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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%.
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2.1.1 Brine saturation
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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 Un 14 ul5euiiey 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 o Ak Ao 1 a I 9 &
Stochastic Gradient Descent (SGD) nJuaaﬂai‘mwawmwﬂm”ﬁmmaﬂunﬂqG]gﬂmauuavlﬂvlu

I [ AR A 9 =1 o ~ g’/ 1
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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
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Tansadunumndosiga la uadsilidedenssegasium lus A ldnazaalsisou
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gllﬁ 15 15818521319 Stochastic Gradient descent Uag Gradient descent

2) Mini Batch Gradient Descent
o 3 A Y 5 4 o ¥ A .
QﬂWWHW]HLW@L!ﬂﬂﬂJﬁT‘U@Q Gradient Descent ﬂﬂﬁﬁWﬂIﬂﬂﬂ?ﬁuﬂl@ﬂmﬂﬂ Gradient

v o a R

Y
[ o [ 1 a3
Descent 18 Stochastic Gradient Descent 3J'li'31]ﬂ1!£tﬁ$ﬁ'l1’ﬁﬂ’i]ﬁﬂﬂiﬂﬂﬁ"ﬂ%@?‘lm%ﬂnﬂu
’ Yy 9 0 o S
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— Batch gradient descent

= Mini-batch gradient Descent
— Stochastic gradient descent

g?fﬁ 16 11/58Ui8Y Mini Batch Gradient Descent 1a2 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

y A 5 L D} o W ' v a A
AnAwNeIIn11M52 UM optimize Y09 SGD Tagns Itanwding lumsyeludananien

D
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Momentum update Nesterov momentum update

“lookahead” gradient
step (bit different than
original)

momentum
step

momentum
step
actual step

actual step

\

gradient
step

o S . .
3Un 17 nfseuiney Momentum nowiagnad Update

4) Adagrad

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

JAA o 9
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Qﬂlﬂﬁﬂu‘nﬂﬂﬂi\‘lﬁ?ﬁiﬂWﬁWM@@i 9 (Wﬁﬂ?ﬁiuﬂﬁmﬁ@ui’l) Tagd1989nNAN AN
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5) AdaDelta
' 4
AdaDelta WaI111910 AdaGrad Iaea1unsnautlayni Decaying learning Rate Mnaiulu
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AdaGrad 18 TagunuioguasaumsmMuINRIuANAIUNIY09 Gradient 1@ AdaDelta 92
9 1 H 9 H
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aginua W i lasumsewanunneunthilua liansaldauld 3addswiumsmnas
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9
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. n
AdaDelta 0t+1,i - Ht,i - E[g%] e “Gt,i

6) Adam
] I { o
Adam 8911910 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 .
azad e lamieuny AdaDelta dANedI0TVIBNI5INA decaying average U
3 A Yy Y A o
gradients M(t) “I/Imulﬂhlﬂ@ﬂﬂ’w INUBDUNY Momentum
I .. A & A Aa ~ 1 1 .. Y
Adam uJu optimizer mﬂumuawqumwawmmgmﬂummgmaz Optimizer a0y
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a A Y ° EY 4 .
dszansnmlumumsmiuonua Iduvewnses Total Organic Carbon analyzer o

3539152 ANTAMNNITINUUALDY Multiclass (Multi-Class Classification) 141999103 Class 1

4

#0991 Prediction 11NN 2 Class B3I DUAA 1AAI1
a % a o
1) AoUWIFUUNT NS (Confusion Matrix) LUV Binary Classification
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TP n® muaum@uﬁam%mw“lﬂﬂmﬁ‘vmmuazmmﬂgﬂ (True Positive)
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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
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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



20

® True Positive UDI Apple

True Class
Apple Orange  Mango

o]
-
_

1
M319A 3 11511 True Positive Yo Multi-Classification

Predicted Class
Mango Orange Apple

® True Negative UDJ Apple

True Class
Apple Orange  Mango

TN =2+3+2+1 =8

Predicted Class
Mango Orange Apple

51N 4 MTH True Negative V8N 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

M3 6 A1TH1 False Positive Yo Multi-Classification

3) aadssansmmduunmuaald
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Tagm lildriadseansmwidenlsnulunuiteiieg 4 a1 aq

=De

1 { < @ 1 o ° a
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Precision = ————
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® fAnNuIzaN (Recall) Hlumsiannugndesvewuusiiass lasmsiosaueniiaz
AIE M0g1uTU M ianmamsueaa1duInaNugndsai lusiledfouny

Y
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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
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TP+ TN
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Y
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Y 1]
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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
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matrix yhvinAagideyaiioieziih l1Fimazdde I luewnan whuaneddglumsai

Q U

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

U U

) @ o ]
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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 94 91 96 90
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 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 88 90 89 87 89 : 8

Uil 19 @20819m3 1991 Correlation Matrix

9 . o
2) 1151997 Correlation matrix

A 9 ~A A v A 9 o ]
1. L‘W't’]’(?fz.iﬂsllﬂHﬁﬂllﬂ%ﬂ?ﬂ!ll'lﬂﬁ/‘l@ﬁ'llﬂ'lWiﬂfﬂ’iﬁﬂﬂ’(’] Pattern LURARIIIFY9 Glumasm
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4 <3| a a Iy 9
2. e ldiludeya mput lumsinsiziaoua wu Tasilnaaunaliaz 14 lunsdise
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Factor analysis ﬁi@l%tﬂuﬂlﬂy‘aﬁﬂﬁﬂﬂ1 Linear regression [U9§93IN13LL8N Missing
value 800 1)
Yo o & 9 A a oA ) ' ' v .
3. ﬂlGHﬁTWi”]JLﬂusUﬂiJ“mlﬁfJUWIEJ‘]JﬂTi'JLﬂﬁ']g“Hi’JL!G] 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 L. A 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 . 5 5 3 am A A A YR 9 Y 3 ] 1
Rescaling 150 Min-Max Normalization (135 n9ega Nazliuaiaveya liiluegluaig

v o g Yy 1Ay A . Y v y
[0, 1] 898n1311 Feature / Column 1Y ¢) aUA8AINUBENGA (Min) HAINITAIIFIVDITOYA
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 uana19A U 1Y Mean 1y Min 111 ¥19v04 Output [-

Y
[ [

0.5, 0.5] ¥NIUINUAZAL 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 % 0.1% 23% 15.9% 50% 84.1% 97 7% 99.9%

t t t t + + t
Z Scores -4.0 -3.0 -2.0 -1.0 0 +1.0 +2.0 +30 +4.0
L ' . ' s y y s H

T Scares 20 i 40 50 60 70 80

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 mlw Accuracy 189105 Predict HUFINN
& a v a A 2y, L ) W (o
AN U5 mﬂmmmi%wamamﬁmummmmmmi Cross Validation GUE]S‘;I,aﬂ’JlIﬂUl‘]JﬂlI
. . A Y VY 2 ' A ' A g .
113 Split Train data LE Test data Lwaslw“lﬂmayjaﬁmﬂ;mumﬂauwﬁlzum Data 13/U Train
I 1 A o 9 1 g 3 [ . v A )
data ooy Subset 808 evdlalvaiduun 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

- PN

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
prmsrosioi 90% 91% 95%

Accuracy:

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

3uliil 22 690619717 19970 10-Fold Cross Validation
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3.1 Failure Prediction in Open-Hole Wireline Logging of Qil and Gas Drilling Operation
Using Support Vector Machine

QWH%%&J%@QQ‘[M Maylada ﬁslclgf} Support Vector Machine 41911 Failure Prediction in Open-
hole Wireline Logging of Oil and Gas Drilling Operation
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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 1f5gutigy Accuracy 1o Y%Algorithm AN
<3 Y . gj a o 1Y) A ~
wiriulan Support Vector Machine WU Accuracy 1431 Data Input Groupl ¥10NgaAN

94.75% 118 Decision Tree ¥ Accuracy @131 Data Input Group2 mﬂﬁt;fﬂﬁ 95.65%

3.2 Machine Learning for Long Cycle Maintenance Prediction of Wind Turbine
NUIVYVDY Chia-Hung Yeh @M 3UNI311 Machine Learning 1M Long Cycle
Maintenance Prediction of Wind Turbine
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o1 1ne 113 [10] 199019 Predictive maintenance 1A8ATI JAITUAY
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Time Machine o 4
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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 Lﬁamszﬂznmﬁlﬂ%q ﬁ'ﬂsﬁ’qmmmﬁnmllﬁ' N30 Remaining Useful Lifetime (RUL)
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[y} 1 1 9 dy 1 . [} 1 . 1 Y dy Yo
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4.1 ﬁmmﬁmamm%gamnm%a Total Organic Analyzer (TOC)
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n 23:54:45 6/5/2019 -6 518.61 718.73 9999.99 54.34 61.71
2 @:085:25 6/6/2019 -5 528.18 718.42 9999.99 54.83 61.85 1539
3 ©:16:18 6/6/2019 -5 537.93 724.1 9999.99 54.99 62.11 1528
4 0:27:07 6/6/2019 -4 531.56 730.91 9999.99 54.22 62.85 1513
5 0:37:49 6/6/2019 -5 526.67 729.33 9999.99 53.97 61.68 1517
6 0:48:17 6/6/2019 -4 519.78 721.94 9999.99 54.02 61.25 1511
7 0©:58:54 6/6/2019 -5 527.34 719.12 9999.99 54.05 61.18 1530
8 1:09:35 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
Wa1nUSnyud1veun50999 14103 Import file Y99 Notepad 1¥110¢n10 1 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

r Bj &
M319N 8 YoyaraNvINNIF Import

[ [

1 aa 1 [ 14 1 P 1 Y
meluuaaz Column UNVILANANNY TAU s UIEDTUARZIFUIFDTN ﬂﬂ”lulﬂiJ \|

[

=le

1 v =K

1) Date: 7UNNAIQNIUN

Y

v X

2) Time: aINAIRRIUNN
3) TICmgu: AU Total Inorganic Carbon lud13noU Calibrate
4) TICmgc: A9 Total Inorganic Carbon lud13189 Calibrate
J 4 Jd A A o

5) CO2p: ﬂ1lﬁ'll'lmﬂlflﬂﬂ'liﬂ'é)ullﬂf]@ﬂllcﬁﬂﬂ@uﬂmifNﬂ$‘1/nQTLl
6) TOCmgu: U0 Total Organic Carbon lud13nou Calibrate
7) TOCmgc: A0 Total Organic Carbon lue13189 Calibrate

1 4 d o A A o
8) COZp.l:ﬂ']l]%ll'lﬂ‘l"lj’t]\iﬂ'li‘ﬂ@uvlﬂﬂﬂﬂllcﬁﬂﬁaﬂﬁﬂﬂﬂLﬂi@\?“l/ﬂ\i']u
9) DegC: Maagil ol vz AT A
10) Atm: MANNAUUTTOINMAVDAUATDI B YLD IA
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: UONTNIULUDI Base pump
9 [
23) Base pump number of pulses: 1UIUATIN Base pump NI1U
9 v
24) Base pump time for operation (ms): 17811 3% AN Base pump 111914
' 1 v
25) Base pump time for last pulse (ms): 138191 19A817 Base pump 3£04MIHIUATS
9
qame

Y v
26) Base pump error counter: UON$IUIUASTIN Base pump 1441914

4.4 Gi’llﬂga Error log
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~ 9

A Y R A A o a o A A 9 =2 9 o
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NHUANIGHNY Error log 7 Iatiuiin13meludanies (Error log Ao gadoyanlduend

[ 0 A ;’ﬂ Y a é’ [} (%
G]ff]ill!,‘;]fllqﬂﬂim’ﬂlﬂiﬂﬂ TOC Analyzer uu“lﬂuﬂnumnﬂﬂmummaﬂﬂ) 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



4.5 Import Data tas Error log

A o 9

IBUIUDY AN Data 910LA

9
v

Iaanymzaesdoyanislu Excel amnmaruan
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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 9/ o
MINN 9 Yayanayv1nn13 Import Data lag Error log

4.6 ims1/aguveya Time uaz Date

{ . v \ !
1)U Time 1az Date 71811 Data 19131 Operation 118¢ Number of Cycle H4AMUHMGUDI
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A 2 [ 4 A o A o A A o A [l
INI99L3Y Start Tnaviudlu Operation N1 1 AIUNTENUATOINUTYNY LUDNINTT Start REGRILEY

= v . A
39921V U Operation 91 2
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4.7 210170 4.6 111# Data veuswlasulihBudazduas

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!?ﬁ7

4.8 M3%1 Remaining Useful Lifetime
A yoyy . Y qU__ o ° ..
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. A & gy 4 4 o v
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RUL = Max cycle wos Operation — cycle ves Operation
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gﬂllﬂﬂﬂlﬂﬁ%ﬂmﬂaﬂzﬁ Column Tvislsantunaaitly 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 I . [ 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
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Class 2 923 Remaining Useful Lifetime ‘ﬁiz‘ﬁﬁN 1,344 — 1,919 Cycle

Class 3 923 Remaining Useful Lifetime < 1343 Cycle
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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
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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
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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
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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

{ 4 aw a
3UN 40 waawsvesmsIdeuyvng

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
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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



46

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
gi]ﬁ 43 HNaaNBVBIN15IVYNVY 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
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5.3 HaN3IeNIY Input 910 Correlation matrix 1011 Feature Extraction
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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
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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

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

)
Y 1 [
Tae15192 19 Input data Naviwaseeniugadoya 2 AR Training data 80% VYoIYATOYA

v 9
Na1iuA 1Az Testing data 20% VYBITOYANIMUA zaWsaNLtoyaluIAa Class pOn IdA1y

AoyanIua1
Categorical Training Set Testing Set
Healthy 7565 1840
Need Maintenance 9995 2535
Breakdown 3204 816
Total 20764 5191

M3l 14 sunavesdoyain 19
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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 HAAWBSVONN1TIVIUVY Input 910 Correlation matrix 1891 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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