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Prediction of Early Failure of TOC Analyzer using Deep Learning
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eI niieinsinaluszninansnda Seenfianansataldmneumesnelufiungs 26 f
pefiu mnﬁ’u%@ya%nLﬂ%a%ﬁmﬁdmwﬁﬁ Cycle azldaaniunneg 15 wiil SutfuuSuna Cycle Tn
‘VJﬂﬂ%u’qﬁLﬂ%@ﬁﬂﬁﬁﬂﬁiwqmiauLﬁaamﬂﬁu?ﬂamEJ 1U3a Cycle sivunvaedoslunissauntsvhe
1AM Remaining Useful Lifetime (RUL) 16 wiailu Class 0, 1 uag 2 Lﬁ@TﬂﬁLLﬁqLﬁau@%’mu DRGH
NnEUesNNg Cycle lUi3ouddiy Deep Leaming wazyin Classification Iagnadnsiilddanuusiued
80.5%

A&N vzy: total organic carbon analyzer, failure prediction, deep learning

ABSTRACT

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. Itis 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 80.5%.

Keywords: total organic carbon analyzer, failure prediction, deep learning
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1. umin

TulssnugnavinssudlnsiafusznauludegunaniiaAdnaquining wielinssuiunisuan
annsosfiunsuanldodnseiiies Yasade uaznssmuanudeansvomann egunsaiiaaumani
oy malssnuazdosdamiinnuiiodludouusugunsalliadian welsinszuiunsndnaiuisn
wanselngliFomennisnandunaniu inszmmgaramiumnefnisdelenialumsiilslusgs
wea lunmsgauaitulssrugrannussuaaniligunsaifaduvardanmnsovhanldnaonian uslu
arausiadlelfaugunsaiindwadsoidondunay Aflomaiadomeldiudesund dumn
Iﬁqmuﬁné}’aqﬁQﬁv‘iwﬁw%ammuqﬂmtﬁmmmzhifﬁ*&m’jw ArInNsPenUnge 3o Maintenance Engineer
Thiies

wiiiveaimnsdouinsamdng Ae nsdeununsallinduanldauldlmlisafign ud o
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1. Corrective Maintenance AansdaugUnsaifnademeluuds Iindvunldnulddaudy
ilesnidunuiigniduilifszeznanfiRauiisida dmndeugunsaliadadifazdadesseznatlu
nsuAalUinnwitiu

2. Preventive Maintenance famsdeugunsaiifiedlesiurnuidiemeivndniluowan ns
douludnunriiarddanadfnudsmevesgunaiinan mndwhnmsinsgiuasssidinfunoves
Yy Luamwmum%mﬁmmwL’LJumLumimwwmmm'IWQLastsJuam afluganU§I9zai
szuviusniflenTvaeunassonueudunevesiymroufiaziianisia

3. Predictive Maintenance e n1sgeuiaissinsneufiaziademelasinisuszanunisly
damthingunsaliaadenanasdinistademeluradle msdesludnuasdesdunnivsg fives
gunsaliaAmngdeunds tilemsuuuuvesmswademevesgunsaiinddyaalaamsadudinisuen
swogimneuiigunsalindagiadevneldviolsl

TuriAfeiaznaninssuunmsnasiiiedesaomnssuiunandn fe nsvuiunsuanleanlsl
waznszuIunsnandiaaslsleniu Tnsgaisuduaziuannmandnlsailiantdundenou qafiddnyly
nszUIUMSHAE Membrane #1110 Membrane gadu nszuaumandnlsaliagliaunsousnysyqms
sl vilsinansausismllunouieliifatu nstiosiulal Membrane gasuldlasnsdungen
Total Organic Carbon (TOO) lall¥unniAua1f fvua n15nsaaTaan TOC Tnewas o Total Oreanic
Carbon Analyzer & wnneniudifiviun 1?1méa’%lsaLﬁa‘ﬁgmm%Qﬂﬁﬁmﬁw%ﬁﬂiﬂﬂwﬂ’mLﬁ'mam ot
\A384 Total Organic Carbon Analyzer WuieSasiifiaudifyesunndenssuiuniswanlanily

Fauianunsossdiananiademevesgunsaiamiils Aagannsonusuiuiioldeds
Fuinan uansznURensEUIUMIKART e stosTian

2. wnansuazaAdeiiieades

Tudagtiuisudnsld Machine Learning Tulsssugaamnssuidudiuiunnn Tnegaisudunes
nATeingaUsEaiaamsal iU iR snheesewee imelueosdnaunsuentily
Tuadosdnsdurhaulduniviedeey dnndunsudauenaanaiissaesnaratuanunsoldinaie
Support Vector Machine unlglaviudl unagluiiiissnediniunisvin Prediction aasuti

$1989970 [1] Abunmsuisnnudululdifios 2 nsduhdu AodiSauarlidiia ara
usiuglfa1n Accuracy uslusudontrgatunisfinismsnvaniugiies 2 anuglianunsodeliifa
Usglonilaq ilesaindusiunglddngunsalideate udlilddestuoglsaramh Aliisserlstudagou
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feudsiinaelunugenthysldfenmauinimienaiiugunsalisside unndsaineideifiasing
¥ Prediction ¢ 3 Class fefufaii 3 Class Tuutinusyezaafiasesannsaviendds vilsd Class 7
uwanenseantuan [1] 1au 1 Class Tufife Need maintenance fivaglianunsawiouanamsoudmsu
nuteureufianidels

91984910 [2] wuadn151n Autoregressive Integrated Moving Average (ARIMA) mﬂizqmﬁ
Wethunldlunuiideinsiwnessesnaiivieveussednaduiialiviuilaesdenssesnaiivie
71 Remaining Useful Lifetime (RUL) wAnAnenITeiiiasiuuaAnReatu RUL 1l4lunissiuun
Class Wuraanauansneiu [2] fag Predict iWudaavuenszozinaninaiosdnsyenld nuisedas
Predict iugisnaumuilesnnlunusenlifirudnduiazdomsuiiauiiosiufie) yuszasdaori
nutsaiivdeiieiensannsavhauldfifiemendidmiunuden

971989210 [3] 301511 Remaining Useful Lifetime 11191 Model Artificial Neural Network
LWE]W]‘LJ’]EJNaa‘Wﬁ 5 lnedl Layer Liies 2 Layers winfy wanseineudSeiinesld Deep Learning Tunis
LiEJug‘VlaJ Layer fea Layers AEnu LW@L‘W@J Accuracy U94n15%11 Prediction Iﬁuﬁﬂmu

Lazgavined198eann [6] wuiniininiit Data 91nLa3 eadnsvat @il ouimn Remaining
Useful Lifetime 1ne Data i beudostiunvi Data preprocessing Ao azluid Deep Leaming a1
W26 09A1UIR Remaining Useful Lifetime aanuiies Tagldrn Maximum cycle fita3asdnsanunsa
euliiantnauiu Cycle duq awldnasndidu RUL tuies uansisainaudseiinlidenh Data
preprocessing ¥ Failure 748w Root cause losnanuddeiiaviu Alarm yNAIbU Data log nﬂﬂ%ﬂ‘ﬁ'ﬁ
miuqmﬂ%ﬁﬂ‘ilﬂu Root cause Wanunuazld Deep learning Wnu Artificial neural network Lfia1n
Nty [6] Pl unAnnuBseunsesen Wemuiam RUL M8y Multicategory 1o

3. 3BN1533

3.1 nsifiuniunindeya

Foyaaellumadedifudeyadldimafununudussesnm 6 iwou lnsundeloyadiuni
119nFLA389 Total Oreanic Carbon Analyzer Insusiaz Cycle vasdamdosanaildiiaiussunm 15
ufl 9nsuaueTowianan 4 infenhliiiusunudeyaunniisanefiaziiiunyi RUL Prediction v
gUnsaiinAdananld deyarenneluedesiiuld 1 Cycle fnvaziBondiil

3.1.1 Date: 5’u17iﬁﬁiwgﬂﬂ’uﬁﬂ

3.1.2 Time: L’Jmﬁﬁhgﬂﬁ’uﬁﬂ

3.1.3 TICmgu: A1984 Total Inorganic Carbon luansneu Calibrate

3.1.4 TICmgc: AU84 Total Inorganic Carbon Tua1suas Calibrate

3.1.5 CO2p: AUSinaesnsueulaenludiouiiipdesazieu

3.1.6 TOCmgu: A1U84 Total Organic Carbon Tuasneu Calibrate

3.1.7 TOCmec: A1Ue4 Total Organic Carbon luanswas Calibrate

3.1.8 CO2p.1: AUSinmvesansvelaeenledndiniiosinu

3.1.9 DegC: Fgamdl a vpuzTAonihmsLiud

3.1.10 Atm: AIATMNALUTIEINATDUASE t UnuzTiIn

3.1.11 Sample: U3unad Sample Tuszuu

3.1.12 Sample pump operation mode: Uaﬂamuvmaq Sample pump

3.1.13 Sample pump number of pulse: mmumwl Sample pump 1914

3.1.14 Sample pump time for operation (ms): naauad Sample pump ¥1197u
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3.1.15 Sample pump time for last pulse (ms): naldneud Sample pump £09N1TY19U

3.1.16 Sample pump error counter: vonsauasa Sample pump ldvineu

3.1.17 Acid pump operation mode: Uaﬂﬂmuw%ﬁ Acid pump

3.1.18 Acid pump number of pulse: $ruaundadi Aod pump 91U

3.1.19 Acid pump time for operation (ms): nanaund Acid pump 11914

3.1.20 Acid pump time for last pulse (ms): nafildneud Acid pump sriesnsieuads

3.1.21 Acid pump error counter: Uaﬂﬁ‘]”lmuﬂ%ﬂﬁ Acid pump Taivihanu

3.1.22 Base pump operation mode: ‘Uaﬂamu sZJEN Base pump

3.1.23 Base pump number of pulse: $ruunded Base pump 9

3.1.24 Base pump time for operation (ms): Lamm‘mmw Base pump ¥1141u

3.1.25 Base pump time for last pulse (ms): nandildreud Base pump srfansvheunds
3.1.26 Base pump error counter: vonsuauased Base pump lavineu

3.2 MIInTeuTeya

3.2.1 WabuTovensuigesausiiade 3.1.8 sulls 3.1.26 Wu 51 fis 518 iieliiedenis

Weuluswnsy

3.2.2 Foyafildvziinsisesiunuiunaituiineguds wavneludeyafiivinainiaiosasd

MsudnFiou Alarm veumissnsnlinaeanarmaiesiadym aaiushnsdsuainfulagialndu

Operation wag Cycle lnglif Cycle usnaausiizuiuilu Operation 1 Cycle 7 1 ndsannuwaiuvdoya
Judwau Cycle wi3o89 2unsziaee Alarm nganisviuesnissdnassaziodndy Cycle gaving
nlouiiaziSu Operation vy Operation 1 2 Cycle 7 1

A19799 1 Gﬁaga Raw data 7ilaa1nasesin Total Organic Carbon analyzer

Time Date TICmgu | TICmgc | 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

M13197 2 Yayaves Data Wi InTlUdew Date way Time U Operation uaz Cycle

Operation Cycle TICmgu | TICmgc | CO2p . . . S18
2 2 569.16 | 577.28 9976 . . . 0
2 1 581.8 590.11 9972 . . . 0

SAMPLE VALVE SENSOR 3 FAILED

2040 570.77 | 579.29 9986 . . . 0

2039 568.38 | 578.09 9982 . . . 0
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3.2.3 ¥IAIAIUIAIAT Remaining Useful Lifetime 910 Operation wag Cycle Ing A1udu
Angnsi (1)

RUL = Max cycle vos Operation — cycle w1 Operation (1)

Ine RUL fasidusiusueninlu Operation tiuq ianunsavinnuladni Cycle neufigunsal

8LAAN1S Breakdown
3.2.4 fvun Class Wity RUL Tunsagai

M990 3 NFIANLIANY UGB YINIA

429989 RUL Class AURUY
Faus 1920 Fuld 0 Healthy
1344-1919 1 Need Maintenance
Fau 1343 A9 2 Break down

198 Healthy = wdesanansavhaldmuund
Need Maintenance = a3asinUnfnsouezlnadsadlindouuazidnlunsiaaeu
Break down = w3suudsiiunssuiunisnaniiedawiouunutlosiunairiondeme
3.2.5 1 Correlation 983 Attribute neluiA3esiiigadasiu RUL 910 Correlation Matrix

. @ & P "5 0 0 & 2 6 b 4 B 0L P ISP DS
é‘ééef(‘«’d\&&(féayﬁ L4 ¢ F P PSP &SP

5Ufi 1 Correlation Matrix 181 Input wag Output

Y

3.2.6 970 Correlation Matrix 1den Attribute 1191 Deep Learning wievhune RUL fie
TICrmgu, TICmec, TOCmgu, TOCmec, CO2p.1, S1, S2, S6, 57, SL1, 512, 516 uay S17 waviua 13

parameters
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3.2.7 w4 Data eanidu 2 Yo 1y Training Data 80% Wag Testing Data 20%

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

3.3 Prediction model construction

3.3.1 Define Network

A\ 4

3.3.2 Compile

A4

3.3.3 Fit Network

A 4

3.3.4 Evaluate Network

\4

3.3.5 Make Predictions

U 2 Process Tumaun13vin Deep learning

3.3.1 Define Network: fuuali Model ﬁﬁgwm 3 Layers 1ng
Layer #i 1: §l Hidden node ﬁngmm 15 nodes wagil Reactivation 1Uu Relu
Layer #i 2: {1 Hidden node ﬁgwm 15 nodes wagdl Reactivation 1Uu Relu
Layer #i 3: {1 Hidden node ﬁgwm 15 nodes wadl Reactivation 1Uu Relu
Layer fiad Output node Waa 3 nodes wadl Reactivation Ju Softrmax

3.3.2 Compile Network: Optimizer #4101 Adam 1osnluvaizdiviins Training deyams
#1999 Model 9@ 0357 n15U5U Tuning Leaming rate 143 § 99 us 18 way Loss msualefidu
sparse_categorical_crossentropy \flosan Output Tun193femdeilidu Multiclass Classification

3.3.3 Fit Network: 1hA184 Attribute wavaiinaniluiade 3.2.7 1u Training Input Aely
Model Tnedl Training Output tJu Categorical uazvitn1s Training Model Ti3ausay

3.3.4 Evaluate Network: g Accuracy wag Loss 989 Model fikunns Training 11LA7
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3.3.5 Make prediction: 11 Testing Input uag Testing Output 7lAtn3ealiun Test AU Model
71 Training d1159ud7 iieguszanSn1naes Model fias1eu

4. NAN13ITY
HaNINAaRIVAINTIlATinsAgaU Testing Input Wag Testing Output 1lun1elu Model

leasrsgulanaansnunisnssuans lnenvuals Epoch=300, batch size=100 waz Dropout=0.2

AN51991 5 Hadw5n13 Predict M8 Model 761un1s Train Inedl Input 10 Test data

_I Healthy Need maintenance Breakdown
Healthy 1626 114 100
Need maintenance 229 2203 103
Breakdown 292 176 348

Confuszign matrix

Healthy 1.9%
-0.40
0.32
- -0.24
Need maintenance 20%
-0.16
-0.08
Breakdown 56% 34% 67%
Healthy Need maintenance Breakdown

gﬂ‘ﬁ 3 Confusion matrix

auiuldimadnsa1nnns Predict #e Model firnunns Training tnudafieusunadwsves
Test data finrunagudadidddl

Healthy magﬂﬁu’wm 1626 911 1840 Andu Accuracy 88.37%

Need maintenance magﬂﬁu’wm 2203 911 2535 Anduy Accuracy 86.9%

Breakdown Vlﬂﬂgﬂﬁy’wm 348 910 816 AnLlu Accuracy 42.64%

Classification Report:

precision recall fl-score support

Healthy 0.76 0.88 0.82 1840

Need maintenance 0.88 0.87 0.88 2535
Breakdown 0.63 0.43 0.51 816
accuracy 0.80 5191

macro avg 0.76 0.73 0.73 5191
weighted avg 0.80 0.80 0.80 5191

31J17i 4 Classification Report

INNANITNARDIDNBIINIUN 4 AWUI1eN Precision, Recall hag Fl-score ¥4 Class
Healthy uaz Need maintenance fr1¥igauszanas 75% July usilu Class Breakdown HuflAiianann
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5. aAUTIENALAZUBLEIUBLUZNNTITY

nnan1s3Isenuindien Model dana13luldlunis Predict 9114599 azaunsa Predict
w3 0adnsleiigasmsvaumde 16 Sudululdad Accuracy 86% 39013 Predict szezanfimdold
1nndn 14 Sufinniismenensd @ ooz inddrsesuazdnmsuidmadmivauden fwdingaenis
Predict class Breakdown agiwdennuusiuguiivs 42.64% winlildiduussdudfyilomnszesnai
wdeteenin 14 Tumsfinnugeuliaunsanssusgluadiseslavunaitazlavilafisssesunansenu
Wi

nuansideluassdannsnagdléin Model Aldvinsidounduannsniluldauly
nszuIuMsHARlE Weaanil Accuracy 59gefie 80.5% Fade Accuracy Tigeazsiliisnanunsayih Alarm
uwiadeufujtRnuliamsadnniouuwunsvihnuiiazisdulueuian uazaanansenuainnisd
nsrUILNINAAANTHANAIINLl Ly

TueAdedinismoun Output Le 3 Categories wihiu e Healthy, Need Maintenance,
Breakdown walupanudusisnuisedamsowausesenluldsn Tnsununisiamuseludeay 1w
Output Categories 111131 3 Categories Fnldmsudaieunsazaadunsuenldianzaunndedu wuld
uldBnA T WaulddnAdunv auldsnaideu d1mnanunsasih RUL Prediction lémuiildnanan
nszUIUMSNARRazd iUsE AN nmE ety uarlifcudenusuuuy Corrective maintenance 8niaed
Jule

AvauAN
YBUBUAN A.A7. Usenad 2sating T dwdumuuzihlunddodudnisdenidonuise
sULUUIAdY saulﬂmmmumLmaqmqanﬂuamamm LWEJIMJ’W%]EJULﬁiR]ﬁ@JUim LAYV UADIADIETEN
dusumuusiiuardoyasig ammaumamammmauma sm"LUmﬂmmmmmaUlﬁmaﬂwaamm
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