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# # 5870956621 : MAJOR COMPUTER SCIENCE

KEYWORDS: DEEP LEARNING / CONVOLUTIONAL NEURAL NETWORK / REMAINING

USEFUL LIFE / MULTIVARIATE TIME SERIES ANALYSIS
MANASSAKAN SANAYHA: Remaining Useful Life Prediction of Machine Using
Enhanced Deep Convolutional Neural Network. ADVISOR: PEERAPON
VATEEKUL, Ph.D., 73 pp.

In the operation of power plants or factories, machinery and equipment must
be reliable, ready to use and work continuously for efficient production. The Remaining
Useful Life (RUL) prediction of equipment is performed in Predictive Maintenance (PdM)
process which can reduce the cost of corrective and preventive maintenance. Most of
existing models analyse sensor data separately; univariate analysis and rarely considers
relationship between sensors and time. In this research, we applied a Convolutional
Neural Network (CNN) which considers both dimensions, including time and sensors;
multivariate time series analysis to predict the RUL of machine. In addition, many
techniques have been applied to improve the learning of the proposed model in order
to increase the performance, including dropout which prevent overfitting problem of
model, model’s complexity reduction with L? Regularization and the Adaptive Gradient

Descent (AdaGrad) to adjust the weight and learning rate of model while training.

The performance was demonstrated in the experiments using the error of the
prediction in term of the Root Mean Square Error (RMSE) on the datasets with the
multivariate time series property on a standard benchmark datasets and dataset from

the actual operation of sample equipment in power plants.
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2.1 NgegneItas

[

lunddetiinguifesteddaun lasseUszamiiion lassieUssamiieuuuy
AaUlIgdu wagNSATLINAIULILED

2.1.1 lpsedneUszamiien (Artificial Neural Network)
Buszuviiiautulaslfuuusiaemisadamansifouluunishnuresanes
$raedlimilounszuiunisiiouivosuywd wielkamnsniSouinsandiguuuunazaing
amnuslnildiduierivanesyed nénnsiaude Wedeyaiiiundilaswieuszam
Lﬂangﬂdﬂﬂﬁ%’jm’fau (Hidden Layer) LﬁaﬂizmawaaaﬂmLﬂmm(ﬁwm

lasstgUssamiiisuiimbeiugiuaniigasondn wesidunseu (Perceptron) &

lassasieanagun 1 vimhueniendnausasnguesnainiu wagdilsidun1siau duans

in; b
in %
2
T >
W, » Output
in, Wi,

JUT 1 wandlassadrsvosnesidunseu Inedidoyatindn Anhmin (Weights)

Tuaunsn 1

flx) = Xy wix; + b (D

18 W NUAILINLN
b WIUANAINULDULDE

n wnudnuvesteyatidn

& 6 @ v a Y c{' [ v o
“L!E)ﬂ"mﬂuLW@iL‘UUGﬁ@UENiJﬂﬁ%‘U’JUﬂ’ﬁLﬁﬂuz AIAUNITN 2 hag 3 WUAINIAUA NS

Wiguwlanhuinluudazseureinsitews Weuiudnsdiuvemasisvesdeyadionn
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w; <« w; + AWi 2)

Aw; = a(§ —y)x; (3)

lag x wnuyntayamieg
9§ wnuAdeyadisanivinungla
y WNUAIUBYaA108N139 WU

@ WUBRIINISISEU3 (learning rate)

1. TassvneUszaieusuutdauludnantin (Feedforward Neural Network)
< 1 =1 4:4'4:4 o 1 1 4 a a [~
JulasenedssamiiienisinnsiuauiasdmiuvesoyalUluiiamaseiuasidu

d1u Hlassasradudsutu waslunsazaisutu Twesidunsousiuiuniadanasigunsou

(% 1%
vy oA v

] a [y A =2 o 1 a [y §f = I o
IU%ULﬂﬁl?ﬂu%gluL%aﬂﬂﬂﬂu LLG\"\]%LSUE]JJﬂULW@?L%UWi@um@@JIua’]@U% ANAUNINUR LA T

£ 1 § & & ! 2/ < 1% o v f @ ] LY
“UE]%@E‘N@E]WU@QLW@iL%UWi@u%Uﬂ@UVUW "\]8LUU“UE]Z%IE?UWLGU'VUENLW@?L%U@?@UIUSUH{JQQUU

lnedlasasneisgun 2

Input Hidden layer 1 ~ Hidden layer 2 Output

JUN 2 wanslaseingyszamiteusuudeuludiamdl

& o o [ v o £ f @ S o =] & o
‘IJEJﬂ"i]Wﬂuﬁ’]%iUﬂWﬁﬂWUﬁmﬂJ@iﬂauqL“U'WGUENLW@iL“ﬂJU@i@UIU‘ﬁUO@‘lU Az UNIATY

N3¥AYU FaUNISN 4 uag 5
J_yn j o Jj-1 J
z] = YR Wi, X, + b] (@)

x] =g (5)

Iy g wnuilendunseau

o < o v o A .
n WU unes@UnsoulusAuTun Jj-1
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2. MIUNINTTAEDUNAULALN1580U (Backpropagation and Training)

TassgUszamisnnuuluimihannsameiaiueaiaia doureanesiiunseu
Tuduanineldiennmsiuanaifsuresilaidusunuiisuiummadnsuesiuaning us
mMsmaesemAAReuTetnesiUnsouastuneunt eldlunisiFeudiulianansash

Ialaense 39TNSIEITNSHNINIE8TUNAY FIaUNIST 6

l
I _ 6] _ 6] aa] _ 6] I 1
0 =321 =3l ozt ~ 3al9 5) (6)

loe &) unuArrnuAsIandeusLneSiUnsewin J Tuddutu [

4

j unuileitusunu

q

z wnuanfidwaldnewssinuilsidunsedu g

I a_] o LY gj 4 o & o L N
Tun1suan P ELUﬁ’]@UGUUE’jGWHEJﬂWMWiﬂﬂWU']mim@&l@iﬂﬁ]’]ﬂﬂﬂﬂ%u@]unum
4]

BENM @UlUA P UTUNDUNTNIABIMIIAEITNITENINTLAYTOUNTU LAYANUIUAANEAUNNS

Joulutemin wanduia saaunisn 7

a; m 0y dakt?

— _ m 6l+1 [+1
= kel T = - Wy 7
aa5 k=1 aall{-}-l aaj Zk—l k kj ( )

198 m wiunumwesiguasauluddudtun [ + 1

NFUNITA 7 AZAIUITONIAIANUAAIALARDUVDILAALIEAUTULS vinTAa U150

AMUINAIANLAIIAIAT LU UM LagAinuleudedle o laasaunish 8 wag 9

l
9y _ 9; 0z

[ l 1
6W]-k az]. awjk

== 6} a;(_l (8)

l

9; _ 9,0z l

LT _ 5l 9
ab]l. az} ab]l. J ©)

a a a ¢ o v a a ¢ = § v ) Y o l
Lua\ﬁlflﬂ')WEJWUWUSUSLGU?{IG]LLﬂamﬂLﬂiLﬂﬁJULﬂaLsﬁUW q]ﬂi%ﬂ?iﬂiUUE\‘iﬂqquUﬂ W]k
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2.1.2 Warigunszdu (Activation Function)
foyadivonvoudazinesifunsou azilinsldfleddunsedu f(x) Adaels

lasanguszammifisuaiunsawidgymilavainnateuiniy Aandunsedunieuiuile

= =
FNYALLDYARIUNITINN 2

a ¢ o v ! v ¢
AITNN 2 LLﬂ@QUﬁgLﬂWﬂQQWQﬂ%Uﬂﬁgﬂu ATMNAANT LLATHAUNT

Wangu ANAANS AUNT5VININTY

Do
-
c
=b

—_

Wangunuon 0891 o(x) = (6)

(Sigmoid Function)

2 HIATULNULAUA LS 1891
ex_e X
wasluan tanh(x) = (7)

eX+e™*

(Hyperbolic

Tangent Function)

3 | Weidueiasanege | 0841

. e’

29U (Softmax f(x)j = SK o% (8)
=1

Function)

il AINTULSAA LN ALT " %38 0

. 0,ifx< O
1du (Rectified flx) = {x i;x >0

Linear Unit

Function; RelLU)

5 HanduLanglnnu (—a,00)

WeaLgandu fla,x) = {

(Exponential Linear

a(e*—1),if x <0

x,if x>0 (10)

Unit Function; ELU)

) o o

dmFuilendurngeanadisgeuluturelaseingssamiiounnesnisAiui

1%
[ Y LY

HARWSTanUA K 6 ANvesnaansazunumedyanual x na1ipe Heidudgeansgregeu

VOINASNTAIN j TBunumedyanual f;

o
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2.1.3 Werigudiunu (Cost Function 3@ Loss Function #3a Objective Function)
[ s o I = =i = v i =
Juilaiduveslaseneyssamiieuiiuansfeiunuueslasaiayssamiien Tngly

nsseuivedlassieUszamiiieniy agiinsuSuadminivenazanAmadnsvesilandu
Aunu dmsuilanduduyuiniieuldfe Aauaaiaadoufiidasaads (Mean Squared

Error: MSE) @nansadunaléainaunisd 11
1 ~
J= ;Z?ﬂ G, —y)* (11)

o J unuilendusunu
° v < = = %
n uudwuteyarianuaildlunisteus

'
& a a

Vi WNUNATNSATINADINTVRToYaYAN i

' '
cal o al

P, wnuradnsivihueliveslayayai i

2.1.4 mMsmananziiga (Optimization)
AUTTAIATRINTTEEUIVRlAT U IeUsEAIBNAD ieanA1vaslenduiunulv

v N v ) S o v A | = ° v aa P~
Weeigamenisusulpminvesdudonlulassedssamiion dnsuisnisildlunis

Ysuugnhminveaduionnlasumnutieuiidadeludl

1. dlpueadninstieumauyi (Stochastic Gradient Descent; SGD)
nseuimealauaainnsfswnau dnsusuavesimin lngtdiamin

ADUNLNUNATUIUAIAUNITNA 12

—£ (12)

198 w Wunistwesdadutivinfdesnisazdsuan
a WUSnIINSISEU;
aJ -

o wunsiiguvesilidudunuiiouiu w

N o § v a v Y aX a A a | a
sy linisiteusiinisguinATulagnanifeanisinegilaneasandsn (Local
Optima) dadusilmunziigaluyas o nlawaldldnmun amnsaldluwudy (Momentum)

wAteymRananl feaun1si 13 uag 14
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198 v knuAIANILSTTnIsUSUAMSau U w

Y wnuadulseansvedliimlusiy (Momentum Coefficient)

2. insheuwuuUsumle (Adaptive Gradient Descent; AdaGrad)
TBilaguTudnnnmsiteuinnasuiunivuamedies nduaztannsieuly

afnun e UTUAnTINISISEUS faunsh 15 uay 16

a
gi= a—{; (15)
W= W1 — Lgt (16)

1n8 g, WUASIABUNLIAN ¢

3) p151dueansoN (RMSProp)
Filasivannsfeuvespsenounthuildluseunaseuidegiu waziluuiudsgs
9n31d11Y098RI1N19158U3 laeiinsldrinunainiafeunideasdiaie (Mean Square

Error) &SuUlAuAIQdsvadnsAey f3aunis 17 18 wag 19 audiau

9

g = 2 an
MeanSquare, = yMeanSquare,_; + (1 —y)g,> (18)
= - — (19)

We = Wi JMeanSquare; gt

oy y wnudnsimsldinsieuvesenlunmsieudeumnualidu 0.9

2.1.5 n1saseuianyi (Dropout)
Juisdesiunsdaiudeyaiieusunniiuly (Overfitting) wazdeyminisnsiadu

1%
[ o [y a

AENvaze 9 Auvesiasearinniaesidulululaswieyssamiiiey Sendn nns

v w1 [y

USudasaunu (Co-adaptation) vinlwlassneussamiisuldaiunsavinanulaegnedl
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Usgansnmuandunsdufeminensludnunivesiiseaudaziinanyineudild

HaanseanuImlouiu N1IAsaURIENaNNITINIUAL Irdudndueuvalasyiy

v

Uszamiealuseninamsiseus asun 3 lunn q seumsiseuivestoyausassi lag

Y

alilfimsvihnisaseviowilunisnagey Faluduneun1siieuiiideazduaniuiig
Juusiagnisiliousievesanimin dseuminusasaazgnduliegsening 0 fe 1 win

Y

dulailu 0 aglaignihluldawinlunissews waslutunsunmageudidmdnynan

¥

J 1 I A o 4
gnansIgAInNaz lumvualy

JUN 3 Wiguwisunmsasediewilulassingyszaniiey
(1) waRIlATIINBUSEAMIBULUUUNR
(2) WEARNINISATBULDNNNLNITARLE LT BUVBILATIU8USEAMTEL

[‘1'71'm: http://cs231n.github.io/neural-networks-2/ Accessed: January 5, 2017]

2.1.6 lassdneuszamiiisudean (Deep Neural Network)
Julassredszamiieuniivane 9 duiaznainvaigguuuuy 1wy laseig

Uszamiyienmutoedn (Deep Belief Network %39 DBN) lasstneuseamifigunes
FoUVRIAIU19%a (Stacked Auto Encoders) LAsaU18UszaInifisuuuuInngy
(Recurrent Neural Network) 11428A2180397152 82 dULUUB12 (Long-Short Term
Memory; LSTM) lasetheuszamifisuiuunauligdu (Convolutional Neural Network)
~ i ' = c{' 1 a

1AMULANANINTATIVIGUTZAMABULUUTTTUAINIIN 1598z amiisuwuunau
hatumngiuteyardidiwuy 2 vise 3 15 luvugnlasaiigussaniiguuuusssuan
wingAudeyaiid 1 37 lassaevedlasairgdszamiieunsuligiuilavaleguwuy

NMTFuAng o fegunt 4
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C3: Feature S4: Feature

Maps Maps

10x10 5x5 Cs: F6: OUTPUT
Layer Layer 10

Cl: Feature S2: Feature
Maps Maps
28x28 14x14

INPUT

‘ Guassian
Connections

Full
Connection

Convolutions

|
Subsampling

Subsampling Convolutions

U7l 4 Tasstneuszaifienmreulagduiuy LeNet-5
[ﬁu’lz http://www.rsipvision.com/exploring-deep-learning/

Accessed: December 18, 2016]

lasedngUszarmiisuasuligdu (Convolutional Neural Network) tulasedney
UszamiigudisdnUszinmvmils 19auauNnannuldeneunisidnnmiisnys lnednae
Tdfoyasudnduamindannisudaunaingdnin tassadrsvedlasadneUszamiieuuuy

Aol tulTgazdeARall

1. fuppulig¥u (Convolutional Layer)

Usenausmie wnasiuaiiawnas (Kemnel Filter) Fausazinasiuaszgnivualag

o '

n1sdu Tuduneun1sseuiisusiu ndwinduarusualagn1siseushuuuningzang
doundudnuiunadnsnlaantuaeuligiu swiiuduiuvesassiuaiiawmes 13endn

Twosuun (Feature map) luduvaspauligiudnazauiieilsidunseiu Jaduilaidu

wuulsiiladu (Non-linear Function) Tuneunsiaeuligiududagun 5

o|lo|r|O|O

Lo
.o
-
o|lr|r|(klo

Convolved

Image Feature

U7l 5 uanstuneunshaeulagiuserinenimiindn
[71: http://www.wildml.com/2015/11/understanding-convolutional-neural-networks-

for-nlp/ Accessed: December 18, 2016]
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- YUINYRIAINTBY (Filter Size)
2 % v = ° o o
AoANININMAZANEYBIInTasaniinlglunmsireulg iy
- Msvimeuligduwuuiay (Narrow Convolution)

Huuldlunisineuligtulaenily Tunsiimeuligdu dinsesd

luvin nseemunIndduazlafinisnsevinasvourasun3ndsusd

nanfe nsreuligtunildeyaiuiinvuin NxN fufinsesvuin mxm
IovSndowin (N-m+2)x(N-m+1)

S a ° Y v ) . p=| °

wenanilfadinsvireuligndunuuniteg (Wide Convolution) agiin13nseii

wevauranuvsngsuieenty Tnenunfiueenluiuasinsunuavestoyateiu

v = ] a v ¢ . A ° 1Y) Y  aa

9 fe 0 138N MsiaSueleaue (Zero Padding) na1ide mMsvitmeuligtuiuuninegmil

daygasuitivuin NxN dudinsesauin mxm azlaiuninduuin

(N+m-1Dx(N+m-1) mviaesuligdusuunintiigauszasdiedasiunisgayde

Joyansausinmeuvesteyasuid laegui 6 Wunswseuiisussninansinaeulag

FULUULALUBZULUUNIS

Cs C1

51 Ss

JUN 6 1WSBUWEUNSYIAeUlg TUIUULAULAZKUUN IS

[‘1'71'm: http://www.wildml.com/2015/11/understanding-convolutional-neural-networks-

for-nlp/ Accessed: December 18, 2016]

- QUIAYBINISAITY (Stride Size)
¥ v & o 1 v % vV d‘ d‘ d‘
YNNI FeduIutesvesdayasuidn Nzgnifeuluille
insmnadnsvesreuliatulundazdes Asguin 7 ualaenaludinlduuin

YBINITAIT T UNT
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JUN 7 mevhmsuligtulaeideyaiuidnaung 4x4 AInsesvunn 2x2

- PUIUAINTDI (Number of Filters)

lumsusazduresnauligduaunsaiifnseslduinndmia dagua

A lagumtnvesiinseusaziiazueniy Iuuiinsesddudunsuligdule

9 azdunsimuadnnuesdyaianeseyasudilutudnly

JUN 8 msviheeuligdulagdidnuiudinseainiu 3

- PUUYIFYYIU (Channel)

FuIUYRIF I vIeANUENYeITayaTULT B1ARIINTIUIL
vosfansoslutuneuligtunounti vioorafiduinndimils wu nneld
Fosdaanmun 3 Poadgaaunuauddlunuidenenunisldguam

eansadeuaunsiunsAwiunaansvestunaulgtulanaunisi 20
Il — yk-1ym-1ym-1,,1 _l-1 l
Zij - Zc=0 Za=0 b=0 Wa,bac,i+a,j+b +b (20)

198 Kk UWNUINUIUtDIdy I
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wasanduasuligtuaziinisdwiniliidunsyiu Wetmadnsnlddesielu

Tayariliduseluludndsn lneiladdunseduiivuigdunisituieeignisldau

q

1w 1

&4 2 aw <, v ¢ o a ¢ a v ¢ o & a
AUNABYIUANWULLUUAIRIAY lﬂLLﬂ ﬁﬂﬂ%u@ﬂﬂ‘lwmwﬁﬂLﬁULLaS‘WQﬂSUULaﬂSUIWLuLGUEJa

Wady winsaesilanduiianuuwandeiu Asveulunvemadnsauandluiiten 3.1.2
M13199 1 Fedeyaririiddesnimils fandusedlndledusziiveulunvomadns
wirduaud Tuvaeniledduondlniuldoaiduduazlvveuiunrsmasnsinauniy

WO UL UUBND NI Y F9dINa bR AkUUINaaIYU8ladAULLLEILINAI

Ree

2. umaﬁd (Pooling Layer #38 Subsampling Layer)

luguiiiiyauszasdiieriinisanvuinvesdeyaiiiunisaouligduniudy doy

q

wavhdetutuneuligtu wafoslidndudesiundeduauely Jaasduediv

a A

& dAa A ana
nseeniuy MIadsidunieuiasdishe

- MIVIWATIUUNIAININTEA (Max Pooling)

Judsadeuunsnatsuinlunuidesuaeuligduiualasetie
Uszamitenlutagdu

o a o _

- MIYaaIuUmALRaY (Average Pooling)

135N 15NERNIoUAUNITNATIMUUMIAININTIARN WAHAGNSTLARIN

a & i .24' A v & = = = o °
ﬂ’ﬁmﬁﬁﬂ%%LUUﬂWLﬁaﬁl FL‘HE‘U‘V] 9 LLﬂﬂ\‘iGLMmua\‘iﬂ’ﬁLUﬁEJUL‘V]EJUﬂ‘LlSUENﬂWﬁVI’]

maﬁﬁ%amuw
211818112
121191 9
8110| 4
1811219 |10
15/ 9 | [21]12
12| 7 18110
Average Pooling Max Pooling

U7 9 UARIMINARILUUMALRABALINANLNNTIEN
[717: http://www.embedded-vision.com/sites/default/files/technical-

articles/CadenceCNN/Figure7.jpg Accessed: December 18, 2016]
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3. gun1sfeulenfingunuy (Fully Connected Layer)

) v A ' = o 2 o <
Jutuanvevesiiisealasainglssamiieuneuligtuazilunsveuleiy
sUBUU nannsUsEnauiuvestunsulgtukaztunad Inslutuiluseneume du
gy o NTnasidUnsou agduiunils Jaunesidunseunnaziaziidudoudumnes

< o g v ¢ Y Y o g v °
Funseuynlutuneuntuaznesi@Unsounndilutudaly yilvinisawinuuulou

TUT19MIaE NSNS NSEANE R UNAUANLNTNYIN R8T NSUNR

2.1.7 mavinspanslaiwdu (Regularization)
MAIINTIINITIAUAN YR TLAY (Feature Extraction) wad ABiinsiansanaden

= [ 1

ey viselaiddty 1wy Teyasuniu (Noise) Tadndudesdinsinsganslsidu wWiedanisiu
ANF1go U UUTIRRIRIENNSTIRUITnLazAud Ay esteyanagllunisasig
o = & < ¥ aM 1o W d' v o = (Y v
wuudnaes Faterdunisandeyailiddyeenly wieliuuudnaesinududeutioas
1. isnanslsietuuuuueanils (L' Regularization)

Aen1sIHAUINAdIYTaivasAdmnTInAum Tl duRuY Asaunisi 21
A
C=Co+—2wlwl| (21)

1ne Co wnuilaitusiunusus

A unuemsnilwesisnasiaedu
2. isnanshaeduluuneages (L” Regularization)
ﬁamiﬁwamﬂfﬁ”]é’aaawaamﬁmﬁfﬂﬁwmawﬁuﬁqﬁﬁi‘fuﬁunu AIFUNITN
22 weanmilndusuyulitosas Fuavdirgannisdeaivteyaseusuiniuly

_ A 2
C = CO + ZnZWW (22)

Iy Co wnuilsndusunususu

A wnuemsnilwesisnasiaedu
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Tunsanneeuuui@edu (Linear Regression) AilsrdusiuyuaziunauinAinay
AAIALARDUNSIADIRIANNITT 23 wavillatA1lsnaisisieduluunendadsiuiuileidy

suyuasnanazliduaunisi 24 lnefiemdnidudsaunisn 25

C=&Xw—-y)TXw-y) (23)
C=Xw—-—yTXw—-1y)+ %O(WTW (24)
w=X"X+al) X"y (25)

nsisnarslawdunsassuuuianuuansisiuraieysenis dawanslunisan 3

lngnisidentdazauivaausvasd nsdinaula uasdnuazvestoyadaan

A7 3 ﬂ’J’mLLG]ﬂGh\ﬁS‘VI’JI'NLiQﬁ’]ﬂiL‘U%ﬁLLUULL@aWﬁQLLagLLBaﬁﬁ]\‘i

L' Regularization L? Regularization
Robust Not very robust
Unstable solution Stable solution
Possibly multiple solutions One solution
No feature selection Built-in feature selection
sparse outputs Non-sparse outputs
Computational inefficient on Computational efficient due to
non-sparse cases having analytical solutions

[ﬁuﬂ: http://www.chioka.in/differences-between-1-and-12-as-loss-function-and-

regularization/ Accessed: December 25, 2016]

2.1.8 NsneNTalaunIIaIAI835133in (ARIMA)
msviunilesdeyaiimnuisidesiundnnsnsaiddoudiauin iflesanndl
mMsAnwnsideyaniiasziiiievuneuiioatu lnsdmivdeyaoynsuaniy
dvvesteyaitinsiivlurianailatianamils
nsnensaifeyaoynsuanil Seuliitensainu/a vievendiauiud (Box-
Jenkins) {w337152138n13 Auto Regression (AR) uaz Moving Average (MA) indmeriu

AIFUNITN 26
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Ve =C+ Q)lyt_l + -+ ®pyt—p + Qlet_l + -+ qut_q + e; (26)

0y y, WnuAdwnngani ¢
C UNUAIAIT
e, wnuAMLPAImARDUANTIAN t Fuludasziv

ANRAY 0 azANUBUTUTIUAIT

NE@NNIST 23 @i (i=1,2,..,p wae 9]- (j=1,2, .., q Ao W51dnes
wuudnaedludiures P uaz g B q = 0 anduuuudiass AR(p) waedn p = 0 Ay
Juuuudnass MAGQ) Tum'ia%’wquai’ﬂaaqmiwmﬂia}ﬁazﬂaaummamé’w ARIMA &
3 Supousiel

1. MIAUMILUUTIADY (Model Estimation)

NTAUNILUUINGDY AD ﬂﬁiﬁ%ﬂimwdwﬁagaﬂaﬁ (Stationary) fie fidade
AuwUsUTIU wazaudutus (Autocorrelation) Al wazfinisiUasunlaniy
q@ma‘w%iﬁ Iﬂa(ﬂmﬂﬂiﬁ‘w Autocorrelation Wag Partial Autocorrelation %110

wullasnlivinismaAauLenag (Differencing)

2. NM3UTZUIUALUUTI8D9 (Model Estimation)

AMITNaTYRULTIARREiinsAImuAulusU Uy ARIMA(p,d,Q) Taedi
P LNUIIUIUAIRUTDY Auto regressive d WNUTIUIUAIN UV Differencing Wae g
WAUIIUIUAINUUDY Moving average

3. MINTIABUAINYNABIVBUUTIAY (Model Validation)

'
6 A

fyaUsrasaliie Ussiliudrannsaviunedeyalaaiiodla Ingfiansanen

& . P ] ! | A v o i a o v
118911189 (Residual) Av mmLLGmG]’NizWJNﬂ’]‘VIVLm]’]ﬂmimLﬂﬁ]LLazm‘t/Wn‘mEJWJ‘EJ

[ I

LUUT1809 21NN15A319NTIYINAIUE (Histogram) Inedanaiagmeadubuudy

'
aa
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Wunuudnaesnusendn (Parsimonious Model) Na1IABNANUIUNITIHLADIUDNER

a

visesUluuienan uilAnsinueiuduggeiign
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2.1.9 nswensalaynsuaIfleIsn1susutsukuUeNdlngea (Exponential

smoothing)

=

I3 ° a o o ¢ a a v a A g a
LUUﬂqiqumﬂUﬂﬂqﬁﬂﬁULi?J‘UI@EJﬂWUQﬂQ@Wﬁwam@QTBNﬂaluaﬂmwL‘UaEJ‘ULL‘UaQ

(Y v v

auaEnlglunisneinsal Ingaglvinnuddgiuteyalutagduannnitluefniiviig

v Y

ponll nandfe Wenanlisuwdadilagyilviveyalutaguiinasonisnensaluinni

[

Joyatuedn Juluidiumnziunsnensaldeyaarminluszezarduninniien lag

Y

[
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fsUuuuvesALadendeuaadmvin (Weighted Moving Average) M1aganauuuLont

v
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Inudea Fatayaagaaziararuininuiniigaazazanatluisas 9 munaives
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Fp=F_1+ a(A¢—q — Fi-1) (27)

g F, @9 ANA0INISWINTAIIand ¢
Fo_; @9 Aneunti t-1

A d‘ Ady Q. a ISP
a A ATAINAIAINNABDINITUIULIEUNAT 0 < a > 1

dmiunisdudeneiamiunisusuissuasiaenaiuniswasuwlasvesdeys

mniinisiasunlansunn msduidenainsiinisuiuiseunin § wiadilng 1 luns
v o a P o = i =i o v 1 v =

ndufumnnisidsunUasteyaties Asdudendinsiinisususeuliliatdey 9 v3e

Wlna 0

2.1.10 n159aUszansaw (Performance Evaluation)
Tun1susziiuinwuuitassinunglawdudfiesla deun1simsienannaiy

AARLARRUTENINATITIINELATUA1ASY viSeAHARagveyateya T5n1innllewlyly
nsUszilulaun A19InNEesveAIALAaIAARDUAIS@eLaas (Root Mean Square

I A o

Error; RMSE) @9.Juaildinminuwnns1eseninamnasetuanvinuels winietes
WAAIIUUINAIV U lalnALAsIRUAMLL T U azAnAIILAATIALARRULRY fa

aun1sN 28
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RMSE = \/% YT (Y5 — Y)? (28)

198 ¥ unuAlsenaannuuudany
Y& UnuA939
T UIUIIIUAITUNAINEUIZLNMLUUTIaDY

[

2.2 U NNYIVD9

= av o a v Y I3 1Y) a a o &
I‘Uﬂqﬁﬁﬂﬂqﬁqujf\]ﬁlﬂLﬂﬁnmaﬂ VL@LL‘UQE]@ﬂL‘UUﬁ']lI@Wu I@Elllﬁ’]ﬁlﬁﬂ@ﬁl@@ﬂ@@lﬂu

2.2.1 yuAdeREafumstigeneuuunensaldranti

Susto, Schirru wazang [1] lavinunedayaiifvuinlng (High dimensional
Data) ﬁ’;&f’i%ﬂ’m‘%aui%ﬂm%q foN1 Wong, Yang uagang [2] 1@ueisn1s Extreme
Learning Machine (ELM) 1USgulisuiunisla Support Vector Machine 1ag 1435
Extreme Learning Machine fafumafianmsiiasgiteyanisaifundnnsteyanou
\1dnseUIUNIT (Data preprocessing) ald3iuiuTsnislasaineuszamiiien vinlvd
AL LS

Darabad, Vakilian wazanie [3] dnausmaia Self-organizing map (SOM) s
Junsunignsieseinsadasiuiunsdwundayawuuiuangy (Clustering) Tneta

o Y =

2] waz [3] lideyadygranuduaziioududoyadunm Prytz, Rune wazmne (4]

T o

[ 1

Imindayan1sungesnyl (Maintenance Records) wazdoyauseiinisnsiaanin vse
YUY TUNINUL (Logged Vehicle Data) H1M81AT0II e UNIAUEAINA1IENTOLY
uldsndunaniiladionisiiasizign 10 aSs (10 folds cross validation) #ae
walladulisnaula (Decision Tree) U1AATIZINILATY R Fa3FN15MInaaunsoan
N15PoNUBNLALIIY (Unplanned Repair)

31U398999 Langone, Alzate wayAtdg [5] Uauen 151435 Least Squares
Support Vector Machines (LS-SVM) lun1snsaaduanuiinunfivesaunsaliuy Real
Time Wwaw33 Kernel Spectral Clustering (KSC) ldutiangudoyaunfuasinuni 91ntiu

1YINIINYINTAUAY nonlinear auto-regressive (NAR) Model
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2.2.2 ideiReafumsiasizvideyanuusynsuan

ismail way Hassan [6] lévinisneginsalaluannialaliin (Electric Load) 39
Toyauthifidnuuzfusynsunan (Time-Series Data) lagtiauaisn1s REGARIMA
WisuiguiumalialasaingUsgarmiion 35n1909na13laudsUkuunIsannee
(Regression) Waza 33 (ARIMA) Ty leuiaUszavdamlunisnensalidoya wany
dmFunIsNeInsalarantinuuUsEeaY (Short Term Forecasting) douldluns
Ungesnwlssluih

uanmn‘ﬁu Pereira, Pacheco agauy [7] LALEUINITNIIVIUAIURAUN
(Fault Detection) vesfiaiufing (Gas Turbine) Tulsslndin Ingldnisidnguuuu (Pattern
Recognition) Bawsnzanfudeyairidusynsunauuuvaiesuus (Multivariable
Time Series Data) nM153315Unuudeyatiietnsoasusurinanuuni wazvgayinaudie

WMANaUINUIENI3 (Trip) NaI1NNNIATIZRAIEITNNRINa 11N san lUTg e Te

(Monitoring) wagvinneglenianaunsaiazidels

2.2.3 UATBNYINUNITIUILD18NTIHUAINEDVDIATIIANT
1ul 2012 S. Porotsky [8] lataueisnislalassineUsyamiisusiuiu Adaptive

Network-based Fuzzy Inference System (ANFIS) ﬁﬂ%%lusﬁaiﬁmwu non-trendability
sounlul 2013 Baraldi, P., Compare, M., Sauco, S. wag Zio, E. [9] nunsn1en1sly
wann1s Particle Filtering (PF) $auiulasstnauszamiiion wasdidauidefivilassing
Usgannidsuanldsuiuiinsdudiedinussansanlunisvhugegavainvians
qunseielud 2016 Winsaueislmife Taswneuszanniflonussamuuuney
Tgtuueadisindenisannes (Regression) Iy Giduthuri Sateesh Babu, Peilin Zhao,
way Xiao-Li Li [10] %ﬂﬁfuLﬁuﬂ%y’aLLiﬂ‘Lumﬁﬁmé’ﬂmié’Qﬂénmﬂsﬂumsﬁmwmqmi

'
14 o =

lunandevenniosdng laeldiuteayadiaeinisideuvesniosgunnaiulany
(Turbofan Engine Degradation) 35n15Aena1anusansnuaudfaneiinnududou
Yostayaund1 vieauauTRnne q delunsiuneliegidnludid lnedilaswaiedy
[ v A dl v Id v Qll 14 a
nshwgegnsidanuauniovenniesdnsilufigui 10 lneusenausiedunmuuy
pUNTUIAMANEAILYT Tunouligtu 2 Yu Yunads 2 4u uazdunisideuds wuu
auysalmemesiunsaunalety (Multi-Layer Perceptron; MLP) Fsdniluuuuidnass
wuuRaRnvealndsnasulagiu Jalddndssendldmnudunisiuenwuuanaestiie

hwgegmsldnuaunade Tudunounisaeukuuinaszyinsussanaansiines
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vaudniisnaeuligtumedunaudsuuuunsnszatedoundusiedsnisalawaadn
nsRswRagU iU s NgavesilsifuiuunldA1AuAaInLAR o UASY

doundeazauvaILUUTIaelndsnaaul gty

! 14 features 14 features
maps maps
1x2
8 features 8 features Ié,l .=).(
maps maps =_ =
1x12 1x6 = =
O [ ] [—] - Fu"
8 [ ] ] — (=] .
2 —— 1x2 — —-— 1x2 = connectlon]
2 — ) = Targe
v v_ T = — °_ arget
p— Pooling — == Pooling = RUL

=== Layer — = Layer =
—— — o
=

—
—

27

1 Time cycles 15

Input 27x15
5UN 10 uandlassaisvedlassiguszamieuuuuneuligiundedn [10]

nuidedrulnglainasld MATLAB, Python, JAVA wag R u1vinmilesdeya
PuAvIEnsveaifuarnisieuivennies ewandiiuinnuwiugiresnisiugla
wardiganmlidnealunisdontige lneusasisnisildiuuansiuluaudnyaedoyaid
da & Aaa o a a ¥ dl' v o ax %
73 NI snIivsEAnsamgaarlvidnnueainafeutes Inen15113En1sneauns
= Y « 5 v Y & acs U A = 2 oA
Seusvouateuszendldlaun nsldidaisnaeuligduidedin delaruisalunism
AudnvriitAvyestayadulann anuduiussenitetayadndusazii anuduiug
serindoyarndudaziinaziian anuduiusseninadeyatdidiwsazdl a0 wagAua
wagrein1sviwg laefielndunisiiasziliednseusuasudug dwalinisviuned

UsLaNTNINANINIONSLAL
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unN 3

KUUINABINITIUIEDIENTTIIUALNRD VB UATIIINSTNUUTERNT AW

3.1 WUUIIARINITINUIEDIYNSINUALIERD

A Aaa

INMIANINIUITeNINEITeIzuIN RS sUsEa M TisuANgalun1siwIeY
angnstinunaniefe Wnisnaeuligiudadnuuuanasy AldHdudnueedduileidu
nazgulumsifeesuun nsyadwuumeanade wazalauaainnseumamuiduilanduy

auvu Wneilassaiavesnsiuedagun 11

15

9
¥

8 Feature

“a Maps

s ] 8 Feature
— --.. Maps 14 Feature
] A Maps 14 Feature

P Maps

1 -7 J’ _,—"
— < 'H — | RUL Class
K Ry Fully

E . Connected
24 —_— | —_ > > Layer
24xd [ 1x2 1x3 1x2

Paocling  Convolution Fooling

Layer Layer Layer

Convolution

Layer

JUT 11 uandlassasenisiuneengmsidnununienislaseigussamiieunsuligiu

TANNNTDUAYT 24 9ATA ey 15 ¥191380

Y 9

Wesnnadnvueyateyalunisiiuieeignisidaunandevanaiesdnsiudy

auUNIULAMUUNAIEFILUT Falunsldnuaseasesiniviegunsaliniignindiuiuuin v

'
v a

Tin1sldlassadrenugrumuauideiduuuy LeNet way AlexNet ldinunzuagle
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UsgAnsnnldfvinfiag Feiinninauelassaisiifdenududounnniy weluuusians
annsnvhueraRasd vy deyatitdnvazduoynsunamarefuyslduduganiu
Tngldlassasrauuy VGG-16 Tunsvimne Seilassasaunnsneanniassadiefugiunseis
naifiutuneuligiu dunads werdunadenloady fillasesatdndsnaoulgiuisa

wuulsuanalilugud 12

Y

=

(1)

(2)

- Convolutional Layer
Pooling Layer

% Fully Connected Layer

(3)

JUT 12 anuunnsnsvestassasiadaisnaouligiudednuuusiig o

(1) Inssaradndsnaouligduideadnuuy LeNet
(2) Inssadadnisnmouligtuddinuuy AlexNet

(3) lnssadradnisnaeuligtuidednuuy VGG-16

3.2 n1ssiuUsEaANS A WlAnULUUINaD9

uonanmainauslassaiaimnzanluniuigetgnisldnuaunieud &
Fndudedinsifinuszansamliduiuudiass Tnevinlduuudrassiiinausiidiiniig
AmALAABUTRINTINLERETign sheiBmsuazimaiaging il

1. myviulassadulasaisdsramiionaoulgiudednlutumsvhaeulagiu 4
n3yads uardunsidenloudusuuuulimneanduliud lassahadaidnneulgiuwuy

VGG-16
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=== | eNet-5 AlexNet VGG-16
LeNet-5, 44.13

80 X AlexNet, 37.59

60 \‘k\‘ VGG-16, 34.54
L - e e = - o > - - - - - - - - - - - - - Oy L
2 a0 sesssscstass
[a's

20

0

1 7 13 19 25 31 37 43 49 55 61 67 73 79 85 91 97
Epoch

2. Mmaiidszansamwuudiasdiaenisidsuilsidunseduaniladduiinuess Ju
landuendlmudeaideduy Fuasdunistisdaunulianas ieswinmneai ladesningud
A1INAsATURINa g Anaum ULl UGl JunugiungAnssuveseeiy

v A A oA = v A a a A o | v 44 =
nsldnuaunienilionsesdnsiiennisiaunid viedeme Areiensldaunundeasd
wlduanasawduaud waziSeudisuiuilsiduniduitenl dulasiadniasealassng
Uszanniieupeuligiudednlaun faitusadlidigaduninisdndugud mnanlives

6

i1 videwinfugud Uil 13 wansliduiennuunnsisvesmsldileitunseduuuyadoya C-
MAPSS 1 wa93aun1si3oud 100 sounsfeuiusn Tnefiunuuuisadion RVMSE uazinu
LuUUADIIUINTEUYRINITITou Fadiulddn HeddutendlmuTsaidadurinlefen
Usganiamlunisiiunefian sesannde eiduisadlididadunas ladduinuosd

AUAIAU
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—Sigmoid  «eeeees RelLU ELU
500 Sigmoid, 17.26
400
RelLU, 4.22
w300
=
x 200 ELU, 4.13
100
O > e .o o ° o ° e *e > 8¢ 2e.: 20 e . e . e e O )8 G 20 2 e e .o

1 7 13 19 25 31 37 43 49 55 61 67 73 79 85 91 97
Epoch

JUT 13 WSguiiguusganinmainmsiwemeuwuudnaesildilandunseiuiinusen 15ad

Trgaduy uazonlmuulisaidaduy 100 seun1sissuiusnuuyadeya C-MAPSS3

3. mathwatiaTsdestunsdeatuteyaseudinniiuly viseasediont inldlunisdy

a a o 1

Andugondlidnlueeniy lnewaiiallagyiliuszdnsnmnisvinevesiuuinaesgidig

Y

Afiteetias dwanslugud 14 Fudunismesediivuinssdvsnmuenisldnsetionrivy

Yatoya C-MAPSS3 98350UN15i58U3 100 soUmsiseuiusn
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=== 10N

Dropout

30
25
20

15 TN
10 AN

Dropout, 13.44

non, 4.41

RMSE
’

-
-y
5 M an e er e e e e e e e e e e

1 7 13 19 25 31 37 43 49 55 61 67 73 79 85 91 97
Epoch

JUN 14 Wisuiguusgansnmnisyihngvesiuuiassmenisidmaianisaseuiey 100

saUMSIsEUsuINUUYAteYa C-MAPSS3

4. Mmevinsnarslswduuuuieade’ WoanAugIdouveILuLIIRed Na1INTIN1g
mAdnyueiiiay lngnsiiawadatauisaiudssdnsalunsinegliiuiuuinaeda
[ a = < YV @ =2 a a o [y
Aanandluzun 15 Fadunseaediiiuialsednsameesnisisganslsetuluuueases

uuyAtaya C-MAPSS3 ¥8358UN15i38U3 100 50UNSIS8UISN
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- e e NON L2

20
non, 4.32
15
A L2, 4.10
2 10
oC
5
0

1 7 13 19 25 31 37 43 49 55 61 67 73 79 85 91 97
Epoch

JUN 15 Wisuiilgulsgansamnsiunglaenisldinaianmsinsgaisisetuluuieades

100 soUMSIEUSHINUWYATEYa C-MAPSS3

5. MamAnngfigalunisusulsimtnveaduidendeinsifeunuuususaly
\desanalauaaininsifisunaeurildasnsnisieusAnfortuiiivadnieiguive
dwiinsiemalunisusuAmiminauauntsd 13 uay 14 Tusagfnadeusuuusuialéd
nsUsuAdnsInsSeuidmiunn 9 mafmedaunsnfeuluofnaruadannisit 15
uaz 16 faagiiulaainguil 16 Fadunsisuiisuszninensldalaunainingfiouns
wusinaztnasuiiviuimldlunisiuisengnisldiuaunievesyadoua C-MAPSST s
wansliiuinisldalannaininsfownawuinisdielial RMSE Wu nan nanafely
annsadnaAogmsltiunuvdeviednaaasvestoyals luvaziinislfingfoud

UsumleanunsaduinesninfwueIvessun 16
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Training set MSE

epoch @

Training set RMSE: 69.6976536268
4857.76292108

epoch 1

Training set RMSE: 69.5601417236
4838.6133166

epoch 2

Training set RMSE: 69.4788621333
4827.31228333

epoch 3

Training set RMSE: 69.4291179663
4820.40242158

epoch 4

Training set RMSE: 69.3960703557
4815.81458081

epoch 5

Training set RMSE: 69.3726852295
4812 .56945595

epoch 6

Training set RMSE: 69.3552340463
4810.14848962

epoch 7

Training set RMSE: 69.3418699692
4808.29493082

JUN 16 Wisuiiguusgansnmueswuudtasadisldalauaafninsifeunasuriuasinsiiey
MUsuilumsvinegergmsldnuaaievesyntoya C-MAPSS]

[ %
Y

milmsisldalauaafnnsifaunaauiudimuneilindy nan du Ta1mgun

A o a 14

INMARATRTINsSeusnfuly WednauiuAdminfiwezuin q vililaxadnsy
ISP o ¥ ! a L Y 2 o o ! I v a Y o 4
fiAngannaudalaen i insgukuuuTuiald JanisuFuaiAmdnsinisiseug vilv
fimsusuaumunzanigadsanunsarwneanuduails
Wiermatateunnldluiuudiges VGG-16 etigiiuyuseansam lagiinanns
o a ° v v W = = & o a o av o 1 o
Manusssdduiudaansdusun 17 daduwuudeesiiitauslunuidvdmsunsiiung
g1gmsldanunundevenniesing Tumsimunvuiavesteyaiiluwiasdu Amisilwes
wazilandusing q Nllulassaendiaweanguin 17 du awnseesuiglanusiafisuvse
Pseudocode Tuandlinem1s197l 4 lneusznause danessuninis msfmunlasiasiuie
AsnAaulagiunuy VGG-16 duldun nsfvuaa1tuasuligdu wads waznisidoulosiiy
sUuuy danessunaes nsldinatiaiedielunisiiudsednian daneisuiiaru n1s

AmuArdInin AALeUBes kagilantunseiuvestunauligtu wazdana3sund n1s

fﬁ’mummmﬁﬁmaﬁqqumﬂ'mmﬁq@ AUAIAU
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AN3197 4 saLfienise Pseudocode vadlastasinisnaouligtuiiinuszdnsnm

Algorithm 1. VGG-16 Structure

¢ <- apply_conv(X, kernel_height <- 2, kernel_width <- 2, num_channels <- 1, depth <- 8)

¢ <- apply_conv(c, kernel_height <- 2, kernel_width <- 2, num_channels <- 8, depth <- 8)

p <- apply_max_pool(c,kernel _height <- 1, kernel_width <- 2, stride_size <- 2)

¢ <- apply_conv(c, kernel_height <- 2, kernel_width <- 2, num_channels <- 8, depth <- 8)

c <- apply_conv(c, kernel_height <- 2, kernel_width <- 2, num_channels <- 8, depth <- 16)
p <- apply_max_pool(c,kernel_height <- 2, kernel_width <- 2, stride_size <- 2)

¢ <- apply_conv(p, kernel_height <- 2, kernel_width <- 2, num_channels <- 16, depth <- 16)
¢ <- apply_conv(c, kernel_height <- 2, kernel_width <- 2, num_channels <- 16, depth <- 16)
¢ <- apply_conv(c, kernel_height <- 2, kernel_width <- 2, num_channels <- 16, depth <- 32)
p <- apply_max_pool(c,kernel_height <- 1, kernel_width <- 1, stride_size <- 2)

¢ <- apply_conv(c, kernel_height <- 2, kernel_width <- 1, num_channels <- 32, depth <- 32)
¢ <- apply_conv(c, kernel_height <- 2, kernel_width <- 1, num_channels <- 32, depth <- 32)
¢ <- apply_conv(c, kernel_height <- 2, kernel_width <- 1, num_channels <- 32, depth <- 64)
p <- apply_max_pool(c,kernel_height <- 2, kernel_width <- 1, stride_size <- 2)

¢ <- apply_conv(p, kernel_height <- 2, kernel width <- 1, num_channels <- 64, depth <- 64)
¢ <- apply_conv(c, kernel_height <- 1, kernel_width <- 1, num_channels <- 64, depth <- 64)
¢ <- apply_conv(p, kernel_height <- 1, kernel_width <- 1, num_channels <- 64, depth <- 64)
p <- apply_max_pool(c,kernel_height <- 1, kernel_width <- 1, stride_size <- 2)

shape <- p.get_shape().as_list()

flat <- tf.reshape(p, [-1, shape[1] * shape[2] * shape[3]])

f_weights <- weight variable([shape[1] * shape[2] * shape[3], num_hidden])
f biases <- bias_variable(lnum_hidden])

f <- tf.nn.elu(tf.add(tf.matmul(flat, f_weights),f biases))
f_weights <- weight variable([shape[1] * shape[2] * shape[3], num_hidden])
f biases <- bias_variable(lnum_hidden])

f <- tf.nn.elu(tf.add(tf.matmul(flat, f_weights),f biases))
f_weights <- weight variable([shape[1] * shape[2] * shape[3], num_hidden])
f biases <- bias_variable(lnum_hidden])

f <- tf.nn.elu(tf.add(tf.matmul(flat, f_weights),f biases))

f <- tf.nn.dropout(f,dropout)

out_weights <- weight variable(lnum_hidden, num_labels])
out_biases <- bias_variable(lnum_labels])

y_ <- tf.add(tf.matmul(f, out_weights),out_biases)

Algorithm 2. Enhancement Techniques

# Loss function using L2 Regularization
loss <- tf.squarely -Y)

regularizer <- tf.nn.12_loss(out_weights)

cost_function <- tf.reduce_mean(loss + beta * regularizer)
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#Adagrad optimaiztion

optimizer <- tf.train.AdagradOptimizer(learning_rate).minimize(cost_function)

Algorithm 3. Convolutional Layer

FUNCTION apply_conv(x,kernel_height,kernel_width,num_channels,depth):
weights <- weight_variable(lkernel_height, kernel_width, num_channels, depthl)
biases <- bias_variable([depth])
RETURN tf.nn.elu(tf.add(tf.nn.conv2d(x, weights,[1,1,1,1],padding="SAME"),biases))
ENDFUNCTION

Algorithm 4. Pooling Layer

FUNCTION apply_max_pool(x,kernel_height,kernel_width,stride_size):

RETURN tf.nn.max_pool(x, ksize=[1, kernel_height, kernel _width, 1], strides=[1, 1, stride_size, 1],
padding = "VALID")
ENDFUNCTION

3.3 mMaseudayanien1sussuiananou

\eanyadeyausaziiuusilsragvinanuansaiuinn wu ninivilseglugiman

o a

Yoo Tuvnuzfigaindiuuneglutimdniiu Seddusdrsdsiifonihdeyaushnsueitalsidu
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wuunaedudsludunousioly lumsuwasssezvestoyaledlussendentu adldaumsd
29 afluAuvasdoyauuy z-Score Faudumsumudeyaifuluusazqaieil faduns
Usumsnszanevestoyalidanduguduazandesuuinnsgiu (Standard Deviation) 1u
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p= == (30)
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sﬁﬂiuﬂqﬂﬂ"lf]uL‘Lju"ﬂi\iLLa'Jﬁ]%bLllllquﬂVliﬁUﬂﬂi']pdagLaUﬂﬁﬁ@ﬂmalﬁlmmaQGU'P];JUaLGUu ?ﬂlﬂﬂ‘ﬂﬁ;@
Y PN ] = ) ~ @ v o= Yo = I A

ﬁ’]uaﬁ]ﬂi’j@ ALRAY ﬁQULUUQLUUquii']u AU "\N‘i]zﬂ[fzjml,aaaLLazﬂ’lLUENLUUMWI‘ngGUEN

Poyaaaulunisulasyitoyanadeu

3.4 N5V IFUALNED

lunsaniunisveass gIdeldlamugesaluniul Python wazinsuidsn Tensorflow
Tumstanlusunsuihseaidndsnaeulgiudwiunmanaass uenanilddingldlavd
514 9 Lﬁmau Toun scikit, statsmodels, numpy, panda, sklearn &g math

dnsumaeaeslainisindeyasig 9 vihungergnisldnunuviowasnanauveyn
i 9 feTsnsiugiuneadiuayisnisluauide 2 38 1w msvhunsuuuiudsifien
(Univariate Forecasting) hagn13vinutsnuuatgfaLls (Multivariate Forecasting) &

a o &
FNYASLRYAAIU

3.4.1 MIIUIBLUUAMUILAYI (Univariate Forecasting)
199111519899 ALANUINANNITWUUIIABITL AL ANAI87TNNTDSU LAY

n1sUsussusuuenglnuuda lunisneinsalatenenistdanunindouasaing
agvean 1 gadeya Mntuniiluiisuiteutssavsam lasduamdiaunate
indeuitldainariiiuneldfua1ass nisvaassdinszuiunisAegud 18 4
Usgnaumig n15tddeyadn N1UsENIaUUTIARY NTVILUUTIABY WasNIs

YLHUUTLANT NNV DILUUINADY
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v v
/ Testing Data // Training Data /
v

Model Evaluation

v
The RUL Prediction Model

v
Performance Evaluation

v
End

JUN 18 nszuiumsiiugenensidnunumasu Uiy A,

3.4.2 NMSINUIBLUUMA18ALUS (Multivariate Forecasting) a18n15l4laseung
Uszamiisuasulagduidedn

lavinn1snaaeiuiuuInaesnilassasienouligiuidedniiugiulaun

LeNet-5, AlexNet wag VGG-16 usnanidslavinnisiiiuusyansammaiianig ¢ Tu

¥

wuudnaedlassaiaouligtudadniiugiulunisveass welvikanafianinuunneig

'
R

YoUsEANSAMNNATUNI AL FUT 19 wananszurunslumsiuegeignisldauas

wianeveuAsesdinsmelsaiadnisnaouligiuidedn
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2 v
/ Testing Data / / Training Data /
v v
Preprocessing Preprocessing®

v v
/ Processed Data // Processed Data* /LF/ Validation Data /
v

The CNN Model

A 4

Best Model?

The RUL Prediction Model
v

A4

Performance Evaluation

End

JUT 19 N52UIUNTINUTDHUUTIBINITTINUIED1ENTIHUALYEDYDULATEIINTAEY

lassasnailanisnaouligdudedn

lagnsguumsniinsamung < lugun 19 uansdanszuiunisiuaneig
NIswgLuuikUsiedlugun 18 laun n1sussuiananauy (Preprocessing)

wazdayanlavasaInUseinananau (Processed Data)
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Ui 4

N1INAEBILASNEANTIINAGD

4.1 yadayanldlunisnaaas

Judeyauuusunsunaitivainn1s1asan1svinemu wien1sdufinA1aseves

9

gunsalsineg aglun19ideliinnisnaassuuyateyanundefeuwariiouldnivun 14 4n

[
v

Usgnoude yadeyamsunsiialy 13 gauazgndeyaainanisaiaidlulsslifi 1 on s
diodunstuduussansamussuuusiaesiiaue ﬁqmsﬁagaLwiazsqmﬁiwamﬁmﬁ’ﬁ
L %’agaﬁﬁaawaqLﬂ%aqmaﬁmmlu (Turbofan Engine Degradation Simulation)
gndnvilaegudanududansinunisvinng (The Prognostics Center of
Excellence %38 PCOE) ﬁ@ué’i%’ammmuﬁ (NASA Ames Research Center) ¢3¢
\3psnanssEUUNMSTUIAd U s Dudandivd (Commercial Modular Aero-
Propulsion System Sirulation 138 C-MAPSS) Faidun1ssiaesnisvhauludiuves
Tusinfidnuuedagufl 12 Usenoude 4 gadeyades uenaniyadoyadsnandgn
lulglun1suysdu The Prognostics Challenge Competition 7i The International
Conference on Prognostics and Health Management (PHM08) lags1eazidenves
yatoyatreduldgniusinneldtoulalunsviany AgainuazenmsAaUnRT

waneneiy - Felugadeyatiaviivoyasuniudsiusgmey lnelistvasidunfiiwlsuas

ADFRINITIN 6 7 AT 8 AUAINU

High-pressure  High-pressure
compressor turbine

Low-pressure
shaft

Low-pressure Combustion Low-pressure Nozzle
compressor chamber turbine

gﬂﬁ 20 dulsznauveumasiuumy
[ﬁm: https://datascientistinabox.com/2015/11/30/predictive-modeling-of-turbofan-
degradation-part-1/ Accessed: December 25, 2016]



(3 J

P3N 5 wanadanennsUidkazAasulevesyntayanasiuwily

fduit | wonnsdad A193U"Y
1 Unit no. the engine number
2 Time the operational cycle number
3 opt.setl the three operating settings
a4 opt.set2
5 opt.set3
6 sensorl the 21 sensor values
7 Sensor2
26 Sensor21

M13NT 6 anadamnUsiarmesuleniniiuiiuvesyadayamasiulu [11]

feuil | Ande Aa5UNY 283N
1 T2 Total temperature at fan inlet °R
2 T24 Total temperature at LPC outlet °R
3 T30 Total temperature at HPC outlet °R
4 T50 Total temperature at LPT outlet °R
5 P2 Pressure at fan inlet psia
6 P15 Total pressure in bypass-duct psia
7 P30 Total pressure at HPC outlet psia
8 Nf Physical fan speed rom
9 Nc Physical core speed rom
10 Epr Engine Pressure ratio -
11 Ps30 Static pressure at HPC outlet psia
12 Phi Ratio of fuel flow to Ps30 ppPS/psi
13 NRf Corrected fan speed rom
14 NRc Corrected core speed rom
15 BPR Bypass ratio -
16 farB Burner fuel-air ratio -
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AN0U9 AED AD5U"Y N8N
17 htBleed | Bleed enthalpy -
18 Nf dmd | Demanded fan speed rom
19 PCNfR d | Demanded corrected fan speed rom
md
20 W31 HPT coolant bleed lom/s
21 W32 LPT coolant bleed lbm/s

°R  refers to The Rankine temperature scale.
psia refers to Pounds per square inch absolute.
rom refers to Revolutions per minute.

pps  refers to Pulse per second.

psi refers to Pounds per square inch.

(lbm/s refers to Pound mass per second.

a ° = ~l ° ° | Y] '
A58 7 wansdrauaseamesluwruildlunisdnassnsinnureusasyadeyatoy

yadaya C-MAPSS PHMO8

Datal Data2 Data3 Datad

Training 100 260 100 249 218

Testing 100 259 100 248 218

2. Yoyasasunnvadlany (Virkler)

Li‘]m;msﬁaagamnﬁmmmaaiammﬂLﬁaiamﬁmmmm%amquaﬁ%amiu
ofnduideulddmiunsiaseineadn [12] lddnviuazsiusiudulag Virkler
warAny [13] nMsnegeuaunitaedansnanegiilonlaiviin1snsivaeuns
yengivessesunndsiimhemsinduiiadiuns lugadoyatsenoudmedoyanis
YNUAIVDITOLUAN 68 YA harUIeNauMenin 164 9m gﬂﬁ 21 LAAIAIINENIVDY

A ° o
soouanildsuluauduiuseuluragsinnismegeu
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el

g 3

[+
(=]

Crack Length (mm)

0 05 1 1.":5:”'&2 25 3 H;.s
SUTl 21 hegumsvenedmessesunnluaninnssudmenifet
[fi37:
https://www.researchgate.net/publication/232709378 Major_Challenges in Prognosti
cs_Study on Benchmarking Prognostics Datasets Accessed: April 19, 2017]

3. wseatutmgudgu (Circulating Water Pump; CWP)
Tuszuurasasnndalwdnfaiulaun (Steam Turbine Generator) 167
wantUasuAINLSaUNINENIULATEIAIULUY (Condenser) B duntinindnvaanis
- S Y % ~ A ' Y a ° v A H
vy Igun Tudmyuileu Jeduusenaung o daanslugui 14 agvihmihnauin
iy Wiegaduainuiouainsruu wazinduludameniiaitudu (Cooling

Tower)

1

‘F—;—‘(/ Discharge Bend

B
/__/ LA Upper Shaft

: [ Coupling Shell

+———— Riser Pipe

Lower Shaft
+———— Diffuser Casing

I Impeller
9. L,

) if;——f’ Wear Plate & Bellmouth
JUN 22 lassasnsdiulsenau CWP

¥ L2

Joyagninveunsesdumyuisunihuihnmeassusenaumeniniua

Y 9

0 b Anseualiimidge Agamgliaiugn wazAnisauaziiieulubuInua



a4

[

uwarunuueuTINiude Jeyagainvedgunsaigniiusiunnainiasesisn1sianig
Toyaisualnil (Real Time) MiSundnszuviile (PI) dsldlunmsiiusiusudeyausyin

a 6 ] P o LY ! L [
ATTILATITY NITUINAUBDLULASLLENING LWEﬂsﬂuQ’]UU’]Eﬂiﬂ‘H’ﬂiﬂlWﬁ’} ATYAINEANLNTU

= v

U anSudauaamila o axdlen 8,760 (24

q

& o = =
Hunulunediluweiliesiulunainis
x 365) Ingyhnssiusuadugesiunge dygiandueesaziiamaun 61,320 @

Toyadugaivetgunsalgniiusiuniuainaiesiienisianisdeyasuuisealnyi

= i P ° o « /IS = aaa o = o &
LiEJﬂ'J'ﬁz‘U‘U‘W‘l@ ﬁ']'Vﬁ‘ULﬂi@\‘i'{]ﬂu’]‘mi}luL'JEJUIUﬂ']iVI@aEN@']ﬂJ'JﬁV]u’]Laua FALUY

A v

Yadayanlanvugnagfiiulsmutinia

dmuyadeyaiithunldmsmaaeufunsmusadeyaanlssnuuimiily
Usznelne lneindeyatiaiaiusyifinisnsvageumiuinUniuasnisgengunsnl
1uizummﬂ1§ﬁﬂmmﬂsswﬁmﬁmmsaqﬁﬂi (Enterprise Resource Planning;
ERP) sneanufuteyagainusazgamudisnansinuesgunsalfigniuiinlise

SEUUNLe Aauandlunisnen 9

PN v wa ¢ a A ¢ | N A
#1390 8 %agaﬂimmmqmim BINLIAN LLaginJagLaEJ@V]QUﬂimQﬂ@T]"\]a@U POULLYN AIDU

AsyuRaUnRIuY 2558

wansal | Y2981 (Flu9) FUazden
1 98 Check Temperature
2 122 Electric Part
3 263 Vibration
a4 61 Time-based Inspection
5 137 Misalignment
6 303 Vibration
7 385 Bent Shaft
8 29 Vibration
9 125 Misalignment
10 156 Electric Part
11 13 Check Temperature
12 170 Misalignment
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4. Yayalsalniingsrinusausiu (Combined Cycle Power Plant; CCPP)
yadoyatilitaya 9,568 Innsiusinlavnlsdniindanuiousiuiny
(W.A1. 2549-2553) yatoya Walstliinlasunmsasalminnudumg dieviune

wasulnisetalus (EP) vadlsslnih yadeyalistvazidendinisnan 10

M3NN 9 Uanaenn3UIN Mg uazdsveslaya CCPP

wannItan midg | Ades-ungavasdaya
gaunnd (T) °C 1.81-37.11
AMNAUUTILINA (AP) milibar 992.89 - 1033.30
ATUFITS (RH) % 25.56 - 100.16
deyeynel (V) cm Hg 25.36 - 81.56
w&aulnihdedalus €P) | Mw 420.26 - 495.76

LY

Tsalnidnndamdnusousruusenaunlaisiunia (GT) deiuladn (ST) way

[
[NV )

wsasnialeuneu lulsdlvimdianudousiutu Iihazgnasrsulag dsiuing

a LYY

wazdaiuleddesiuduluseuifvinazazgnatglouainiesiunilslugedniaiu

TuvgMAngayinatulazinansgnudaniuleou wagdiulsdnaruinade

Usganinmmsvihauvesiaiuniawasdeyanisldngau (Energy)

5. Yoyan1stindsany (Energy)

yateyaignirusmdussesinatssina 45 Heu anizgungiuay
Arwdutesaagndunanisaiiuedoteeusesifaednd (Ziggee) lnofiluunly
aousiaziazdriuigungivaramnutuussnn 3.3 uii ndudeyaliaiegn
WwAdmiuauna 10 uiit deyandsanugndudinnn q 10 wifiseedesiaain
mhonuvesauuduluiuaen (Chievres Airport, Belgium) Fafuandiilng

a a 1Y o a
‘V]ij@ i’]EJazLEJSﬂmammayjamLLamﬂumin 10

M1319 10 uansouanvsiidA1asuy wasvmihensinvesyadeyanisidndany

g

LAANSUIN ANB5UNY NUIYNITIN

date time | year-month-day hour:minute:second Time point
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wannsuan A93U"Y 8N1330
Appliances | energy use Wh
lishts energy use of light fixtures in the house Wh
T1 Temperature in kitchen area Celsius
RH 1 Humidity in kitchen area %
T2 Temperature in living room area Celsius
RH 2 Humidity in living room area %
T3 Temperature in laundry room area Celsius
RH 3 Humidity in laundry room area %
T4 Temperature in office room Celsius
RH 4 Humidity in office room %
T5 Temperature in bathroom Celsius
RH 5 Humidity in bathroom %
T6 Temperature outside the building (north side) Celsius
RH 6 Humidity outside the building (north side) %
T7 Temperature in ironing room Celsius
RH 7 Humidity in ironing room %
T8 Temperature in teenager room 2 Celsius
RH 8 Humidity in teenager room 2 %
19 Temperature in parents room Celsius
RH 9 Humidity in parents room %
o Temperature outside from Chievres weather
station Celsius

Pressure Pressure from Chievres weather station mm Hg
R out Humidity outside from Chievres weather

- station %
Wind
speed Wind speed from Chievres weather station m/s
Visibility Visibility from Chievres weather station km
Tdewpoint | Tdewpoint from Chievres weather station A°C
rvl Random variable 1 nondimensional
rv2 Random variable 2 nondimensional
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6. feyauannzluiinis (Bejjing)

yadoyasedalusiiuszneudiedeyauaniay (particle Pollution; PM2.5)
yosanymansgendnluinfuazdeyamagniesinenaininenae i
tnfs

Pnavestoyasgseninedudl 1 unieu 2553 fa 31 fuaeu 2557 doya

Mmeldazuanalu "NA" Yadeyaiiseasidenfannsei 12

157991 11 uanauanvsUan Aeduie uasmhensinvesyntaya Beijing

waANIU2e A5U"Y et
No row number -
year year of data in this row -
month month of data in this row -
day day of data in this row -
hour hour of data in this row -
pm2.5 PM2.5 concentration () ug/m’
DEWP Dew Point () a,f
TEMP Temperature (a,,f) a,f
PRES Pressure () hPa
cbwd Combined wind direction -
Iws Cumulated wind speed () m/s
Is Cumulated hours of snow hours
Ir Cumulated hours of rain hours
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4.2 MIANLUNIINAADY

Tunsihwegeignisldnuainiovenasesdnsuiisendunszuiunsgeslaun ns
yadeyaid1 Fauvnduyndeyadinivasuuasvaasy n1sussuiananeu (Data

Preprocessing) LUUA1a89d1%TUNISIUNY N1TATIAADULUUINEGDY Larn15InUszansnw

4.2.1 nseau (Training)

nsdeuluUaesiedutunoundniia Aty Anemusiilydendnsuiuuaives
foyaundfiay 15 un1 vide 15 Frean drudwrundniusgiusuiugainvesdioya
dWluusazyn lnafivunruiaveusassu (Batch Size) WU 10 LazdWIUTUVBINIS
HARTULAZTOUVDIN1TAIUIN (Number batches per epoch) agjﬁ 800

dmfunsidenlduvudiaes ladFeulaudazseunisiious (Epoch) tile
LU%EJ‘UL‘ﬁwﬂ'wmwmmmmﬁlauwsqﬂ%’agammaau (Validation Dataset) luseutiu
fusouflhuuitavun uazidenuuudiaesiifidnaueamndoutiosiianuldasuly
soustely anduaziideulalivganaBeuivesnuuinouiornannainadeuuuyn

Joyansiaaeulaiiuuiliiniuduviedimad

4.2.2 nmsnadau (Testing)
dmfumsneaevazliuuudasaniuszd@nsningeanlaeinainen ruse vu

foya Fudumivendsmamnurannndevlumsiunedoya dmsunsaseasuniy
gndasueuuUsIans (Data Validation) tisthuuudrassdldluldfuteyansaeusioly

lunisUsgifiuiuudnasslunsazsaunisieus avinnisnaasuvuyndoya
dmfunsreaevitlduvananyadeyaaoulusnindiu 70 se 30 n¥a9INTurINg
Wisuifiguen RMSE tleldenuuudiassiifivszaniamininninsmaaeuluseu
sely m3197l 12 uansfissauuennidog deyadeu wazdeyanaaeuiifiluusdazys
Poyalunisaniiunismaaes

¢ v v

M157 12 wanaduiulennIton deyadeu uazdeyanadeuretidazyndeya

Y

g

yadoya | weanilan | deyadeu | deyanaseu

C-MAPSS1 24 20,631 13,096

C-MAPSS2 24 53,759 33,991
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yaday waavislan | deyadeu | Yayanadeu

C-MAPSS3 24 24,720 16,596
C-MAPSS4 24 61,249 41,214
PHMO8 24 45,917 22,144
Virkler 68 164 110

Cwp 8 8,834 5,931
CCPP-2006 4 9,568 6,424
CCPP-2007 4 9,568 6,424
CCPP-2008 4 9,568 6,424
CCPP-2009 4 9,568 6,424
CCPP-2010 4 9,568 6,424
Energy 27 19,735 13,249
Beijing T 43,824 29,422

4.2.3 N13AAUAAIAIN 9 VBILUUIIaae (Model Configuration)
lunsanfiunmeass gIdelahnmsimunlasiasie dmnsilineden 9 lufu

wuudraedlundazuuuliud aunn 37 wagiledtusing q dwsulassadadaddnildly
mMssudiunsnaassdinnsed 13 Ingldesueieuavdunlassadrweadaidsnlunis
YungLuuaneiuls Teun Shmesidunseunanstu (Multi-Layer Perceptron; MLP)
78 LeNet-5 Lite 35 AlexNet Lite 75 VGG-16 Lite 35 Enhanced LeNet-5 35 Enhanced

LeNet-5-2 waz3s Enhanced VGG-16 @slassassgaineifulseadneniviauslunidy

a0 v Y o 1

I3n15NFen1um18A111 “Lite” 10uISA15aLAY d1UATNSTUAUAIEAIN
“Enhanced” \Juisn1suuunusuvdeu aiumaiianie 9 Wrldluwuusnaes

Tassasadndsnasuligtudedniugu



d' Aaa al 14 [ 1
A15199 13 wansvuinuazdfnlglulasas 9o uuInasdhuUaIg 9

LeNet-5 | AlexNet | VGG-16 | Enhanced | Enhanced | Enhanced
MLP Lite Lite Lite LeNet-5 LeNet-5-2 VGG-16

10 C=2x2 C=2x2 |C=hx2 |C=2x2 C=2x2 C=2x2
hidden P=1x2 C=1x2 |C=1x2 |P=1x2 P=1x2 C=2x2
nodes P=1x2 P=1x2 P=1x2
C=1x3 C=1x2 |C=1x2 |C=1x3 C=1x3 C=2x2
P=1x2 P=1x2 |C=1x2 |P=1x2 P=1x2 C=2x2
P=1x2 P=2x2
C=1x1 C=2x2
C=1x1 C=2x2
C=1x1 C=2x2
P=1x1 P=1x1
C=1x1 C=2x1
=Hx1 C=2x1
C=1x1 C=2x1
P=1x1 P=2x1
C=1x1 C=2x1
C=1x1 C=1x1
C=1x1 C=1x1
P=1x1 P=1x1
F = RelU F=ELU
F=RelU | F=ReLU | F=RelLU | F = ELU F=ELU F=ELU
F = RelU F=ELU
Sigmoid RelLU RelU RelLU ELU ELU ELU

50

o =

Tunisnaansnldlaseademduidaiisnasuliatu azdnisldimadaiieL iy

Y

a

Usgansnmlunsiiuness o aalanslun1sed 14 fanadaniinisuanldlaun nsesed
01 myvisgladuuuuueades wazmadaildlunsmeinfan Tnewsomuy “v'>
nunetsinisidmetatu 9 Tulassasne waziasesny “%X” wunedsbiinisuninataiu 9

Tugnle
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QQIJ 3 ! a ag v =] LY o I ! d‘ ¥
wennilagiuimaliafldmilieuiulunnuuuiiasshie MamALmnzauigalaly
= v wvy A ¥ a = ¢ & | o 10 o
nsgukuulsumle Wesnnnisldalawmaininsideumamurituliaunsausuaninen
\eana1vasisitusunulitdesnanld vhlikuuinaesliaunsavineaaignisldanu

Auvdevisenawasluyntayafivinimeaedle

= a i ! o v I =
A1519% 14 wadanltlulsaznisnanassnisyinuemelasengUssanniiiey

Methods Dropout L regularization | Optimization
The standard ANN MLP X X X
LeNet-5 Lite X X AdaGrad
The standard CNN AlexNet Lite X X AdaGrad
VGG-16 Lite X X AdaGrad
Enhanced
v v AdaGrad
LeNet-5
The enhanced CNN Enhanced
x v AdaGrad
LeNet-5-2
Enhanced VGG-16 x v AdaGrad

4.3 HANSNARDY
< = = a a o ' v A

nsnaasadunisieuiisulseaniamlunisiueaiengnisldnuasrieves

6 ¥ ¥ ada o aadvy v 1 o (Y a
gunsalluyadoya 14 gameTsnsviuigasddslaun nMsviusuuudiwlsifgiuasnis
MUl uunatefnls laounazislavinn1smaasenIgluudIandnuuaig § tieotiun
Wiguiguiuwuudnaedlunmsvihnedegawuunatemuusidnaue waglaviinisussidung
n1svaaedual RMSE Mam15197 15 uag 16 9198n151991 15 10w RMSE mldainnis
naapsiugadogaveinunsingetansidnuasmioveaesesdng wavmsnad 16 Juen
RMSE #ilda1nnisvaaesuuudiasene q dudeyasunsuiamateiulsiiuiieuuagly
fuunsrate lgddmslundavyadeyanlirianunainiadeuvenisinuigdosiandsuny
e < «x
MELATBININY “*

atllouansranisnaaeduguuuunsnuie lneunuueulansyntayans 14 yauaz
LNUAILEAAIAT RMSE 983N1591A804038kUUT1a8 AUy 91nn5MRInaa9siiuladn

wuudnaesilienauaaaiedeulun1sinunetdesiigafeuuuinaes Enhanced VGG-16 7



52

aue lnendnavuuwinswluusazyadoyauaniiiadl RMSE ¥aekuudngaed Enhanced

VGG-16 Tuguil 23 uay 24 anAuIn @

15799 15 A1 RMSE 91nnisnaaesiuuiaesiuyadeyasunisiueesgnisldeunanie

C- C- C- C-
Method PHMO08 Virkler cwp
MAPSS1 | MAPSS2 | MAPSS3 | MAPSS4
ARIMA 6.93 15.59 15.70 16.36 15.94 30.27 19.05
Univariate
) Exponential
Forecasting ) 7.16 16.56 16.66 17.37 16.87 31.94 20.15
Smoothing
MLP 19.04 27.08 31.69 36.49 31.11 17.60 30.27
LeNet-5 Lite 21.67 29.37 48.86 37.53 36.42 14.63 44.21
AlexNet Lite 17.06 15.77 17.76 18.08 15.52 10.84 41.89
VGG-16 Lite 17.19 26.21 28.47 52.66 22.19 591 19.92
Multivariate | Enhanced
. 21.98 30.18 29.15 32.04 35.38 19.13 51.77
Forecasting LeNet-5
Enhanced
19.15 25.30 21.54 29.03 34.59 16.96 47.52
LeNet-5-2
Enhanced
5.26* 8.57* 9.65* 8.76* 7.14* 2.03* 16.17*
VGG-16

M1519 16 A1 RMSE 21nN15nAaasuuinaasiugadayaeunsuiaIvatunbys

VGG-16

ccpp- | ccpe- | cepp- | ccpe- | ccpe-
Method Energy | Beijing
2006 2007 2008 2009 2010
ARIMA 16.97 16.64 17.03 17.04 17.13 84.49 94.16
Univariate
i Exponential
Forecasting ) 17.30 16.99 175 17.44 17.52 91.27 329.76
Smoothing
MLP 26.12 18.31 17.44 17.76 17.63 149.18 39.24
LeNet-5 Lite 17.3 17.06 17.33 17.49 17.27 72.93 55.12
AlexNet Lite 17.03 16.98 16.09 16.7 17.11 65.77 31.17
VGG-16 Lite 17.28 17.09 17.15 17.18 17.13 105.08 65.23
A Enhanced
Multivariate 50.68 17.66 17.37 17.98 1766 | 10129 | 69.39
Forecasting | LeNet-5
Enhanced
23.99 18.27 18.04 17.82 19.55 97.95 66.55
LeNet-5-2
Enhanced
3.53* 4.20* 3.97* 3.78* 3.84* 4.64* 3.72*%
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4.4 NM5IATIZHNANITNAADS

MnuanIneasdtnafulunsed 15 uag 16 uandliifiuin nsivuauefe 33
Enhanced VGG-16 T#Aa1unaiatadougesnisiiuiedosfianuuyadeyaiis 14 4a
namAemmNeaRedeulumIhevesisnsfithiausiutesniisnsuuudu fedily
myvuneegnisldnuauvdevenniesinsdseyaiinidnvaziduoynsunaiuunanss
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- Sanayha, M., & Vateekul, P. (2017). Fault detection for circulating water pump
using time series forecasting and outlier detection. Paper presented at the 2017
9th International Conference on Knowledge and Smart Technology: Crunching
Information of Everything, KST 2017, 193-198. 2017.
emuesnuddeluandtslunaman

- Sanayha, M., & Vateekul, P. (2017). Remaining Useful Life Prediction Using
Enhanced Convolutional Neural Network on Multivariate Time Series Sensor
Data. Paper presented at the 2017 14th International Joint Conference on
Computer Science and Software Engineering.
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aenwan N S18azdenvasdayamasiunnuyn C-MAPSS

Data Set: FD0O1

Train trjectories: 100

Test trajectories: 100

Conditions: ONE (Sea Level)

Fault Modes: ONE (HPC Degradation)

Data Set: FD002

Train trjectories: 260

Test trajectories: 259

Conditions: SIX

Fault Modes: ONE (HPC Degradation)

Data Set: FD003

Train trjectories: 100

Test trajectories: 100

Conditions: ONE (Sea Level)

Fault Modes: TWO (HPC Degradation, Fan Degradation)

Data Set: FD004

Train trjectories: 248

Test trajectories: 249

Conditions: SIX

Fault Modes: TWO (HPC Degradation, Fan Degradation)
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Experimental Scenario

Data sets consists of multiple multivariate time series. Each data set is further divided
into training and test subsets. Each time series is from a different engine - i.e., the data
can be considered to be from a fleet of engines of the same type. Each engine starts
with different degrees of initial wear and manufacturing variation which is unknown to
the user. This wear and variation is considered normal, i.e., it is not considered a fault
condition. There are three operational settings that have a substantial effect on engine
performance. These settings are also included in the data. The data is contaminated

with sensor noise.

The engine is operating normally at the start of each time series, and develops a fault
at some point during the series. In the training set, the fault grows in magnitude until
system failure. In the test set, the time series ends some time prior to system failure.
The objective of the competition is to predict the number of remaining operational
cycles before failure in the test set, i.e., the number of operational cycles after the last
cycle that the engine will continue to operate. Also provided a vector of true

Remaining Useful Life (RUL) values for the test data.

The data are provided as a zip-compressed text file with 26 columns of numbers,
separated by spaces. Each row is a snapshot of data taken during a single operational
cycle, each column is a different variable. The columns correspond to:

1) unit number

2 time, in cycles

W

operational setting 1

SIS

operational setting 3

@)

)

)

) operational setting 2
)

) sensor measurement 1
)

7 sensor measurement 2

26) sensor measurement 26
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Reference: A. Saxena, K. Goebel, D. Simon, and N. Eklund, “Damage Propagation
Modeling for Aircraft Engine Run-to-Failure Simulation”, in the Proceedings of the Ist
International Conference on Prognostics and Health Management (PHM08), Denver CO,
Oct 2008.

eaviduavayanasiuwniuya PHMO8
PHMO8 Prognostics Data Challenge Dataset

Description

This dataset was used for the prognostics challenge competition at the International
Conference on Prognostics and Health Management (PHMO08). The challenge is still
open for the researchers to develop and compare their efforts against the winners of

the challenge in 2008. References to the three winner papers are provided below.

[1] Heimes, F.O., “Recurrent neural networks for remaining useful life estimation”, in
the Proceedings of the 1st International Conference on Prognostics and Health
Management (PHMO08), Denver CO, Oct 2008.

[2] Tianyi Wang, Jianbo Yu, Siegel, D., Lee, J., “A similarity-based prognostics approach
for Remaining Useful Life estimation of engineered systems”, in the Proceedings of the
1st International Conference on Prognostics and Health Management (PHMO08), Denver
CO, Oct 2008.

[3] Peel, L., “Recurrent neural networks for remaining useful life estimation”, in the
Proceedings of the 1st International Conference on Prognostics and Health
Management (PHMO08), Denver CO, Oct 2008.

Experimental Scenario

Data sets consist of multiple multivariate time series. Each data set is further divided
into training and test subsets. Each time series is from a different engine - i.e., the data
can be considered to be from a fleet of engines of the same type. Each engine starts
with different degrees of initial wear and manufacturing variation which is unknown to
the user. This wear and variation is considered normal, i.e., it is not considered a fault

condition. There are three operational settings that have a substantial effect on engine
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performance. These settings are also included in the data. The data are contaminated
with sensor noise.

The engine is operating normally at the start of each time series, and starts to degrade
at some point during the series. In the training set, the degradation grows in magnitude
until a predefined threshold is reached beyond which it is not preferable to operate
the engine. In the test set, the time series ends some time prior to complete
degradation. The objective of the competition is to predict the number of remaining
operational cycles before in the test set, i.e., the number of operational cycles after

the last cycle that the engine will continue to operate properly.

Usage

The data are provided as a zip-compressed text file with 26 columns of numbers,
separated by spaces. Each row is a snapshot of data taken during a single operational
cycle; each column is a different variable. The columns correspond to:

1) unit number

2 time, in cycles

&N

operational setting 1

n

operational setting 2

AN O

)

)

)

) operational setting 3
) sensor measurement 1
)

7 sensor measurement 2

26) sensor measurement 26

Users are expected to train their algorithms using data in the file named train.txt. They
must then evaluate the RUL prediction performance on data provided in file test.txt.
Associated true RUL values are not being revealed just like in the competition. Very
soon the users will be able to use a web application to upload their results and get
an aggregate score feedback. Please check back in June 2010 to get more details on
the web application for automated scoring. Until then they can get a feedback by
emailing their results through simple text files to any of the email addresses provided
below. A set of representative top 20 scores obtained during the competition are

included here to provide a reference to everyone.
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No. Score

1 436.841
2 512.426
3 737.769
4 809.757
5 908.588
6 975.586
7 1,049.57
8 1,051.88
9 1,075.16
10 1,083.91
11 1,127.95
12 1,139.83
13 1,219.61
14 1,263.02
15 1,557.61
16 1,808.75
17 1,966.38
18 2,065.47
19 2,399.88
20 2,430.42
Evaluation

The final score is a weighted sum of RUL errors. The scoring function is an asymmetric
function that penalizes late predictions more than the early predictions. (Please see

attached documentation for details)

Once algorithms are trained to satisfaction, users can apply them to the final test
dataset contained in the file named final test.txt. Users should send the vector of
RULs for the final test set to the PHM Society for evaluation. A score will be mailed
back soon. Researchers are encouraged to publish their results regardless of the
absolute performance if they believe there is novelty in their algorithm. The intent is

to develop innovative approaches for prognostics.
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Note: Any team or individual is allowed to submit their results on the final test set
ONLY ONCE.

Data Set: train.txt, test.txt
Train trjectories: 218
Test trajectories: 218

final_test trajectories: 435

Contacts
Abhinav Saxena — abhinav.saxena@nasa.gov, 650-604-3208

Kai Goebel - kai.goebel@nasa.gov

References

A. Saxena, K. Goebel, D. Simon, and N. Eklund, “Damage Propagation Modeling for
Aircraft Engine Run-to-Failure Simulation”, in the Proceedings of the 1st International
Conference on Prognostics and Health Management (PHMO08), Denver CO, Oct 2008.
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AARUIN A NANTISNAFUNISIUTIUTBUUSZENS ANV ILUUIIAD LA LUY

#2835 Paired T Test

A1519% 17 u@nsAn T Value 31nA15YIASngeU Pair T Test

Exponential LeNet-5 AlexNet VGG-16 Enhanced Enhanced
Methods ARIMA MLP
Smoothing Lite Lite Lite Lenet-5 Lenet-5-2
ARIMA 0.69 -1.02 -0.9 0.89 -0.74 -2.15 -1.43
Exponential
. 0.69 -2.19* -1.83 0.62 -1.58 -33 -2.7
Smoothing
MLP -1.02 -2.19*% 0.37 1.95 0.87 -0.48 0.35
LeNet-5
. -0.9 -1.83 0.37 3.29% 0.34 -1.29 -0.21
Lite
AlexNet
0.89 0.62 1.95 3.29% -1.73 -39 -3.29
Lite
VGG-16 Lite -0.74 -1.58 0.87 0.34 -1.73 -1.6 -0.64
Enhanced
-2.15 -3.3 -0.48 -1.29 -3.9 -1.6 2.11
Lenet-5
Enhanced
-1.43 -2.7 0.35 -0.21 -3.29 -0.64 2.11
Lenet-5-2
Enhanced
-2.85* -3.19* -3.08* -5.72* 4.37* -3.42% -4.69*% -4.25*%
VGG-16
a ' o .
H1919 18 @A P Value 91AA1SNNANSNA@eU Pair T Test
Exponential LeNet-5 AlexNet VGG-16 Enhanced Enhanced
Methods ARIMA MLP
Smoothing Lite Lite Lite Lenet-5 Lenet-5-2
ARIMA 0.5 0.32 0.38 0.39 0.47 0.05 0.17
Exponential
0.5 0.05% 0.089 0.54 0.14 0.005 0.02
Smoothing
MLP 0.32 0.05* 0.71 0.070 0.4 0.64 0.73
LeNet-5
) 0.38 0.089 0.71 0.006* 0.73 0.22 0.83
Lite
AlexNet
) 0.39 0.54 0.070 0.006* 0.11 0.002 0.005*
Lite
VGG-16 Lite 0.47 0.14 0.4 0.73 0.11 0.13 0.53
Enhanced
0.05 0.005 0.64 0.22 0.002 0.13 0.05
Lenet-5
Enhanced
0.17 0.02 0.73 0.83 0.005* 0.53 0.05
Lenet-5-2
Enhanced
0.061* 0.037* 0.048* 0.013* 0.268* 0.041* 0.005* 0.036*
VGG-16
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