliansssyamgueseuiinUnafiintuld
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Sano3fiudmiunsraduanudnundlunisyheureswuss Tuduusnnaaisuseinnues
anuAnUndfiAnt ufulUswwagidnisasretumsRanunATiAnTY Welduuamidunis
AipsrzimanuiaUnfivs USRIz dunan %Lﬂumimsmaé’mmwaﬁaqﬁmﬁgﬂ
Yranldlunsiaurdanaiiunsadvanfaunilumsyheueesiuse dalden nnisageu
LLU%aﬁaﬂﬁgmwmaaUL'i‘qmqmiﬁwm fesdiaeen1svhauewmuisiinuiEwasnssauly
seusineg vilideyaildtisnunglndifesiuteyaildnnnisldemiluadusiainian
ntunamisnmssuesdanesiiunaduanuiaundlunisinsuves wudslngendenis
Ansendymnnnisduasiieuvesuss Telfiuimdnmehauesdaneifiunsiadu
ruiaUnRlun s¥neuesus shddalauBaty mﬂﬁguL‘TJu%%’mﬁmeﬁmﬂmﬁmﬂmxﬁ
ddyresdunnuiioldlunmnsaduanuiiadninhetuiuuuie uasludunousolyosiiu
msidenldinseielunsdnsuwun (Classifier) WisldlumsnsiaduamsRadnfveuuie Tu
dugnineasdudsnislunisuiuussanostuliiusyans nmanndety

a & o =

2.2 AMUAAUNAMAATUNURUIIALITNISASIIUAURAUNR

LL‘U%'GLﬁu%uﬁ’)uﬁﬁﬂ?’mﬁ’lﬁigaEJ"NQJ’IﬂfLULFl%IENﬁ]Uﬂ‘iﬂE]‘HHu Fafwiifilunsdndudou
fifinsvyuveansesinsidegludiumisimngay fauandusud 2.1 9nnsinwmui
aungiviliuudstsaiuinanedadedaetu wu msldarsmaeduildimnyaumiol
Wieane nmstadeilinzay uasnsidenyssanvesuuialimanyay Wudu lnesums
lunnsdrgpesuuisiumusaiinduléynnTudruvosuuis 15 umuasuen (Outer Race)
w2u29lU (Inner Race) 1A59UU34 (Cage) wipdaundoud (Rolling Element) Tag3inslu
nsmsraTuAuAnUniniatuiusuiiansoiilévainaiedsie fu Wy nsese
AnTedynansduasifiou (Vibration Analysis Approach) [8, 9] n153tASIzvMaLEeq
(Acoustic Analysis Approach) mﬁmiwﬁa‘m%nﬂﬁ (Temperature Analysis Approach) tHu
A [10, 11]
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asliauddyedieBs iesarnnisidenisnisinseiilnunzay yonainazdaean
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duaviiow L UWIENAMTITIueEuNIvany Wasann1sduaziiouAnuuyIunumn

LARTUIINNITATENUAUTDINURIVDITUEIUATEY) TuvaueN LUSUARDUT B9 IN15aNTI1TV

a o a & v 1 a2 P a = as o = Y P a a
nsidsuulasiiifintuldegesniiiliaiinanurnUnATunuuie [12] dauudiowuiain
AMaRAUNRTY Yl d@urdEluiumiiiaanuRaUnituisunuady dwalisuuuy

O P ' = a - da &£ o 13 e
YoM sduaziouwandlunniy Tnesuuvumsduaziiiouiifatuiissdussnauanudi
wansinefiuly Fuediuiundsiifinnnufiaunidu [13-15] Asiudansiddmnuuansin
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a gj L3 s o 1 e an v s & = o o
MIPnfIgUEDIRTIIANILAlABI 1Y LLaZL"UULGﬂE]'im‘UWiTﬂ'Jﬂﬂ"l‘ﬁﬂu@'i%W\EIUENSJT]F]’IQFI [10]

“ LS
SUT 2.1 inauagliuse [16]

2.3 Qgﬂmaams'amqmiﬁwﬂwaaLLU%"a (PROGNOSTIA Platform)

Tunswaudaneifunsiaduanuiaunilunisiinuaeinuds 91feayanIs
FuaziieuiildnnismaaoudisyanaaouLs1918n15¥191UL8 AW UTI(PROGNOSTIA
Platform) dalsveaeunazimeunsyatoyalasaniiu FEMTO-ST wisUszUssimadsana lng
finguszasditaliuteyanisduasiitouilifonnisldiusiwsuiuanilulfidudoya
Tumsudsiufmundanesfimioussdiuegmsldsunavdovsuuidlull 2012 (EEE PHM
2012 Data Challenge) [17]

PROGNOSTIA Platform Usgnaulusig 3 @unanae d@uauiids diuastean1seany
Lagdalunslain ﬁmam‘tugﬂﬁ 2.2 Tudrusurdsldedslasiateinasauin 250 1a



Husurnds Tgdwunsmyuriugafosuasmaniteluduuuse Tnsdnaseuaninsaiden
mnuslunswyudwiudunudsldlitiu 2,000 seuseundt luduatreniszanliuiuuds
wlfuiussanianansausuusssuanldmorissmunuussiuanlnin Jadumsaianise
swlviurnussiuiwsusneauds uagludugaviodudiunsrnindaisenaulusae
ez InmuSlumsyureanaRefuLLT (Speed Sensor) wulwangIainn sz
(Load Sensor) luiwasnsaingaumaduiiumuisusnveauuds taseuigesianisduasiion
YoeuUIsdegniindefiwmuasuanuauuieiiuan 2 § Tufienefsaindefuuasfu Wi
wazuszay) Inglumsitaundaneifiunsaduaufiaunilunisvesuisiarlfifivsdoya
msduazifeuvesuuiautoyalunsiesginasiaunsanaiiuiny

(S

sU# 2.2 PROGNOSTIA Platform [17]

v & = & S v ¢ | =
’Uall“ﬂﬂjiauagLVI@ULL‘UUau']aaﬂm?ﬂlﬂﬂqﬂpﬁuvﬂaiﬁ]ggﬂ ANIDYNNAIIUD 25.6 kHz

wagdiaunistuiindeyamiaiv 10 3uii lagluusazasesnuiindeyaszvinsduiindeya
\Wusguzia 0.1 Jundl Auanslugui 2.3

recording phases with a
sample frequency of 25.6 kHz

. e \
sl 1/10s i time
= f .; >

% 10s

»
>

U 2.3 Bnstiuiindeyansduazifieuvasyndoya IEEE PHM 2012 Data Challenge [17]
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yadeyamsduaziiouvodu U3 IEEE PHM 2012 Data Challenge Usznauldsae 17
[ v o4 o =
gadeyameiy dnihnsmageurisRoululunisviauad (mudilunsmyuieznszaw)

9 Y
o

F1uau 3 Feulvmmvihausedy e Annudilunsmau 1,800 seuseudt nseeu 4,000
Ty S1uou 7 yedeya (adeyadl 1-7), awiialuniswu 1,650 souseundt n1svau
4,200 99y S1uau 7 gadeya (yadeyadi 8-14) wazarmidaluntsvyu 1,500 sousiewni
A3z 5,000 adiu $1wou 3 geadeya (yadeyail 15-17) lnsassyndoyausnluudas
Lf'iaulﬂjﬂ'lw‘hmuwﬁu%'agam‘aﬁl’uamﬁﬂwa&Lw%"eﬁgﬂﬂ’uﬁnﬁms\'L‘%'uﬁﬂm'imaau
unseiuusinaudsmeuas ldamisarieusoldldagraasn iy (Run-to-Failure
Datasets) daulugadeyaduy szifumstuiindeyanisduasiousoud Buvnisvaaey
whshesrezhatlanamdariidu (Truncated Datasets) flafufinteyasufisiiszegiaal
fuvsauinmudevneayliausavheusslulifuandusuil 2.4

39N 2.1

Dataset 1 (Run-to-Failure data)

Magnitude
o

Failure Point 1
= f | .

05 1 15, 2 25
Time (sec.) 5 10%

Dataset 3 (Truncated data)

< TruncatedData 'y

Magnitude

Fallure Poin

e i S e e 2 i ]
o

05 1 o, 15 ? 25
Time (sec.) 1ot

JU# 2.4 msduiindoyauluy Run-to-Failure Uaviuy Truncated
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asedt 2.1 %;ﬂ%'agamié"uamﬁau IEEE PHM 2012 Data Challenge

yofoyail |  Wewlvmsvedeu | nsmaseudl | Usmawndoya
1 1,800 rpm, 4,000 N 1 Run-to-Failure
2 1,800 rpm, 4,000 N 2 Run-to-Failure
3 1,800 rpm, 4,000 N 3 Truncated
q 1,800 rpm, 4,000 N il Truncated
5 1,800 rpm, 4,000 N 5 Truncated
6 1,800 rpm, 4,000 N 6 Truncated
T 1,800 rpm, 4,000-N 7 Truncated
8 1,650 rpm, 4,200 N 1 Run-to-Failure
9 1,650 rpm, 4,200 N 2 Run-to-Failure
10 1,650 rpm, 4,200 N 3 Truncated
11 1,650 rpm, 4,200 N 4 Truncated
1! 4 1,650 rpm, 4,200 N 3 ! Truncated
13 1,650 rpm, 4,200 N 6 Truncated
14 1,650 rpm, 4,200 N 7 Truncated
15 1,500 rpm, 5,000 N 1 Run-to-Failure
16 1,500 rpm, 5,000 N 2 Run-to-Failure
17 1,500 rpm, 5,000 N 3 Truncated

2.4 9ana3NUATIVIUAMURAUNA MINITITNITUUD LTS

wuummé’ummﬁmJﬂmumsﬁwmwamﬁﬁaﬁ%mﬁmeﬁﬁtyﬁgwmﬂﬁ
Fuaziiiouvasuuia LﬁuwﬁﬁluaéﬂﬁﬁlQﬂsﬁ‘mumﬁmS’l:ﬁﬁﬁﬂﬂ’)’mﬁﬂﬂﬂa"uﬂdLL‘U%'&E]Ei’N
uwinane Feo1avlilaginisimseimesrdssnaunnuindnddsuluainesdlseney
auRvesIUYeUITuansUnd wieenaldinsadesanasiulsimheUsyinana
mmiﬂﬁsuﬁgmmmaﬂé’nwaﬂmmmiﬁwmmaum‘éa (Machine Learning) uaglduuuinass
ngAnssuilsannisiSoudifueiasiiolunisnmasvanuiinUnifiindu Wudy 91
nMsAneIdanesiunTuauiaUndlun1sinnusedanasiudnsziauiaunifiin
Fuuuuse (Bearing Fault Detection wa¥ Bearing Fault Diagnostic) [18-20] @11150LU
Funounisvhausenilu 4 Fupsundng flo nsulunsUsTInanat Uiy (Preprocessing)
Wunszurumsuiuussquanaeasdeyadusiu erhnisaanavesdyaasuniuiiuals
ﬁayagmﬁﬁaamﬁmiwﬁﬁaEJm'iLﬁuﬁauﬁﬂﬂia&ﬁmmmwmu (Noise Filter) saumadiums
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Innspudayarneg Wivunzaudonisuszsananaluddudaly sovntuazdunsyuaums
annnadnunzddnyeenaIndygadihdnmu (Feature Extraction) Weldidudeyaluns
Aasedt luuanuifsenniinsaniifvesnudnvaedrdytoudlvldludoyalunisad
LLUUﬁwaaaLﬁ‘aﬁmﬁmuﬂ%’aga Faanunsaaanszuaumsuszananaiildsnduasld anduee
Huluduvesnmsnsrasuanufinunaiiinty (Fault Detection) nieifudunaulunisde
LenUseinnaesruinUnAmiintu (Fault Diagnosis) Tagludrudenaidenlduuusiasmns
adnranslunsTnduunauRaUnf mam%’l“ﬁsvw3%’13ULLUU°anaua (Pattern
Recogm‘uon) Huedesielunmsdasuun Fanszurumsramuagansauanaduuwnuninle
mgﬂw 2.5

Dimensionality
Reduction
(Optional)

Raw

Data

Feature Class

Extraction

Preprocessing Classifier

‘Uﬁ 2.5 S¥UURTINIVALRAYNG LLE‘]“?"UU’QLﬂi"l“Wﬂ’)’mwﬁﬂﬂﬁﬂuﬂ’ﬁﬂﬁﬁwﬂaﬂLL‘U‘N

2.5 msanananenedIny (Feature Extraction)

Faranisduaziounldlunisinsed wasiamdanesiulunisasaaduaiy
Reunilunisyiauvesuuie ansantsesntsmiy 2 nqudeyastotufe dynyiunis
Fuazifiouteanudsiinsaialivusinusvihauluaninsnd (Normal Mode) wasdwyaed
msduasifiouvesudinmeialfiilanuuineuiaunfity (Defect Mode) Tnglunisdn
uundaalluiiaznguavefumnndnvusdAyae) AduUsinaudiendnvasves
Fyounsduaziien Fafivunduandrsdulylumsinauusasanineg Tunisada
ﬂmﬁﬂwmxﬁwﬁmﬂuaaﬁmmwmei"rvi%"uﬂTiﬁwuﬁzUUr,o“\‘m]ﬁummﬁmﬂﬂﬁiuﬂ'ﬁﬁfmwaaLL’U‘%?'@
ausvildvaneidetu [21, 22] Suunl@idu 3 nquvdng wail

2.5.1 Auanwmzuulaugl (Time Domain Features)

Tneluudr&ygraifinaia (Monitoring Data) #ildanisuaasasidu
ﬁﬁgmwmﬁuagjﬁ’unm (Time Domain Signal) %ammﬁﬂamé’ﬂwmsaaﬂﬁﬂﬂé’i’@ﬁg'\ﬂ;ﬁﬂﬁ
AnmuuulamunanfunsainaudnuuzUssanusng fgnidenlfifedunanginTsuves
faaiviinsiiesei wesnnnisatnandnuurddyuulamunadisnmsilidudou
LazdBLANISAAIILUNNY LW RMS Value, Kurtosis, Crest Factor Wag Probability Density
Hudu anaudnvasionnd Kurtosis luandnwaeissansnimanniigalunisnsad
AMuARUNALLASY9TNUEILUSe [10] HONIINAT Kurtosis WaaA Crest Factor Safiudn
wﬁaﬂmﬁﬂwmxﬁnﬁﬁy)mﬂum%m5’;'aaf-ﬁ'umiLﬂﬁﬂuLLilad%’mmsﬁLﬁﬂﬁuﬁuﬁﬁgmmlﬁ
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2.5.1.1 efiauszneusanniu (Crest Factor)

A1 Crest Factor Lﬂu'é']'m'lehuiz%dnaﬁwqqqmmaaﬁmmﬂmm'aﬂ"]La?iﬂ
fndsansvasdnymnuiaunisi 2.1 A1 Crest Factor Jushvsuenfennusuusavesdiy i
Fragidntuluusazdsnamivhmslesed fensalfidunndnuneddyedimildu
nsAsIRduARnUnAT AR uA UL L

_ |Peak]|
~ RMS (2.1)

2.5.1.2 anulasvesnmsnszanediariaziduvestoys (Kurtosis)

lumsamsizideyaniniduliinisuanuasaudiaziduvesdoya
(Distribution Curve) FaelmsufisgUnuunisnssaefavestoyalddaaudstu Tedvaldan
FuseAvitsne Wulnalunsesuisdnyurtesnisnsgaefvesdoyn Wy dulseans
A1alAa (Kurtosis) uazdudsyavsnna (Skewness) ivlviausndausndoyaluusas
Uszinvlalagnisiimnsnsduuunisnseanediuasdaun dudu Tuaanzmsiaulnfives
wUssesdlsunuumsnszateive sdyaunsduasiousUnuunis ddldgunuunisnazans
srsinanflugluuuiredesydeyenmsduasiiiauivianluannzund wasilolafiniud
MsvaLTEILUAIARAIERRUNATY sUwuun1snsyatefvesoyanisduasifieuiitoniiay
fsunuuiuandslansuuuuddsiliintsasaaalideuni Taserduszanianiu
Trsenansarmnndlfanatnisi 2.2

1 )
7 Zi=1 (i — i

K= 2
(Grr—%02)

2.5.2 AuanyuzuulauAIdl (Frequency Domain Features)

]

nsinnsndyyinuulawuanud Wunisasaesduszneuddyues
yeyeafiothaniFeuiisuiutanuiane fedisslemiethannlumsinssd dyaa
finsinuuudmy wu Sygransduanitturenude delafimuiitudiudineg voauuss
foufiiugeitinenuisunidy ssviliRemsduasiousudesinanuliauysaives

uidude Fallserusznauaufvesnisduaziiounuansrsiull emussianeasnny
AnUn@fiindu vinliminsaiunsossylssianvesanuiaunififatulaniuguuy
saAuszneuAudnWisuly Tnensainnaudnuusuulawuanuaifesldiuluiiagtuae
) o & v oA [ = o W v =
afunsulasyiSesidundn Wewnidunsudasiang lddudeu uasliseasiBaauulaum
daa o s ' = wa ax < W
AMuRTA lnenisuasyiseslundazUssianinuandfinasiSnisuasiuansaiuly
Aargluil

=p. e

455
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2.5.2.1 nsulasyiseslaisailos (Discrete Fourier Transform)

P v a v v o w 1 = x

Lua\imﬂma%alﬁmmmwlmﬂuﬁuayaLLUUf\mVLmaLuaﬂ (Sampling
Data) AsulunisafinesAusznaunnuiesnandgaraduatvasdenldnisulamizes
wuulddaiies FafiwunAanindygraliidusieaiviag aunsassanaldmenauues

& s =!' .:il s = -{ 1 L3 q'

Hendulaiuazlalainesrusznouniudeangg lnedudssansusazesrusenaunnudauise
° % =
Auradldinaunsn 2.3

N-1i
X(w) = Z x(n)(cos(wn) — jsin(wn)) (2.3)
n=0
Taeh X(w) Ao dulszdnsesAusenauninud
Ao Ay usuatuuulauuinainistniietia
x(n) g o
P399 n
N fio Snuugadeyanimnildlunsias

| & & v &l ¢ = =
Tugui 2.6 Wudyauduasizniiasadsznauainud 2 anud Lo
Tuea9 0.1 A9iusn dR929AUsENBUALDLASIMITUN 5 Hz Lashata1nduniin 0.1
Y P ~l -4 o\ o
Wuduly aefusgnavanuddl 2 finawd 50 Hz Afdedu

Amplitude

Time(sec.}

2.6 &Yyl x(n) = sin(10nm) + u(n — 0.1)sin(100n) VUIALLULIAT

=b.

g‘u

s

3UN 2.7 Jumsafnesduszneumnubvesdygnduatu @y
wenfuiulugui 2.6) lasondonsudamiEisesuuulideides sziuldinmsudasyisesdos
Tyanusadunnasadsznoumudvesdyanaiidesnisinsieildedeasudiud 5 Hz uay

50 Hz
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X 4975
Y- 1008

1X(w)]

X:4p75
Y4097

L - L L L i
350 400 450

100

250 0
Frequency (Hz)

5UN 2.7 asAdsnauanudvasdiial x(n) = sin(ont) + u(n = 0.1)sin(100nT)

deudfhntsudaesarldsrvandeanemuddia dadudeya
ﬁﬂﬁmﬁiﬂumﬁmﬁqLl,uﬂ‘z’famuamiﬁ"uazLﬁau'ﬂmLLU%‘IQ’Luam’J3miﬁ1\31uﬂﬂ§masﬁm'wﬁLﬁﬂ
AnufiaUnATY UinsiasiBesdnsendsnuulamunm Juduteyaddaililuns
seythaniiinnulaundty fesiusinmendfuresmsulamidesudlivedes
ynananliannsefigssysanaIfiinssdussneuuan 2 (50Hz) Yuludryatalld fo

"
=

nsudasestdlduansaniazdlidduniosdiolmszidygrainnduniunan (Time-
Varying Signal)

2.53 qmé’nwmsuﬂmuunm-mmﬁ (Time-Frequency Domain Features)
udnvaizuulauia-and Wugadnvasdgnldnusgsunsvansly
mMsmseidygumsauasfieuiiasyymuRnunivaeiasdnsna esannmdnyy
Ussinnilliiseaz Boavesdyanallfoghsasudauisiina uasenud nsanARMaNyMe
vulaua-anud anseiilivaieissefuselugail

2531 n'ﬁLL‘lmeuL%'El%ﬁ’Ngu (Short-Time Fourier Transform)

LﬁaamﬂmiLLUmwuL%'EJL‘TJuﬂﬁﬁaﬁ’mﬂmé’ﬂwmzmamm?{mmﬁﬁg@mﬁ
Feamsingiluasifnaestinmvesdygiaiivinisinset ddiaunsadunanis
WasnulasswasiBenmuivesdyyiaiiniule ﬁqﬁgu'“;%'miﬁém'ﬁ'qmﬁﬁﬂﬁlﬁumﬁ
Wasuulasiandn Aensuusdanuiidosnisinssisenidudisdeny antudeiinig
wasiSeslunng $rdes Seelriiinseiannsadunamavdsunlaesdlsznaures
mindnamidllgdntnamiliiiansisuwladuld fuduuninuonis
wasyiFesiedu Tnsannsadeuliegluguvesaumsidfeaunsil 2.4
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oo

X(n,w) = Z x[m]w[n — m](cos(wn) — jsin(wn)) (2.4)
m=—oo ’
= o = £ = =
Taa X(n, w) A duUszAVEIAUTENEUAIND @ a1 n
x[m] fo & Uayjmmuauwmaammmmm
w[n — m] D TNTUMIENE (Windows Function)

favsvtuinluaunisi 2.4 fdnvaemsulasndioadafuuinduns
wasySeslisodaduaunisd 2.3 Wsaafininfisludruvositsdduniisadiuniieh
wihiwddy g aduatueenuuudiugos ity dudunisfuussmsudasyiSefld
sowfladliranunsaliseasdenludananld Tma’lugﬂﬁ' 2,8 - 2% L‘TJuwamsLLUmﬁL‘%eéﬁmé;u
vsdayey1al x(n) = sin(10nm) + u(n — 0.1)sin(100nm) Feduduananientuiulusogs
vasnsudany-Feslidaiiemaa aswiuliiinisulasidessasduaunsoldlunsadn
andnwazuulamune waslawunsfisenandyaasatuiivhnsiasgsile

”Lunwsuﬂawjf%a%ﬁaaguﬁ’ju sudustedsfesiosdonauinves
wihaslimnranfudygradihuinest feusmisslunsilasdinelnonseiuang
a%aam‘uawauamnmLLa“mmm‘waﬂm“Lﬂ mwu’tusﬂw 2.8 Tywramhsndlunisuuasyises
Faeauviiy 200 Invoya szmwumcﬂwnﬂumanaﬂmwummafgmmmuaw wﬂwwaawaw
lﬂﬁ}’]ﬂﬂ’]iLLUﬁ\‘immmiﬂiﬂﬁdLﬂiﬂm‘iLUﬁU‘uLLUﬂdaﬂﬂinﬂﬁ]Uﬁ’J’]ﬁJﬂﬂ 2 (100 Hz) 3T 0.1
18 wiziiutinsuwasilvaiuasBeadsanudiuiug dofsuiunadniildainnis
LuJawlLiﬂimaauwLaan’lwmwmmﬂummﬂaqm'm‘u 50 9AUaya m‘sﬂw 2.10 usninly
i‘t}‘ﬂ 2.10 Tuannsalisvasdoaludaiaisidues i sﬁﬂﬁﬂﬂ?‘iﬂﬂﬂ?’]ﬂi@’)’ladﬂﬂiuﬂE]‘LI
AT 2 (100 Hz) Aintuludynasznassnmi 009 Funidusull

s
Y (51

Fdex: -1 53

[R.G.B]: [ 87250 5604 0.05086]
. LB
Y] (50 100]

hdex: 1745
w9 RG.BJ: [0.9765 0.8235 0.1608]

Time (ms)
2
Power/frequency (dB/Hz)

we

85
o 50 100 150 200 250 300 -] 200 450 500

Frequency (Hz)

Eﬂﬁ 2.8 wan1swuay STFT ﬂaaﬁﬁyzywm x(n) = sin(1onm) + u(n — o.1)sin(10onm) 1ngly
wisnerun 200 gedeya uarildiugeuriv 198 yadaya



i Taneduanars wizeowndanansei

|x_i];|1$=su| i
indext 1484

P = |n!5_|_p9641'pmntm5|1

 ehpisot0q

1  ingh1944
(REB] p 9608 0 8867 0 1284)

Time (ms)
B

©
T
Powerifrequency (dB/Hz)

50 100 150 200 250 300 50 400 450
Frequency (Hz)

g‘dﬁ 2.9 wNan1ThUas STFT waedgyu1a x(n) = sin(ionm) + u(n — 0.1)sin(1oonTr) lagld
wiwhesrunn 100 yadeys uasiidiudeusiu 96 9ndoys

Time (ms)
Power/frequency (dB/Hz)

Frequency (Hz)

JUN 2.10 wansuwdae STFT Yesdeyayand x(n) = sin(ionm) + u(n = o.1)sin(zoon) Iagld
wiieruIn 50 9adeya Lazildiugowriu 48 9adosa

2.5.3.2 msulauiwidn (Wavelet Transform)

nsudasaridadunisafanndnvusvosdyginuulauuna-
A fgnldauegiaunsvane 1iessnnisuuas Wavelet ansnUfuiudsussduaanu
avtualunisudadld venanilfarursadsuudalunisuuas (Wavelet Basis) 14
vannane dladAaifisadgyey Sinusoid iBseguferfugunsuUayises ilknns
wasnvldniimnubavguge waslinadndnisuUasiirlneiame fudynuinsniuna

lunisafanudnvarlngnmsulasidauuulddeidemiaia
(Discrete Wavelet Transform) Qﬂﬁmﬂmaaumiff’i 2.5 azitudndguuuuilsddunisudaa
AdendsiuiuNsuasyBesdasdudsiinaniludey Tas fidauds W (0 luaunnsit 2.5
Aawvdailaddurenisuvas (Sinusoid function lunsdlwasnisuvasyiiesaiedu)
wenniudaileifuvesnisudasaiEadsanunsatiudn/venei (Scaling) wazanunsaidou

148687
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Aumia (Translation) 1a vitldnsudasnvidsiinnBangugeniinisulasiiesdrsduadng
N

S(m,n) = DOlIJ'm‘n(t)x(t)dt

(2.5)
A = s = .:’;
Ined S(m, n) Ao duszansnisulawinién
v © Ao Lvlanilandu
x(t) Ao da unuatunfeINsIaIEh

Tunsafnradnuuvasdyy usensulasamdnduduediebed
Feadennidnivda Wnuvauivdyanndideinisies wsEnsanARMan w1ty
sanandyauduatufonisudasnidnlaslfumdnudaiunneeiu donlinadnss
uwansnaiu uaglunsdiidenialdmudanlidanuduiusfuiudaaaitinsest asvily
nsulasndnilinuautaadlfdommunnglag visldansaldidudunuiitossy
ndnuaivasdyanndiiasienld Imﬂﬂaﬁ%’uijLémﬁﬁau’lﬂuﬂaqﬁﬂﬁuamﬁ’q3“1}17’1' i

dusuismstunisdennvidaudalivagasd miunisulasam
En ludagiuannsniildvainvaneis wasdsliiasnsladldsunnstudulsladuis
WATg [23] AU Kumar, H.S. davamgddelavinisuaauaismsluniadenldiudanns
wasvdndmsudananmsduasiiourawuis Tnevausinmsinsdon 2 ndninmsi
AaBfu Ao Maximum Energy to Shannon Entropy Ratio (MESER) uag Minimum Shannon
Entropy Criteria [24] laeluineniwusatuilledontdivaalunisuasaignlaglden
Maximum Energy to Shannon Entropy Ratio (MESER) t0utnuet %agﬂﬁmuﬁ'\mumiﬁ 2.6

Morlet Wavelet Mexican Hat Wavelet

6 8 8 5 4 2 o 2 4 6 8
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Daubechies4 Wavelet HAAR Wavelet

[
ot
0 1 2 3 4 5 6 T 1'! 02 04 06 08 1 12
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2
N E———
15 2 25 3 2 4 - 6 B
Meyer Wavelet Discrete approximation of Meyer W:

T_ — ,:,7,,,7ﬁ -

% + 2 o 2 a 8 8 o 20

e L] 0 100

31!17: 2.11 Wavelet Function



Eenergy

MESER =

entropy

2
Eenergy = f f |wt(s, T)dsdt]|

I)-

=
Tae Eener‘gy Ao
wt(s, T) )

ZE-

Eentropy = Z p; - log, pi

i=

_wi()]?

Eenergy

=
Tnei rd -

a

=4 U = al
Ao ANeulnTUsINveIA I
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(2.6)

wwaamuafmmwmwavauasﬂ,uawmm

]

FuUseAnsnsudasvidalulvius T

(2.8)

=5 U s 1 as A
Pi AB ﬂ']ﬂ’ﬁﬂiﬁﬁ}’IEJG’]TJﬂT]SJU’l‘{ISLﬂu%@ﬁﬂﬁﬁﬂ’]u%

Tyum i

N fla IUIAUAN LA

2.5.3.3 asuendruusznaunanunniin (Wavelet Packet

Decomposition)

nsuendiudsEnauandnunniiaidunisulasiawidaiiiedadin
fulsgavtiidrosnndyasiiliassiidufeiumsiengiudsgnaunvian (Wavelet
5 = ' ' = 2 o ] v
Decomposition) igsuanisuendiudssnauindaunniiamdunisulasvidauuuassils
visluduanudauarauaudge vitliaunsafiusieazidunmnuildnsourquisiu Tag
lassadanmsuendiudsenaunlidaunniinlauandugui 2.12 wesanudluusazivuaves

EawnNLARaILToAIuIMA LA nELN1ST 2.10

D4

AA, ]- DA, l— AD,

—

DDz

DAA ADA DDA AAD.
3 3 3 3

DAD,

ADD,

DDD,

gﬂ‘ﬁ 2.12 Wavelet Packet Decomposition Tree [25]
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Fs
level = lo ( ) -1
&2 DiffDomFreqpin (2.10)
Iﬂ'&]ﬁ level ﬁ'i] 'iﬁﬁﬂﬂ?']ﬂiﬂﬂL%ﬂﬂIUﬂqiLLﬂﬁ\‘lﬂwLaﬁLL‘WﬂLﬂW
Fs fo eudlunistnaegns (Ho)

. 1 ¥ ] A ﬂ.
DiffDomFreqmi,  fio Had1sANdlanAutasTan (Hz)

2.5.3.4 wasnuvadlnuagdiudsznaunnidaunniia (Wavelet Packet

Decomposition Node Energy)

wé’qmuﬁuaaﬁmmmﬁfjmeﬁﬁﬂixmaag"imwiaﬂwm‘ummman

77

ﬁ?ﬂﬂisﬂﬂUL’lW‘lLﬁ@lLLWﬂLﬁﬁ! annsoAanlanaunisn 2.11

Eenergy() = [wt(i)|? (2.11)

Tae? AU Aa Annsanunavanlulyuai i
wt(i) Ao Arduysyansnisutasnnidnlulvue i

2.6 \A39980ARNSEIANNRAUNR (Classifier)

Tﬁ‘ﬂ'ﬁﬁﬂﬂﬁmﬂmuﬁmﬂﬂﬁwaam‘%ﬁﬂﬁﬂamﬂ%agaﬂmé’ﬂwmsﬁﬂﬁmmLﬂ'%"aﬁﬂiﬂa
aunsavilavainvatedtaaeiu 1y Idlaseunguseamifisy (Artificial Neural Network,
ANN) [18-20], Luusraesunsrondousu (Hidden Markov Models, HMM), Snasniinines
WUYTU (Support Vector Machine) [18] Lagn133tAs1gin15annasladann (Logistic
Regression) tufu d1usuisn1slunisasiaduanuiiaunfdislasevisUssainifioy
Sudugestvunsnuawess Suauihseu suvaiteidudeTowlimneay Js01al435ms
nageulaensulsAnsfinedineg lutasiidvun Wemaiungauiian Tneiliean
wiuglunsvngludaiianuisosensuld wazlaseneildasdadldiirududousuauly
Faldianegrannlunsvageuiiomamsimed Mvansaumiamn lnglamziumsisous
fugndeyaiitivuinlug uonaniiinisdanseseruiinunidhenuusaouninondeuius
Lﬁuﬁﬂiﬁwﬁaﬁgﬂﬁﬂtﬂ%’ LANIINITANNIBIANURAUNAAEIBNS UL A DI S AT UL
é{mmﬁmiﬂ'ﬁsmawaﬁqa Mlvinisnsradunnuiauniisheitfnanldmmnsaufiasiluld
Tum‘sﬁwwuﬁuﬁayjaﬁﬂixmamammama‘%a (Real Time Processing) Fama1uidalunis
Usrananaifuladendeided dydeiassildssuvaiunsaUssananaldedrsiumiaei
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uammnﬁ%’wwa%wL';nmaéum%uuas:ﬂ"lﬁmiwsﬁmiaﬂaaaia%ﬁﬁnL“'flum‘%aaﬁaﬁﬁﬂg}ﬂl‘ﬁu
nMsleTziuarasatuanuinUnafintuiueIesinsna fatulus3seuns Habib MR,
warAny vinsvadeudanasfulunisinduun 6 daneifiu Useneuluie Naive Bayes,
Linear Discriminant, Quadratic Discriminant, Support Vector Machine, Logistic
Regression kag Neural Network leldd1uiusruundsziannisiraufinauniaoinan
Fundoulsinedmavensdrouines AH-64D Tnanuinn1ssnsLundIonIsIAIERAS
maaaia%aﬁﬂﬂﬁwaa”wéﬁﬁ%ﬂ 126] sreuluAnednugatuizadenldiinsiinseinis
annetladafnlussiadunisveuiiiaundvesuse

nsanaseladafnuuuniuiy (Binomial Logistic Regression) iueSasiloflélunis
wisnguvesdeyaiiisuounguliiiu 2 nudeya Taemsusssnuemuduiussenineiauys
#u (Predict Variables) §aa19fiuannin 1 suds fudatusaeuauss (Response Variables)
Feeglugivnsmmniezduiidulsiuyasnaniazeglundudeyaiiaula Ssgnuszanmdae
Sigmoid Function sisaun1si 2.12 ww lumsmilenianuussasinaiufinUnity Tnseande
AAAN WML ARG (Fea)ﬁaﬁ’ﬂlﬁmﬂﬁ@mﬁmmiﬁ"uaxLﬁauﬁgwm n ANANYME 911U 100
foE1d (i = 100) wagAmualy y; = 1 Lmumjmﬁaasmﬁuu%qﬁwmﬂﬂﬁ Uae y; = 2 Unu
naufetalUTnihnuRnUng densoiloulusuvesauniniiounueniuduiusdnasuldws
aunsi 2,13 - 2.15

e
P(Y=yilx) = O (2.12)
Tasil i fio druyatoya deeglunig i€ [1, )
Vi fio ndudoyn o wadeyad i @ifles 2 ngudeya
lunsalves Binomial Logistic Regression)
X fio Mauuseu a yndoyar i

bo+b1Feal+---+bnEean

P(Y = 1|Fea) = 1 + ebo+bsFea, ++byFeay (2.13)

ebo+b1Fea\1+---+hnFean

P(Y = 2|Fea) =1 —

1 + ebotbiFea;+--+byFeay (2.14)
1
P(Y = ZIFea) = 1+ ebo+b1Feal+---+anean (2.15)

NFUNITN 2.13 wag 2.15 Mbiaunsannartantanuusainauluanmzund uay
lamanuuseinauluanngiaundle n1srAInIsIiwesvediuuIaainiIsannaeladann
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(bg, by, ..., by) 9214350199187 Maximum Log-likelihood veeflafduundusde (Odds
Function) Tun1suszanauaIn1sfinasveuuusiasy safsddundusoaiuisaidoulsss
aun1sh 2.16 leemsinguaunislvi lersaunsh 2.18

Gdils — P(Y = 1|Fea)
A P(Y = 0|Fea) (2.16)
eb0+b1Fea1+---+anean y E‘b0+bll"'ea1+---+anean
Odds = 1 F ebotbFea, - +byFean 1 (2.17)

0dds = ebotbiFeas+-+byFeay (2.18)

A L7 L a = af = ¥ o

PnaunIN 2.18 ausadenlveyluzuuuvvesifandudoaniifiusssuwi@lids

aun1sn 2.19 Faghelumamasifitnesvesiuuiianslaasmni i@y doaintudalszuic
ATNNSITLADSVBMUUINABRINEUNTN 2,19 FneFTN1T Maximum Likelihood Estimation

In(0dds) =b, + b;Fea; + -+ b, Fea, (2.19)

2.7 Y29ANURU (Confidence Intervals)

1un753Lﬂ'ﬂsﬁ*ﬁauﬂaﬁﬂmsmzmaﬁaqa ansldenudetuduliinadivends
wawnmmaﬂismﬂﬁaﬂum‘%’m&aﬁaau%’ul@f Lﬁiaﬁmﬂiaa‘ﬁ'agaﬁﬁﬂﬂiﬂﬁzﬂwarﬁ'f”siam Aady
aelugrefidinun S?iagﬂﬁmumiﬂaﬁhwn513‘3ma%mmﬁaﬁ"u () Piflendaus 0 fe 1 19y
mm‘maam%’uﬁayjaﬁﬁmimsmaﬁasauq AedgldliAy 95% (o = 0.01(100 — 95)) vhilw
M3l iteyaiiussansnminndsiu Tnefiveuamaamndeduduanlfnaunsi 2.20

Cl=%% (ZD'S _%) (%) (2.20)

Toei % Ao Adeiaundn

Z fio A1 Z Score

a fia Amnsfimesananadeiu o € (0,1]
o Ao Andesiunanasg

n

Ao Iutoya



23

2.8 nsUSuANTIUISEUABAS 9N IwA-1ntad (Savitzky-Golay Smoothing)

Naé’wﬁméfmﬂmﬁm?muﬂﬁauiwagﬁﬂﬁﬂ’nuLLU?Umu'ﬁ’mag}ﬁw Suidloswnann
waganuggeiy Wy msidennudnuazd Agilddudeyalunsiaduunldlmnsas
Foyafimhunieneignuatsiedygiasuniu Wudu Flfenudnmsiiesgintaaaan
fuviafsmufnunity

lumsaseuudsusiuiifnduanunsovhldvainuansisseiu Susgiu dunuves

(%

a 2 o a v | o w
AU SEEZATMNTIASIEY kazAUedolAlun1sinuleNfeInis Wl n1siNdInseg

e ¢

o

ATV Badipoanuuuiinsasdyanasunailivunzay laelivilideyad dyesdygu

E!I 1 al g:: L2 1 A o g dﬁ' L &/ o
f]Jqu'iUﬂ']uﬂﬂ’]uﬂ’T’iUﬁSEJ?ﬁNﬁﬁﬁUUWU’IEIHJUG]U ﬂaumxmaﬁyﬁyﬁmmmLﬁulﬂmm n17

)

)

v

daIn15iias1eiagriel wanaInIsn1sLAINTBIdYQINTUNIULED A5n5Iadean

o

v v v o 2 & o oo ot = @ [

Hadwsnlaainnisdadanun Audniduilaldluntsanmuiususiureswadnsls wu ns
< a I ' . b = dll a

WABLUULAADUTIOE1998 (Simple Maving Average), N1sladeiafsuiwuudnlnuLlva
(Exponential Moving Average) Wazn15Laden1835U09 Savitzky-Golay (Savitzky — Golay

. = £
Smoothing) wumnu

Ny A @ 3 v o @ o e o Ao

lutlaSandns e 1964 Savitzky uag Golay liihiausdanasiidlunmsuSudyuund
rundsUsIEuSsumMTENsldRaae lnonisUssanareaiiidsansfities g [27)
F935n13L28872870909 Savitzky-Golay fideananaUssnismeiu 1wy Wunswdslaenis
sraiminvesdeyaseu ediviinisiademedimannisiedeiiuanananiuly vlinaswsale
annsavindygrusumuled TuuneidinesvaziBonvesdynadiuaduiinnuiadlsls
& v oo o = v am ! Y a
Wiy an13U5uAU5I U8 UMIBATUDY Savitzky-Golay ansnsauansldnsaunisn 2.21
ABEU1IBNTUTUAMIINSIUISEUTBY Savitzky-Golay AlASuAatenag19ni19u71e 1lesain
DuBnmsniiszdvsnimedhann Jsgmbluldlunanesushoiy wu fudnideves Kaneko
ldarvesmudsunsiud siannsataldnnszutlumsUssanammduusaunlinsiuad
Imgld Support Vector Machine lunmsuszanamatsmiusilinsival Inenuinadnsale
fimuuUsUsiusineguin saiudeddisnsusuausauiseures Savitzky-Golay toanwa
Y99ANLUTUTWNATY Faeinanuwiugiluntsyiunela (28]

w=1
2
Si= Z CoXitn (2.21)
__w—-1
- 2
laei Si Ao AaBeNge i
w AD VUIRVDIVLNANNLTIUNTIREY (FT1uUA)
e An AduUsEanSnsanaivtn

Xitn Ao YeyaduaUu MUY i+n
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3.1 unun

Tuuniifunsiaveduneutasiinislunsiaunsanesiiunsasuanuiiaunily
A1STN9TUVBIUUS S T,swL"%'umﬂ"ﬁgumaumﬁmLm‘%am"ﬁauamﬁuavLﬁaumaum?aﬁﬂﬂm
'Jmiﬂvﬂwaﬂuimwwmmwammm'ﬁﬂs mawa‘lum@uﬂmlﬁ mamﬂuul,ﬂuﬂzmmauﬂﬁavu
mwuamm'ﬁammmmmﬂﬂmmﬂmmmmmaammmmsaua \Wouvesuwuds seanti
Lﬂum'ﬁaﬂmqmaﬂwmsmﬂmuaaﬂmﬂamuzywmﬂﬁauazmauwLﬂuwﬂaﬂwmmaqmimmwaa
WU34 %!dl‘?fl,ﬁu%'@u“ﬂuﬂﬁﬂixmmfhmswﬁLma%‘uaaLLUU'{i’waaamamaada%aﬁﬂufuuﬁum
G]IE)‘{IWﬂ‘%:l'juL“I:Ju’?}gumE]‘LJﬂ’l‘iU‘imﬂmﬁﬂ‘Ua‘UL’UﬂI@ﬂ’]ﬂﬁLLU%W?’N’WUQG]U?’]@%GQﬂl%llﬂuﬁ’l‘tliml,‘llﬁ\
lun1snniunnuiiaunfvssuuuiiasamsannssladafnuuniuig LLaﬂu‘ﬁ”’umuq@ﬁm
JumsifiudseansanlsitusanasiunsaadumnuRaunilunisyiauve Ui Tnonisiy
dulSuANNT UG EURERNsYeTITRdntad Fwigana Nl TUSIuTesHaNNSYUeT
Ihndanesfiu Wildnanmsesiaduanuasunailunisyeuwowuseiussavs nnannd st

3.2 N3IALRTENUaLALURIRUNEYIIN15ILATIZY (Data Preprocessing)

Lﬁaamﬂ"qm%’a;&amié”uasLﬁauﬁléfﬁl'1ﬂmsmﬂauﬁfamgmmaauma’lqmﬂ%’mwm
WU hnsnadounasweunslaganitu FEMTO-ST tu T¥mnuilunsdndegiaviniu
25.6 kHz ‘[maw‘mﬂm‘mm 10 3undt Juszesinan 0.1 3ua IMLLWauﬂ‘N‘WVHﬂﬁUuWﬂmS
duaziitou muuﬁuammaauavmauﬁmuummﬂu 1x(2560xRec#n) muam‘tuiﬂw 3.1 &
gnuinISIAsERiiomiunlsaiinmiaUaity muumammiamaya’lmmas
tamstiufinteyalvoluguvesaedutiaming fsaunsil 3.1

Vbry(1) ...  Vbr;(Rec.#n)
Vibration = : : (3.1)
Vbrysee(l) ... Vbryseo(Rec. #n)
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Magnitude (g)

2560 2560

data data

point point
(Rec.#1) (Rec.#2)

2560
data
point
(Rec.#3)

Time (sec.)
0.0 0.1 10.0 101 20.0 20.1

Ul 3.1 Bmsifiutuiindeyanisduazifiouves IEEE PHM2012 Data Challenge

3.3 MsszydIaLUIufinAuiaUnd (Define Actual Defect Point)

' P a a a i [y & ¢ &

lun1sszygrnaiuuiaismninunfdu azlismyinTsivuinvesesnussnau
ANEANIIvIALINTAR (2erUsenoumuinen) vesdgramsdudeiiouislunnfiuag

o = Wy A 5 o .
wrsrAuildnnnsuUasFeslusetismisiat Discrete Time Fourier Transform) 1y
Usuralunnsdaduundenunisduds iiourasuwuisiugninzaisvinenuunfssnain
dyrunisduazineuluaningnisimauiiinauiaunfdy lngWasaiainnis
WAL ASTUIAUDIIAUTENDUPINDNEN ﬁ’QLLﬁm‘Lugﬂﬁ Bl2.313

NFUN 3.2 Wagguin 3.3 wanabilAuaInNISasIwUaseIRUsE N UAIILRWEN 981 9
Falau NissAUTEnauAIND Yasd RN sauas o ululLIRg Lagkuasyay Failldnns

a P & = oA ° o ol & 1

wWaguulasfisstivug Jmsoagulainteulvlunaiaueswuiddailaauluegg
Aude vsenandntuvilefe wusdlawasuanannenisvnnuunaluifuaninzivinaume
AUUANTDIUINUTZAIT AITURIATUNSTATYYTIIAINUUI LS AAANRAUNR (Actual
Defect Point) ﬂuwﬂwmauamﬁauavmawa\um'ia"l.mm&m‘s*}w 3.1

mﬂ%uamsaua WouYasuUssivun 17 YAUaya muﬂxﬂ%’tummammawwm
aNDINUTINIY 13 sqmaaga (ﬁmmauﬂam 1,3,4,5,7,9,10, 11, 12, 13, 14, 16 ay 17) Laz
& o W ] - = - e
Henld 4 yadeya (yndeyadl 2, 6, 8 uay 15) nasoumgunnaulanisnagauisinis
Lﬂﬁammmmﬁﬂsxﬂaumwﬁwﬁﬂﬁﬂw%’mLﬁ]uﬁm%’uL{glu%’a;&aiumimaaué’aﬂa‘%ﬁuﬁlﬁ
ToNVRETAY
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i ad w v a ¢ v o = w . o
UM 3.2 muivdniildarnansudasliSesvesdnmuinisnisduaiitouvesyndoya 4

Frequency (Hz)

12000
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10000. 3 - ® % by "V e x,’si&»kxxxﬁ
i x st howxl L XL %X el
: % a3 X N
I
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I
8000 1 b
I x
1 * * b3 A x x X
' X 0k X e o X x 35 Lk i%:
x AR ey W
i R TR Rl St
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"

Time(x10 sec)

JUT 3.3 anudvildnnmsudandFefvesdyanunisnisduasiiewnesyndoyai 15
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= 1 A4 a2 a a a = a
A15199 3.1 FIIANLUTIIUNALNARINURNAUNR

yadouad RFoulun1siney Asnagaud ‘U'NL')fI WLL:J iiﬁajﬂ:ﬂ

ol AMURAUNR (AUINN)
1 1,800 rpm, 4,000 N 1 540
2 1,800 rpm, 4,000 N 2 1,340
3 1,800 rpm, 4,000 N 3 8,590
4 1,800 rpm, 4,000 N 4 2,750
5 1,800 rpm, 4,000 N 5 980
6 1,800 rpm, 4,000 N 6 1,530
7 1,800 rpm, 4,000 N ¥4 2,110
8 1,650 rpm, 4,200 N L 630
9 1,650 rpm, 4,200 N 2 890
10 1,650 rpm, 4,200 N 3 a70
11 1,650 rpm;, 4,200 N 4 1.290
12 1,650 rpm, 4,200 N 5 540
15 1,650 rpm, 4,200 N 6 2,126
14 1,650 rpm, 4,200 N i 210
15 1,500 rpm, 5,000 N 1 500
16 1,500 rpm, 5,000 N 2 600
17 1,500 rpm, 5,000 N 3 770

3.4 nsanaAnianwazany (Feature Extraction)

lumsiaundaneiviunsrnfuanuisunflunisihonuvsuudilldaqudnvuei
vulaung wazaudnvnzuulawuge - Anud Sgnatneanandyganisduasiiion
NILULUIAY LASLUISTAU NaNNA 3 FdnR 8 UAD Crest Factor, Kurtosis way Wavelet
Packet Decomposition Node Energy Imeman Crest Factor uay Kurtosis ¥hnsudaalalae
nsoAEauN1Sh 2.1 uag 2.2 drunisatnrnudnuas Wavelet Packet Decomposition

o & o v & @ al o o o

Node Energy 3luiagnaadansgauanuazidunlunsulas uagdnudaldivansay
NUAYIUNTAUAZINDUTBILUINEYIINITIASIZY

lunsiansansgauauazidenlunisudaanin anansauszanaldanssezwn
WeeNgnresvunesdUsznouaudndnflnlutunsunsinssidyunsduasifioudie
sryfuminuusainauiaunfdu lngssegrissyninewuinvesessusenaundniites
= 1 o = ¥ a e o - = '
ngalundazyadeyaiililunisaddanodiiulduanslumsesd 3.2 wagmisian 3.3 wuh
seinsiilesfigaveavuinesdusenouauindnde 0.34 kHz 9 ndumuamsERUAIL
azidgalunisulasnidauininafivanyaudieaunsn 2.10 wuiisyiuanuazidand

o o < = oo el

winzaslunsuuasnidauinnafeauazidsalunsulaslusedui 5
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o a v

i ' ' < al P o
A15797 3.2 SEEELNINSENINNVUINVDI09AUTENOUAINDNANT GENE EYBRE G IRRE:
Fuaziauluwulseau

Yo 4 v dw  d sryzviesEninsauivdn
ﬁaga‘i‘i ANNananIUaENgn (kHz) Hinafidn (kHz)
1 Q.35, 1.12,.2.83, 0.77
3 0.00, 0.34, 1.05, 2.64, 4.77 0.34
4 0:00, 1.11,. 303, 4.90, 12100 111
3 0.00, 1.45, 3.49,5.43 1.45
7 0.17, 1.45, 3.48, 5.21, 12.60 1.28
) 0.00, 1.21, 1.76, 3.56, 10.45_11280_12 71 0.55
10 0.16, 1.24, 3.39, 4.00, 5.18 0.61
11 0.00, 1.25, 3.60 1.25
12 | 0.16, 110, 3.63,4.14 0.51
13 0.00Qf ¥32, 395 \32
14 0.00, 1.19, 3.59, 5:41 . ¥,
16 0.14,1.24, 3.60, 12.07 1. 10
17 QOGU1. 295 96,182 1% 1.2}

A5 3.3 szuvviesyninnruinvedesAlsgnaua AN dosNaevesdyyimnis
duazioulunwing

R ki 4 anuivianfitoefian (kHz) S:H:T: i:qummmﬁ“ﬁn
Yayan ) nueengn (kHz)

1 0.00, 1.71, 5.47, 7.63, 10.00 1.71

3 0.00, 5.26, 7.45 2.19

4 0.00, 2.38, 7.97,9.63 1.66

5 0.00, 3.55, 4.91, 6.84, 8.90,9.84 0.94

7 0.00, 3.73, 4,97, 6.86, 9.01, 10.12 1.10

9 0.00, 2.11, 2.98, 3.59, 5.77, 10.37, 11.64 0.61

10 0.16, 2.97, 3.59, 4.19, 6.22, 8.21, 10.59 0.60

11 0.16, 2.85, 3.59, 6.35, 10.45 0.74

12 0:16,.3.72,-590, 1 1L.O7T 2.18

13 293,395, 5,25, 6.96, 10.66 1.02

14 3.62, 593, 10.40 2.3]

16 0.00, 2.89, 6.03, 9.96 . 2.89

17 0.00, 3.66, 4.94, 6.66, 9.06, 10.08 1.02
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= @ = - P ") < < v & &
Wansuseauanuazideaiiviunzaudmsunisulasnwidauinneuds Juseluidy
nmsidennvidaiudalasld MESER Wunwsilunisiden Jeiuialaainaunisi 2.6 lnoua
= =
nsneaaulenanslumIsen 3.4 Lagn13en 3.5

A15199 3.4 Maximum Energy to Shannon Entropy Ratio vesdgyy1an1sduasifionlu
WA

Maximum Energy to Shannon Entropy Ratio, R(s) (x10?)
Condition | 1800-rpm 4000-N | 1650-rpm 400-N | 1500-rpm 5000-N
Wavelet | Dataset | Dataset | Dataset | Dataset | Dataset | Dataset
Basis 1 2 8 9 15 16
SYM2 6.1966 | 1.2388 | 2.9464 | 2.6585 | 0.9300 0.8291
SYM3 6.5842 |1.2860 | 3.0783 | 2.7755 |+ 0.9807 0.8706
SYM4 68576 | _DRISDNN\B{12091 27768 | QDIS1 0.8889
SYM5 69777 | 13383 3.1930 | 2.8586 | 1.0471 0.9099
SYMé6 72737+ 1.36571 3.3113 | -2.9100 | ..1.0788 09331
SYM7 7.4851 | 13934133320} 29571 1, 1033 0.9565
SYM8 7.8358 | 7 1:4433,]|/ 351951+ 3.0720 | “1.1370 0.9800
SYM10 8.2493 | - 15139 | 1 3.6724 | 3.2198 | 1.1918 1.0280
COIF1 6.3277 | 1.2479 | 29420 | 2.6480 | 09488 0.8420
COIF 2= . 2380 B3T YIS\ 2.8 1) 1.0702 @ 9339
COIF3 7.9241°| 14748 | 35601 | 3.1338 |  1.1580 1.0034
COIF4 8./3451 15636 | 379521 3.3160 | 1.2265 1.0640
COIF5 9.4341 | 1.6602 | 4.0356 | 3.5443 1.3016 1.1289
DB1 54389 | 1.1520 | 26935 | 24426 | 0.8462 0.7574
DB2 6.1966 | 1.2388 | 29464 | 2.6585 | 0.9300 0.8291
DB3 6.5842 | 1.2860 | 3.0783 | 2.7755| 0.9807 0.8706
DB4 6.9044 | 1.3320 3.2013 | 2.8904 | 1.0127 0.9004
DB5 7.2634 | 1.3748 | 3.2680 | 29606 | 1.0541 0.9381
DB6 7.4838 | 1.3967 | 3.3223 | 3.0003 | 1.0732 0.9517
DB7 7.6414 | 1.4340 | 3.4244 | 3.0857 | 1.0947 0.9757
DB8 7.6651 | 14832| 35198 | 3.1547 | 1.1254 0.9996
DB9 8.1147 | 1.4981 | 35843 | 3.2178| 1.1526 1.0244
DB10 8.3365 | 1.5240| 3.6748 | 3.3036 | 1.1804 1.0462
DB20 10.2568 | 1.8374 | 4.4341 | 3.9349 | 1.4148 1.2598
DB30 119813 | 2.1635| 5.2638 | 4.6037 | 1.6695 1.4827
DB40 13.3250 | 2.4401 | 6.0023 | 5.2350 | 1.9083 1.7000
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M15799 3.5 Maximum Energy to Shannon Entropy Ratio ¥894 ”tyltyﬂfum‘iﬁuamﬁaulu
LL‘L!’](?]IQ

Maximum Energy to Shannon Entropy Ratio, R(s) (x10?)
Condition | 1800-rpm 4000-N 1650-rpm 400-N 1500-rpm 5000-N
Wavelet | Dataset | Dataset | Dataset | Dataset | Dataset | Dataset

Basis il 2 8 9 15 16
SYM2 1.9493 3.4055 44512 6.1043 1.0234 0.7376
SYM3 2.0138 3.5138 4.6403 6.3950 1.0486 0.7564
SYM4 20353 3.5561 4.6867 6.5175 1.0563 0. 7593
SYM5 2.1072 3.7126 4.8501 6.7691 1.0894 0.7830
SYM6 2.1507 3.8093 4.9442 6.9142 L1118 0.7985
SYM7 2.1804 3.8341 5.0101 7.0247 1.1266 0.8123
SYM8 22491 4.0372 5.2445 7.3013 1.1643 0.8338
SYM10 2.3292 4.2527 5.4949 7.6082 1.2079 0.8657
COIF1 1.9676 3.4228 4.4300 6.1269 1.0310 0.7409
COIF2 2.1240 X222 49134 6.8097 1.1044 0.7945
COIF3 2.3002 4.0651 5.3260 7.4133 NAL857 0.8531
COIF4 2.4248 4.2953 5.6466 7.8400 1.2463 0.8996
COIF5 2.5684 4.6377 6.0165 8.3441 1 A BF 0.9555
DB1 1.8225 3.1550 4.0366 25185 0.9708 0.7005
DB2 1.9493 3.4055 4.4512 | 6.1043 1.0234 0.7376
DB3 2.0138 3.5136 4.6403 6.3950 1.0486 0.7564
DB4 2.0564 3.6096 4.8265 6.6136 1.0688 0.7720
DB5 2.1428 5. 149 4.9500 6.8798 ]020 0.7974
DB6 2.1699 3.5 5.0194 6.9410 1.1082 0.8021
DB7 2R 3.8598 51126 7.1825 1.1429 0.8251
DB8 2.2699 3.9710 5.3070 7.3506 1.1676 0.8433
DB9 2.3243 4.0558 5.4499 7.5684 1.1957 0.8644
DB10 2.3776 4.1273 5.5739 7.7458 1.2195 0.8854
DB20 2.8040 5.0245 6.6369 9.2732 1.4410 1.0434
DB30 3.3588 59147 7.8276 | 10.9546 1.6916 1.2277
DB40 3.8341 6.8556 8.9459 | 12.5272 1.9297 1.4006

INAITNA - 3.4 Uaza1519N 3.5 wulinisudasanidaniginidniuds
Daubechiesd0 1%A1 MESER fiunnfian dadulunisadinaudnwue Wavelet Packet
Decomposition Node Energy 3aidianld Daubechies40 iWuiudalunisulaannids
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AnuANyedIAYvoId gy IMNeaINYla (Crest Factor, Kurtosis Wag Wavelet
Packet Decomposition Node Energy) fignafineaniaindaananisduasiiouvesiuimaslu
=a' o 1 = A‘A o/ a‘
LUIFAUAZILITEAU AuiNuBg JULULTBIMYENG TS a3 1esaun1sh 3.2

[ hWPDNdEnygqe1(1) ... hWPDNdEnNy.qe1 (Rec#n)
hWPDNdEnyogesz(1) - hWPDNAENy,gess (Reckn)
VWPDNdEnyoge1 (1) -~ vWPDNdEny,ge1 (Rec#n)
FeaMat = | yWPDNdEnyogesz(1) =© VWPDNdAEnyeqesz (Recn) (3.2)
hKurtosis(1) . hKurtosis(Rec#n)
hCrestFactor(1) - hCrestFactor(Rec#n)
vKurtosis(1) 2 vKurtosis(Rec#n)
| vCrestFactor(1) vCrestFactor(Rec#n) |

3.5 N15E519LUUIIARIEINSUNTIDIUAMNAAUNRTUATITYINIUDDILLUS S

TudurssiuuiaesdmIuasIaTuANLARUARIIANSIUTRILUTS 98a dBnIS
Ansgimsannesladafinuuuniviuduedssiielumsasasdumnfinunaiindy Tagls
ﬁqﬂmé’ﬂwmséﬁmﬂ'ﬂqmmﬁﬂ (Crest Factor, Kurtosis g Wavelet Packet Decomposition
Node Energy) ﬁgﬂaﬁﬂaafmné’fy,qnmmsﬁ'uasLﬁau“[,u%umaurﬁawﬁwﬁlﬁlwﬁ’a%ahmi
Seuuarimuidanesiia ludiuvesnduumunglunisifeuiieadasuvusiananig
anaseladainuuuniung A nguidmainelunsdiwvisinnuluaniizund wag
nauthwnglunsdiuuisieluaniiginund tnefarsanndranard wusafnany
Aaunftu lunssuaunismamnimeseasuuusiassnisannseladafniialdlunis
asr9duRnuinUnAfiAntY aliiBmamarmsninuduiiundan MRl mnsiines
gasuvUTaInIsonasuladafindemisnd 3.6 uandethdinisdwesvesuusiasian
A5 3.6 wnuasluannisi 2.13 wag 2.15 Felinasnssiannisi 3.3 uas 3.5 Tagly
aun1si 3.3 WumsmeAlenariananunzdidty (Fea) ssiunuidnuazddyildanuuie
ynzivihauluanmisund daluvesaunisd 3.5 Humsmenlemaiiazidurdnugdify
Aldnuuiasivaulugnsiifamuiinuni
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N1513MDS (jf;ﬂ) w1sdnas (:?;i) S RERFITRE (:;“;ﬂ)
Bo -21,541.6887 B2z 192.8279 Bss 76.2603
B1 1.6517 P24 12.7284 Ba7 -80.3902
B2 -7.8528 Bas 167.5271 Bas 37.5884
Bs 4.6174 B2s 725.5733 Bao 33.8011
Bs -3.6443 B27 -477.7126 Bso 70.8993
Bs 122.2142 Bg -351.8188 Bs1 -0.4963
Bs 60.8701 B2o -1,624.4975 Bs2 19.5867
By -30.3782 B3o -170.2782 Bss -38.3451
Bs 31.0610 Bz1 -1,642.9630 Bs4 -14.8854
Bo 338.6499 Baz 564.3955 Bss -102.6355
B1o -93.7185 Bss 0.3362 Bse 4.9139
Bi1 -1.2062 Bia 4.8790 Bs7 -3.5859
B12 17.2887 Bas -35.0217 Bss 16.2121
Bis 60.1928 Bie 14.3660 Pso 41.7552
Bis 585189 B3z -69.9900 Beo 62.7913
Bis 183.7204 B3s -183.0563 Be1 -14.3445
Bie -57.3179 Bao -274.7737 Pe2 -96.3656
B17 25.4112 Bao 40.1407 Bs3 51.1698
- -60.1105 Baz -3.2332 Pos -16.0824
B1o -70.1453 Baz -2,6494 Bes -362.9909
B2o 21.1419 Bas 127.8052 Bss -265.7188
B21 -429.0693 Baa 53.4003 Be7 49.9907
B2z 153.3486 Bas -5.2045 Bes -238.3706

e—21,541.6887+---—238.3706VCrestFact0r
P(Y = NormalMode|Fea) = 1 + e—21541.6887+-—238.3706vCrestFactor (3.3)
P(Y = DefectMode|Fea) = L (3.4)

1+ e—21,541.6887+:--—238.3706vCrestFactor
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3.6 NISAVUAVDULYAVDILBNIENRUTINNNUAAUNR (Defect Threshold)

Faneifiunsaduanuiaunilunisiuresuueivauity 1nsiasgnnis
annesladafnuuuniviuduiadesiiolunsfnnsosmmuanuugnisiinuveuuis Tnsi
Wmunglunisdansesassnguitivungfe an1iefiuuieiauund waganieiivudaie
anuiaunAty Tasederaudnumeiataldfuuiinalumsiaduun

fesanuadnsiilaanuuusiasdasainuuuniviududlenafiuuseinaly
an1zUnd uavAlomainuudeiheuluanizifiannuinunitu Tnsasdsadonvouis
gosaunazduiiviangay Weoldiluvsunalunsdaswundseinnuoinuusianinis
aanosladadn Imaﬁ”ﬂﬂué”;ms%’mﬁwLmﬂ%’aagjaéﬁ”aEJmﬁLfmsﬁﬂﬁﬂmmada?}aaﬂaﬂ%’ﬁ’l
mnniasdusiiy 0.5 Hudwouwslumsdaduuntssianvesdoya wu Woliaszs
andnuard Ay adaldndyyunsduasidfiouratuihensingifowuusians
msnanagladafnuuurBuiundanyin Satlemaniuussasyhavluannznidu 0.45 uae

Tananuussagsinnuluannemfaanuiaundlu 0.55 astudsaiuasoaadtuladiml

.
=

AudnwurdAy i dumaudnunrdidyilaaansiswesiudduannegiifinag
RAnuniivy s

TutupaunsimuareuwasuiasdulumsiAaruiieunia Wuduneunism
Alemafivneauiuszuuanadvmmfinunilumsinureuuds Weldifuseuiunly
nsAnLenNngudayameLUUTIaaIn sannegladaAnwuuILINdInURTI9TUALRAUNA
Tunsvhanuresudiiliiamady lngerfea1vouundituesgasaiudesuessdads
Iaﬂ'lﬁ‘ﬁLL'U%'WTWﬂﬂﬁiﬂﬁﬂﬂﬁﬁﬂﬂﬂﬁﬁi%ﬁUﬂ’ﬂuL%@ﬁﬂ&hd‘] WuySuaimunveuwalunis

nduunnguresmanisituie Falszneuludae 3 Tussunanaspeluil

3.6.1 navAedsveslenaiiuzinauinung
Alamatiuussimluanmgdiisuniannsodunaldainaunisi 3.4 Tng
nsliraudnvurddniiafaldimurinvemnyadayadmivboudifeatadanesiy
(Training Dataset) ihudeyalumsiiiing lngrlenanlgannsyiunesondeyail o 16
wamastagUil 3.4



34

e g

3

Defect Probability
T

S

} | @ Defect probability|
o L L k- " G 1 T E———
i 100 200 300 400 00 600 700 800

Time (x10 sec)

o | o a ° s a a a %) =
EU'V] 3.4 ﬂ’ﬂ:aﬂ’la‘ﬂLL'U'N’i]3%'1\1'1uluﬁﬂ’1’]:mLﬂﬁ]ﬂ’]’mwﬂﬂﬂﬂ%m“qmlﬂga% 9

mswidtadgveslemaniuisvirauialnd sxldalenaiuuserinay
RaUnAndsningaignszyindudumisiuuiasui nuiaundduteyalunisd i &
Joyaiuansimnanduadluguil 3.5 InsrwasveslonialundasyadeyafllddmsuFous
ieassdanesiialliuanslunised 3.7
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‘ ! S oo co
! o
o9t 1 ° i
1
I > )
a 1 >
0s L
; *? 3
X N ! o
07 [P2p, e i ap > 4
g & 8 °
. ;u' s
Zosl F iy B
Z I Y o p
E |  Actual Defect c
e a5 x y
o 1 o
g i
8.0 : i}
= 1
|
i
03[ H “1
1
1
= |
o2 ] 4
1 o
H
|
o1l 1 =
! * Defect probability before actual defect
1 ! o Defect probability before actual defect
L L ! 1 T I I
BD 100 200 300 400 500 600 700 800

Time (x10 sec)
= ' = a [ = = & = ] ¥ e 1 ¥ = I
JU# 3.5 Alemanuuisihnuiaunivesgateyad 9 Ineudsldilu 2 nqudeya Ao @
T 0 e a o 4 & o = s v a
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M99 3.7 mLaawaﬂamaﬁgmsqwmmuwmﬂﬂmm‘qmﬁuagam‘nwmmaaﬂawu

Roulvnsnagau

' = a4 a o
AaayYelantanLusineu

1800-rpm 4000-N #1
1800-rpm 4000-N #3
1800-rpm 4000-N #4
1800-rpm 4000-N #5
1800-rpm 4000-N #7
1650-rpm 4200-N #2
1650-rpm 4200-N #3
1650-rpm 4200-N #4
1650-rpm 4200-N #5
1650-rpm 4200-N #6
1650-rpm 4200-N #7
1500-rpm 5000-N #2
1500-rpm 5000-N #3

0.9166
0.6413
0.7272
0.9484
0.8747
0.9063
0.8786
0.7136
0.9382
0.8312
0.8764
0.9175
AR57

° i ' W T T
3.6.2 ﬂ’]5ﬂ"m'3m1ﬂ'l‘ﬂ'€l‘uL"Uﬂﬁ']\‘lﬂﬁ@ﬂ?ﬂﬂ?ﬂ&tﬂﬂﬁuﬁiﬁﬂﬂﬂ’lﬂ‘]
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TUNSAIIAMIAIID URAIN YT AT DIIUNsERUA S agldrade

= a ° a a ) o o =
raslemafinuisasiuiauniluidasyadoyanmuansluasnd 3.7 Wudeyaluns
AUINTTAUALTOITUT 80%, 85%, 90%, 95% Lay 99% lAuarduaunsh 2.20 Falwan

VBUANVBIYNANDIUNTZAURI AIATIN 3.8

ﬁﬂ'i"l\?‘lﬂ 3.8 ﬂ’l“ll?J‘UL?Jﬁ]a'N’U@d‘U'Nﬂ'N%JL’UaﬁJUWS ﬁUﬂQWNL%@ﬁUGﬁG“]

i“"ﬂ‘Uﬂ’J'ﬂJuu‘l:ﬂ (%) ‘ll'E]‘UL‘lIFIﬁ’]\ﬁJEN“U'Nﬂ'ﬂNL‘UGﬁJu
80 0.8172
85 0.8123
90 0.8056
95 0.7948
g5 0.7708
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3.6.3 n1sfvualamaanuiiauniintoanganiuuiaiuazinauliaung

] 1 1 ﬂl 0‘) A Q’ o =Y = d
NSLADNANYAUIAANIVDIY AT DI U VDIl ENIANLUSIVIURAUNR i
T duraualunisnsiaduauRaun@lun1syinauYedlusedensmsiginisanneslad

=

ARNLUUIUIY mmsml'sxmm"Lé’ﬂmaﬂqsﬁi’wmmmﬁhmmﬂmﬂLﬂ?{auaugifﬁmaﬂamaﬁLLU
Svhauinund a suvdsiiuuiufinanufinund (Absolute Error at Actual Defect Point,
AEADP) wasusiazndoyailflumsiFoud dwandduzuil 3.6 Fsannsofunildannaunisd
3.5 %Wﬂ%ﬂﬁ’]ﬁ’]mgm}@\?ﬂ’ﬂmﬂﬁ’lﬂl,ﬂ‘gauﬂll‘i%l'ifﬂ (Mean Absolute Error at Actual Defect
Point, MAEADP) ‘anLLrﬁias"qﬂﬁagaﬁiﬂumn‘%auiﬁwammiﬁ 3.6 TpaiAvauIUnaIIUD s
TomaiuuiaeufiaUnifszsuanudesiule ’Lﬁwaﬂmaé"ammmmﬂmﬂLﬂﬁauaugiﬂﬁﬁ
ﬁnﬁaa‘ﬁaﬁmsgmﬁaﬂisé’fLi‘Juﬁiwaumm‘LUﬂﬁ%’mﬁwLLuﬂUixmw‘um‘ﬁagamaaLmusﬁ’waaams

AnRUlAFARNLUUNIUIY WD LIIUNISASIATUALRAUARTLAITINIUVD AU

AEADP, = |CILL(CiLv) — DefProb(actDefPoint;)| (3.5)
; N | CAEADP,
MAEADP(CiLv) = A e (3.6)
lagi i Ao Snuyadeyadillumsaiisdanaifiuvisvun
Fetlawvinnu 13
GiLL AD ANUDULYINAIURIT ALY DU
CiLv fiD ASYAUPIALT BN

actDefPoint Ao FunUaN LU DA uRaYnRTY (Actual

Defect Point)

M 3.9-3.13 Tiansdniafeveanunaandouaiysailuuiay
seiuaudesiu Fsinaldnaunisi 3.6 Tnewuimsienldmvoudsunsasai
Westudisgfuanandoriuil 99% (0.7708) iWudrweuialunisdnsuundoya liduads
auysalvesmnuamadoutaslenaivesiiani 0.1540 fajuiudenldednaraud
yeuwAlumsinsuundoyavesuuuiassmsoanesladainuuuviunaiieldlunisasadu
mMahauiRaUnveuie



Defect Probability

Actual Defect Point
with 0.6121 Failure Probabilita

300
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‘ Defect probability

- = Lower

Limit of 99% Confidence Interval :

i .
400 500

Time (x10 sec)

5UT 3.6 FenMsiunamAIAsRanaIavaslenaniUs e uReUnd

o ' = 3 < - w 4 d A
M1919N 3.9 FﬂLﬂﬁUﬁﬂJUﬂim‘UENﬂ’ﬂllﬂa']ﬂLﬂﬁau‘UENI@ﬂ’WE‘i‘Vl'i:ﬁﬂUﬂ’l’]iJL‘UE]ﬂJuﬂ 80%

yadoyail |  TontadiuuisassieuRaund o AEADP,
(i) AumisiiiaunAuiia3e (ActDProb) (|ActDProb — 0.8172])
1 0.7124 0.1048
3 0.6228 0.1944
a 0.7225 0.0947
5 0.7111 0.1061
7 0.4255 03917
9 0.6126 0.2046
10 0.6507 0.1665
11 0.3475 0.4697
e 0.9377 (1205
13 0.7959 0.0213
14 0.8044 0.0128
16 0.4535 0363
17 0.8684 0.0512
MAEADP 0.1771
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= | = '3 a = ) |
M99 3.10 ﬂqLQaﬁJaﬂJU‘ﬁmﬁuaﬂﬂ?ﬁmﬂa’]ﬂLﬂaau‘ua\ﬂaﬂqaﬂigﬂUﬂrJ’]ﬂJL%'ﬂﬂJuw 85%

ﬁﬂ%’agaﬁ Tonafiuueasinauiiound AEADP;
0] Aundsfifiaun@uiase (ActDProb) (|ActDProb — 0.8123|)
1 0.7124 0.0997
3 0.6228 0.1895
il 0.7225 0.0898
5 0.7111 0.1012
7 0.4255 0.3868
9 0.6126 0.1997
10 0.6507 0.1616
11 0.3475 0.4648
12 0.9377 0.1254
1% 0.7959 0.0164
14 0.8044 0.0079
16 0.4535 0.3588
17 0.8684 0.0561
MAEADP 0.1737

A13199 3.11 mafgauysalvesnturainiadeuvalanianssauanalioliun 90%

yoadayait |  Tamafiwuseaziuiaund m AEADP;
(i) AunisiinaunAuiass (ActDProb) (|ActDProb — 0.8056/)
1 0,7124 0.0932
3 0.6228 0.1828
4 0.7225 0.0831
5 0.7111 0.0945
7 0.4255 0.3801
9 0.6126 0.1930
10 0.6507 0.1549
11 0.3475 0.4581
12 0.9377 0.1321
13 0.7959 0.0097
14 0.8044 0.0012
16 0.4535 0.3521
17 0.8684 0.0628
MAEADP 0.1690
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A9 3.12 AdayTaiURIRINARARRE LY DI LN AN TEA AT 95%

ﬁﬂﬂ”aa‘.}aﬁ TonafiuussazyineuiinUnd o AEADP;
(D) AunusiiaUnfiuia3e (ActDProb) (JActDProb — 0.7948|)
1 0.7124 0.0824
3 0.6228 0.1720
4q 0.7225 0.0723
5 0.7111 0.0837
7 0.4255 0.3693
9 0.6126 0.1822
10 0.6507 0.1441
1:1 0.3475 0.4473
12 0.9377 0.1429
13 0.7959 0.0011
14 0.8044 0.0096
16 0.4535 0.3413
i 0.8684 0.0736
MAEADP 0.1632

= | i - | @ | & a
A15197 3.13 mLaaaawiﬁﬁ‘aaqm’mmmmﬂaaumaﬂamaﬁszﬂ‘ummL%amuw 99%

yoadoyail | Temiaiiiuieasineuiinund o AEADP,
(i) AuisiiaUnAufo3e (ActDProb) (|ActDProb — 0.7708])
1 0.7124 0.0584
3 0.6228 0.1480
4 0.7225 0.0483
5 0.7111 0.0597
7 0.4255 0.3453
9 0.6126 0.1582
10 0.6507 0.1201
11 0.3475 0.4233
12 0.9377 0.1669
13 0.7959 0.0251
14 0.8044 0.0336
16 0.4535 0.3173
17 0.8684 0.0976
MAEADP 0.1540
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3.7 A15aAAMURUSUSIUUDINANITASIDIUANUAAUNA LUNISHIUNEY

o vunaunvasleniaiuuiayyhnuiaundldud sxdudunounismaaey
wuuiaesiildiaunty edunpanunlsusivaesmanmsyuedildan wudass AIEYR
Yoyannaoudl 1 dsannsauansl@ifieguil 3.7 asfiuiralemaiiuuehauiieunddildan
wuvinaesdaiimnuanuudsusiueguin silviennuanisnisanumving Fotufieanany
wsUsruAeduIlditnsedud1vatlenaiuuiasyinuinungd fe3snsusunng
s1uSEUves Savitzky-Golay Sehuialldainaunisit 2.21

Defect Threshold = 0.7708

Defect Probability

T T

TR

500 1000 1500 2000 2500 D00
Time(x10 sec.)

U7l

aia
U

ol

3.7 Alentanuwusearynuiaundnlaanuuudiassiildiaui iy Aiveasudiayn
ﬁl
N1

De &

dm¥unisidentinuinemiidclunisiody 9znsfinrsanngienafiuusasy
WAaruiaunitusuandunnsied 3.1 Tnsvuravsmirisdunisedslinsiunning
nisnafitdesfigaiinuiafnaafinng %'!wmﬂauaﬁ 14 ﬁﬁﬂs&ammﬁuuéaﬁmﬁmrnmu
N@Unmwuawaw 210 3w (21 yadeya) waammiuwm‘naua s adentaswesng
mnmﬂumimaammwmaaumLm 3-19 9adoya LLauLaafﬂ,ﬂUmiﬂi FUUMENTUINAE
0-5 wisldlinisiedefianududowiuly ImﬂwmamaﬂmUﬁqﬂ‘WﬁWmaiﬂmaaﬁﬂﬂlwm
NasaumﬁmmmLﬂﬁauaugiﬁﬁﬁswdﬂaﬁﬂLaﬁﬂ fualenafiuuisinuAnunfifldann
wuudassfifidmindian azgaidenldidumnimeslunsuiuanusuidouieisues
Savitzky-Golay lifiusanesfiuasadumiuiisunilunisiauesudiléfamuniu lnona
msnagoulFuansimsed 3.14 Fanuiinisweiealomafiuuisyhauiinunfiseaun
wihsndlumsiedeinty 19 eedeya uarlinisussanariadsdewuiuiids 0 Tieiade
anunaedavauysallunsiadefiunige dufuiadenlddmisimesdendindy



a1

wfweslunisuiuanusuisyureseanesiunT19TUANNRAUNALUNMTYINUTDUUTIN
Y = & W W o = a LY o«

innntu Juadnsildnnnsiedsmomsidinesnmsiadeyadnaniinaasuseyndoya

al v o a

4 lduansnagun 3.8

P> i o o ¢ ad v aa ; =
AN 3.14 UEAIALAREAITUARIALARDUEANYIVDINTTIRAUAIYID Savitzky-Golay %
WISADINSIRBYAIRI

ALady ALRaY
w?uju ﬂyuq,ﬂ ﬂ’ﬂ&lﬂﬁ’]ﬂméﬂu w?gu:u Gu,:m_ﬂ m'mﬂmmﬂé"au
184 UMY auyj*sni ANGE! WUIRAY ﬁuy‘mﬁ
3 0.035043 5 0.030771
5 0.037104 % 0.033340
7 0.038184 9 0.034794
9 0.038942 11 0.035803
0 11 0.039536 > 13 0.036599
13 0.040009 15 0.037225
15 0.040397 17 0.037746
17 0.040712 19 0.038195
19 0.040970 5 0.000000
3 0.034957 7 0.014163
A 0.037045 i 9 0.020635
7 0.038126 11 0.024446
9 0.038880 A 13 0.026975
1 11 0.039472 15 0.028842
13 0.039932 17 0.030273
15 0.040305 19 0.031411
17 0.040609 7 0.028289
19 0.040866 9 0.030904
3 0.000000 11 0.032539
5 0.015408 5 13 0.033674
7 0.022263 15 0.034552
9 0.026167 17 0.035249
2 11 0.028711 19 0.035826
13 0.030557
15 0.031958
17 0.033083
19 0.034010
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Defect Probability

Actual Defect Point at 2750 sec.

> Defect Probabilty ||

—+—Smooth Defect Probability|

Defect Threshold ‘
% T -

200 00 50 800
Time (x10 sec)

1000

a2

o ! = a ] = = 2/ o a as = o o
E‘LIVI 3.8 ﬂ’li’élﬂ’]ﬁ‘ﬂLLU‘N‘VI'N']UNG\‘UF]E}‘UEJ\‘]‘QWU@?;I!aVI 4 NEIUNITUTUANUNSIULIEUAIBITVDY
" 2/ 2 t74 1 d 1 s
Savitzky-Golay megvuinalunInueantdslunisiadensiinu 19 adoya uaruszuna

ANAALAIENUINAIAY O
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NAFDUTZUUNTIIIUAUAAUNRA LUNISNITUVDILLUT

4.1 uni

Tuuniinanduneunsveasusanasfiunsradumiuiinynlunsyhnuresuuieily
Wy ﬁam;m%’azsamaﬁ’uazﬁauﬁqmﬁ 2,6, 8 LLa&z’ﬁﬂ‘ﬁl 15 %aﬁ'ﬁauﬂqmﬁiau“l,ﬂunﬁﬁ'mu
%4 3 deula (mnasaluniswyy 1,800 rpm A15297%-4,000 N, A2 salunisugu 1,650
rom A152974 4,200 N LLazﬁﬂ’nm%ﬂumimu 1,500 rpm A15891U 5,000 N) Tmaﬁsthmm
fuusasuAnnnuRnunimesis o gadeneililumamnasuaglutag 500 3und aufis 1,530
3w Wlinsmsraduldulldendeiy warlunisaaeulssansamnisnsaduniy

HAUNRAYB99aN03NUITNAISHIVINABRTINUSZANT NN TUNI5ASITUAIIURAUNFA L UNIS

MauvelUseneg Admuedu azludiuinsvesund Wudiunisasunanismadey
dana3fiud mIunTITUANUARUNALUNTTVINIUYBIRUTS

4.2 N1SNAEBUBANDSTUATIIUAIIURAUNA LUN1TNI9IUVDIUTS

ns¥UruMslUNTIVRany Sanesrudwsunsiaduanufiadnflumsvnuasausa
(Early Fault Detection Model, EFD) wusléifiu 4 Suneundn ﬁmaﬂﬂugﬂﬁ' 4.1 Tnei3ua1n
hdeyamstuasifieuiivuiinlfuvhnistawionliogluguuuuimngas lunssuiunis
stmawaﬁ’mmwm%uﬁu mnﬁguaﬁ'ﬂﬂmﬁnwmxﬁﬁ@ﬁ’a 3 yin (Wavelet Packet
Decomposition Node Energy, Crest Factor wag Kurtasis) aan%’]ﬂﬁmvfy’lmmiﬁ"uamﬁauﬁ
#lunismaasudanesily dearniuldanudnensddyiatalfiudoyalunisnmaiy
AuRnUnAlum e U L.Lax“lu%'jumauq@ﬁw%L‘T‘Juﬁauiuﬂﬂiﬂ‘szLﬁuﬂixﬁw%mw
TunseamadumnuinUnivesdanesfiy Tnofiansananduiasauseansawlunisnsiadu
AURUNAIUNISNUYBIUS Bwgldnaniudrudald

Feature Extraction

Testing ) +  WPD Node Energy Testing Defect Is defect 7
Preprocessing —
Dataset = Crest Factor Features Probability (Yes, No)
= Kurtosis

UM 4.1 TuneunsvegeudanaifiudmiunsadunisinuniaUnfveuis
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4.2.1 msuszdfivanwausNysaivaLuTe
TunsUszilivaninainuanysalvesuuds azorderandnunzdfa 3
siiadudeyalunsvhunelemanuuisgiauiiound andusglddlenadenailunis
Uszilugnmenuanysaiveanuss TnededsvedlenmaiiuudsinnufinUnfsuvdusn il
Agendraveuiniildlunisiaduundssiandeyanioveuinfiuuievhauluaniied
Aaunf o suvdsiiandinanazgnssyldanimauauysalvesuvisegluanneiuuie
vauliaund 9In3uil 4.2 - 4.5 Wuramsmageusaneifunsiaduanuinunilunisie
Yo3UUe fegadeyanaaoud 2, 6, 8 uazyadeyail 15 Inesuninaniisanssiunsiedu
aiiaUnFlunsvaueuURsiifinty (Predict Defect Point) Iduanslumsnsdl 4.1

T 50 [ & T « T 095 - [oae - — ——
e D & “OJQ': ®d'o c

o g %

Predict Defect Pointat 2,250 sec. @5 3c4e™

Defect Probability
o e

‘ o[ © Defoct Probabisty ||
[ o —+—Smoothed Defect Probability |
! : : ~ 7 Dofect Thresholg |

o A V. 1 & o Iy | B2 !

—»
L) 100 200 300 400 500 600 00 800 900
Time (x10 sec)

JUT 4.2 namsvadeudaneiiuaTIadumuEnUnFlunITINIuIBIUSY Meyndeyadi 2



Defect Probability

o = xo P

1 Il 5 1l

O Defect Probabikty |
—*=Smoothed Defact Probability
< == Defect Threshold

1000 1500 2000
Time (x10 sec)

a5

JUN 4.3 namsveaeudaneifiunmaiumiuiaundlunmsihnuveue meyadeyad 6

0%

0s

Defect Probability

< Prodict Defect

¢ Actual Defect Point at 630 sec.

v v
(<]

e R AR

f \

@

i 1 1 L o 1 1

© Defect Probabikty
—+—Smoothed Defect Probability
~*~Defect Threshold

300 400 500 600 700 800
Time (x10 sec)

1
500

W 4.4 nansvageudanesiiuasiaduanuiaundlumsitnuveuua deyadeyad 8
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o’ © 2o o o 50
= Actual Defect Point at 500 sec. °
= Predict Defect Point at 480 sec. '

Defect Probability
o o °

Actual Defect Point at 500 sec. \
f

Predict Defect Point at 430 sec .

O Delect Probabilty _:

i--— Smoothed Defect Probabiity| |
| =" Defeet Threshold 11
S L 1 { . S ———

50 100 150 200 20 0o

X 450
Time (x10 sec)

Gi o/ = e at - i o QI 1% v A
31’1/] 4.5 HamMInAEeUsanaINUATINTUANURAUARLUNNTINIUYDILUF AILYAVDUAN 15

15199 4.1 Han1sVedausanaInulunITnsIRIUAINARUARLENITIN I UTEILUSY

9T | Praariiuuiaiinana | dasaanfiszuunsiaiu

yadoyadl | vieu (Life HaUNRAUTa3e AAIAAUNGLA
Time) (Actual Defect Point) | (Predict Defect Point)
i 8,710 sec. 1,340 sec. 2,250 sec.
24,480 sec. 1,530 sec. 2,320 sec.
8 9,110 sec. 630 sec. 680 sec.
15 5,150 sec. 500 sec. 480 sec.

' § = g & L]
4.2.2 mula'swummmgnmawmmsmm LLURN

ANYDsIIUAAIINYNABIY89n159ATuUN (Percentage Classification

& Lot 1 e ) v o o A P & o
Accuracy,PCA)Lﬂuﬂwmua%ﬂaﬂawugnmaaiuﬂWSQQQWuuﬂmaga Taa A1 laN@NLUI YN
Y =0 i 1 = 1 1 n! ¢=' o a = o v o 1 .7 1
NﬂﬂﬂﬁﬂﬂlﬂﬁﬁﬂﬁLﬂUﬂ?ﬂﬂﬁm@ULTWW%Ui%W?ﬂWNN@ﬂFﬁ\%SQﬂHWWUWIWWT%WUGﬂQﬂﬁWQLﬁU
AL USHIURAUNR FeaunsananaduaunIsnadamanslidsannisi 4.1

(4.1)

N
1
PCA=(1- ﬁ(zm_m) %100%
i=1
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Taah PCA Ao ﬁ'ﬂL1Ja%L*‘fﬁuﬁmmgﬂﬁm‘ummﬁﬂﬁﬂLLuﬂ
N Ao uudeya
= ' P o o a a al P w P =l
Vi Ao AlaN1anLUsRgyinaulaung Ja1viadu 1 e y; &

ANLINNINVIULANLUSIEVNURAUNR wazda ity 0
e y; dA1tasninaveunnuuseasyinauraung

T A AalonaasauUseyinauiaung Jewwindu 1 Weuy

D

TINUEAUNR wagvindu 0 Wanudeavinauunf

4.2.3 mwﬂmﬂLﬂﬁauﬁugﬁcﬁuaxﬁ'uaﬁ'am'nmmﬂLﬂﬁauauysﬂi
ﬁ'wmwmmmm?{auaugiaﬁ (Absolute Error, AE) tluuSunafivsuaniaaiy
annindeulunsinduunteya Tnsldlamatinuiwhauinunideuiuslemanuuie
sgvhauiinund al suvdsiignazyinfuiumisunisiuinanuiaundty aunsouans
ISR 4.2 u,azﬂ"]Laﬁﬂﬂ’;mmmﬂmﬁauauuﬁfﬁ (Mean Absolute Error, MAE) @11150
wanslaasaunsi 4.3

AE; = [DP; — Tj| (4.2)
N
-
MAE = . Z AE; (4.3)
=1
Taed AE; fp AAUAmALARauaNYSH! o Teyai i
DP, Ag AlonNIanLusSIYuRaUNR o Uoyah i
T; Ao AlemanuuswnuAnUnG o mwuqmmvu’mmu
&mmemwsaLiumrﬂmmwmﬂmmawmamam i
MAE ) FhLaﬁaﬂ'nuﬂamﬂﬁauauyssﬁ
N Ao Iuudaya

4.2.4 m’n:uLﬁﬂamumm‘sgw%aaﬂmmmmﬂﬁauauy’m‘i
ﬂ'wn‘jmLuummgwwaamwmmﬂm%‘auauy‘ifﬂ (Standard Deviation of
Absolute Error, SDAE) L‘fJuﬂ%mmﬁﬁwaﬂﬁamiﬂwmaﬁwaamﬂmmmLﬂﬁauaugifﬁiaUﬂ
ﬁWLagﬂﬂaﬂuﬂaﬂmLﬂﬁauaugimﬁ annsauanslifsaunsi 4.4
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N
Lk
SDAE = —(Z (AE; — MAE)Z) (4.4)
N—1\.
=1
=i & oA 2 ¢
lnel SDAE AD ANUBIULLNATILYRIAUARIALARD ALY O]
= ! a ¢ v o
AE; D ANANARNALATEUANY TN Bl VoAl i
MAE Ao ALafuALAMAARUANYSal
N Ao Iuudeya

4.2.5 anudeioldlumsnsiasuanuinUnilunisinuvsuuss

anudeiolilunsanasuanuiaunilunisvisusesuiadudesenii
muddnyednds Taedaneiunsaduanuisundfitesdetaunsonsiadunnuiinunai
Andulndidsafufuiumisiignagyindusumdsiiinpisfaunaty GBIV
annsawdeundousuiefuilymindatuluouianld andedoldvosmansiasuasld
Fui3TaUseavEnwlun1s¥uneg (Prediction Performance Index, PPI) tuusunalunig
f5uUs¥ANS NN esSanesfunsadumivinyndlunisvisiueeswus e Fea1u19n
funaldannaunsi 4.5

Ao (1 (LT — ActualDefP) — (LT — PredictDefP)

0,
LT = ActualDefP ) N2 6:5)

= < o e o e o
lnei PPl o FentinUseansatnlunisvinune
LT fla SraLa1luNSYUNIUAYILUSY (Lift Time)
ActualDefP Ao drana1nnusSuiamINRaUnATY (Actual Defect
Point)

Ao danasnuaLNsansITUANURAUNATLARTULA
(Predict Defect Point)

PredictDefP

PNAUNTA 4.5 AvEtTInjswiafe 100% Jwzintuldfnodieodanaifiu
AsRduANLARUNRTIARTua N TaRTIITUATIRAUNATARTULS a dumdaansenduty
Aumanafignszsyinlugaiuuiasuinauiaundfu (Predict Defect Point Hifumis

]
=

WMeINUAU Actual Defect Point) TunsaifisanasiuaiuisonTi3uauAnung lanousiay

o

TAAAMUAAUNAT (Predict Defect Point Aoushumia Actual Defect Point) Andaildda
Usgandnmlunisasiaduanudaunfaziianininnin 100% uwazlunsaifisanesiuaiuisa
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) = ada £ vy W a o " ' o oA s & a
ﬁﬁ?‘ﬂ"ﬂﬂﬂ'ﬂ"mNﬂﬂﬂmﬂkﬂﬂ‘l]UIG]ﬁa‘ﬂﬂqf'lVlN']um']LLWUQﬁQﬂig ‘?qLﬁuﬁqLLﬁu‘ﬁﬁLL‘Uﬁ\iLiﬂJLﬂﬂﬂﬂ’]m

RaUNATY AreidinUszansnmlunisnsiadumnuianun@aziAtesndn 100%
@ (-] > = of u =Y E=3 o QI A

YAIINNINITNAFDUDANDSNNATIIIUANURAUNR LUNI TNV UT 971 L6
w &g v o = W = ¢ pu| -
WALNTUMBYATBYAN 2, 4, 6, 8 uasyadayain 15 Feaunsouaninavadlonianuuiay
o a aM va a o Y e a a a I o W
mqmmmﬂnmiﬂﬂwLLamﬂugUw 4.2-4.5 NAUUNINTUTLAUUSLENTNINUDIDANDSNUAY
TR Fanan1suselivlsednsnmnisesiaduanuiaunfmesvildianieg auise
WARSLARIRNS19N 4.2

d' = a a o a af 2/ s A&JU 1
f191990 4.2 Nﬂﬂ'liﬂ‘ﬁ%Lll‘l.!‘ﬂ‘iﬁﬁ‘lﬂﬁﬂWW‘U@Q@&HB?WNW?UW}‘H’E@@’N‘]

yadayail | PCA (%) MAE SDAE PPI (%)
2 82.4340 0.2372 0.1534 87.6526
6 95.1781 0.0905 0.1372 96,5577
8 74.9726 0.1573 0.1319 99.4104
15 99,6117 0.1264 0.1270 100.0043

4.3 djyunanisnagau

InNanIINaaaul UL Ui sz Ans mulunisvinauves danesiunsradu
AuAnUNRlATIILYEILYS fan1smnaeudanasfiuseyadeyail 15 Winadwsluns
Ay duUTLiugian Tneilendesidusanugndedumsdauundeyaiiinuniil 99.6117%
ﬂ"‘lﬂ?’]&lﬂa’]GlLﬂgEIULQaEJEﬁJUjﬂjﬁ 0.1264 ﬁ'nﬁmmumm3§1ummmmﬂmmﬂ?{auamgiiﬁ‘ﬁ"
0.1270 uawendeild Tnuszansnnlunisyiuned 100.0043% Fsaunsonsiasuanuiaund
Isrouisfwiumbiignssyiuuiiiminnuiinunftulszanm 20 Sunit dwmsulunsdli
nadeuSaneiiumegadeyatl 2 Sanesuausanseduaruiaunitiintulivdnuude
FuiinanuRaunATuusyatne 15 Wi 10 397 (@1usensaasuanuiinunddiiadule
AeufluuisinanudemeuarltawnsarauseluldUszana 1 4ol 47 undl 40 Sund)
it inussansamlunisnsiadu 87.6526% Fadunsdfiliuasnslunisnodu
A wisUnAfid Mg e Tign LLﬁim'lLﬁaﬁmimwiﬂamaﬁm‘%wzﬁﬂmuﬁﬂﬂﬂﬁmﬂgﬂ
fiao ﬁlsﬁaLﬂmlﬁ'jwc-fiﬂamaﬁLLU%?'qﬁwmﬁmJﬂﬁﬁLiuﬂﬁutﬁuqﬁuaﬂwa@iaLﬁ'aaﬁauﬁ%ﬁa
YBUATILUT AT URAUNR waswdsanndisane3fivanunsansreduanuiisundiantuly
L wuSedsaunsavhanuselUlddnssevnamile Wsvana 1 $alus 47 undt 40 Fud)
Aoufiuuaasdsmsauliausavheudeluld ﬁaﬁuwﬁmm%amﬂﬁa%’qmmiﬂﬁﬁm&a
Srdgaananildandaneifiululdlunsinneiiiefuilefulamiasiiniulgetn
Muviad °zhaﬁa&ﬁ’um‘swqﬂ'ﬁwmﬂaﬁuﬁwaqLﬂ%‘aﬁﬂ'ﬁﬂaﬁaa‘juaﬂmﬁauwumsﬁawﬂﬁﬂﬁ



U 5

d5UNaIUIL AT UDIEUD Y

5.1 UNUI

'luwﬁlﬁuwawmsﬁmmé’aﬂ%ﬁum’mﬁummﬁﬂmﬁ’lum'31/71&1%aaLLU%’a lng
namiingusrasduazanudAyoImsidy dussunsiaundanesfuasaiuanuinund
lumsrhaueeuuia nansvnaevdanesvunsasuaruiinunilunisvhuvouui et e
oo nasfUlAUBLUIRRTAdd S uNIRAU HetendanasTiumsaduauAsUndly
nshaueeuTaiaiiuyssavsn i Saneifiu uaznsiauidaneiiiuasaduany
Andndlumsinureuiisugdanediunmmiuesagmslinuasmdsvasuiaiely

5.2 asUilanivasmentinug

InendnusatuilfiiauedanesrialunsnseduRnundlunmihautesuiedaus
svevusnidy nefinqusvasidieldifuesasiolunimmsafuanuiinnilunsianuses
wude Fududeyaiislusgredeiiaglfidminfidoutizesnunaiosdnsnaaunsnans
ununsPeutisasnwlaesnamnzan uenandsanesfunTviunmsrihuiiiaunfves
widsdranunsahlutfSudaunenslifusanasfiuvinngongnsldnuativieveuui e
m’m%’umm@mﬂﬂﬁﬁLﬁwﬁudauﬁﬂzﬁwmsﬁﬂmmmm&gmﬂ%’ﬁummﬁa Fataeannis
Ussinanavesdanediiuviuiengmsldauvesuisasld

Sane3iunsadunisieuiiinunfveswuisiladnauslfeonuuuiieiznis
AATgRdy NN TAASTiouUe IUS IngiienannauanwuzdAyvesdgygn ey
Touina wazvulamunan-aaud sauds 3 s9aea0RY Ae Crest Factor, Kurtosis wag
Wavelet Packet Decomposition Node Energy ﬁ'ﬁ:ﬁﬁummaxLﬁaﬂlummﬂaﬂuwﬁuﬁ 5
Tneld Daubechiesao WWuvaalunisudas anduiaudnuuedfyimueiiaialdiiu
foyalunsiSeudifioyszinarimuusing sesuusaeinisonanesladainuuuridu e
THduedosdolunsnsaduanuiinuniiidetufuuuse Tnowadnsildanuuusiansns
anegladainuuuniuudmiuaraduanuinunfveswuds Ao alonafiuuseieuly
anzUnd uazalenaiiuuivhavluanefaaund lnsldrlomanuusevihauluanne
ARAUNATHLASUTUAMUS UG EUR 83 Evae Savitzky-Golay WuuSinaildlunismsaadu
nmsvhauiinunfivesuuse delafmufialemaiuuiehanuiiannRnundsusin iy
niAveunlunsdnduunteyarednuuiiasanisanaesladannmiuy (Havouwnnig
IAVILUAMIAY 0.7708) 6‘1’7Lmﬂ«?f\iﬂénwgﬂisqdmﬂuﬁwLmﬁqﬁ'Lm%f'qt.ﬁmmmﬁﬂﬂﬂﬁ%u



il

lnganunsoaguiuneunsinnuresdansifiunmaduanuiaunflumsisuveawuils fe
o 1 5.6 a a a ) a T o v
SUN 5.1 AenduyiinisusziliuyszansamlunisnsiaduamuiaunAiAnTuiuluiene
al = =% 4 o }7-%) dyﬂJ g = L 1 -] L)
sanasnunaue lneldmdinns 4 wiis As Anvsasidudainunduglunisnsiaduainy
=Y = 1 d' { & 1 =i' al
AaUnd, AlladeAliuaaInAiauanysol, AndesuunnnsgiuvesannaIarfouanysol
wazdRigiadssAninmlumsine Tnenuinisvegeudanesiiudmegadeyad 15
daneifiuasnduanuAnunilunsvihuresuilivszdnsnmlumsesinduiinian Tned
' § o & [ w £ da ad ' = a
Aeiidudnnugndedlunisdnuendeyaifinunff 99.6117% f1ArurainAdouLady
&=l VoA a P i el
auysali 0.1264 ALTJLUULIATFIUVDIANUARIAATOUANYTN 0.1270 uazer sudyin
a a ° { = s a ay v P = =
UseanSanlunisyinuned 100.0043% FeanansansnduanuRaundldneunaziganign
FEYIMUSAAAAIURAUNA (NougA Actual Defect) Usguas 20 U Lagn1svndou
@ ac v ) a o v el I o w = )
danaifiumeyntoyain 2 L‘i‘lunﬁwﬂaauﬁlwwamimiwwmmmLLaJumugamqm lnenda
= ) a -1 [ = a a a a Sty
ABSUETIUITNATIIIUAINURAYNANLA UL VEIN AL USUSIARALRAUNRTUUSZINE 15
Y19 10 Ju19 (@ unsansvdventuisunaniindulanaunuusiazidomisnazldaiunsea
iuselulnusyana 1 42lue 47 19 40 Fuf) freain I nUsEAVSAIN 87.6526%
9L LU 9 ana 3N 293 UAIILRAUNATUN TS 191 U0 LS SR ILAS Lo T us IS Y
gasad Ul duwasesdialunisiuislontaniussazsinsuiaundld rel¥idmdn
] L7 df as o d' =3 '3 1 c?i’-:l L7 o
Ungssnwiasesansnadunsadweyanidulselemimartnlaainnisiuwisldlelunisia
wnunsgontsaliedn umneausely

5.3 Jaiauauulun1swauIIuIY

Fanesfiulumsasafumnuiaundlunisieurasiudedilddnauet 165uns
Wanrumsiesisdyadeyamsauaziouildainnismaaeuuuiadnau 17 gadoya Ty
14 13 gadeyalumsBous Wommmsiiimasiddyuasdanasiiy fazduinluntsiaun
é’ana%ﬁmmwﬁummﬁmﬂﬂﬁﬁé’faﬂmﬂ;m%’au‘jaﬁm%mm‘%auifﬁﬂmumn inliAnA1y
Audesianan wazdunu lumsianndanesia ierdunsuiuussaaunmsesding1n 3
AsAogBdlunisUsuUssSanesfliausaUiuAm T imesidf yuessanasriulile
Afnzay Tnsendedoyalunisifoudiidesas Tase1sldisnisinsefesdusenou
(Factor Analysis) i1 N1353AsIwiReAUsEnaudIAsy (Principle Componence Analysis) ffu
gagadnvuzddyitldlumsSouivesdaneiiiu weliaus adausnianzandnvmed
ddndeenisnmaduauinundlunsiaueswuis 393Emsdindnitiansiuiuin
wlsfureauuirasnsduaruiaunfastiiduethann iliuuudaesilifinnududou
Yfovas annsUszananafilisniu waediausanwsyansamlunsasinduauiinunily

I



a2

Raw Data

Preprocessing

Feature Extraction

Dimensionality Reduction
{Optional)

Define Actual
Defect Point

Data Preparation

Estimate Logistic
Regression Model
Parameters

Define Defect Threshold

Estimate Savitzky — Golay

Smoothing Parameters Eetidint e Dafact

Probability

Earl\ihu‘%% Defect Probability
Detection Model™

Algorithm Performance
Assessment

JUT 5.1 2 MMTN8ane39uns1aduaNuinUnFAlunSiaure L3



(4]

(8]

(9]

[11]
[12]

[13]

55

LONE1SD19D4

Gandhare, B.S. and Akarte, M. 2012. Maintenance Strategy Selection. Ninth AIMS
International Conference on Management (2012), 1330-1336.

Thor, J. et al. 2013. Comparison of Multi Criteria Decision Making Methods From
The Maintenance Alternative Selection Perspective. International Journal Of
Engineering And Science (1JES). 2, 6 (2013), 27-34.

Sankararaman, S. 2015. Remaining Useful Life Prediction through Failure
Probability Computation for Condition-based Prognostics. Annual Conference of
the Prognostics and Health-Management Society 2015 (2015), 1-8.
Tobon-Mejia, D. et al. 2010. A Mixture of Gaussians Hidden Markov Model for
Failure Diagnostic and Prognostic. 2010 IEEE International Conference on
Automation Science and Engineering, CASE 2010 (2010), 338-343.

Kurse, 5. et al. 2013. Multi step ahead prognosis-of bearing signals using NARX
network. International Journal of Innovative Research in Science, Engineering
and Technology. 2, 9 (2013), 4759-4767.

Satishkumar, R and Sugumaran, V. 2016. Vibration based Health Assessment of
Bearings using Random Forest Classifier. Indian Journal of Science and
Technology. 9, 10 (2016).

Hu, C. et al. 2010. Ensemble of data-driven prognostic algorithms with weight
optimization and  k-fold cross validation. ASME 2010 International Design
Engineering ~Technical -Conferences and. Computers and  Information in
Engineering Conference (2010), 1023-1032.

Patidar, S. and Soni, P.K. 2013. An Overview on Vibration Analysis Techniques for
the Diagnosis of Rolling: Element Bearing ‘Faults. International Journal of
Engineering Trends and Technology (UETT).-4, 5 (2013), 1804-1809.

Devendiran, S. and Manivannan, K. 2016. Vibration based condition monitoring
and fault diagnosis technologies for bearing and gear components-A review.
International Journal of Applied Engineering Research. 11, 6 (2016), 3966-3975.
Kharche, P.P. and Kshirsagar, S. V 2014. Review of Fault Detection in Rolling
Element Bearing. International Journal of Innovative Research in Advanced
Engineering. 1, 5 (2014), 169-174.

Nabhan, A. et al. 2015. Bearing Fault Detection Techniques - A Review. (2015).
Jammu, N.S. and Kankar, P.K. 2011. A Review on Prognosis of Rolling Element
Bearings. International Journal of Engineering Science and Technology. 3, 10
(2011), 7497-7503.

Lacey, 5.J. 2008. An Overview of Bearing Vibration Analysis. Maintenance and



[15]

[16]
[17]

[20]

(21]

[22]

(23]

[24]

(28]

54

Asset Management. 23, 6 (2008), 32-42.

Graney, B.P. and Starry, K. 2012. Rolling Element Bearing Analysis. Materials
Evaluation. 70, 1 (2012), 78-85.

Kruger, W. 2009. Tracking rolling element bearing failures using mechanical and
electrical vibration testing methods. ALL-TEST Pro.

Bearing and Shaft: https.//vibralien.com.

Nectoux, P. et al. 2012. PRONOSTIA: An Experimental Platform for Bearings
Accelerated Life Test. IEEE International Conference on Prognostics and Health
Management (2012).

Kankar, P.K et al. 2011. Fault diagnosis of ball bearings using machine learning
methods. Expert Systems with Applications. 38, 3 (2011), 1876-1886.

Lee, H.H. et al. 2007. Bearing fault diagnosis using fuzzy inference optimized by
neural network and genetic algorithm. Journal of Electrical Engineering &
Technology. 2, 3 (2007), 353-357.

Brkovic, A. et al. 2015. Early fault detection and diagnesis in bearings based on
logarithmic energy entropy and statistical pattern recognition. 2nd International
Electronic Conference on Entropy and Its Applications (2015), 1-14.

Rai, A. and Upadhyay, S.H. 2016. A review on signal processing techniques
utilized in the fault diagnosis of rolling element bearings. Tribology International.
96, (2016), 289-306.

Yan, W. et al. 2008. Feature Extraction for Bearing Prognostics and Health
Management (PHM)- a Survey. Air Force Research Laboratory (2008).

Neui, W.K. et al. 2013, Wavelet Analysis: Mother Wavelet Selection Methods.
Applied Mechanics and Materials. 393, September 2013 (2013), 953-958.
Kurmnar, H.S, et al. 2014. Selection of Mother Wavelet for Effective Wavelet
Transform of Bearing Vibration Signals. Advanced Materials Research. 1039,
(2014), 169-176.

Wavelet Packet Decomposition. Tree: hitps//www.mathworks.com.

Habib, M.R. et al. 2016. Mechanical fault detection and classification using
pattern recognition based on bispectrum algorithm. Sustainable Vital
Technologies in Engineering and Informatics (2016).

Savitzky, A. and Golay, M.J.E. 1964. Smoothing and Differentiation of Data by
Simplified Least Squares Procedures. Analytical chemistry. 36, 8 (1964), 1627—
1639.

Kaneko, H. et al. 2016. Practical Use of Savitzky-Golay Filtering-Based Ensemble
Online SVR. IFAC-PapersOnLine (2016), 371-376.



S = Yo w 1% - = LY 1 Y o o v 1%
nasiluenansnanulidmiumsldnuienisnwintu leugslmhlldussleviaunis

Lidnsdilag vivau Snvieinudlvidaulasilon wazsesedaiaiivesenasnnassiinisualuly



56

AMARNUIN N

ASUNTITANUN

Uas

‘uwmwﬁ'l




Early Fault Detection based on Ball Bearing Vibration
Analysis using Multinomial Logistic Regression

Thanadat Kerdsiri

Faculty of Engineering, King Mongkut's institute of

Rutchanee Gullayanon

Faculty of Engineering, King Mongkut's Institute of

Technology Ladkrabang, Bangkok, Thailand 10520 = Technology Ladkrabang, Bangkok, Thailand 10520

thanadat.kerdsiri.edu@gmail.com

ABSTRACT

Rotating machines play an important role in several applications
continuous operations of these machines is vital to these
applications. The reliability of these rotating machines depends on
ball bearing health. Bearing can fail from many factors, e.g.,
impurity of lubricant, improper installation, etc. All of these defects
can be detected by vibration analysis. Therefore, v:bmwn signals
are utilized 1o develop early fault detection of ball :
operators of any anomalies in the system. This 1

fault detection algorithm using a logistic w\lﬁﬁod to
assess the health state of the system. This -; £ssio) w.ﬂ:zesd)c
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process is critical especially for sensitive processes that require
continuous operations with high reliability such as oil refinery
systems and petrochemical plants. In such systems, time-based or
condition-based maintenance was no longer sufficient to maximize
operation time and efficiencies while keeping outages to a minimal.
As a result, an early fault detection system was developed to detect
anomaly signals and wam operators at an early state, which
r s the system from unplanned shutdowns or fatal accidents.

BB g my

3 developed early fault detection systems
itoring data from sensors placed on the
machines. This system wmﬂmgpmr as soon as abnormal
SQM? are detected. Engmmw*mhzz this information in

xppmg:m;} ‘maintenance es. An early fault
m sjeuem’n’& eombuuuymily d(mmdmg Therefore, in

heafmgls

g e
mﬁmﬂ h (For
[5]) More d s:ihmu ball

can be found tl[ G'] and [7].
ration analysi wmgmg’used for ball
- vibration si s are generated from
ee be‘inng wﬁus These 'signals contain

fics depmg: onfﬂu excited source.
, 4 vibration annlysn appmach can detect all failure
bemng,_ p

. These features, which represent

differen Aracter ofv:’brauonsugm]s,mlhmuulmcd
g ofclassifiers in order to predict ball bearing fault states.

Details orhsfemreexmonwxllbed:scussedeecuonB

Multinomial Logistic Regression (MLR) is one of the popular tools
10 correlate input features 1o failure modes. This methodology

%ma% w fguresareexmwd from both
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classifies the failure mode of a given input data in terms of
probability. We will discuss MLR in details in Section 4.

In practice, MLR predictions fluctuate caused by several factors
including measurement noise, disturbance signals, lack of training
data and improper feature selection for classifier training. To
improve the classification performance, a smoothing algorithm
such as moving average is used. However, in signals with low
signal-to-noise ratio, moving average seems unsuitable because it
required a lot of historic data (wide windows) to filter out noise.
This will result in over lagging predicting result. Forunately, in
1964, Savitzky and Golay proposed a time-domain smoothing
algorithm based on least-square approximation. This algorithm is a
powerful smoothing algorithm that is utilized in many applications.
Kaneko et. al. proposed a Support Vector Machine (SVM) to
predict  unknown measurement parameters. The  predicted
parameter values are then processed by Savitzky-Golay filter 1o
reduce prediction noise in order to increase prediction accuracy [8].

In this paper, a vibration approach is developed using several
features extracted from both time and time-frequency domains.
These features are used for training using logistic regression in
order to predict bearing health states. The Sawuky—Go!gy filters
are used for noise reduction in predicted values. The confidence
interval is of 99% are used as a threshold to)usnfy the faulty point.
During the experiments, we used actial data of ball beanng
provided by the FEMTO-ST Institute for testing this pmpuséd
method and assess performance of!he ‘algorithm.

2. PHM2012 DATA CHALLENGE

DATASET
In this research, we choosc the PHM2012 dauchallmggdataset
provided by the FEMTOST Institute for analyzing, md&wcbmng
bearing fault detection system.-The PHM2012. dmse!.m
from  bearing  accelerated life; deg-adaﬁon 4
(PROGNOSTIA) shown in Flgurc L -

Figure 1. PROGNOST[A Plﬂ:l'om (ﬁ’gm from i9|}

In PROGNOSTIA, vibration sensors and lemerannre ‘are
installed for data monitoring. Vibration data is. ciﬁlmed by
horizontal and vertical accelerometers which are installed'on outer
races of bearing. Vibration data is recorded at a sampling rate of
25.6 kHz. Measurement data of 0.1 seconds, equivalent to 2560
data, were recorded every 10 seconds (Figure 2). RTD PT100 is
placed on PROGNOSTIA for capture temperature data. Since this
paper only considers the vibraton approach, only vibration data
will be considered. The PHM2012 dataset consists of 17 datasets,

153

operating at three operating conditions: rotating at 1800 rpm with
4000 N of radial load (dataset 1 1o dataset 7), 1650 rpm with 4200
N radical load (dataset 8 to dataset 14) and 1500 rpm with 5000 N
(dataset 15 to dataset 17). More details regarding PROGNOSTIA
and PHM2012 data challenge set are available in [9].

recording phases with a
sample frequency of 25.6 kHz
i
ML 1/10s time
ey 10s 0

Figure 2. PHM2012 data acquisition (figure from [9])

3. FEATURE EXTRACTION

Feature extraction is a critical step in analyzing and developing an
early fault detection algorithm. Impmper feature selection, which
increases dimension: of ma]yzed not only consumes
unnecessary computauons mourcas, it also decreases fault
detection performance. Feature extraction can be categorized into
3 mn;urrypes‘ums-domam. frequency-domain and time-frequency
domain featires-(More details about'feature extraction of ball
bearing m:ava:lah}em []0] and [11]).

¢ nm fumm are used for bearing fault detection
g[ues,peak -to-peak values, rms values, crest factors,

L ‘etc. In time-domain, anomaly signals are often

in an initial defect stages, However, they become

tppnmu and change rapidly right before total failure. Additionally,
time-domain features. ‘d:ﬁcult o categorize into each failure
mode. Despite all challenges, time-domain features like kurtosis
gives most eﬂ‘ecuve feature detection msuhs [7¥

frhquency—domm features are more sunable for categorize
ancma.ly signal into each failure mode by analyzmg dominance
: msﬁmn.

r FT) 1o cxtmci times and fxequencv details from a
signal. -However, STFT window sizes cannot be adjusted
dynamically-while perfarming feature extraction, thus researchers
have to select 2 fixed widow size based on time and frequency
resohmuns Therefore, time-frequency n‘amﬁrms were developed
10 overcome this limitation.

A Wavelet Tmsl‘orm (WT) is one of the time-frequency domain
transform method widely used in signal processing because wavelet
transformrable 1o change resolution of transform, able 1o analyze in
virous Signals type not only sinusoidal ‘and etc. A mother wavelet
selection is a critical procedure for. W'[ since analyze signal with
different mother wwdcis give di erem results. Currently, we have
many methods for mmher avelel selections but no standard
techique’ for mother Wavelet selection. Many researches use
similarity criteria for. selecting a mother wavelet base on qualitative
or quantitative approaches [12]. Kumar et al. presented the best
possible mother wavelet selection criteria for applying WT on
bearing vibration signals, namely, Maximum Energy to Shannon
Entropy Ratio Criteria and Minimum Shannon Entropy Critena
(MSEC) [13]. Therefore, this paper will apply Maximum Energy to
Shannon Entropy Ratio Criteria R(s) for selecting mother wavelet.
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In this paper; we will apply the crest factor, kurtosis and wavelet
packel node energy to the PHM2012 dataset 1o create a feature
matrix used for training and testing our early fault detection system.
For the mother wavelet selection, we transform vibration data on
dataset 1, 2, 8, 9, 15 and 16 using three different wavelet families,
Symlets, Coiflets and Daubechies, at decomposition level 5. The
resulting feature matrix (Fea) will consist of 68 features on each
sampling (64 wavelet packet decomposition energy nodes, 2
kurtosis values and 2 crest factors values). Next, we calculate the
Maximum Energy to Shannon Entropy Ratioc (MESER). The
mother wavelet that gives the highest MESER value will be
selected for wavelet transformation basis. From the results listed in
Table 1, Daubechies4( (DB40) showed the highest value. Thus,
DB40 is used for this research.

-

4. MULTINOMIAL LOGISTIC
REGRESSION

Multinomial Logistic Regression (MLR) is utilized for estimating
bearing health states. The health states, N, can be either normal or
defect (N = 2). There are two steps for estimating the probability
on MRL states, The first step uses Equation 1 to calculate the
probability that bearing stay in state r (reference state). In the
second step, the probability that bearing stays in state j, state other
than reference state, is calculated using Equation 2. The exponential
term L; is called the log-odds response, which is the logged.
relative probability that bearing stays in state j compared to state r.
1

Pr(State = r|Fea) = W

€5

Table 1. Maximum Energy to Shannon @y;rogy )_hﬁn of horizontal vibration

10.2568

Maximum Energy to Shannon Entropy Ratio, R(5) (x10%)
Condition 1 7 1650-rpm 400-N |
Mother 8002 BRI S % Dataset
Wavelet 55 ) ; Dluset’!s»:;-,:;‘
09300 | 0.829]
09807 | 0.8706°
10191 | 0.8889:
- 1.0471 | 0.9099
1,0788"| -0.9331 :
23083 | 09565 :

11.9813
13.3250
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oli(Fea)
Pr(State = j|Fea) = W 2)
Pr(State = i|Fea ;
fywela (PrES tate = rIIFea;) ©)
or simplified to,
= Bo + (ByxFeay)+... +(B, xFea,) “)
where the logistic model parameters, By, B, ..., By, are estimated
using Maximum-Likelihood algorithm.

5. SMOOTHING AND CLASSIFICATION
THRESHOLD

Prior to using the MLR probability as the classifier for beanng
normal or defect state, these probabilities have 1o be filter using the
Savitzky-Golay smoothing method. Next, a faulty threshold has to
be define for our bearing application. To define a faulty threshold,
we use a mean value of faulty probability on each mmngmwhiﬂi

passes the actual defect point (Table 2) to estimate _,el s
interval at 99%, The confidence interval can queﬁnadﬂy on
= -
£ 6 . - - 3 %
Cly =%~ OF X—— ‘ - :
L =% (ccg_;c V,N) gS) 7

where CI, is lower-confidénce interval valiie, ¥ ds mean of mean”
value of failure probability, CCF is the confidence coefficient that -
can calculate by inverse of Student's' {-cumulative distribution
function, 7 is a standard deviation of the melnﬁ:hxmpmbabmry
value and N is the number of training sets which equalsm 13 m

Table 2. I-‘ailm probﬂ:ﬂjtyqun on’ each n-ainl ut

e
1 lsoﬁ-rprﬂm N #1‘ ;
3 1aoo,rpmgooo-N #3*5
: it R §
5
7
9 S
10 1650-mpm 4 200~N#3 £y
11 1650-rpm 4200-N 44 4
12 1650-rpm 4260;3\7'#;{5
13 1650-rpm 4200-N #6
14 1650-rpm 4200-N #7 g
16 1500-rpm 5000-N #2 :
17 1500-rpm 5000-N #3 :

6. PREDICTION PERFORMANCE INDEX

The Prediction Performance Index (PPI) for measuring the
performance of the early fault detection algorithm can be evaluated
by using Equation 6. The value of PPI greater than 100% indicates

,p

that the algorithm most likely will detect bearing defects before the
-actual event. Whereas the value of PP] less than 100% indicates late
detection of the system defects.

PPl = 100x (1 B FPate)

“"hﬂt,

e is the to1al failure of the bearing where further
operating can cause major damage to the system.

ActDef is the actual defect point which is identified
during the data preparation process.
is the predicted defect point obtained by the

Fo sets‘from the PHM2012 data challenge (dataset 2, 6, 8
and 15 w"é’i’@*ﬂhdwm e proposed fault detection algorithm. A
data point is eonsndueam,lfﬁlgnlor of the system failure detection
L3 its ;fqnl} probability is 'gfuler than 99% confidence interval
twdbhb;mynmmm 0.7708). "%, %%

ﬁ from dataset 15, It's
: 'ﬂny -were shown in Figure 3. . Qur algorithm detects
defect state 10 seconds-afier the actual defeer occurred, 4,640
seconds (=77 dﬂum} before total failure. The worst fault
detection resuit canbe seen from dataset 2. It's failure probability
~ were shown in Figure 4. Our algorithm detects defect state 970
seconds (=16numl‘les)aﬁq'amual defect occurred, 6,400 seconds
(=106 mmuws] before. total failure.

Alfhiough the wrpe-uﬁmu! mamm late fault detection, this
‘algorithm can uﬁhze_d”ai.a ctor for fault detection
because thfsa!gbmﬁm cﬁl ‘detect anon sugna! long before point
of’syécm total fmlure. -

et:, 6, 8and 1_'5 _'

Point | ppy
(se0)
8710,
24,480
9,110
180

86.8385%
96.4706%
98.5849%
99.7849%

This paper proposed a mbmﬂon early fault detection
nlgomhm for ball bqnng q&phcanog&?eamms from both vertical

‘accelerometer vibration data are extracted using

rosis, crest facto niﬁ wavelet packet decomposition node
energy with, DIIE’&MO at level 5 of decomposition. The

fqy;mwere then processed using MLR for training and
‘assessing health states of the bearing. Next. the results were filtered
using the Savitzky-Golay smoothing algorithm to rid of any
calculation uncertainty. Finally, a 99% confidence level of faulty

pmbabdntynmnoneachn'ammgdamsetmusedm}umfyme

point of fault state.
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Figure 3. Failure probability of dataset 15

The proposed algorithm is accurately predicted with PPI. value up
10 99.7849% on testing dataset 15 that can hbel fault point afier
defects occur in IO seconds, Even g

but fault pmba‘lnhly
ching the fault threshold,
rovide the operating engineer-a
visual queue to manage eﬁ‘\_gmmmm‘mce plan by using
prediction an information. = © :
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