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## 6270116021 : MAJOR COMPUTER SCIENCE
KEYWORD: Deep learning, Failure prediction, Total organic carbon analyzer
Thanaphat Patravinij : Prediction of Early Failure of TOC Analyzer using Deep

Learning. Advisor: Prof. PRABHAS CHONGSTITVATANA

Prediction of early failure of the total organic carbon analyzer (TOC) is important.
The analyzer is used in the production of chlorine from brine. TOC in brine is measured by the
analyzer. Too much TOC can cause damage and clog the production machine. The ability to
predict the early failure of the analyzer will reduce the loss from production. An analyzer
consists of many sensors. There are 26 parameters reading from the analyzer. All parameters
are collected every 15 minutes. The cycle will restart once the machine is stopped for
maintenance. This is called one cycle. Remaining useful lifetime (RUL) can be calculated
from all data from one cycle. It is classified into three classes: Class 0, 1 and 2. This is useful
to notify the user. This work proposed using deep learning to learn RUL class from data of the
analyzer collected from the real machines in used. The result shows the prediction accuracy of

81%.

Field of Study: Computer Science Student's Signature .........c.cceeeevereennne.

Academic Year: 2020 Advisor's Signature .........ccceeeeveeveennnnns
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2.1 mawaalaa v

2.1.1 Brine saturation
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lunsznaumsnan Tyan W Tag I iagaunaniuamsazaetiundoEuduiiuainnms
) 9 A Y a 9 < [ = 1 ~ o A v 1 Y o %’
indundennduaameusniuuny i luadunde neunvziiundedinatinwauniuii
4 y 'Q' % a 1 g’/ 4 1

ol Iginnaenouad sl unszurumsnanae 11 151925 onvuauiia1 Brine Saturation

2.1.2 Brine filtration
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2.1.3 Brine purification

NAIINHIUATLUIUMNT Brine filtration A1 UNA0LHANAIRNY IUSanToeiay

Q U

d v

[} 9
PUMAVDI Ca++, Mg+ 130 Sr++ FI0YMANAINLNAADNTZUIUMINAR AIUABINNS

[

minoon Iasld Resin tower
2.1.4 NaCl electrolysis
1% Y ¥ A A a £ H 1 A o
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Y r i
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chlorine hydrogen

concentated salt R

——waterin

used sat --—
solution out

—

sodium hydroxide
solufion out

anode membrane cathode

gﬂﬁ 1 HanmsnNILveN Electrolysis
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2.1.5 Cl, cooling
o A Ay Y . = aa < 1 o I Y a
unanaesuil 18910 Electrolysis vz lgangiinguiluedramnniuiludosanguvigiiag
A A 9 A Y] a [
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2.1.6 Cl, drying
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Filtration Storage Evaporation

Brine
Saturation Water+Salt NaOH 50%

Ui 2 nszuaumswan laa In

2.2 19304 Total Organic Carbon analyzer
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%) Water Toc
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TOC
ECL REMOVAL

3 3 anwddgveunsed TOC analyzer
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115 unszuumsnan Taan Irlae 11 uaneunagdansz NI Recycle Brine 92141

Unit Total Organic Carbon (TOC) Removal ABUNIIZTAININ Recycle brine 1 TOC Y5mnmunn

o

v )
9271119 Membrane 781U Cell room [3U7 1] 1Hamsgaduuazwudono 1d auiudesiinig

U

Y
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ANAUATEY TOC analyzer BRI VAT Total Organic Carbon Moty Recycle Brine uaan

A

Aa X a
11303 TOC analyzer ﬂﬂJﬁWﬂlﬂﬂGUUﬂ@

20

1) lsigmnsansiua Total Organic Carbon malu Recycle brine &
2) malsanuwan Tyen T lieaunsas Recycle brine 11 1% 18 msizndriezasliing
A 9y "o . < 9y A ¥ A
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2.2.2 HaNMIMNUVDUATBN Total Organic Carbon analyzer
) Y
1304 Total Organic Carbon MMM 4 Tupo Ui
Y v
1) Sampling phase: TUABULTAVBINTIAAT TOC ¥1aN5NA9NTIA (Sample) M1
v Y
A1 Reactor (M¥UzU559e19) TutfSunafiasaner1d
Y 1
2) TIC phase: TUADUMINIIA Total Inorganic Carbon malu Sample el Sample

IMavLieq Total Organic Carbon az¥i1MsIalunena

101 .5T¢[k©Pal 09 :17:238 12-10-12

0 . 4
0 cC 2
0 s 120 s 2 40 s 360 s
20 .01/ h 2 6 C 6 C 0 2 i 23 CO02z 9 5 s

v

v o ]
gilﬁ 4 HAaNWTVYONN Total Inorganic Carbon
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3) Oxidation phase: na9InmIa TIC Tu Sample DONHNALAD ﬁmmﬂ?;au pH Ud3
Sample T9ilu Base ﬁ@u‘ﬁ%@u Ozone L"’lsﬁul,ﬂlﬁ@clﬁmlﬁj Hydroxyl Radicals looou
9NN

4) TOC phase: Lﬂgﬂu Hydroxyl Radicals loeeu 11l Carbon dioxide ﬁgﬂuﬁ’ AT

TagasINUANUHUIUUVON Total Organic Carbon

101 .57[k@Pal 09 :17:238 12-10-1 2

ToCmMGQgu
156 4
52 8 6 cC 2
0 s 120 s 2 40 s 0
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q’a,'?fﬁ 5 HaaWsveuA Total Inorganic Carbon 4ae Total Organic Carbon

2.3 Insavnedszannifien (Neural Network)
A 1 = A a 4 A

Neural Network #38 NN (Iaseuieiseaimiion) Ae Tumanieadiamans vso luaa

a Jd o @ v ' o v oA J . .
NNADNNAABT A S VU TZUIANAN 1 FIUNM T UINLUUABUIUATUUEA (Connectionist)
HUIAAITUAUYDA Neural network 11919371 1339718 W1 3F201 (Bio-electric network)

% o
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2.3.1 MNTIVUDI Neural network

@ nputLayer (@ Hidden Layer @ Output Layer

3UN 7 7IMTINYOI Newral network
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1) Input layer (1ngtaziilumien)
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3) Output Layer (0ngaziiudi)
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- MnihsesuA191n Hidden layer Tagluguues Output 9Hs 113U Tvua 1Ay
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2.3.2 @72u152 VU Neural Network

Input Layer Hidden Layer Output Layer Prediction

JiUn 8 aawlsenounielu Layer v04 Neural network

o
2.3.2.1 1Wo51%1nseU (Perceptron)
3 ) Yo v Ja [ o ) < v
mesisaseummisahmnlgiwunmaansitludeingy Tasmrualifanduyes
3 Y 9 o 9 9 ' N
modasou unudie fx) Tasliveyaiuiinae x wazdoyadieanae ¥ Tasudaanis

o 9 A Y
ATUIUVBDUA ﬁ\‘ia’t’]ﬂ]‘lﬂ

k1)

m

1, lszlxl+b>0
i=1

0, otherwise

y=fx=

Tasrvualy w= 11117 (Weight)
b= luned (Bias)

o 9 ~

m = Suvesteyan s U@ msunszUINMIEeuTvd Perceptron

3 Y 9 ' Y v Ja Y Y 1% dy
ﬂ”lﬂl!ﬂiﬁ“lfﬂ‘ﬂ@ﬂﬁTlﬂ’t’)leLWI‘Llﬂ’Jfl X UASHAANTINUNUNIY y i]%llﬂﬁuﬂﬁﬂﬂu

Q U q

W, « W, + AW,
W, = a(y —y)x;

[ 9 . X I oA 1 Y 1
Ty O A0OAT1TOUT (Learning rate) Fuilumniaueninmsisoui lunaazsouazing

d' ?,’ v 9 1Y 1 1 [ 4 [
nJaemu;ﬂaqumuﬂma@mm’mmmwamwmwaam"hJummﬂﬂ
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2.3.2.2 lasavedseammitonuvuuifou 1Uianih (Feed forward neural network)

o w

a S ad o 1o a
ihseamans nuuutfeulidemhiswulumsmuianazasimdoya 1) luiinmaden

= 1

9 [ I o g’/ g’/ =\ o R R A 9 A 2K o
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9 9
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gllﬁ 9 gﬂgwm/aa Feed forward neural network
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d' o Q gIJ d' 90} -7 o - % d‘ o U g’l d'd
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[ 1 Y

Wouuan Inuadlf k ludausuneunii uay b/ de luuea

o, 7o v D, o o o 2 A4
wonnt 1 g unulandunszqu uaz i nunudnulvnualudausun L7 o

C 1 R
AMNIONTAIMIANUINAT A, 18 Iagaumsaasie 11

n
I _ I 1-1 l
zj —ijkak + b;
k=1
a; = g(Zj)

s v
2.3.2.3 ﬁdﬂfb’uﬂigéju (Activation Function)
) o 1 v Jd v y o v
dmSudoyadeoonvoaaz Tnua vzlimsldleidunszdu gz ievhld Tassielszam
= a v Y 14 Y 2 J v Y da v A
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9
daae llil

s A -4
1) WINFUFNUDYA (Sigmoid Function)
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0.0
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3UN 10 Function M3n1911v04 Sigmoid

I S A Y o J (] (] =< o A 4 s 9
Lﬂuﬁﬂﬂﬂf‘u‘ﬂcl‘ﬁmwaaW‘ﬁaaﬂmagiu%N 0 99 1 WINFUFNUOIATNITVIULNUAIY O

= o Y
‘ﬂf\‘]ﬂ'ﬁ!'}mllﬂfﬂ']ﬂﬁﬂﬂ'ﬁ

S g

2) We AFUUNUUA laiwes Tuan (Hyperbolic Tangent Function)

—Sigmoid
| Tanh |

f(x)

-3 -2 -1 0 1 2 3

X

JUN 11 Function mM3191uv03 Tanh

I Jo A ' v 1 1 J v 4 a
Auileddunlinmadwioonuieglusg -1 fe 1 denduunuaud lames Tuanannsaidou

Y =2 o Y
UNUAY tanh G]Nﬂ1u’3m1ﬂinﬂﬁﬂﬂ1i
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eZ —e7%

Tanh(Z) = m

d o 1 [ 1
3) ﬂmwmqqqmmwau (Softmax Function)

10

o
o

10

3UN 12 Function M3 v03 Sofimax

I S Aq Y1 v 1 1 = ] ~ Y v ] I
L“]J‘L!ﬁ\‘lﬂ uﬂwmwaawmaﬂmagiuﬁmq 00N 1 G]N’L’Hll1§m‘l/1€l°]_lhlﬂﬂ“]_lﬂ’J'liJUﬁ]&‘]JuﬂJﬂ\?

o < o & v 1

J o b a ad A ° ~ o
HNAQNWD ﬂWWWW%Waiamumaiﬂﬁﬁ’mmsmmmwaawwwm k 17 ANUDINQANT

Qe

9 o o t4 A~

1 Jd o 1 1 1 v Jdo
HUUNUAYTUANY z %811@%}’31 ﬁﬂﬂ%uﬂ1gﬂ’d@@miﬂﬂuﬂlﬂ\1NﬁaW‘ﬁGl’J‘ﬂj ‘H%E] Lmu@gf’w

o Q

e
-

o t4 °

wanwal fyedua ldoninauns
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4) Ma ﬁ'ﬂ?/m’i ﬂallil\lﬁ@%ﬁ U (Rectified Linear Unit function 130 ReLU)

10 sigmoid o RelLU

R(z) =maz(0, z)

[11:] B |
(1]

[E

oz

=

1o = ] 5 n 10 = 0 5 0

3UN 13 Function M3 v043 Sigmoid 1M8UAY ReLu

I S A Y o J I [ [ A Y o J o a I A
Wuiledgunldamaansoonuuiunminnnwsomnugudieue aumsiangusna lnair

[ o Jd R

duausounuaeduanyal Famuia lannaums

9

0ifz<O0
f(X)z{z ifz =0

5) WanyuAauL (Threshold Function)
< o o v a s A ' ' { o
huiasduginldvestandusad Ildsudu Tasazlimiauis r amifnue dunsves

Jou A ] 9 v o S R o Y
WaNFUVALUY ﬁ']?J']iﬂLWlNﬂ'JfJﬁQ_lﬂﬂHmf‘;]f\iﬂ']ujmulﬂﬂiﬂﬁﬂﬂ'ﬁ

f(z't)z{zoii;zzztt

2.3.2.4 8ane3 NANMTANLUTLANTAN (Optimization Algorithms)
&Y d‘ ] = "9 [ A A o A d%l
Tugamieh Iaseielseamiiounuuunsdounay n3o Backpropagation Do UHATIU N3
[ H o 1 [ A Y Y1 A 1 A dﬁl 1T A an 1
YsuhminTuudaggaensalSudjane 14 Idamnuiudunneaduniuauainismsmen
F4 i ' v [
wmin(w) v Taens 19@eRiSena1 Optimization Algorithms Fantinvesiufelsuilyem

Y
a199 T Tvua 1119 output 910 Model 1313509118 Indithwaneunnau
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1 MMIST Multilayer Neural Netwoerk + dropout

b\t i i — AdaGrad
", i E —  RMSProp
b —  SGDMesteroy
L WA i —  AdaDelta

tralning cost

o S50 100 150 200
iterations ower entire dataset

J U 14 nfFeuiney Optimization Algorithms

4 o [l o 1
Tagyailszasnuesnisiaonly optimize function Aon15¥119% Output og Indnuithmunengea
) Y A v
uazﬂl%nmuaﬂﬂqﬂwuﬂu
1) Stochastic Gradient Descent
. . 3 Y Ak Ao 1 a I 9 &
Stochastic Gradient Descent (SGD) Lﬂuaaﬂai‘nwawmmmmimmaﬂunﬂqG]gﬂsumquavlﬂvlu

I [ AR A 9 =1 o ~ g’/ [
Lﬂuaaﬂ@iwuﬂﬂ@uﬂnﬂa LHAagUNIOMWANINGN 1 ATINDNITINTU 1 50U

0 = 0—n-Vjx();y@)

o fx(i)y(0)) Aeyadoyarinedy

Q K1)

v J

g A a A a1 1 @
T@ﬂ“lunﬂqmmnmiawu,w mwwmmaimwmmzummmuﬂiﬂmuqmazmwafm

1 o gj [ e I A { ) 1
A1 Loss function 1115/ 11a3 different intensities g U@ UMa1L UFINAMIIZTUF Y

a A A

1 { { 1A, 4 A ; 1 o I a
Tansadunumndosiga la uadsilidedenssegasium lus A ldnazaalsisou

o 9 4 X
LAZHUYDUNINYIVU
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gllﬁ 15 15818521319 Stochastic Gradient descent Uag Gradient descent

2) Mini Batch Gradient Descent
o 3 A Y . [ o ¥ A .
QﬂW@HW]HLW@LLﬂﬂﬂJﬁT‘U@Q Gradient Descent ﬂﬂﬂﬁWﬂIﬂﬂﬂWﬁuWﬂlﬂﬂq}@Q Gradient
Y
o o Y a o 13
Descent 1L8% Stochastic Gradient Descent ll'lii’)iJﬂuLlazﬁ'l'ﬂi‘]JE]ﬁﬂﬁliﬁﬂﬁ"ﬂg@WLﬂﬂﬂnﬂu
’ Yy 9 0 o S
“Gljﬂ Iﬂﬂﬂ'Iﬁlclui)"ﬂi]gﬂﬁgﬂﬂﬂﬂﬁﬂ"llﬂia!ﬁfl]'lu'J‘L! n ﬁuaylaumm
— Batch gradient descent

= Mini-batch gradient Descent
— Stochastic gradient descent

g?fﬁ 16 11/58Ui8Y Mini Batch Gradient Descent 12 Algorithms AI0u

3) Momentum

9 Y H
TumsiSuamlundazaiawes SGD vwadeanuulsisrufavumn s ldenig

Iy o

A o 9 .. = Ak AA 1 a dy
i]qﬂ‘l/l@ﬂijﬂllﬂ (best optimize) 2 laldanesiuN¥eI “Momentum” 1HAYY Momentum an

kY = 1

< o o 1 v a {
AnAwNeIIn11M52 UM optimize Y09 SGD Tagns Itanwding lumsyeludananien

D

Indyanarsnniganeuudiihldianei liinerdesnnudrdgasas hldinananien

a X I 2 A ' g
“Qﬂg]j@\j” lﬂ@(’ldju I@ﬂlﬂuﬂ1ilwu fraction ‘y’ L"IQJI’]N']GI;Uﬂ']'i update ‘I/lﬁ‘l/lNclul,LGmZﬂ‘N

V() =yV(t—1)+ nVj(8)
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@ 1 a 4 1 a g’z ! 1 { @
Tagonmansmsiimoiare 0=0—v() uaz a1y lenas1dn 0.9 wiemnlndiReain

Momentum update Nesterov momentum update

“lookahead” gradient
step (bit different than
original)

momentum
step

momentum

step
actual step

actual step

\

gradient
step

4 ~ : o
3N 17 nfzeuney Momentum AouLag1ad Update

4) Adagrad

I .. A [ 1 . 9 [ a S ¥ = @
11l Optimize NA3150U5VA1 Learning Rate 1¥nmneaunumsimes la lagazimsoman

s

o o @ 1 a o @ @ 1 a I o
i]TL!’J‘L!ll'lﬂ’ﬁTHiﬂﬂ1W1i1ﬂJmﬂiﬂﬁfﬂ1u3uﬁlﬂﬂ uaze‘wmmﬁ'ﬂﬂuﬂ%mwwimmmﬁmu’;umn
Y dy .. @ dyd 3 Aa ) o 9 A o 1 .
Hagaanau Optimizer G]’Jui]\ilﬂuﬂuﬂuﬁﬂ’ﬁﬂsllﬂyﬁﬂﬂigﬂﬂﬂi$ﬂ181ﬂﬂﬂ1 Learning Rate 9&
d' g‘./ o [ a 4 a d‘ d' 9 a a d‘ 1 d‘
Qﬂlﬂﬁﬂu‘nﬂﬂﬂiﬁﬁ?ﬁiﬂWWﬁM@]’t’)i 9 (mﬂmﬂumima@um Tagd1989nNAN AN

HIUNIAIUININ Gradient descent 1d2 oo lagagilaumsaiueais

SGD Ory1i = Ori — N Gt
Adagrad Orsri = Ori — ——" Gr,

5) AdaDelta
' 4
AdaDelta WaI111910 AdaGrad Iaea1unsnautlayni Decaying learning Rate Mnaiulu
{ < o g}/ { . 1
AdaGrad 18 TagunuioguasaumsmMuINRIuANAIUNIY09 Gradient 1@ AdaDelta 92
9 1 H 9 H
PNIINAMIAZAUAINTAIUIUVOY Gradient IatiuouNoUAYIAMIYDI W NaZiRaUU 1nuf
g Ay Yo o ' ¥ 2y ¥ v 4 g
aginua W i lasumsewanunneunthilua liansaldauld 3addswiumsmnas
- 4 i1 < [
W93 Gradients 110 19754 115089 Doz amnsausifayni Decaying learning rate Y94 gradients 7

9
ATHUIMNIYUA

Adagrad 9t+1,i = Hti

n
AT JGoave Ji
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. n
AdaDelta 0t+1,i - Ht,i - E[g%] e “Gt,i

6) Adam
] I { o
Adam ¥811910 Adaptive Moment Estimation il optimizer Nansolsu learning
) o a o 1 2 @ . . 1
rates @115 UWIM0S Iunaazase lauazdeaunsoudiyn decaying Y09 gradients luus
S A Yy A @ 2 S o a a .
azaflnmun 1amideuny AdaDelta dnsiadioTurensina decaying average U
3 A Yy Y A o
gradients M(t) “I/Imulﬂhlﬂ@ﬂ@’w INUBDUNY Momentum
I .. A & A Aa ~ 1 1 .. Y
Adam uJu optimizer mﬂu%uﬂwqumwa‘wmm;ﬂmummgmaz Optimizer a0y
) , 2 . . , ) ~ v
@@ﬂ@ﬂﬁ1\‘lﬂ66ﬂulﬂﬂ\‘lﬂ1i decaying learning rate U9 Adagrad uazmaiﬂmmammimiﬂug
Y 1 A = g‘/ o 9 9 ' . 1
Vlﬂ’OEJNGI@Lu’OQ ﬂﬂ‘]ﬂ\?ﬂ\ﬂ%igﬂzﬂa1u6ﬂﬂ’n Gradient Descent uaza@ﬂiymmmmwm

a S Yo Y
W'lﬁnJm@ﬁulﬂﬂﬂﬂ'Jﬂ

2.3.2.5 myiatsgansnm
a A Y o b 4 .
dszansmmlusumsmiuanul Iduvewnses Total Organic Carbon analyzer o

539152 ANTAMNAITINUUALDY Multiclass (Multi-Class Classification) 141999103 Class 9

4

#0991 Prediction 11NN 2 Class FIe131IDUAA 1AAI1
a % a 4
1) AoUWIFUNNTNE (Confusion Matrix) LUV Binary Classification

a2 /A o o A o v o 1
ﬁf] Lil‘ﬂ‘iﬂGﬁﬁllﬁﬂ\‘lwaGUE]\‘Iﬂﬁ'i]'lLLHﬂIﬂEJLH]ﬂl,!ﬁNi]'lu'JuT]i]WlLuﬂll@a]}ﬁuJﬂaWﬁ mmamﬂu

9
Y

A X o I 1 ' o A
A1TNN 1 GTi\mﬁmﬂﬁmuumﬁfaymﬂu 2 e T@Elﬂumazumuﬁmmuamﬁl@uaﬂuﬂamuu

U

1 Y
A o v o

I o ~ 9 ' 1 ] Y o 9 Y
lﬂUﬂ']ﬁ@UT]Qﬂ@@Q ﬁ?uﬂ?iul!ﬁagﬁﬁﬂllﬁﬂﬁ%’]u’lum@ﬂﬁWWTUTﬂquﬂﬂTﬁuu ﬂ’]ﬁuﬂcl.ﬁ

QU

dmsunadla o

[

A ) F) A Y A & o ..
TP n® muaum@uﬁammmﬂ“lﬂﬂmﬁmﬁumazmmﬂgﬂ (True Positive)

A o 9 A o Y A = o a ..
FP n® mmumayjammmﬂ‘lﬂﬂamvmmuazmmsmﬂ (False Positive)

o

A ) 9 A Y A [ .
TN A1 ﬁ]"lu'Ju"]J’fJiJﬁTWI"IHTﬂqﬂﬂaTﬁﬂﬁﬂﬂllﬁgVHlﬂﬂ@,ﬂ (True Negative)

Rl

'
A o

FN fio S1uudeyaniugldnananaeaaziuieiia (True Negative)

Y
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o o
AANENNIUL

wnTinandu | wwTiunas

wn Tinandu TP FN

ARNAASY

W TR FP TN

MmN 1 g?f!!lllﬁl@d Confusion matrix 4411 Binary Classification

a) o a 4
2) AU IFUIUNT NG (Confusion Matrix) U1 Multi Classification

a oAl o o { o Y v o ]
ﬁ’ﬁ] LiJ‘ﬂ5ﬂ°ﬁﬁlm’ﬂx‘iWaﬂl'ﬁ]\‘lﬂ'lii]'llluﬂiﬂﬂlﬁ]ﬂL!ﬁNinu'JuﬁiﬂLL‘Llﬂllﬂ@'mﬂﬁﬂﬁ @N@'J'E)ﬂ'l\ﬂu

U

v 9
A o

IS o { 9 ' ' ' @ o 9y FY Y 1
LﬂUﬂ'lﬁ@Uﬁgﬂ@ﬂQ 'ﬁ'Ju?nGlull@]ﬁgwaﬂuﬁ@\?ﬂ'luﬂuﬂlaﬂa‘1/]‘1/]’]1!’]81@11!?]?1’]@71!1& UDLAN I

U

S & ° v < o ° 9 A 7
ATTNN 1 mgmmmﬁmuuﬂ%ymﬂu 3 aand TaganaaziouaaIsIuIulayaninata vy
)

U89 Multi Classification 1t8¢ Binary Classification i® 35A13%1 TP, TN, FP, FN Tagg lai
P} = A . . A & .
t"fﬂlﬁﬂ@mﬂmﬂﬂﬂ 512 13T Class My Positive tag Negative 11311 Class Mmilu Positive

. 9 o o A a @ ] Y 1
1a¥ Negative ADININITATUIUINNLIAY ANIDINATUAN

Apple Orange Mango

Q
= 7 8 9
<
Q
=3
© 1 2 3
(@)
@)
eT4]
= g 2 1
=

MINA 2 g?f!!llllsllf)\‘i Confusion matrix U1 Multi-Classification

[ v I I
M592%11 TP, TN, FP, FN 9¢A0arenuaag Class §19¢41 Class Apple #aansn laaziiluaiu

9 1
ATUAN
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® True Positive UDI Apple

True Class
Apple Orange  Mango

o]
-
_

M3 3 11511 True Positive Yo Multi-Classification

Predicted Class
Mango Orange Apple

® True Negative YB3 Apple

True Class
Apple Orange  Mango

TN =2+3+2+1 =8

Predicted Class
Mango Orange Apple

M51A 4 MTH True Negative VBN Multi-Classification

® False Negative UDN Apple

True Class
Apple Orange  Mango

FN=1+3=4

Predicted Class
Mango Orange Apple

MINA 5 MITH False Negative YON Multi-Classification
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® False Positive UDN Apple

Apple Orange Mango

FP=8+9=17

Mango Orange Apple

MI3M9A 6 A1TH False Positive Yo Multi-Classification

3) aadssansmmauunaunaid

3 \ 2

Tag lildriadseansnwitdenldnuluanuiteiiog 4 a1 aa

=De

1 { I @ 1T o ° a
L4 ﬂ']ﬂ'JTJJLﬁEN (Precision) Lﬂuﬂ’]ﬁ’lﬂﬂ'J']llllllﬂfﬂ“llﬂ\‘]Ll‘llllﬂ']a@\iiﬂﬂﬂ']ﬁwﬂ']ﬁmﬁlllﬂﬂﬁﬁg
o ' ' [ o o ) { g 1 1
RGEG) ﬁ'lﬂf]%?!f]fuﬂ']ﬁ'Jﬂ'JTLLTJUﬁna'ﬂ\‘Wnuﬁlﬂ??ﬂ?ﬂ@ﬂﬁlﬂuﬂﬁﬂgﬂ@g{ﬂﬂ!,‘VI”Iuh"iﬁ ANAD

v
ﬂ"l'iﬁTLl'lfJﬂa'Iﬁ‘lJ’Jﬂ‘VNﬁiJﬂL“VI'IUlﬁS

TP

p . _
recision —TP T FP

' I @ o a
® fAnNuIzaN (Recall) Hlumsiannugndesvewuusiiass lasmsiosaueniiaz
AIE M0g1uTU M ianmamsueaa1duInaNugndsai lusiledfouny

Y
ARITUINVIININUA

TP

Recall = ——
TP + FN

e Ay (F1) Wumsiaanuimeaazanuszanvesnusiandlinion q fulae
Y
A lannaunsaseas L
2 x Precision x Recall

Precision + Recall
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' 1 ) IS Y 1 ) o 1
®  AINNNLNUYT (Accuracy) LTJ‘L!ﬂ'li')ﬂﬂ’ﬂulmuEJ'IﬂJ’E]\TLLTJTJi]'IﬂE]QTﬂEJi'J?J ﬂﬂ'l'JﬁE]
' 9

9
HUVTIAIMIUIBYNAATININTIUIUMTINUIGNINLA

TP+ TN
TP+ FP+TN+FN

Accuracy =

Y
Aav A

Y 1]
°lurﬁaaé’fumm%u“l%’mmmuuuf]’ﬂuﬂﬁ’j"ﬂﬂ‘smmmwmmuuuﬁmm UM

1 d' A‘ v =
TYSIANDUNIATOIINTISITY

2.3.2.6 Correlation Matrix

Always to vote in elections

Never to try to evade taxes

Always to obey laws

Keep watch on action of govt

Active in social/political associations
Understand others' points of view
Choose products for politics/ethics/envir
Help worse off people in America

Help worse off people in rest of World

gl]ﬁ 18 anyUEYON Correlation matrix

I { ] v 1 1
Correlation matrix 11 UAT19NUFAIANUTUNUT (Correlation coefficients) ¥ HINNAN

1 d o Z'_, 1 v o J 1 1
AN I@]Elclu l,“]fﬁﬁLmﬁs‘jLcliﬁﬁGlu(v']1i'N“LJ“LJi]3LL’L’f@Nﬂ1ﬂ’J13Jt’f1]W1!1i"llENﬂ1ﬁENﬂ1 Correlation

matrix yhvinAagideyaiioieziih l1Fimazdde I luewnan whuaneddglumsai

. . A A 7Y q ¥ = 9 = Y
Correlation matrix A9 AATIzHUoNaN 1%, Msveu TUsunsy, @manammma"lﬂ g la

U U

) @ o ]
mmumimmua"lﬁ’mumw
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1) #10819015 19911 Correlation matrix
a I ! 2
Tag1ln@ndn Correlation matrix 921513 UUVY09 Square Nl Variables 1eAIN
o 1% 1 1 1 1 v o J A 1
Column #ag Row 1Hilounu ausugiduais msniszuaamnnuduiusueadnie
' < Y Y A = A a vy . A '
WINNEABNYBE 1A 1.00 MINFIBNOVUFAIUDIVINOANGAIFTENIUTY Diagonal NUaAIA

ANUFURUT VYD IR U4

Choose
Active in Understa products Help
Never to Keep social/ nd for Help  worse off

Always try to Always watch on political others politics/ worse off people in
tovotein evade to obey action of associati points of ethics/ peoplein rest of
elections taxes laws govt ons view envir America World

Always to vote in elections 1.00 94 94 94 92 92

ever to try to evade taxes | 94 1.00 97 95 90 94
Always to obey laws ‘ 97 1.00 96 91 91 (
Keep watch on action of govt ‘ 94 96 1.00 93 05 91 95 89
Active in social/political associations | 92 90 91 ¢ 1 )2 91 3
Understand others’ points of view ‘ 92 94 94 95 92 1.00 91 94 89
Choose products for politics/ethics/envi| 89 91 91 9 88 91 1.00 91 86
Help worse off people in America ‘ 93 96 9f 91 94 91 ( 9

Help worse off people in rest of World |

Uil 19 206193 1991 Correlation Matrix

9 . .
2) 1151997 Correlation matrix

A 9 ~A A v A 9 o ]
1. L‘W't’]’(?fz.iﬂsllﬂHﬁﬂllﬂ%ﬂ?mll'lﬂw‘l@ﬁ'llﬂ'lWiﬂfﬂ’iﬁﬂﬂ’(’] Pattern LURARIIIFY9 Glumasm

Y o 1A

] T 1 1 A
ﬁ’mumgmuvlﬁ/mmgmazmﬁmmmmmmnumauqz;Nmn

1A 1

y I a 4 a Iy 9
2. e ldiiludeya nput Tumsinsizimoua wu Tasilnaaunaliaz 14 lunsdise
LA vy o o v o . . 4 g ..
Factor analysis ﬁi@i%tﬂuﬂlﬂuﬂﬁﬁWﬂiUﬂ1 Linear regression [U9§93IN13LL8N Missing
value 800 1)
Yo o & 9 A a oA o ' ' v .
3. “l%ﬁmim‘ﬂwuauﬁauﬁ&umaummmswwam 8NAIDYIUFUNT 1Y Linear
Regression 1un3 Prediction WAL Correlation AUNING 9291114 Linear

QU

Regression fogilszaniam

2.3.2.7 mM39M1 Normalization
M39 Feature Scaling fio 35M35D99v0Av0IT0yawIAR1AY Cardinal H1AAY

Feature (Field) 1¥og lugiufernu immnziumsihlddszuianase ihgasdiuialdde

l
= o

1 [ A Y v 1 = [ . . a o
15U ¥ [0, 1] 99 [-1, 1] ”l@mamagiummmnu@ 138071 Data Normalization ‘LJEJlI‘VHGI,L!

2 . o A D) ' v )
JUADU Preprocessing dAAsoudoya noutlould lumaldinsu
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AMd IR Y9N3 Normalization o3a

9 A Ay Yo g a & a v 9 ' 9
GUfJNaﬂ‘U‘Vﬂﬂ5‘1J3J11J1!1Jﬂ'313J1’ia1ﬂ1’ia151 MFUAVDYA E‘I_ILL‘U’UGU@N”@ i Scale BINVOIUDYA

U

9 [

. [ IS o ¥ o
(YoyaA1av Cardinal) 15U Foyafinison 4 3 Feature Ao ©1g [10, 201, 1141 [30, 200]
d2uga [120, 180] d1mSUFAND3 1M Machine Learning #a1e 9 1 liaunsnsudoya
2y v o F A ¥ o .. a4 y

WaINna1e Scale LUV 1A laoase Suduiits1de i1 Normalization nouiits1azfoudoya
T Tuea danesiudarramnsasnaulaend1e6191%u L2 Loss 1150 Mean Square Error
9 1 A 1 o I a A o w o Y ¥ o Aa
MABILANAIAUNIN Loss NIZBIUN 11999 1NINMAId04 91119 Feature KN

1 o A 19 A o . Y I 1 o I
1NN ILVALN Feature DU 1AN1IN15N Normalize 10 Feature 11131J4 [0, 1] (M1AUHUA 1

Y
wudtTamilla
1) Rescaling (Min-Max Normalization)

. A . . . 3 amA A A YR 9 Y 3 ] 1
Rescaling 150 Min-Max Normalization (135N enga nezaliuaiaveya liilueglueig

v o g R . Y v y
[0, 1] @98n1311 Feature / Column 1Y ¢) aUA8AINUBENGA (Min) HAINITAIIYIVDITOYA
v
UU (Max — Min)

x’=x—min(x)max(x)_min(x)x'=x—min(x)max(x)_rnin(x)
2) Mean Normalization

Mean Normalization Aa1811J Rescaling uana19i U 1y Mean 1ny Min i 11¥9v04 Output [-

Y
[ [

0.5, 0.5] ¥NaUINUAZAL Balance

x’=x—average(x)max(x)_min(x)x ’=X—average(x)max(x)_min(x)

The
Normal
Distribution

Prabakbility

Values

f 99% offva
Probability of Cases ¥ alues

n portions of the curve

Standard Deviations
From The Mean

Cumulative %

t t t t + + t
Z Scores -4.0 -3.0 -2.0 -1.0 0 +1.0 +2.0 +30 +4.0
b y y y y t t !

T Scares

3N 20 Wf5euiMeun 139 Normalization 151835
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3) Standardization (Z-Score Normalization)
Standardization ‘ﬂ%@ Z-Score Normalization ﬁ ® msﬁwﬁ’ay)a Feature / Column 4115’ Uclﬁ} Mean

=0 1ta& Standard Deviation = 1 (Unit Variance)
' — ! —
X =x—X Ox=xx O

2.3.2.8 K-Fold Cross Validation
9 L. 2 A A A A 9 ~ ° .
N138319 Prediction Model VUNITINYINADNITLADNVDYANISUIN Train 1A Test
Yo A D) . o q ¥ Ay v Y '
1% Model IHBDIINUDYABI1VIY Overfitting mlv Accuracy 189105 Predict HUFINN
& A v a A 2y, L. ) ' o
AN U5 mﬂmmmi%wamamﬁmummmmmmi Cross Validation GUE]S‘;I,aﬂ’JlIﬂUl‘]JﬂlI
. . A Y VY 2 ' A ' A g .
117 Split Train data LaZ Test data Lwaslw“lmayjaﬁawmumﬂauwﬁlzum Data 13/U Train
I 1 A o 9 1 g . [ . v A )
data ooy Subset 808 avdialvaiduun Validate Model #1914 Train ﬂaumzm"lﬂ

Test @*%EJ Test data

Dataset

Training Testing | Holdout Method

Cross Validation ‘

)
S

Data Permitting:

Training Validation | Testing | Training, Validation, Testing

97

o~ S Joseph Nel:

gllﬁ 21 uUINA K-Fold Cross Validation

o . . [ I
1391 K-Fold Cross validation az111a903ae0milu K subsets 71611 K subsets 9219
< < aad o
K-1 subsets 1J1 Train data 1taz11@0 Subset gane 1111 Validation data @265 17
H 9 H
AWN509ANNAY Accuracy YD Model TAUAZHAIDINUUZIING Test A0 Test data Aton 13

¥
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D Validation Set
- Training Set

Round 1 Round 2 Round 3 Round 10

preell - 90% 91% 95%
ccuracy:

Final Accuracy = Average(Round 1, Round 2, ...)

3'llﬁ 22 ﬁ?@ﬁi?dﬂﬁ?ﬂ’;ﬂu 10-Fold Cross Validation
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v
¥

= a d' d' 4
VNN 3 NHIIVYNINYIVDY

Av A A v Aa a J I X v o .o .
ﬂu?%ﬂ‘ﬁlﬁmﬂgfﬂiﬂiJ?J‘I/I‘EJTLAW“LAﬁﬁ Lﬁ’e’]‘ﬁﬁ”iﬁﬂﬂ ILN1INNITN Predictive maintenance
S A o 1 o !
yosgilnssliivetlosiumsaenigauuy Unplanned Taogiunuved Model 1ldaziinam
uanaany 1 119138 1§Mann3 Support Vector Machine 11991433819 Convolution
d‘ o zﬂ' @ A 9 1 o [ d‘ A ]
Neural Network (We11eM a0 1z ve a0 1uifagiiu niouduanmsineiunaiiiaood
A A 1] ) Iy o Y o Av A g
Mmasesnsguinau lanamsari ldsunu Tasaudtenenuiuunnnrainvale
g)} 1 d‘ [ A [ Y [ [
gaennssung 1530 I wiuyamng wsesinsuuise wrduna ldn luvzanyugau

o . . . 1< 1 a o o
uuu1an9 Predictive Maintenance nausnne liinalss Towi ldmiounu

3.1 Failure Prediction in Open-Hole Wireline Logging of Qil and Gas Drilling Operation
Using Support Vector Machine

QWH%%&J%@QQ‘[M Maylada ﬁclcffj Support Vector Machine 41911 Failure Prediction in Open-
hole Wireline Logging of Oil and Gas Drilling Operation

Ao [ Bldl 9 1Y) 1 o A d v 9 9 9 13
NUIVY [6] E)Wﬂfl]gllllulﬂlﬂﬂ?ﬂl’E)\‘lﬂUQ']ll“]ff]iJTJ']iQﬂLﬂuﬂ?ﬂl@sll@\iélﬂwm'ﬂﬂﬂﬂiﬁ Uan

q

9
Aagv A

<3| o .. [ S ¥ o ¥ .
11UN15911 Predictive 15UNY Iﬂfﬁ]‘ﬂlj“@%}um@\jq’]ujfﬂﬂUﬂﬂjuqquq‘!ﬂW]gu’]Nuuu ﬂ'ﬁ‘ﬁ{ﬂgéuﬂ

9 ]
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g’; A o n Y 1A 9°I ] 1 [] ~ 12 A = U 12 o Yy
ﬂswmmmfmu"lu"lﬂummuumu@guuu@u L‘INfJQL!@]iJT@ﬂTﬁVIﬂZ?J?JTﬂﬂ’J”IthiJ ‘VIﬂ‘Viﬂll
v Y

1A v o o .o < 1 A o
ANILITLI09NY AIUUNITH1 Model Prediction Nagamnsnsemnanuiulalumsamu’la

'
A o W aa 9 @

] ' 4 v Jd
TﬂﬂﬂTiLﬂU%@HﬁﬂﬁTﬂmﬂ’Nﬁﬁm?ﬂfJ']fJ'E)T!WﬁQ 4?J fl Input 32 AN Lﬁﬂ Predict NAQANT IV

Success ‘H%EJ Fail

1 2 3 . . . 32 Class
Logging#1 Success
Logging#2 Fail
Logging#3 Success

{ o { & o
Uil 23 dnvaizvesdoyainily Input uag Output 11 Model

9
a o %

v A v A g Y 2 A o q ¥ Ao
ll@]lu’f]\‘]ﬁ]’lﬂ"llﬂya‘ﬂlﬂﬂll'lul@Glu\‘]'lu'ﬁ]flull'lfi]']ﬂﬂ’lilﬂﬂuﬂﬂ'ﬁel!@ﬁ]’lg 2 Yy 1/I1G|,°Vi Data NUUU

] Y . o o Y Y "9 I a ] o
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Data Separate into 2 groups

Formation Tester (Group#1) Quad/Triple Combo (Group#2)

Train - Test Split

4’ [ U Y a
;il/ﬂ 24 MSUINNQYNUYBNVOYANMNAUANITYRADIS

9
Y

4 { [l @ a 4
110991015 u 89 Data Al deezaaiudaldimaiia 5-fold cross validation tioan

9 1]
8asAuHANa1R U3 Predict TAN15 Random Y03yaA39a2 30% 1W0¥11N13 Validate 1oz

o 22 2 Y
MUUVUFI)INUUA S AT

Data A1UDUAZYN11W141 Algorithm NuANANAUINOH1 Result Y99911398

Foldl Fold2 Fold3 Fold4 FoldS

Validation Split

£
z
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@
=
=
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=

Formation Tester (Groupi#1)

Train | Validate
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5-Fold Cross Validation

Validate = Train

=
>
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5-Fold Cross Validation
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Accuracy

Group @Group! @ Group2

100%
95.65%
80% 8551%
7391%
60%
40%
20%
0%
SVM “laive Bayes Decision Tree

;Il]ﬁ 26 1f5guiigy Accuracy 1o Z%Algorithm AN
<3 Y . gj a o 1Y) ~ ~
wiriulan Support Vector Machine UHU Accuracy 1431 Data Input Groupl ¥10NgAaAN

94.75% 118 Decision Tree ¥ Accuracy @13V Data Input Group2 mﬂﬁt;fﬂﬁ 95.65%

3.2 Machine Learning for Long Cycle Maintenance Prediction of Wind Turbine
NUIVYVDY Chia-Hung Yeh @M 3UN311 Machine Learning 1M Long Cycle
Maintenance Prediction of Wind Turbine
9 1 v
o1 1neluaIuIde [10] N899 Predictive maintenance 1A8ATI JAITUAY
Ay A A =) . 2 9 = aa
6U’EN\‘]”Iu’J"DEJ!,fm"lnﬂ'ﬂ”l3‘1/1!fl/li"lTLlTiﬂfJ IOT (Internet of Thing) LﬂJHJHIHI‘]JVI‘]JTVIGluGD"J@]ﬂl’fN

< ' [ < o °
A wazu 1591095103 10T 15U U Taanua1a1an1e1u 1599114910 Sensor ADINAD

]
=1

9 1 Y
A lamartiawnsnii i lfiaedse Tendez 15 1dha aluneiselidise Idins

v v

3 9 9 A 3 A o o ¥
Lﬂmeuammﬂiiwu"lwﬁmawmman NUMN uamﬂulﬂiﬂﬂﬂﬂiﬁﬂﬂﬂll‘lﬂﬁfﬁN

U

9 1

) 1 Y
WAMUNINUA 31 1A509910 2 Wind farm tazazihdeyamartidsznoumaaadulaluns
¥ga Plant iW0FoU1139 81015 Predict uiudusnzamnsoiui lslusunaliny

a Y
AsTUIUMIHAN 1A
Y

N3NNI Input data 111 Model §1%51 Predictive 2 model A28 Tagd 30

5N Hybrid Model 1111 model ¥4 Convolutional neural network (CNN) AU Support Vector

machine (SVM) #1534 1
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Operation data

LYY g /
5SS K O\ o
CEN ( @

g SVM
: s

The hybrid network

Prediction of long cycle
maintenance time

Maintenance data

FUN 27 Flow chart 773593 ¥939117398

]
v A

' H Y
Li11{51}1‘!‘1(]NIiQ\ﬂu"lWﬂ'I‘l]Ziﬂﬂﬁ]'lﬂ Sensor 1A% Wind turbine 1M 3MuA 3 1LY

fenufe Operation data, Event codes (101 Maintenance data uazﬂzﬂim%’ayaﬁ Error W50

o 9 Ao Yy o . 9 2 ¥ Y q 9o 9 A g Y
N1 Extract “ll’tilllﬂ‘il'ﬁﬂlﬂl‘mﬂ"]f HadaIn Cleanlng "U@Qﬁ!iﬂ‘ﬂi’ﬂﬂlm'ﬂﬂLﬂiﬂsllf]ial,mﬂl,ﬂﬂulﬂlﬂ

U

o [
99 Attribute 11191314 NAN time, time condition, and NAN period

[ime Machine no ) | No.2 No3  No4 | NoS5 No6 No7 | No8 | No9  No10 No.ii

"2015/10/06 11:40:00
'2015/10/06 11:50:00
2015/10/06 12:00:00
2015/10/06 12:10:00
201571006 12:20:00
2015/10/06 12:30:00
‘2015/10/06 12:40:00
2015/10/06 12:50:00
"2015/10/06 13:00:00
"2015/10/06 13:10:00
"2015/10/06 13:20:00
"2015/10/06 13:30.00
2015/10/06 13:40:00
‘2015/10/06 13:50:00
‘2015/10/06 14:00:00
"2015/10/06 14:10:00
201571006 14:20:00
"2015/10/06 14:30:00
"2015/10/06 14:40:00
2015/10/06 14:50:00
"2015/10/06 15:00:00
‘2015710006 15:10.00
"2015/10/06 15:20:00
‘2015/10/06 15:30:00
‘2015/10/06 15:40.00
"2015/10/06 15:50:00
‘2015/10/06 16:00:00

1381 1036 1121 912 807 434 763 1289 602 183 NaN >
1381 1036 1121 912 807 484 763 1289 602 183 NaN 2
1381 1036 1121 912 807 484 763 1289 602 183 NaN -
1381 1036 1121 912 807 484 763 1289 602 183 NaN 3
1381 1036 1121 912 807 484 763 1289 602 183 NaN it
1381 1036 1121 912 807 484 763 89 602 183 1114 4+

12
1381 1036 1121 912 807 484 763 1289 602 183 1114
1381 1036 1121 912 807 434 763 1289 602 183 1114
1381 1036 1121 912 807 484 763 1289 602 183 1114
1381 1036 1121 912 807 484 763 1289 602 183 1114
1381 1036 1121 912 807 484 763 1289 602 183 1114
1381 1036 1121 912 807 484 763 1289 602 183 114
1381 1036 1121 912 807 484 763 1289 602 183 1114
1381 1036 1121 912 807 484 763 1289 602 183 1114
1381 1036 1121 912 807 484 763 1289 602 183 1114
1381 1036 1121 912 807 484 763 1289 602 183 1114

1381 1036 1121 912 807 484 763 1289 602 183 114 v

1381 1036 1121 912 807 484 763 1289 602 183 NaN p

1381 1036 1121 912 807 484 763 1289 602 183 NaN

1381 1036 1121 912 807 484 763 1289 602 183 NaN g
1381 1036 1121 912 807 484 763 1289 602 183 NaN =
1381 1036 1121 912 807 484 763 1289 602 183 NaN g
1381 1036 1121 912 807 484 763 1289 602 183 NaN @

1381 1036 1121 912 807 484 763 1289 602 183 NaN
1381 1036 1121 912 807 4 763 1289 602 183 NaN ¥
1381 1036 1121 912 807 a3 763 1289 602 183
1381 1036 1121 912 807 484 763 1289 602 183

M31efl 7 M59a Awribute TinuToya

Y
¥a991N99 Attribute THnuUToyaudTuaouse 111%uq Class 1Wi1 NAN period

9
Y

30

uoRIPUOD W |

NINUA 4 Class TA8IEAAINTININYDI NAN time 11 NAN period 1a8# Class 4 921311 Class 9
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=

1 NAN time Mn#ga FedawadseoznaImssomngannuigasuny 1agis19zmngm

Q

] Y ] 1
Event code NNAYULALAINAAD Class 4 11UBI51NY Event code NIWAAD Long Period
. A Y o ) A a 49! = 4
Maintenance 11 Nga 1%11171517 11U VDI Event code Minnduuazaiuiinli
y 2 » 4 44
Tn598319U99 Model H91uA3 2 Layers Y94 CNN 1ii0L1en Features NNEIY04
¥ o { g I [ . .
291N aNN 911 Features Nuanoonun 1a1in iy mput 1971 RBF-SVM (Radial Basis
Y
Function) lagd ] Yugrazla Input N¥YUA 6 Features Ao uAD Wind speed, power output of

the wind turbines, oil temperature for the wind turbine gearbox, temperature of the high-speed

9 H H Y
bearings, 91UIUATIVDI Short NAN periods 1AZAUDVDY Event code NAAUY

Input data
Wind speed

1-D CNIN Layers

1x2 CNN 1x3 CNN
RelU Max pooling RelU
Bearing temperature Dropout Dropout

Support Vector OQutput data
Machine

RBF-5VM cnscrces
maintenance time

Oil temperature

Max pooling

Freq. of NAN period

Fully-connected layer

Freq. of event codes

o o ae
JUN 28 Flow chart Tnsagiagavea1n e

o A o ] I
Haans N 149101391 Prediction Long Period Maintenance Qﬂumeemﬂu

Class Accuracy
2 95%
3 92%
4 87%
5 84%
6 76%
7 77%
8 76%
9 73%

d’ v o ao
;nl‘n 29 HAANWBTUDNNIUIDY

v v
Tag Class #1499 viRngdamsnauud i szeznar lumsseunavua Av 900 T4 tazav
{ o 1 ] I v ] 1 X I
Class Aotaviii T)utiauduily Class 2 Ao 0-450 Fuiusranageunilauas 451-900 1u

DNFIMIAFOUNT AU Class 9 Aivzuiaeen 1d 9 dIufAD 0-100, 101-200, ..., 801-900 1NKA

v
=1

<] 1A o ' 1
VDY Accuracy 1/1"l@’fﬂzmu"lﬁ"mmmcmmmmm Long Period Maintenance ' lsaves

] 2 R
Accuracy NIEIARUNTUU
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3.3 Predicting Remaining Useful Life of Rotating Machinery Based Artificial Neural
Network

1U398U03 Abd Kadir Mahamad, Sharifah Saon 118 Takashi Hiyama GAVESTIIRBAYN
Artificial Neural Network (ANN) 41 Predict Remaining Useful Lifetime (RUL) 115U Rotating
machinery

TutagiiuIs9ugaamnIsuln131in Predict msThaveuREeTnTINTuieIiY
UssAnTnmueanszuIumsnan uaziiindsednsnmmssenthge Wie Condition Based
Maintenance (CBM) Taga1uIve [7] 145113301 Artificial Neural Network (ANN) 11U Feed
forward Lﬁamszﬂznmﬁm%q ﬁ'ﬂsﬁ’qmmmﬁnmllﬁ' N30 Remaining Useful Lifetime (RUL)

U949 Bearing Failure

(% [] A

= . I I A 9 o Aa Y @ .
% Bearing lﬂuQﬂﬂﬁﬁlﬂilﬂ31“61ﬂﬂ]ﬂﬂ1\11ﬂﬂﬂl@qLﬂﬁ@\‘]ﬁ]ﬂﬁﬂﬂ!Wﬁﬁlﬂi}J‘u DININAI Bearing

g

uannazi i lanznsznudunazinaiumas luidld

Accelerometers Radial Load Thermalcouples

® ®
8 8

Bearing 1 Bearing 2 Bearing 3 Bearing 4

Motor

d’ o ] d’ [
3UN 30 1141119v04 Bearing Tuin3ea9ng

. . A ' A = A A Y 1A
N13ATIIM Vibration GU’ENQﬂ‘]_]‘L!E‘THJ”Iiﬂ‘]N‘]Ji’)ﬂﬂTVILLﬁﬂQﬂ\iﬂﬁLﬁ’t’)ﬁJﬁﬂTWﬂJﬂ\‘lQﬂ‘]JLlhlﬂ AN
Y v VA A 9 [ . . v IA . A
Jalaaesmnnedteeny Bearing failure HUNA® RMS (Root Mean Square) Lt91g Kurtosis t4®
Y g‘/ Y Y o . Y
lamnsaeaudr1vviinig Feed input 197111/ 11 Model Y049 Feed Forward Neural Network 1ag

1 ~ Y g’/ 9 o A @ ' Y dy v
A1 Input nFunavua 6 features AIYNUAD 1. nmﬂm;‘nu, 2. naﬂuﬂauwum, 3. 11 RMS
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[y} 1 1 9 dy 1 . [} 1 . 1 Y dy Yo
ﬂ‘ﬂﬁ!‘ﬂu, 4. 11 RMS naUHUIU, 5. A1 Kurtosis ﬂﬁ]ﬁg‘ﬂu 1ag 6. 711 Kurtosis NOUHUIU u,az"lm‘u

I $ 1
Output ponuuiu Life Percentage AF1UMT Normalized 311182

Input Layer Hidden Layer Output Layer
fia
1
— o
N— “i-1
©o
N
§ N
: Z T
2
2
= i
e 2
— 2
3 = =gy o &
2 3UN 31 Feature N1 Inpur Waviun
»
o
N
~ ' v
o A [ Gl o .. Gl Y o . .
2 HagUADd Cycle MNHUA LUNITNT Predictive model [11NU Bearing Failure
o
o e e e e e s e =~ Ty PR
N ! Training !
- | ]
| 1
o I Input Data :
@, | Time and measurement values i
R | :
- | v I
- | 1
o | Construct the fitted measurement !
< ! values as training set |
| i
S ! L :
o | 1
N ! Construct validation set from '
a ! training set !
> | |
o ! v :
=4 | I |
= I Train ANN "
o | 1
e | 1
IS A S O O O LN 3
G R I R R R NN PR
= ! Prediction
@ Proposed ANN j
=
N
[
Fit the Predict the life
measurement percentage of
data bearing failure

New measurement
data available?

3i]ﬁ 32 Flow chart P39 Predictive model



T06089v¢62

Tz :bas / v :00:00 v9522020 :n2a1  sisayy 1z09tto2z9 s tsaul 1 o NN

waa‘w‘ﬁﬁ]1ﬂmimamu%mu"lmmmtﬂu Actual uauﬂm Predict "lﬂuugl,wumzﬂu 100%

gtj M

L nhd 1]

< os | f Vrm JML

go.sﬁ |( ,l)) "&'WWH‘

: H" “? “ Wl |T|‘

n.o.4|’l \ ||-+‘;1‘r17‘9l H'

bR e L ST
0.241 “ | ! ‘1‘ | .'ﬂl
% 1 20 a0 1 l'!6‘0 1 léo l 1100

Observation Data
JUN 33 mafseuneysenin dcual uag Prediction

34



T06089v¢62

o
]
o
~
N
Ul
o))
X~
o
Q
o
Q
I
a1
—
%
19}
2
N
[

35
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4 ] o { 1 o [ 1 ]
iegizezna1lumsiin lsengunsailmngau uag1ini Model aana1 Tu 1z la
o 9 Y| A A ° Y Yy 19 1 A A 1 g
awnsoaon Tandvesd 1auld iesnndeiaenigsdensy ilyszeznaiimae uaiy
[ d‘ Yy Y 1 o 1 ) 1 1 9 d‘ [
dyananzvenlnd l)seuuaugilnssivnnd dununeanuiae 1dszeznauniodns
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a t;ld Y A J 1 o Y 9 o
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o A
4.1 mnmﬁmamm%’agammmm Total Organic Analyzer (TOC)
y A 3 9 A = o 1
iﬂﬂIi\i\ﬂ‘lﬂﬂ\TﬂNﬂ 2 1503 I@ﬂigﬂglﬁa11uﬂ15!ﬂﬂﬂlﬂyjﬁﬂ@ FLYLLIAT 6 LA UANLLE
=2 a A ) A g A Y A o
UNITINY 2563 IUDY HOUIU 2563 Iﬂﬂlﬂi'ﬁ)\i"ﬂ?ﬂii\i“ﬂ\i 2 mimmﬂuwammﬂuuaz Model

= Y 2 A A AW Yo v 3 = (%
LﬂEJ')ﬂui’nJ]lﬂﬂ\iﬁ’liﬂlﬂﬁa\iﬂvlﬂﬂ'lﬂ'ﬁjﬂﬂlﬂuﬁ'ﬁlﬂﬂgﬂu

| e

J Ui 34 1A504 Total Organic Carbon analyzer

4.2 File 7113210 Notepad

anunnegla 3 1dihmsdsapiuniadiveuaTes TOC analyzer
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3:54:45 6/5/2019 -6 518.61 718.73 9999.99 54.34 61.71
:05:25 6/6/2019 -5 528.18 718.42 9999.99 54.83 61.85 1539
:16:18 6/6/2019 -5 537.93 724.1 9999.99 54.99 62.11 1528
27:07 6/6/2019 -4 531.56 730.91 9999.99 54.22 62.85 1513
137:49 6/6/2019 -5 526.67 729.33 9999.99 53.97 61.68 1517
:48:17 6/6/2019 -4 519.78 721.94 9999.99 54.02 61.25 1511
:58:54 6/6/2019 -5 527.34 719.12 9999.99 54.05 61.18 1530
:@9:35 6/6/2019 -5 527.55 719.53 9999.99 53.45 66.95 1491

7ulii 35 Joyail [d91n Notepad

4.3 M9 Import file

o Y A =y ya Y] ' .
Waﬁi]’lﬂlﬁﬂ‘H'lﬁ]'lﬂJ@\?Lﬂi’E]\ﬁ]\‘lhlﬂiJﬂ'li Import file U Notepad lemagmaiu File Excel

A Y 1 . 9
LW@iW\‘]’Iﬂ@@ﬂWﬁ Filter Hiuoya

TIME DATE CO2z TICmgu | TICmgc TICmgu/Tl| CO2p | TOCmgu | TOCmgc |Rate (TOCmgu/TOCmgc) |CO2t|DegC| Atm
9:47:11|4/30/2020 -11| 615.34| 747.66 0.82| 9999.99 49.61 53.12 0.93/1290| 40| 100.9
9:36:28|4/30/2020 -11|  616.77| 747.91 0.82] 9999.99 49.16 53.47 0.92/1296| 40| 100.9
9:25:49|4/30/2020 -12|  611.04| 743.27 0.82| 9999.99 50.16 53.72 0.93|1314| 39.9| 100.9
9:14:53|4/30/2020 -12|  615.89| 741.33 0.83| 9999.99 50.51 54.59 0.93]1303| 39.9| 100.9
9:04:16|4/30/2020 -12 605.3| 737.99 0.82] 9999.99 49.81 54.45 0.91]1277| 39.9| 100.9
8:54:41|4/30/2020 -11|  605.54| 745.16 0.81] 9999.99 52.32 54.57 0.96|1374| 39.9| 100.8
8:43:51|4/30/2020 -11| 606.92| 750.07 0.81| 9999.99 50.09 53.97 0.93|1300| 39.9| 100.8
8:32:52|4/30/2020 -11|  622.23]  749.15 0.83] 9999.99 50.07 54.15 0.92]1317| 39.9| 100.8
8:18:59|4/30/2020 -12|  617.63 745 0.83] 9999.99 50.78 54.25 0.94]1341| 39.9| 100.8

1 aa 1 [ 14 1 P 1 Y
meluuaaz Column UNVILANANNY TRUs WIS DT UARZIFUIFDTN ﬂﬂ”lulﬂiJ \|

D
2)
3)
4)
5)
6)
7)
8)
9)

10) Atm: AMANUAUUTTOMAVDAATOL B YN A

r g/ o
M50 8 Yoyara9INNIg Import

[ [

=le

K
1 =

Date: JuinagnIun

. A v K
Time: IAINAYNUUND
TICmgu: A1V Total Inorganic Carbon lud13n9U Calibrate
TICmgc: A9 Total Inorganic Carbon lue13189 Calibrate

J 4 Jd A A o
CO2p: ﬂ11]%ll1ﬂ!eUfNﬂ'li'U'é)ullﬂf]'é)ﬂllcliﬂﬂ@uﬂmiflﬂﬂgﬁmﬂu
TOCmgu: U0 Total Organic Carbon lud13nou Calibrate
TOCmgc: A0 Total Organic Carbon lue13189 Calibrate
1 4 d o A A o

CO2p.1: ﬂ?lﬁll'lﬂ‘lelj’t]\iﬂ'liﬂ’E)uvlﬂ’él’élﬂll‘;]fﬂﬁaﬂﬁﬂﬂﬂlﬂi'E'J\WH\ﬂu

1 a { 4 o <} 1
DegC: ATYUNHN W %mzﬁlﬂ%ﬂﬂﬂ1ﬂ1ilﬂﬂﬂ1

11) Sample: Y5112t Sample Tuszuy

12) Sample pump operation mode: UDNADIULUDN Sample pump

9 1
13) Sample pump number of pulses: INUIUATIN Sample pump NIU

Y [
14) Sample pump time for operation (ms): IA1NINUAN Sample pump NIU
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v 1 v
15) Sample pump time for last pulse (ms): nan lgaeui Sample pump wHIMIThauasa
gaihe
9 [
16) Sample pump error counter: UE]ﬂiiTL!’J‘L!ﬂN‘ﬁ Sample pump ulll‘ﬁNTL!
17) Acid pump operation mode: U8NTDIULVDI Acid pump
9 [
18) Acid pump number of pulses: UIUATIN Acid pump 11914
9 v
19) Acid pump time for operation (ms): NAININNAN Acid pump N9U
1 1 Y
20) Acid pump time for last pulse (ms): nalFneui Acid pump LDIMIMNUAST
Y
qany
v 1
21) Acid pump error counter: VONTIUIUATIN Acid pump Tiivhau
22) Base pump operation mode: UONANI1ULUDY Base pump
v '
23) Base pump number of pulses: TIUIUATIN Base pump N9U
9 v
24) Base pump time for operation (ms): 1381M4% AN Base pump 191U
' 1 v
25) Base pump time for last pulse (ms): 138191 197917 Base pump 3£D4MIHIUATS
9
qame

2 1
26) Base pump error counter: UON$I1UIUATIN Base pump 14411914

4.4 Gi’llﬂga Error log

v Y
nnvoyannualude 4.3 vwxdunalanaianua 1l Parameter NisvonUARIADIUZ VO

~ 9

A Y R A A o a A A 9 =2 9 o
LﬂiE]\‘lhlmﬁEJ’N“H’NL’Jaﬂﬂ‘mﬂi@i‘ﬂWﬂuﬂﬂ@ "11’3\‘1&’3%111@‘1/]Lﬂ’i@\11ﬂﬁi]$3J‘]jilul°Vi1 WADIUIUBUA

g}} 1o AN Yo = vy @ A A Y Aq ¥ 9
NAHUANIGHNY Error log 7 Iatiuiin13neludunies (Error log Ao gadoyanlduend

[ 0 A ;’ﬂ Y a é’ [] (%
%mwnqﬂﬂimmmm TOC Analyzer uu“lﬂuﬂﬂumnﬂwuummaﬂﬂ) ANYULUDY Error

'
A o

= 4 A4 a £
Log 32UIUNLaSIINIATNNA Error YU

FAULT ARCHIVE

©1:09:52 23-11-19 [01:36:44 23-11-19] 20_NO REAGENTS
©1:09:52 23-11-19 [©1:36:46 23-11-19] 85_LOW REAGENTS
21:53:20 22-11-19 [01:08:56 23-11-19] 28_NO REAGENTS
21:53:20 22-11-19 [@1:08:57 23-11-19] 85_LOW REAGENTS
13:11:48 ©8-11-19 [21:50:83 22-11-19] 20_NO REAGENTS

71l 36 Joyaii 4910 Error log
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4.5 Import Data tas Error log

A o 9

IBUIUDY AN Data 910LA

9
v

Iaanymzaesdoyanislu Excel amnmaruan

38

5049 TOC analyzer (l81¢ Data 910 Error log a3y File Reniuae

Time Date TICmgu | TICmge | CO2p S18
10:16:12 | 6/25/2019 | 569.16 577.28 9976 0
10:05:09 | 6/25/2019 | 581.8 590.11 9972 0
04:33:58 | 6/25/2019 | SAMPLE VALVE SENSOR 3 FAILED

04:15:17 | 6/25/2019 | 570.77 579.29 9986 0
04:05:46 | 6/25/2019 | 568.38 578.09 9982 0

r g/ o
MINN 9 Vayanadv1nNn13 Import Data lag Error log

4.6 ims1/aguveya Time 1oz Date

{ . v . !
1)U Time 1az Date 71811 Data 19131 Operation 118¢ Number of Cycle H4AMUHNGUDI

LA A4 4 . 2 .4 9 = ¢ o o \
- Operation 19 1AUNNATOY TOC analyzer NNIUAILALTUAY ﬂumqﬂﬂimwuﬁﬂmﬂ YU

A 2 [ . P~ o A o A A o A [l
INI99L3Y Start Tnaviudlu Operation N1 1 IUNTENUATINUTYNY LUDNINTT Start REGRILEY

= v g . A
992UV U Operation 91 2

- Number of Cycle Ain §119U Cycle Neu15091911 1411 1 Operation 9109 01av0AT09

A g ' = o A o
TOC analyzer MU lanuanlu 1 Operation 922inM31iuiIn Cycle 909 15 w1d 11w lu 1

I o 4
Operation 8131503 Number of Cycle l@1Husmumnduasesainsalaau ldum

Machine

Number of cycle

2553

2554

2555

2556

2557 <«
1

MININNNREIPRIEPE PP

v wn

gilﬁ 37 35M35UY Machine Ua Number of Cycle
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4.7 210170 4.6 111# Data veuswlasulihBudazduas

39

Operation | Cycle TICmgu | TICmge | CO2p S18

2 2 569.16 577.28 9976 0

2 1 581.8 590.11 9972 0
SAMPLE VALVE SENSOR 3 FAILED

1 2040 570.77 579.29 9986 0

1 2039 568.38 578.09 9982 0

d' Y [ =~ o
MINN 10 “U(’)ayﬁﬁﬁﬂmﬂﬂ75!1]2781!31!!!@3!?@7

4.8 M3%1 Remaining Useful Lifetime

4 ywyy . Y q9 o ° ..
me"lmayja“lugﬂuumm Operation 8% Cycle f]@fmTLLa’JﬂlﬁLﬁVHﬂﬁﬂWH’JmVH Remaining

. 4 s 9 44 o v
Useful Lifetime ¥841A389 TOC analyzer 3481513101518 Cycle MaTeauisoiiau la

A . g I 1 <] Y A A A o
lﬂﬂ‘ﬂq@iu Operation uum‘ﬂumﬂi ﬂfﬂgﬁuﬂifﬁ’ﬂhlﬂ’lﬂ!,ﬂiﬁNH’Ta@igﬂ&’JQWWﬁWNWiﬂ‘VINWH

v oA A v =
"l,ﬂﬂ Cycle NOUNIATDIISWILTYH Y

RUL = Max cycle voa Operation — cycle ves Operation

A v I
gﬂuumm%’m&mzﬁ Column Tvisliantunaadlyu Column ¥4 Remaining Useful Lifetime

Operation | Cycle | TICmgu | TICmge | CO2p S18 RUL

2 2 569.16 577.28 9976 0 5570 —2 =5568

2 1 581.8 590.11 9972 0 5570 —1=5569
SAMPLE VALVE SENSOR 3 FAILED

1 2040 | 570.77 579.29 9986 0 2040 -2040=0

1 2039 | 568.38 578.09 9982 0 2040 -2039=1

3NN 11 350571428 Remaining Useful Lifetime

4.9 M5M Classification

A A A A A @ o J s o . .
HJ@V]T]‘U5$ﬂglja']ﬂlﬁaﬂmlﬂiﬂﬂﬂﬂiﬁ']ll']iﬂﬂ']\ﬂullﬂ NALNINIT Classification RUL

I 1 ] P o ~ [ o
111 Class @199 Tagn1599 Classification 32195z aumsain Idsuunniinaugoutige

1182 Vendor gN¥msviensetns linuna s Tag

Class 1 923 Remaining Useful Lifetime = 1,920 Cycle
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o
]
o
~
N
Ul
o))
X~
o
Q
o
Q
I
a1
—
%)
19}
2
N
[

Class 2 923 Remaining Useful Lifetime ‘ﬁiz‘ﬁﬁN 1,344 — 1,919 Cycle

Class 3 923 Remaining Useful Lifetime < 1343 Cycle

mmqﬁmmm Range 9119194 Cycle Tuuaag Class vufinmminedade i
Class 1 Huneauns pasnsawrsaian 1§unnimienidy 1,920 Cycle 1y

WINBALI §1INIATET TOC analyzer 1919111971 Cycle ag 15 w1

melunat 1 $9Tus = 19309 TOC analyzer 191118 4 Cycle

melunat 151 = 1A3e3 TOC analyzer ¥1311'18 96 Cycle

mMalunan 20 3 = 1AT84 TOC analyzer 11191114 1,920 Cycle

2 Y v A

és o X u g ﬁ 4 4
Faszozinan 20 'l duszeznanlanenufiuaiusiulilte Vendor 7t Supply 1AT04
U Y 1 A @ o F) a A 1 o o 12
TOC analyzer azANAITINAUIUATOIINT NI IaLnGA Auaugoniiigada il
Y A9 9 o ) 4 g g
wihndeatn ldves 1snihau Class 1 W@nsnisendn¥e lain Class “Healthy”
= A o o Y = Y a
Class 2 118D UAT099N5T1U IALNB4 1,344 Cycle B4 1,919 Cycle §111nAA
I = v R v Q) Ay Y v A = ~
sreznanduiutiunne 14 s 20 JwduszeznainlanenufivausiulUie Vendor 0

Supply 1A309 TOC analyzer AZANAITINAUI @11TDEI Spare part LNOUTBOULHL

40

A [ Y o @ dy 1 g & o o 1A o A 9
msmﬂﬂi"lwunm Taganaviuysdudeinves 14 Tuuazvudaon 5 I Lll’f)ul@l Spare part

[ [ 9 [ [
WNNNUADITVININTN Spare part 1 a0 1i/aesy eunsaisen Class Hon¥eniialan

Class “Need maintenance”
= A [ o Y 9 1 a g o
Class 3 Wll']f]ﬂ\?Lﬂﬁf’)\ﬁ]ﬂﬁﬁ']ll']ﬁﬂﬂ']\?']u”lﬂu@fJﬂ'N 1,344 Cycle Anluaay 1,344
I v SN 9 1 o 9 =\ o .. 9 dyzg 1 ]
Cycle WuIuAfeuaenI 14 34 91MINUNIIT Prediction hlﬂ Class HUUNLAAIIINITAN
Yo ] o 9 o = A = v A U
Spare part mﬂﬁ_ji‘umu1“13J’dmW‘Jﬂmllﬂﬂumiamummﬁmlﬂlﬂ@ Nﬂ?ﬁﬂﬁzslﬂ\lﬂﬂ‘ﬂllﬁ']uﬁ]']ﬂ
a A’ [ G o v o A [ d’ a é’ d' d' (% = dy
WﬁGILW@%ﬂmﬁlelLLWuﬂ'lﬁ?f'lﬁﬁ‘ﬂﬁ‘llll@ﬂﬂﬂﬂ]uﬁ']ﬂ@']ﬂﬂmﬂﬂﬂlum@mﬁ@ﬁ]ﬂﬂﬁﬂﬁ?ﬂ Class Y

15058ndNT01 9 181 Class “Breakdown”

A v Y] { [~ [
(W Column MUNGUTU Result Y99 T Classification N¥IVoN 4.9 2ztiu'1d11910

Houa Input Column TICmgu 34D Column S18 921411471591 Prediction Tagdl Output 1111

U

Class 1,2 11aig 3



T06089v¢62

TZ :bas / G¥:00:00 ¥952/020 :Ad8J / S1SdYl} TZ09TT0/Z9 S !SdYL! NO ||||||||"|||||||||||"||

41

Operation | Cycle | TICmgu | TICmge | CO2p S18 | RUL Class Remark

2 2 569.16 577.28 9976 0 5570 —2 = 5568 1 Healthy

2 1 581.8 590.11 9972 0 5570 —-1=5569 1 Healthy
SAMPLE VALVE SENSOR 3 FAILED

1 2040 | 570.77 579.29 9986 0 2040 -2040=0 3 Breakdown

1 2039 | 568.38 578.09 9982 0 2040 -2039 =1 3 Breakdown

MISNA 12 35M3552Y Classification

4.10 MM3 Normalization Input data

A Ao Ax o 9
I1UBN91N Input Data Sluﬂiuﬂﬁ]ﬂuuaﬂymzﬂjmﬁllﬁm”a

v k) 4 = Aa a
aﬂ"lﬂmm«vmmmumm 9999 1umm$ﬂaﬂ Column HUINVDYA

[
S [

& 9

UINNUL

I o A A
L]Jufl]']u:]ull']ﬂu’]\i Column UAN

MEANaNaY vansos ninih

[ Y v
Data Input 1311857591 Normalization 19111/ Training 929119 Model 1NAM3 Bias Y3 Aa1i

Y
99@039311115 Normalization Yoyadana1niu

Operation | Cycle | TICmgu | TICmge | CO2p S18 | RUL Class Remark
2 2 0.174699 | 0.170164 | 0.95774 0 |5570-2=5568 | 1 Healthy
2 1 0.176274 | 0.170527 | 0.97309 0 |5570-1=5569| 1 Healthy
SAMPLE VALVE SENSOR 3 FAILED
1 2040 | 0.174313 | 0.171046 | 0.95994 0 |2040-2040=0| 3 Breakdown
1 2039 | 0.173509 | 0.170086 | 0.94955 0 |2040-2039=1] 3 Breakdown
M1 13 Elgljﬂyﬁﬁﬁjdﬂ7iﬁ7 Normalization
Mnasumuuuiifeanyuzvestoyaiz 191un1s Training ag Testing Prediction Model
Y
VOINUIYY

4.11 gﬂamumiﬁ] Predictive Remaining Useful Lifetime

9219 Neural Network t14/1 Deep learning MeMIsTELI

]
=

g

Unsalansarauld
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TICmgu Input ' “ \ Remaining
NN 7K AR 0 e Useful Lifetime
TICmgc Input g Sava'4d 5 \ A ’ D o RUL
cee Input ¢ 3 \. )& ¢ 7 \\‘, 3 e ?
= : . .
(O — o~ \ = A A
R Frgnmitiash
& .
g S18  Input, 1n303dNIEINT0
= T o %
mala

av

’ 4
Uil 38 uuaAaNI3ai 19 Model Neural network 11411435011

TZ¢ :bas / G¥:00:00 ¥952.020 :A234 / SIsayl TZ0O9TTOLZ9 SISaUL! MO ||”
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o
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o
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a1
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2
N
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1TRRITR)

UNN 5 WaN1INAAA

o 2 vt Y w oA
EJu"lmeﬁ‘VIﬂam 3 Eﬂllﬂﬂﬂjﬂﬂu o

a o

Nan15veLuVlna

[

Ham3dten 1y Input 910 Operation Extraction

a o t:' 9 . . ti' 9 ti' td‘ 9 [ 1
NanN15 907 1% Input 911 Correlation matrix 1% Data NNEIVDINVNULDY

[ .. 3 1 g
Ta@ Process M5111914 Y04 Model training %Lﬂu'lﬂmumwﬁmmqﬁ

Define Network

|

Compile Network

Fit Network

'

Evaluate Network

|

Make Predictions

3UN 39 Flow chart d1m5U911398

5.1 wamsvanuuilng

9
A9 3519 Input Data 1911A 24 Features 1863 13 T@H1U Features Extraction

MyUA

Input Layer: 24 Features

Hidden Layer 1: 15 neurons, Activation = Relu
Hidden Layer 2: 15 neurons, Activation = Relu
Hidden Layer 3: 15 neurons, Activation = Relu

Output layer: 3 neurons, Activation = Softmax

43
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Optimizer: Adam
Epoch =150
Loss = Sparse_categorical crossentropy

Amount of Data = 49,024 data -> Training data = 39,219 data + Testing data = 9805 data

Result

Confusion Matrix:

[[33290 418 114]
[ 714 3861 72]
[ 780 264 253]]

Accuracy: 75.9%
Precision: 75.1%

Recall: 75.9%

Classification Report:

precisieon recall fl-score  support

Healthy 0.69 0.86 0.77 3861

Need maintenance 0.85 8.83 0.84 4647
Breakdown 0.58 0.20 @.29 1297
accuracy 8.76 9885

macro avg 8.71 8.63 @.63 9885
weighted avg 0.75 08.76 0.74 9805

{ v aw a
31N 40 wadwiveamsIdeunvng

Confusion matrix
4.3%

Healthy i 1.2%
IIIIIIIIIIIII 0.32
0.24
Meed maintenance 73% 07%
-0.16
-0.08
Breakdown 0% 27% 26%
Healthy MNeed maintenance Breakdown

31N 41 Confusion matrix veamsIveuvvi/ng

5.2 Ham3IeNlY Input 910 Operation Extraction

(% o d av A [ .. Yo ! ~ Y o g}/
Wa\‘]i]']ﬂW'ﬁﬁW‘ﬁGlU\ﬂu'J%ﬂV] 5.1 @059 N1NIT Prediction hlﬂc‘nﬂ')’llﬂ’lﬁﬂ’lﬂﬂ'ﬂ\ikh JUU

'
A o

A A A L. = Y = A v
INDNITINY Accuracy VBINIT Prediction fﬂﬁulﬂllﬂﬁﬁE]‘Ut‘mJ‘VIﬁJﬂuL‘iEN"UE)Q Data ‘I/]‘L!HJﬂG]f

44
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S A [

A g ya a 2 I ) . WM yd Y 4
‘W‘UTI!JJf)llﬂilﬂTi'JLﬂ31$W§3Mﬂﬂﬂuﬂ1uﬂl@y‘aﬂ1\1 Operation llluulﬂlﬂuﬂlﬂﬂaﬂlﬂiﬂﬂfﬂﬂﬁ

U

o l 1 1 { 4 [ o w y IR <
nNanvey LL@I!,‘IJ‘LJGUNnmﬁLﬂ%EN%ﬂimm Test Run Lﬁ@ﬂﬂﬁ@ﬂizﬂ‘ﬂﬁm“}fﬂu ﬁ%@@'ﬁ]ﬁ)glﬂu

1 A A [ n Yy 9 a 2 A [] o 1
FINININLATOIVINT Run L!.‘U‘]J"liJulmJﬂﬁﬁlGD'ﬁuﬂN GmaJmmqmmﬂms%umgq“lwmumﬂ“lu

[ g’/ d’ Y . . 1 o dy =2 9 1Y =1 d‘d 9 a 1 3’,
159979 a9 uNe 1%n15 Prediction UUUETUIIABDIAALNES Cycle wunwhammmmmu

Operation MaxCyclelD

0 1 2957

4 Y 2c

2 3 5507

o s rasy

I 5 12758

= ri 10

7 =] 4 200

8 9 6371

8 10 3606

10 11 1718
11 12 1351
12 13 2021
19 14 goo
14 15 1864
15 iG 1gc
17 18 3003
18 19 2775

NATDY Run 58UY

NATDY Run 58UUY

NATDY Run 58UY

szuv i ldnms 19
NAEOU Run 351U
NAEOY Run 351U

szuv i ldnms 1damu

seuvuldnns Idau

NATOU Run 58UY
NATOU Run 58UY

NATOY Run 58UY
NAT9Y Run 58UY

d' o . Ay A Y o av
31]7) 42 N159A Operation W'lemflﬂsll@dﬂilﬂu?ﬂfl

Mriva Input Layer: 24 Features

Hidden Layer 1: 15 neurons, Activation = Relu

Hidden Layer 2: 15 neurons, Activation = Relu

Hidden Layer 3: 15 neurons, Activation = Relu

Output layer: 3 neurons, Activation = Softmax
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Optimizer: Adam
Epoch =150
Loss = Sparse_categorical crossentropy

Amount of Data = 25,955 data -> Training data = 20,764 data + Testing data = 5191 data

Result

Confusion Matrix:
[[1418 323 99]
[ 225 2294 16]
[ 431 182 203]]

Accuracy: 75.4%
Precision: 74.3%
Recall: 75.4%

Classification Report:

precision recall fl-score support

Healthy 0.68 a.77 8.72 1848

Need maintenance 0.82 0.98 8.86 2535
Breakdown 0.64 @.25 8.36 816
accuracy 9.75 5191

macro avg 8.71 0.64 9.65 5191
weighted avg 0.74 @.75 8.73 5191

{ o o Ao
JUN 43 WadWEVeINIT IV Input 910 Operation Extraction

Confusion matrix
6.2%

Healthy 18%
040
0.32
MNeed maintenance 0.3% 0.24
-0.16
-0.08
Breakdown 83% 25% A0%
Healthy Meed maintenance Breakdown

J Un 44 Confusion matrix YONNIT UV Input 910 Operation Extraction

46
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5.3 HaN3IeNIY Input 910 Correlation matrix 1011 Feature Extraction

A A 9 @ 1 A av Y o 1 . ~Aq ¥ a I
NNYIUVDINVITUL DN LUDNATDIITUIVYAIYNTTAALA Operation ‘1/]1“11\1']1!%5\1%']&1]14 Input data

J 3’1 ' v Ay YA Y A v aw A [ g‘; av dy o [ 1
MU ‘W‘]_I’.ﬂWﬂﬁ‘W‘ﬁTl"l,mJﬂ’JﬁJclﬂmﬂﬂﬂmN'm’Ji]ﬂﬂ 5.1 aanulunsiveseutiazinnsaaue

o w A

Feature ﬁﬁ’mﬂ]ui]'lﬂ 24 Features NUWD1N13 Training Model LN T4 Correlation matrix

S N ]
& & P f‘dfﬁ’dﬁ &

J llﬁ 45 Correlation matrix YVONUAA Feature

1] 4 9 . . Y 9
TAga 1113 09ANVAUNUFIINANNTINVDIAN8TU Confusion Matrix H1HINANUTLUDIT
[ 1 .. . . g a F) o Y
YS1nunInziinanen1 Remaining Useful Lifetime 310 (F113uunanedandlsiunse, adu
= o Y Aa ' .. o - =
NIl SHNAL) ?ﬂllﬁﬂ’sﬁﬂulﬂ’n Parameter NUNOAD Remaining Useful Lifetime U
£
faae 11l
1. TICmgu: ANUD4 Total Inorganic Carbon luasnou Calibrate
2. TICmgc: 1904 Total Inorganic Carbon lua131a3 Calibrate
3. TOCmgu: ANU04 Total Organic Carbon luasnou Calibrate
4. TOCmgc: 1904 Total Organic Carbon lua15199 Calibrate
1 14 d @ A A o
5. COZp,l:ﬂ?ﬂ%3J'lm‘l]@iﬂ1iﬂ'0uvlﬂE]'t’)ﬂul%ﬂﬂﬂ\?%'lﬂﬂmiﬂﬂﬂ%ﬂu

' a { 4 o <] 1
6. S1: MQunnl o YazAG o IMINUAT
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7. S2: MANUAUUITIINAVDAUATOI B VN IR
Y v
8. S6: MNINNAN Sample pump NU
Aq ¥ A = o H v
9. S7: AN IFNoUN Sample pump 9 DINITHNUATIFANY
v v
10. S11: N@MINUAN Acid pump 191U
Aq Y A . =2 o g’/ Y
11. s12: a1 1sneui Acid pump 309N INNUATIZATIY
v v
12. S16: 1IANINUATN Base pump N

d' 9 d' = o g’/ Y
13. S17: i lsnoun Base pump ITINITNINIUATIFANY
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MYUA Input Layer: 13 Features
Hidden Layer 1: 15 neurons, Activation = Relu
Hidden Layer 2: 15 neurons, Activation = Relu
Hidden Layer 3: 15 neurons, Activation = Relu
Output layer: 3 neurons, Activation = Softmax
Optimizer: Adam
Epoch =150
Loss = Sparse_categorical crossentropy

Amount of Data = 25,955 data - Training data = 20,764 data + Testing data = 5191 data

M3l 14 sunavesdoyain 19

lums Training 149 Testing

o
N
N ¥ & < v A 3
& Tag3192 19 Input data NanuALNeeNTUYATDYA 2 %AAD Training data 80% VOIYATDYA
> P P
S Na1UA 1Az Testing data 20% VYBITOYANINUA dzaWIsONLIToYyalUIAD Class DON IdATY
S D Y
N VBYAATUAN
(6]
1]
2
E Categorical Training Set Testing Set
N
. Healthy 7565 1840
Need Maintenance 9995 2535
Breakdown 3204 816
Total 20764 5191
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Result

Confusion Matrix:

[[1543 224 73]
[ 136 2332 67]
[ 221 252 343]]

Accuracy: 81.3%
Precision: 8@.5%

Recall: 81.3%

Classification Report:

precision recall fl-score support

Healthy 8.81 9.84 ©.83 1840

Need maintenance ©.83 @.92 ©.87 2535
Breakdown 8.71 @.42 9.53 816
accuracy 9.81 5191

macro avg 6.78 @.73 9.74 5191
weighted avg .81 @8.81 ©.80 5191

{ [ 4 Ao § o
gl/ﬁ 46 AAANBVYBINITIVYNVY Input 910 Correlation matrix (WO Feature Extraction

Confusion matrix
4 3%

Healthy 1.4%
0.40
0.32
Need maintenance 1.3% 0.24
-0.16
- 0.08
Breakdown 4.3% 4.0% 6.6%
Healthy Need maintenance Breakdown

J i 47 Confusion matrix YONNITIVIUVY Input 910 Correlation matrix 1o Feature

Extraction
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6. a3ulwamsIdy

<3 Y o VA A o . Y . [ 19 aq Y
mu”lﬂamwm%mwmeumim Data cleaning 778 Feature extraction LAZAANILAVDYAN LY

a v A o .. gal ' @ 2 o I
JTHIIN maaww"lﬁ”lumﬁm Prediction NAYUDENTAIY IaelHAANTN

_ Healthy Need maintenance Breakdown

Healthy 1543 224 73
Need maintenance 136 2332 67
Breakdown 221 252 343

{ o Y !
MINN 15 mmuﬁvawayamﬁt?u Confusion matrix 4A19s Class

< 1 @ { (% @
iU 1@ NHadWF91ANT Predict @28 Model NF1UAS Training WA UNBUAUHIENT VD

E4
' v A

Test data ins1uA10GUEATAR
Healthy 1/1189?11/%@141!@ 1543 911 1840 ﬁm*ﬂu Accuracy 84%
Need maintenance %1ﬂgﬂﬁﬁﬂuﬂ 2203 910 2535 Aty Accuracy 92%
Breakdown ‘1/]1EJQﬂ‘1/%Q1’T$Jﬂ 343 910 816 ﬁmﬂu Accuracy 42%

MAHANINAADIB19839910IUN 4 9LWUINA Precision, Recall 11ag Fl-score U84 Class Healthy

U

[
S 1A

Y Y [N

1182 Need maintenance Naiigailszunm 75% 11 ualu Class Breakdown Huiianiigun

NANANTITENUINN011 Model Aana1 11/ 1511un15 Predict 97149599 2z a0

. A [ Wd‘ 1 o A [ dy Slddl = .

Predict 1A509905 1aN¥294n15i1awmae 14 Suiu 11880 Accuracy 86% %9015 Predict

~ A 9 1 v ~ [ o dy 1 o [ ~ o w
J2eZNMNMAB IeNINNI 14 TUNNiisaneemMITidees lMadisoaazsamiouiiaanag
o [ ' R . ] o A X3
FmSuanuaey 013131929013 Predict class Breakdown 9Z1HADANUUNUSUNEN 42.64% LN

W Y3 3 o o A A A g ' Y ~ ' '
lLilddlulsziaudingiiosnnizoznarmasiiosnin 14 Funeiinaugen liawse
G 1 o Y o Y o Y A @ 1 g‘/
wIeuez Iadised lanunawaz la ldmsssoSunansznumniiu
Ao g}/ dy Y AN Yo a o g}/ o Y
ninwamsveluaistiamnsoasllai Model 7 ldvimsdeuniuannsor luld
a Y A =\ = 2 v A o Y
aulunszuaumsnaa 1 11099101 Accuracy S20gID4 80.5% H928 Accuracy Ngavziin1d
o Yy A Y 1a ua Y [ = o ~ a dy
115091 Alarm udw@oudUfuanuldaunsasamisunnunisiinuneznayuly
Y A a { nm vy
PUINA LAZAANANIZNUIINMINNTZVIUMIKNAANEANTHAAA91INUA 1 Tdamu
9 Y
Tuaru398UTn15811 U A Output 1A 89 3 Categories IM11 U A® Healthy, Need

1 I a Aa v g o 1
Maintenance, Breakdown 116 1ua2130ii wasauddeiianuisaauinesenli1don Tae
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Y ' A Y . ' . o q ¥ Y A 1
uRuMINiaLae llfevs 191 Output Categories 410N 3 Categories mlanmsudaouaas

Y 1 Y ] 1 v
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v
a

A Y [ .. 4 A A 1 a <3
AU DIUINAIUI1IDN1 RUL Prediction ulﬂ@]']iJ“l/lulﬂﬂa'l'JiJ'l NITUIUNTITHAANIS YN

2
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