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. Microelectronic

. Online

. Quality Indicator Variables (QIV)

. Soft Sensors

. Easy-to-Measure-Variable

. Hard-to-Measure-Variable

. Model-Driven

. Data-Driven

. First Principle Model (FPM)

10. Principal Component Analysis (PCA)
11. Partial Least Squares (PLS)

12. Principal Component Regression (PCR)
13. Partial Least Squares Regression (PLSR)
14. Machine Learning Techniques (MLT)
15. Artificial Neural Networks (ANNs)

16. Support Vector Regression (SVR)

17. Support Vector Machine (SVM)

18. Neuro-Fuzzy System

19. Gaussian Process Regression (GPR)
20. Adaptive Data-Based Soft-Sensors

[ e Y N O R S

Nel

g3, alie

Sldes (ol slaanl 2 (B +/- -« kg 5l S
P s eSSl 0 izmen 5 (Hyameni
43S el 5 0 )5 Jo—ame LIS L, 2
Sloo S ol 3,k o ai Sl e lie
IV 039531 (05,1 L 5 05 o> 0 DY gaxs |
Sl (og—atie lioSgm 5 (2l Slgo a Lo

S5 el SYsame Sy islly S
Syl gl Sjs—ods o) g alien—Som
Vs ars aiussnsl glaay|s o ol b [V ] 55t o
old b (6558l el (Slles Ot L
S Seiw g il L3S slagy )L, o S s
At S pide A5 A gdg, (S Ty oo
S sols e S il e JBe | L]
s JSie Ly 1 Lol Uy Ly o)l Yoane
S S0l s S (99 e 3 WS (o0
oS e s sl it sl TS 5 w8
sl S loolaiwl g e 4 .l (QIV)
oad dlgi iy 00 1S lgaal ol lgicas Tp
odilw, Gldl ay sasin 8jlg0 o |y 055 S 4
Sl o gy s sl I¥ 5 7]
Sl ol sla s 5l ool wl L 4 s wa
S g sy o ol des diile &Sl
J—L Doty 09250 (b la S Loy
Glp s s oo (5 =S o3l a5 5 5 ol oiel
SV =S el e ga ] sla i | s
S, S S jsbay a s o 4l LaQIV alex>
o3l 5 ¥ j5mme Jue (S ai s 90 )0 lsSoe |y p
2570 Jos 5 (Sl S 0, S G5
g ca 40 (FPM) *aldyl Js—ol sl Joo ol
5 b slaan]p oy sl Ladse ol Loges
onily o 0l e 1] o 8, 1S JTousy]
ol Lagl g (pizman WS apogi |y a8
sils ol as crul ol g laasis ol 8 aoils
P Sl S ol o el (o yisd )0 ddien
@il Cnio )3 (0B g, gz 5o 00l

u,ul_..u‘).a )g—"x0 oals Lgl_(bJ.\.a ‘)_>) «.\_Idﬁ.‘o.ﬁ u_ws



ol)Sn 5 00l350le 255

1, SDP (g5l o g, VAl L5 en o las oS
S LIV) 7 (Hors diedgw it dmar S5 Ly
aeS 09y = =yl sl gy (=l 5o s S
S e g a0 gl (WLS) "' 539 Slssye
SDP sla g, ;o Laosls (;99eicd o 5 (55l 5o
Acgarme ;0 —biygy 8l g o,la 1) MSDP 4
=l Jo—e 03 S el ogam 1) Juame slmosls
St sy e o DAl 8 an g (S5 0l
dcgoazme ;0 A8, Cwd g Dy slpools 5g>4
ket pad s se Ly (60,09, (o slsosls
e i d g el a8l o e
MSDP Lo Jos ol_uly (GRW-MSDP) ool
Sl o5 (o nd 0, Sus) (ml S Sty
GBS iy Gizmed 5 03,5 S pde (gt )
3551 Cwods Lo yial )b (g3l lged jo amg S
L slwdae g (plwled o9y (6=5 )54 aej 50
(6 oy Sl o e ey Aty (5L ol
3 Sag,y 5l [V ] Bolo g el 3 .ol sais alsl
odls oy S =)k g laiea; MSDP L ulil
S B o Jlad o 0l )L (gl 5
O3S 2l iy (o 5, 0 e
ooliiwl ypiale jouy L ooy (souig iy aoione
sols oy S S M )8 g o ass S
S9—te 1= SDP (plwlid o, So5; (wlwlyy jooe
e ) imlbnss g o Je—amme SnlS b
S g, plow 9 SDP (g, gl dmlie s S 4l
aS ol s azly ol jo p 0 K g3l oo
S8, e (i 9 (2blid (Ul SDP ()
Syl lyasdy crws il slaosls L pis oz,

. Moving Window

. Recursive Methods

. Just-In-Time Method (JIT)

. Correlation-Based just-in-Time method (CoJIT)
. Time Variable Parameter (TVP)

. Recursive least square (RLS)

. State Dependent Parameter (SDP)

. Fixed Interval Smoothing (FIS)

. Multi state-Dependent Parameter Models (MSDP)
10. Local Instrument Variable (LIV)

11. Weighted Least Squares (WLS)

12. Generalized Random Walk (GRW)
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1. Batch

2. Recursive Nonlinear Partial least Square (RNPLS)
3. Recursive Partial least Square (RPLS)

4. Model Bias

5. Melt Index

6. High Density Polyethylene (HDPE)
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1. Mixture of Partial least Squares Regression
2. Expectation-Maximization (EM) algorithm
3. Coregularized least Squares Regression

4. Extreme learning Machine (ELM)

5. Back Propagation Neural Network

6. Singular Value Decomposition (SVD)

7. Echo State Network (ESN)

8. Mean Squared Error (MSE

9. Melt Viscosity Index (MVI)
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1. Polyethylene Terephthalate

2. Polybutylene Terephthalate

3. Polyethylene Naphthalate

4. Ethylene Glycol

5. Terephthalic Acid

6. Bis-hydroxyethyl Terephthalate
7. Diethylene Glycol

FENTIUER

Ul =l (—blie s solei—ing o S
il i L ablie wosmmy sla Sy gl A
d—dbor ChS slp pite oy eSS 9 Jue
o S 5l Late 7,5 [FY] o5 g1, ¥V
ey aedgi 0l o g e il aalio )0 0y
63 e apz i) e lize sla g, 5 9,5 o)
azrgi Ly ool 8 aolie g (bl 0,50 oBo g
S Sl oy a8 el gla o 4
Al g 6l clie 0 S S axwg
Lo M el s (gl oy gl
cpgi o=l plasl 5l Bace B ol ool
e ygtiedy je—me 03ld o, S >lib
= il Oy Sdg gl ol B s el
Sl el it 4 aly el il (g, (sl
o=l o el a8 518 ) 2 350 5ST A4S
ool o 001,80 S slwosls 5l i aghy
(golppi—ing Joms (priw bl jolateds owlon
S Sl sla e sl oo (it &
S9zrge slaghy) plow gl b 4595y 5 asul

el 0000 )5 A lis

Pl Mg w8
(PET) \g_)y'_a.‘i).: U_L“"‘k.gl" ULAQ l_> J"—“""gsl" o)’s)_o‘
oola_ul Sy Gl_QJAJJ 85_> u—’)-’Mr" )‘ ‘ria
Adg oS wloie ;o Awgnl slaasly o o xen
FUNPIPLEIDWIN W PSS PR ) 8 G- T RS g
il b a0 g o] (6556 dal
A byl L S g 5, g0 e PV ¢
Oy aS wgi oo )b ojg laie 0> & s 0w
TeNLE sl L (PBT) TeVLs 5 o Lss L



ol)Sn 5 00l350le 255

ool ey )fw,o ‘5‘>|)Jo

(EG) JsSuds L

PET sk ils
»

[FF] PET adg oslate ai atwgul ol d b o jloges ) S5

2970 0313 053 S (g5l de (9

L9590 (50015 g b pukio (yanni

St I A el sy A gl 4]
Oloedr s 4 F IS [VF] IS an 5 956 la g
6‘)4 Sl 00 &-JL?L».)‘ Ma).: U"‘ ‘r’L’JLhA 39—
Sl sla e Jolis Lacols acgame ] b ol
19) Cgi VY 5 S el gl piio g - Sojlull
= Jj_aza u-dl..S Lg)_«fo)b.\‘ o O s 5O (oLo
42595y 9 (N,) youy Aol sue (a3t 90 sl
VO Lgss 1 g oo plssil a8l _iolej] & je—oas ()
Job o eas msli a6l g, Sejlul Ve L
o=l el e plw juolie o)ls 0929 gl SO 2
D)5t S92 g0 (§ =S o)l sla Sn Lags a2
aS cewloa s e Y s el SO g s,
o Soslail an a5 Ly o o0 yg] ) Jgos o
Ol i o gl ool Feo e | Blas oo ol
B Egaza 40 g 0dd (5 glaex g yp p3 ;- Sojluil
Sl ol B ol ol ey m a by ools aws
il Lol ) Fo e oxVY s jile S

s e S5l lss s slwosls el 5l ey
S (poyd ©y9—0)3) Lmosls (hlo iy 5 590

S Sl (ST gemal i oy 2STg g0 ad> e
alas 58 0 gl Jols Sy S ol o
N T e T S | PR LI S N &)
Ly ok iy slmopozmiy g ool 2STy oy
b Jy—ame Oly e EG g oo oo JoSi5
Dg oo la a oS L3 5l aa S boug

B> s bWy EG —il> Je—amme ol
Oge—lizyocy ol 3 sl oyl S 0 0si s
YQ’—YV’ oC )_,JLM l_’ w_,f‘j (5LAO “r&S‘).’
ol oo ieals el Ay Lad g azsl ol
S S ol W5 i 4y e iy Jes IS
b oS5 el yondy (ol a0l
Sl cb Jaie S s ieiSTy ol elans

fSly e 895 Ly g o bl byl o ol des
5155 A 555y (oS T3 gl ey Jobo 5o
Db oo (a8 YA °C slwes yo +/A =¥+ Pas
S oS5 gl ey sl ) ey
9 S5—bso Hmw 15 ln ok 55T,
Sloosis e Lo 59,08 58 ,Lad bwgs 35



AV amino FY ksl g cyadg IYFY o lois -U_,M}
’

[¥Y] 0y S 25)5 5 62955 Slojyiie V¥ Jouz

NETIpUER

5999 )M )Lw|

¥ T 9> | (899,9 siie £95
LMo # 5 a0 Mixing rate percentage MRP (X))
LMo &5 Mixing rate MR (X))
W s sles Vacuum line temperature VLT (X))
OV ) 69959 £ 590 9, sled Inlet dowtherm temperature IDTI (X))
ST PR, sles Outlet dowtherm temperature ODT (X))
O Kz) L5551, sles Reactor temperature (sensorl) RT1 (X))
OV ) 70 YL sloo Column head temperature CHTI (X))
oanlsy oYL sles Scrubber top temperature STT (X,)
39,9 <! sles Inlet water temperature IWT (X,)
zr o=b b Column bottom temperature CBT (X))
oanley by sled Scrubber bottom temperature SBT (X,
¥ Kz) 5551, sles Reactor temperature (sensor2) RT2 (X,,)
0udBx (694,5 sleo Condenser inlet temperature CIT (X,,)
Vid o sles Valve v14 temperature V14T (X))
VIS b sles Valve v15 temperature VIST (X))
Y3 PR PO - PR - Reactor differential pressure RDP (X))
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Column top temperature PV (sensor2)

CTTPV2 (X,,)

VA2 i Jol ys (Sl oo

V42 way-1 valve opening (%)

V421VO (X,)
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Inlet dowtherm temperature PV (sensor2)

IDTPV2 (X,,)

VA2 15 090 s (Sad3l sy

V42 way-1 valve opening (%)

V422V0 (X,)

¥ Kz) 5551, sles Reactor temperature PV (sensor2) RTPV2 (X,))
VA2 b Sasslh oo, Valve v42 valve opening (%) V42VO0 (X,,)
BY I ES oo Reactor vacuum PV RVPV (X))
A j9Smmy b abod SO 2,5 Viscosity Output, | Fl.
Aol sae 8 abd S g5 Acidity number Output, | F,..
A0 598 g Viscosity F1
EUER VO IR YS Acidity number F2

—a, i<n
= i>n M

i—(m+1)

N Joo 3l J—ol> g5 00ls y, Yo alail,y o
a,() 5 pli s5m0,8 5 Zir doye )5, L Ll olass
(ms,) dlasy 5l b g ol ey aoly =l )l
slacdl U pli ymal il 4 bao o cdl> sla o
=l a S gl n‘.cﬁ_.wl (xj’i’[,j=1,2,....,ns].) bl

i

o e 0 Shee (sl e L SO Ll
Cmenl 55l e 51T sl el sjlmaige s
R oo ol il e 5 S ok
Ol i ye8dl gl LIV g 4y jo2ee 00ls 5
so=e o0ls (gl Jae ol oo VIS j0 sa ooy
O aly sla il Lo (ot wi

= O yg—ody b Sle) dged o ol e



ol)Sn 5 00l350le 255

3 Jitans] po 031031 Lol (5L puiin JS pant
Al gl 35 0 jladl ot (gla puiis

l

S yiin g Ly guySy) o JUS Lo (auni
(>

ool ‘n);' )i,...} ‘5‘>|)Jo

[

g il gl o b s 3051
LIV gz 580

b
— o |

9 il gl plake o idn b e Sdo
Jawe suzme b9l

|

=

318 Joto ylis Lo 50 )lgd sl Bis yaiic
005

L 7

Jue g0, 8 es p5ls
€ sl Jged L3

|

Jae S50 slopaie (rti g LIV (1) bl o S Joo (oLl jlogad ¥ S5

g cdloay aoly slo psl )b oS oy e
P Lt Sl diges ;o b ygw )5 ) snu> oo Z,

"':|T:.:Z| z, ’ Zp:. U"‘e)f)—]a’

Z, o byew,S, olows couS ol p:Zn:pi ol o as

T T T
‘Z:[zl Z, I

] RN U (U g g R A, ®
Voadal, o s it oS Lo e 0l
Oy gmody 00 08 et Lot yiel il plk ages yo

Wb oo ol )
Ak =Uly )
P, =62(UTU,) ()
dmy &y o)l eSS GuillgsS e Lo P
plk 4 Sged 0 IV e yle i Uy g ol o dl>
ol iesgs yitie LMol 4§ 0 iS e Lyl
Wi s‘rl.?u ‘r:)j u,u_>).:LA ~>9—~0‘5A od._».AL) (LIV)
6)—'45 GL(M.;.\)Q as ..\_.»L,‘sa G yad s lo S

iy il ael i L Bl 5 ol polie

asd)S Ly o il (e gsa 4y g,
aslial slhas Jolaw @ =N(00") & e 095
o o=lls 5 S amie e Jawgie L i
bl e oy Slec a ST 098 (o8, STaSb o
ol Bl clacdls ay co s e dloay a ol
sload o o Gl oz 0w > L
e eSS A )0 gl i el S e
9y =5 84 L Laglaler a0l sl yal )b

g5 g

(28 o=l L ogm ales 1o Sl s g piin
10,5 1 s D90ty Wl o0 gy,
(a,=S, A, i=1.2,....n) )

ax e ol gl il )b o, Ay ‘QT o as
(_guya.c ‘rALQJ ] a;, OA_MSMy G‘A_LQ.?'
X, 171.2,0ns, glacdl e el ol A
Sl Joae ¥ adal,y 5l ogad o3l L o
9o Jmdd ) Gl ymp st A ) adal) o 00
Y= ztAt te, \»)

slogldazas sla b b0 A, (ol oa s



AY-NF azio IFY Wl 3 cpoge MY o Lo “UU”;
’

ol (4 Sls 00l 00 e laie o aBly Jloae

ool ol imgsy oyl o aslllas 55 lsmcay [YF]
e VY ool )d iils a aogi Ly ol oo
P S Jos (8355 Ols—iear = Sojlail Gl
ot (Sl e s ol i s
(s—solai jsbay ¥ g slmosls lo—ul ol
6‘)_: ..\_h))f u'—?r.u‘ g)"’)j—"T Guoolo 0‘9_&44
P9y Sl edo— 5l 98 =t slp e B>
oo a0l sl Jlame 5 9,00 Sim (S S
Sl ag molie o ol 0l cola W LIV
g 5l 7 adaly 0 K() J5,5 amb o o oola
L1V JJ_A )L._>L..u sl 00 ua)J JLA)J ‘r.uslf
(sl s0e) F, 5 (40595 —m9) F, (o9, sl
Gl oo a—sa =85 i o Ve alal, g lhas
Sleslaiwl L g MATLAB I3 3ls 5 oo jo S >
03— wy.\f )‘)_:‘ 42> g 09 >gs 6L‘°)‘}e‘ d_z>

{Fu =a,, {X,,X,, X5, X, Xy x 1 +e, } 04
FZJ =a,, {XI,XZ,X3,...,X22,X23}><1+e,

S loasdgyy slopmiie oled (ol o> s
il e anTp , Sojlail gLl e YY oLan
B el S e el sls e (g
o0 o y8 S jd Joe j5 ), 9 0h AB)S
b0 oyd b & yeots Joce il ol 4 .l
R R L P TOR B
Jsoz 3o 4555y (ot Sl Joe G0

sl 00 oo)ji Y

1. Hyper Parameter

2. Pearson Correlation

3. Root Mean Squares Error

4. Coefficient of Determination
5. Cross Validation

s,

) O yg—ody &S Cwl a1k dSged jo Sl 4

:»)9_»3‘5@ e 3 %

W, =diag(K(a,.,) 1y,

N’ . —_— L : L i
A= Z(x”"’/l wa 0< Z;pv <m< Zl‘,pv )
J V= V=

= i
o b bl 0l slote A, 5 J55 &b k()
s—ige aslis el oly a4, o
agy gl Jao olwlid L) o cnliso g
Sldizr aalllas gl 00, 5 i (g5lmainge
eles asml e AL g o ay iy

Je (e liel

ol o i bzl i S (b p5 (2]
s ls 5l ool wl L o0 K> Joo (b))
T 9ty (ot Sl 00 plssil 15 (60, Sles
Sty (5, Sojlail a3l b Sl plyea
[SENC RS CEDWEON- S EEED NN DRSSP £ . T R
L Jolows o0l (i ymolie g (—8ly (slmosls
(ot 0SS (o (bl ]y (aly s olie Gl
09 00 Ol 2 aaly oy (g

o ACA) C)
O o N
Sr o) sboarld gl S S
bz g pe Silo Jdz (Jos (oS (i Ll
polie e IS g e Lawgie 45 Eul (RMSE)

0]

b gi ool oo yion HlaBe g 28l oo cnal i

(v, -¥) /N \)

i=l

RMSE =
=35 00ls L ouds 00 ez o0ls (6,55 )l5—e

R> :]_Zi;'(yi _yi)z
> -7 @

sl e slass £ Loosls sloas N YL laslg, o

Aad oo lis |

“"—‘-’)-’4-’; 97 CP e, 5J-\—A)0~>9—?'9AJ.ES_M4



VoV Ql)l&o.b 9 od‘}dol.b )Jb,f

ool £y Kowes 6>|)Jo

(1) Jpamme 4598y (s Ui SR LIV 5 Ko Jow 60 ,Shoe mls ¥ Jou

. S GQ,SLQ.C 6L®ua>l.~4 ] o i
Ghisel o S Joe 0dd (S polie anlie Joe [ i) Cags olows i J.-o)l.‘; &
Xy polie boays s Cag | S e | 2 £y
MAE | RMSE | R T e bl
I : _
50 H '
3 5 ODT «CHTI« g
I ¢ Jood¥ | AT [ Y)Y 5 RT2 VIST | &
: cTTPV2 | f
5
I ~
ke ODT «CHTI« | .
K RT2 VIST. | |
3 [ [+« ¥0 [+YY \ AN 5\" \ CTTPV2« %
! CIT RTPV2 |
i _ —
ol - E G
3 [>2 - o
= & 2 SBT V15T« |§.
! < < ! ¥ ve T, | ¢
N 5
oy g VIV SBTVIST: | |
1 ERR Y IRVERS £ 3 IRVET.CLR RS ¥ are,, | ¢
3 bolas \

5 Joe Ghje—l 6l ¥ g 00ls degame (05
Al g cale (28,55 a5 )0 ey 4o
p9d ad>ye 50 (ol 4P (o g E
—olal Gygody O Cmgi 5 ¥ ooy slrools
slaools g Jas oi9—l ad> o clsosls lg—cas
i lisl ad> o slmosls lecas ¥ ooy
0ols d_cgame Lo so e ij9—sl 00,5 Ll sl
Jsiz 5o Ghjsmel ol a9 035 Sjg0 war
9 Laools slocas il 38l Jdods .ol oo 00,91 ¥
ol ol e a5 (Slmslone Sl it YT 05 2
&S iz s (il (! 5o Slloe oLl
¢ VIST¢RT2¢ CHT1 « ODT sLa piie .ol i3l
o—les Lo pie ls—ieay RTPV2 4 CIT « CTTPV2

CTTPV2 4 ODT «CHTI1 «RT2 «VIST sl o,z
Jae (el 5l Jol ;350 Lo i (s ey
Sy glosls Lasad olsesl gy ol sl L
slal Jo bl gl (Solaijsbay ¥
G39] oo i a8 )8 L s o] o
a8 i jliel ad> e Sl Gollas 0as
Jod B = el Lo g 05 3-890 (i
Jol ad e S8 0 a5y bijlen a5 a2lse
S ool U5 g Jama sy 5 el i
aolol ;o g 005 (i yiom a oL 3 00l Ve e
Gt adly g5 Ly odds oty sty yyolie
oty wgdlacl mols ol Jo¥o as)ls soly;
aal> gl a8 0 sasluS 4o )8 90,0 sal



AV amino FY ksl g cyadg IYFY o lois -J}M}
’

W)y (ot i sl e Gle—ea
i Olgedy ;i Lz 2 WSS S s
s Blad (ol Jame (590l (6l 699,9 <>
Jsiz 50 55 gy ol Joe (90l (e el
R? 68, Sloe sl jasli pyolie .l s 084 ¥
al> 0 ol 4o Jae (B39l !, MAE 4 RMSE
st M BATHY - 5 VAVAB) -7 ) s i,
SBT (595,5 it ,ltz dinge 9k sl ol
S 4 Jas Gij9—sl o F | g CIT ¢ VI5T ¢
oo VY g VIEYEOYA £IV-AFFY /a0 VV4F
2O ymie g0 39—2g JJods o imen o] Cwoa
gl 3o Jos Gojssl plaj Sae bisel Sl o
G2l e [0Y Gl J Bl L8 s, L
St 9y 0dal Cwods Joo TS a3l
b5 055 ;500 slacugi an g pe 00ls dcgaze
o el S (Bl slacog o5 3
Lol 5l (B 50 4 wiocs olsal glasss au Jos
50 oo esliiwl slaosls L sanl b slaosls oy,
4 Joe 0, Shee L5 aib gliie bjg—sl al> e

=5 )8 bl s el 5o

NETIpUER

a—l o ol (Jae (hieal 5l J—ol>
pgd ad> o S & 50 soal Cwdds Joo o s
i Joel s sl 00 08l islas ¥y
slaosls L L5 oo o0ls yo59—al Jas ¢3-S de
03 et ol i L1, 00 51 s
B s 5 oy Joe (it 0lie 15 ey
Slwodls ;3 i 0525 Ly ol b ot Jo8
Joe g 45 Sy Joe (b e Jome (9]
B JRRGINITH [y CYVIG SRV ) B Y0 QS DU U R -
Py po— A0 13 pgd and 8 (o) St 9,0
el adpo ;2 50 b 0l 1iS Jas Shjg]
L9 iy ol Jlssl cgz 4y o
59 ol b A8 S A e 5 e g0 Lg iyl B
2 Jde 29 i) B e Jold i
b=l gls e 5l (oS4 ol ,endy (J8 4o
sl sl il sl e Ll e 5 a yo i Foslu
ot Sl e S Jas (53955 sLo i
Lo adboe ¥ Jgos Gollae Jy—amme i jsSy
V15T « SBT sla posis w0l sl mols 4 a > g8
sl o 9ol sligy Sl (slls aSF, | 5 CITe

(1) Jgamo 4358y (S Slp 0o 90 O jgod o5 Sz Joo Jhjgel ,0 Wb slige s ¥ Jguar

e (Aa) b sl e () b gy
F ., “fee e NFY RTPV2 VeVOIVE e
SBT ARRR IDT1 IR/ AR
VIST ZIOYYAAQ RDP V-YP/AVY. ..
CIT Y/4-4¥70 RT2 VoA YYE. ..
VLT AR IWT VoA FYYe o
V422VO0 YENYYFO . RT1 VoA ANV e
CHT1 YO/ YAY- . ODT VoAY/FO. ..
MR ZYZIAYAL - - IDTPV VeAYIASZD . - -
CTTPV2 YAA/+YYY - - CBT VAN e oY e e
MRP ARRVARR AR STT AN ZAVZ R
RVPV VeV PAY .- V14T FEAFAN - -
V42VO0 IRAATN f LR V421VO IS A A ATA T RERE

1. Non Stationary



ol)Sn 5 00l350le 255

ad> 5o Jlaged y5 a5 Hebplen .85 )8 L)
Jos 05 g0 0aalin O J5im Cnd 5 (59!
Js—azme abawl soe ,oolie cuilys oadail )l
Jo—d J=B sl L el slacas ¢l — 1,
Jo— 0, Ses bl b wled ot
Sl g gl adpo j0 Al sae iy
il (g s slie sl b Jsas b Joce
=olie g oad i olas A lie sl logel
S 5 el alope yd alpul sae ol
Somzg L aisS o ol 1) et ol Comvo 5
Sdoe g 4 jeSmny dn Lo pe slaosls Sglate iy,
ad>ye o (Bl slacug S 0 ana—l
ol s S LIV 5 o o
o1y Uas g Gl ol | 8las g 00,5 JLoo | Laasg,
sl e slaw 7 oo o ail alls o s
Stz 00 a8 S L o sladug slas (539
a0t ol gLl Cles o 5 Jas (el
oo dmuglio Oladllas , S0 Lo ipghy ol 0ol
awolio jo Ll 5o a S 095 o cnnlin .ol
Sgut o gz j0 oud )35 alie sla,5 L

ool ey )fw,o ‘5‘>|)Jo

Lo b slacos gl |) Jo—aze 4 )55y
P et el (i J8 2B e
500l plasl Aol sae o o Cyge nlio
Fot meie Jolos yito 50 Joo (bj90] al>yo 0
=9 ol pemdy (J—8 atlaxd o Jow 29,5 lois)
b aus S b s Soeslasl ] sla e )
03,91 ¥ Jgo> 50 sosl s ol sl =
ODT 4F, |« CIT sla e a5 ol .ol oo
Ole—edy i bl oo 0l gy JSBlos ljlo as
O el dde (o 0 e sle e
&l,s MAE g R®RMSE (¢l ol ,olie asays 5
&l a9l g el Cwods VYY)V -0
gl al>ye ;5 ODT 5 F,  (CIT (5395 yiie amus
VIYVAYYY o «/SAQVES oo o oYY S50 Joa o
=L o el plail 5l Gy 035 (s
)l_g‘_‘> K9y ‘FQQL»A.» S Hg—ody od_.o] C—wddn JA_A
S50 500 slacug 4 by e 00ld 4_cgamme

(N aaenl s0e oo @lp oo 98 Ojg0h o) Kas Joe (35sel 50 &b sl @l ¥ Jouar

s (A;,) b sligy ey (Ais) b sl
- o+ e oYY RVPV V- IYYAQED
MRP ARRARNY RDP VY- fOvar
MR [VFOAYY V42VO0 FAO/OYYAYY
ODT < [FAQYYY RTPV2 FAO/AYYETY
CTTPV2 YO NY RT1 NIRRT AR
IDTPV VIY < AAYD CHTI1 VYOY/EA2YD
IDT1 VIVIYAAD SBT YYYS/EAY -\ Y
CIT VYYYSYY V15T VY \Y/PAYOYA
CBT VISAOTAY RT2 VOYSAIAY STV Y
V422V0 V/ZYQ-YY STT YYOYY/OYPFYN
IWT V/AYAYYA V14T INEARIERA R A
VLT YNNE2O000 V421V0O YYAYYO/FAVON




AV amino FY ksl g cyadg IYFY o lois -U_,M}
’

NETIpUER

(N, Jaamme anowwl sae swi Gl LIV a5 S Joo 50,Slee ol & Jgus

oy S Jde 0ads oo i polie dunlie Joe e g0 ,Sles sl 2L “'“5’ D‘f“’;; GLQI""’%" e
oxdly ol b ooy 33ge] Sl | e |l Jols ee [
9 RO T ON3 ise MAE | RMSE R’ 0l | Jxe | Jue plubs

\ T
!
]
bl
- | o @
h =
. X X \ ¢ | vt |, cropr |
It . - &
i ’ ’ *

Foer

3
1
i
> :
R < ¥ i
P [e oY o]+ +9f 12990 | &jg0a | Y F,. «CIT <ODT %
HE 3olas
&3 < %
3 l; Il | Il Il 1 Il

' [ Foor Foae Ao [P A VFore Yoo VAeee

o) sl digai

Sl sy g sl anl 8 6l a5 sle S Joe 639)9 sl e Slasi 5 (55 ,Shes slaaSls £ Jgaa

« o HE 2029 e A 63wwi;ib‘w Joe g5 Ot
N, i N, 1 N, w N, K
- . _— — Y Y YV YV | MATP+PLS | [¥f] )] Kan 4 oS5
- . _— — Y Y 3% YV | NN+PLS | [Yo] o)) Ken 4 455
- - i — YE Yf Yv YV | Mix+PLS | [¥#] o217 5155w
SIAOY | /A | VYYY | /00 Yy Yy YY YY | CoRLSR | [¥V] ;5 1,8
+/2990 | +/2999 | </« +QF | +/o-YY ¥ ¥ ) | LIV JEPERERICH

LIV Jos ,550 655 o Sl ails 09 7YY/ P
il ot i) sl Jon oo Ly glin
St Skt 5 Ceagi Sy L slmosls Ly Jos
g, L Lacug plw slaosls o i )0 o
Cd,S Aol e co )l il 00 Coglaie
S Joe Gyl Gl 5o a4l lSa SiSS aS
00,5 asl )l alie gla Jow 5l i cdo Ly )
Oz g S glacagi slasi a4 S ol

Ll il (S (99,5 L erie

345 Ao

Sloee y jgmo 0310 o K imgly 0l 5
CpS (i y9—aieds LIV (g5l Joe (s,

U TR SV RS W W | ) [P GDWE Sy i Y KR
o3ld dcgazms ;0 05290 sl prio elod I iz
Sz 69933 SLe e Glemed (i YY) 2 o
Js—ame ahaul sae 5 () abjsS g (i
J(N))
Jome Cles 5o o ol 5o (6999 sl e

it @355 iin ¥ 3l oolitiasl Ly Cnslys oas 4|

1‘ 0y colé"

ooy yials L Ll .o

Al sae (gl (699,9 e ¥ g Al 595
o ls sla pate ol 5l (a8 B s i
&l—= R? g RMSE (glo asli asb aisls cis
S ¢ B9y u—.’“ 9 0l g5""‘°u“""‘ M)Mﬁ
&l o LY IVY §7A0/VD ¢yl 3oy CORLSR g, ass

5 TAUED g b as L oyl il so_e



ol)Sn 5 00l350le 255

b ool slaw L a s o ol pls oyl a8
99,9 SLd jsie (i Bghy ol Ho oa a8 5 Sy
9 4)ysS g S e ¥an e VY 1 Jas
Sl azxlis ol jials anawl sae glm e ¥
ol 30 eu s —uiw R? g RMSE (g0, Slas
1AV )l5—eds CORLSR g, 4y S ¢ jiBsp
5 FAVTO Glimets 5 oSy sl TV VY 5
R SE Lo LIV [ IP WU | [P S e
PR b amnlie o Jos ol sl 500 5l anles
)9 il 59, 00 ool 5 S slaJoe
as u_w|)_~<>5 59,9 ‘5‘_Q)JJ.~0 Sla=s “r:lxma.o

el oot glwlos [ gialS 4 o

ool ‘n);' )ia-m} (5‘>|)Jo

Gy s Ol anlp s Jsame
30 it LIV Jo o .l oo a SI) il Ly
Sd—¢ 6‘)_’ 9 +/44414 9 efe e NO o v /e oYY )_:‘).:
<1490 9 ofe oo oo +Q¥ )_g‘).g S P 4...:..\.,_...4‘
shlsas Sl ps S Jos 0 0 ()l 3-5
el b JBEMAE § RMSE (63, Shoe a5l
L awolis ;0 6= s laosls jloolawl Ly
S lcds el oo 00 bjeal L g, 508
Lo L p s S Jos (il ol 5o 00
ools yoj9—o] Cngh | slmosls acgomme 3l oolai il
A cgozmo )l S0 Lo jiagh o aS Jb> 0w
0d— oolaiwl Jae [ij9l gl cmg YV (slaosls
=S o glmools slass a S a5 o LIV

=B it 9 =5 0 (Ul o il oy g0

&l
[1]. Jin H., Chen X., Yang, J., Wu, L., (2014). Adaptive soft sensor modeling framework based on just-in-time
learning and kernel partial least squares regression for nonlinear multiphase batch processes. Computers &
Chemical Engineering. 71, 77-93. doi: 10.1016/j.compchemeng.2014.07.014
[2]. Shokry, A., Vicente, P., Escudero, G., Pérez-Moya, M., Graells, M., Espuiia, A., (2018), Data-driven soft-sen-
sors for online monitoring of batch processes with different initial conditions, Computers & Chemical Engineer-
ing, 118(4), 159-179. doi: 10.1016/j.compchemeng.2018.07.014
[3]. Kadlec, P., Gabrys, B., Strandt, S., (2009). Data-driven soft sensors in the process industry, Computers &
Chemical Engineering, 33(4), 795-814. doi: 10.1016/j.compchemeng.2008.12.012
[4]. Jiang, Y., Yin, S., Dong, J., Kaynak, O., (2021), A Review on Soft Sensors for Monitoring, Control and Opti-
mization of Industrial Processes, IEEE Sensors Journal, 21(11), 12868—12881. Doi: 10.1109/JSEN.2020.3033153
[5]. Kaneko H., Arakawa M., Funatsu K., (2009), Development of a new soft sensor method using independent
component analysis and partial least squares, AIChE Journal, 55(1), 87-98. Doi: 10.1002/aic.11648
[6]. Sliskovic D., Grbic R., Hocenski Z., (2011), Methods for plant data-based process modeling in soft sensor
development, Automatika, 52(4), 306-318. Doi: 10.1080/00051144.2011.11828430

o 658 90 sla )b o Slad i s (N F e V) clioslialel 5.8 (o g baaul el ¢ opono Golo vl

Doi:10.22078/PR.2022.4895.3189 .80-65 Y'Y (VYY) e jumgh « Sby> Sdelgils cvac aSii Lo wgs ol
[8]. Li, Z., Jin, H., Dong, S., Qian, B., Yang, B., Chen, X., (2022), Semi-supervised ensemble support vector
regression based soft sensor for key quality variable estimation of nonlinear industrial processes with limited
labeled data, Chemical Engineering Research and Design, 179, 510-526. Doi:10.1016/j.cherd.2022.01.026.
[9]. Wang. Z.-H., Li, Y.-T., Wen, F.-C., (2023), A Novel In-Line Polymer Melt Viscosity Sensing System of
Integrated Soft Sensor and Machine Learning, IEEE Sensors Journal, 23(11), 12181 — 12189. Doi: 10.1109/
JSEN.2023.3267682
[10]. Zhang, X., Song, C., Zhao, J., Xia, D., (2023), Gaussian mixture continuously adaptive regression for
multimode processes soft sensing under time-varying virtual drift, Journal of Process Control, 124, 1-13. Doi:
10.1016/j.jprocont.2023.02.003



e? 2 &
AY-NF axido NF+Y wodwl g AYY o)lols - ot g5 allie

Laosls (5518 o i oS 55 g, 4] dVVAT) p cmgpo (sdman] g o o Bolo w5 ,5s [V ]

-\\# ‘YY’(YA) (s u».s'bjj.: 0 WYL J_uj)g u.a.n.»S (_s.‘\.:.:uw S uy..w;) )L))_g uu..wLe 5O

.doi: 10.22078/PR.2013.317 ¢\ - Y
[12]. Shao, W., Tian, X., (2015), Adaptive soft sensor for quality prediction of chemical processes based on se-
lective ensemble of local partial least squares models, Chemical Engineering Research and Design, 95, 113—132.
Doi: 10.1016/j.cherd.2015.01.006.
[13]. Yeo, W.S., Saptoro, A., Kumar, P., Kano, M., (2023), Just-in-time based soft sensors for process indus-
tries: A status report and recommendations, Journal of Process Control, 128, 103025. Doi: 10.1016/j.jpro-
cont.2023.103025.
[14]. Young, P.C., (1999), Nonstationary time series analysis and forecasting. Progress in Environmental Science,
1, 3-48.
[15]. Young, P.C., (2006), The data-based mechanistic approach to the modelling, forecasting and control of en-
vironmental systems. Annual Reviews in Control, 30(2), 169-182. Doi: 10.1016/j.arcontrol.2006.05.002.
[16]. Young, P.C., McCabe, A.P., Chotai, A., (2002), State-dependent parameter nonlinear systems: identification,
estimation and control, IFAC Proceedings, 35(1), 441-446. Doi: 10.3182/20020721-6-ES-1901.00235.
[17]. Sadeghi, J., (2006), Modelling and control of non-linear systems using State-Dependent Parameter (SDP)
models and Proportional-Integral-Plus (PIP) control method. Lancaster University: United Kingdom, Ph.D. The-
sis.

3 Jy—are G a5 o s jedaieds je e ool o s >Lb (VWAP) wo lap IvAl

Ol =l ghamaly (limazr b g lians ol8tils (ol iie 4 ally p el )b b ya bl sLag
[19]. Tavakoli Dastjerd, F., Sadeghi, J., Shahraki, F., Khalilipour, M.M., Bidar, B., (2022), Soft sensor design
using multi-state dependent parameter methodology based on generalized random walk method, IEEE Sensors
Journal, 22(8). Doi: 10.1109/JSEN.2022.3147306.

[20]. Gharehbaghi, H., Sadeghi, J., (2016), A novel approach for prediction of industrial catalyst deactivation
using soft sensor modeling, Catalysts, 6(7), 93-109. Doi: 10.3390/catal6070093.

[21]. Bidar, B., Sadeghi, J., Shahraki, F., Khalilipour, M.M., (2017), Data-driven soft sensor approach for online
quality prediction using state dependent parameter models. Chemometrics and Intelligent Laboratory Systems,
162, 130-141. Doi: 10.1016/j.chemolab.2017.01.004.

[22]. Bidar, B., Khalilipour, M.M., Shahraki, F., Sadeghi, J., (2018), A data-driven soft-sensor for monitoring
ASTM-D86 of CDU side products using local instrumental variable (LIV) technique, Journal of the Taiwan In-
stitute of Chemical Engineers, 84, 49-59. Doi: 10.1016/j.jtice.2018.01.009.

[23]. Bidar, B., Shahraki, F., Sadeghi, J., Khalilipour, M.M., (2018), Soft sensor modeling based on multi-state-de-
pendent parameter models and application for quality monitoring in industrial sulfur recovery process, IEEE Sen-
sors Journal, 18(11),4583-4591. Doi: 10.1109/JSEN.2018.2818886.

pls coii caS bs o e jekaieds jgme ools (5l5le 5 S >l b (W YAY) o —ans [YF]
clamnly oyl gl g oyl sBiils (ol o an aianly ,el )b oy, an  (lojol /ol Ses oy o

Ol !
ol
[25]. Bidar, B., Naimi Rad, F., Khalilipour, M.M., Shahraki, F., Sadeghi, J., (2020), Quality Soft Sensor Design
for Crude Oil Desalting/Dehydration Unit Using Local Instrumental Variable (LIV) Approach, The 11th Interna-

tional Chemical Engineering Congress & Exhibition (IChEC 2020), Fouman, Iran.

sybed Sl e aily el Ghgy Ly jemme ools o) S (LB LOVAA) ¢ sy e htd
Ol eghoaly bz gl 5 Gl oSl (ot (i a1 3 EleS (e

9y e Jgmazme CadnS ()l EY) o i g (Bole wpp g (lS <) g YV

[28]. Jiang, Y.,Yin, S., Dong, J., Kaynak, O., (2021), A review on soft sensors for monitoring, control, and
optimization of industrial processes, IEEE Sensors Journal, 21(11), 12868 — 12881, 2021. Doi: 10.1109/
JSEN.2020.3033153.

[29]. Wang, L. Jin, H., Chen, X., Dai, J., Yang, K.,Zhang, D., (2016), Soft sensor development based on the hi-
erarchical ensemble of Gaussian process regression models for nonlinear and non-gaussian chemical processes.
Industrial & Engineering Chemistry Research, 55(28), 7704—7719. Doi: 10.1021/acs.iecr.6b00240

[30]. Frauendorfer, E., Wolf, A., Hergeth, W.D., (2010), Polymerization online monitoring, Chemical Engineer-



O‘)m 9 °‘>‘}t5‘>L° )'b’f ool ‘n); )iw} ‘5'>|)Jo

[31]. Rénnar, S., MacGregor, J.F., Wold, S., (1998), Adaptive batch monitoring using hierarchical PCA, Chemo-
metrics and Intelligent Laboratory Systems, 41(1), 73-81. Doi: 10.1016/S0169-7439(98)00024-0.

[32]. Li, C., Ye, H., Wang, G., Zhang, J., (2005), A recursive nonlinear PLS algorithm for adaptive nonlinear
process modeling, Chemical Engineering and Technology, 28(2),141-152. Doi: 10.1002/ceat.200407027.
[33]. Ahmed, F., Nazir, S., Yeo, Y.K.Y., (2009), A new soft sensor based on recursive partial least squares for
online melt index predictions in grade-changing hdpe operations, Chemical Product and Process Modeling, 4(1).
Doi: 10.2202/1934-2659.1271.

[34]. Facco, P., Doplicher, F., Bezzo, F., Barolo, M., (2009), Moving average PLS soft sensor for online product
quality estimation in an industrial batch polymerization process, Journal of Process Control, 19(3), 520-529. Doi:
10.1016/j.jprocont.2008.05.002.

[35]. Facco, P., Bezzo, F., Barolo, M., (2010), Nearest-neighbor method for the automatic maintenance of mul-
tivariate Statistical soft sensors in batch processing, Industrial & Engineering Chemistry Research, 49(5), 2336-
2347. Doi: 10.1021/ie9013919.

[36]. Souza, F.A., Araujo, R., (2014), Mixture of partial least squares experts and application in prediction set-
tings with multiple operating modes, Chemometrics and Intelligent Laboratory Systems, 130, 192-202. Doi:
10.1016/j.chemolab.2013.11.006.

[37]. Ferreira, V., Souza, F.A., Aratjo. R., (2017), Semi-supervised soft sensor and feature ranking based on
co-regularised least squares regression applied to a polymerization batch process, 15th International Conference
on Industrial Informatics (INDIN), Emden, Germany. Doi: 10.1109/INDIN.2017.8104781.

[38]. Abeykoon, C., (2018), Design and applications of soft sensors in polymer processing: A review, IEEE Sen-
sors Journal, 19(8), 2801-2813. Doi: 10.1109/JSEN.2018.2885609 .

[39]. Yin, Z., Hao, K., Chen, L., Cai, X., Zhu, X., (2019), Forecasting the intrinsic viscosity of polyester based on
improved extreme learning machine, International Conference on Artificial Intelligence and Computer Applica-
tions (ICAICA), Dalian, China. Doi: 10.1109/ICAICA.2019.8873494.

[40]. He, Y.-L., Tian, Y., Xu, Y., Zhu, Q.-X., (2020), Novel soft sensor development using echo state network
integrated with singular value decomposition: Application to complex chemical processes, Chemometrics and
Intelligent Laboratory Systems, 200, 103981. Doi: 10.1016/j.chemolab.2020.103981.

[41]. Zhu, X., Hao, K., Xie, R., Huang, B., (2021), Soft sensor based on extreme gradient boosting and bidi-
rectional converted gates long short-term memory self-attention network, Neurocomputing, 434, 126-136. Doi:
10.1016/j.neucom.2020.12.0238.

[42]. Zhu, X., Damarla, S.K., Hao, K., Huang, B., Chen, H., Hua, Y., (2023), ConvLSTM and Self-Attention Aid-
ed Canonical Correlation Analysis for Multioutput Soft Sensor Modeling, IEEE Transactions on Instrumentation
and Measurement, 72. Doi: 10.1109/TIM.2022.3225004.

[43]. Perera, Y.S., Ratnaweera, D.A.A.C., Dasanayaka, C.H., Abeykoon, C., (2023), The role of artificial intelli-
gence-driven soft sensors in advanced sustainable process industries: A critical review, Engineering Applications
of Artificial Intelligence, 121, 105988. Doi: 10.1016/j.engappai.2023.105988.

[44]. Scheirs, J., Long, T.E., (2005), Modern polyesters: Chemistry and technology of polyesters and copolyes-
ters, John Wiley & Sons.

[45]. Deopura, B. L., Alagirusamy, R., Joshi, M., Gupta, b., (2008), Polyesters and polyamides, Woodhead Pub-
lishing in Textiles: Number 71, CRC press.



Design

Petroleum Research

Petroleum Research, 2024(February-March), Vol. 33, No. 133, 24-27
DOI:10.22078/pr.2023.5167.3297

of Data-Driven Soft Sensor for

Quality Prediction in Industrial Polyester
Resin Production Process

Gohar Hadizadeh, Jafar Sadeghi, Mir Mohammad Khalilipour* and Bahareh Bidar
Department of Chemical Engineering, Shahid Nikbakht Faculty of Engineering, University of Sistan and Baluchestan, Zahedan, Iran
a.khalilipour@eng.usb.ac.ir
DOI1:10.22078/pr.2023.5167.3297

Received: July/12/2023

Introduction

Competitive and rapidly changing market environments
face multiple factors of uncertainty and change in
product demand, availability of raw materials, prices,
product specifications, and environmental constraints.
This has led to a desire for batch processes that allow
for faster development of new products and also
have high flexibility and adaptability. Batch chemical
processes are a good option in cases such as low-
volume production (i.e., production less than 500,000
kg), sensitive processes, multi-product operations,
and when changes in product mix or rate are required.
Therefore, a wide range of products in low volume
and with high added value, including special chemical
and biochemical materials, microelectronic materials,
pharmaceutical, agricultural and  biochemical
products, etc., are produced continuously [1, 2, 3].
The purpose of this research is to design a novel data-
driven soft sensor in order to predict the quality in the
batch process of polyester resin production based on
the parameter method dependent on the state variable,
which has not been investigated so far. In this research,
the information of an industrial process of polyester
resin production has been investigated. In order to
validate the proposed model, the prediction results of
the model for acidity and viscosity number variables
have been compared with the results of other existing
methods.

Data based-Soft Sensor Design
Identification of Soft Sensor Model

Choosing an optimal model structure for better

Accepted: December/02/2023

performance and optimizing model parameters is
one of the important stages of soft sensor design.
The design steps of data-based soft sensor using LIV
method are depicted in Fig. 1.

Due to the different residence times required for the
esterification and polymerization steps, the industrial
batch process for PET production, based on Figure
1, is designed with two main reactors. One reactor
for esterification and one or two parallel reactors for
polymerization. The quality of the produced polymer
is determined by two chemical properties, including
the polymer acidity number (NA) and its viscosity (i)
[4, 5].

Giycol
recovery

Fig. 1 The flow diagram of the batch multipurpose process
of PET production [4].
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The data-based modeling of the nonlinear system, with
parameters dependent on the several states, in each
time sample, is assumed as follows:

—a; i<n 0
PP\ bi—m41y i>n

where, y, is the model output, n is the number of
regressors, Z, is the ith regressor and a(.) is the ith
state dependent parameter that is a function of ns,
correspondent states (xj’].’l, j=1,2,..., ns), when a, 1S
assumed to be constant, and it is not state dependent,
e=N(0, ¢%) ns; is a zero mean white Gaussian
distributed unknown noise with variance o2.

Results and Discussion
Forthe current case study, 23 easy-to-measure variables

Table 1 Input and output variables of soft sensors [6].

were considered as inputs to the soft sensor model
according to process knowledge. These variables
include variables such as temperature, pressure, flow
rate and valve opening rate. In this study, first, the data
of batch 3 was randomly selected as the training data.
The combined method of backward elimination and
optimal bandwidth criterion of LIV model was used
to eliminate unnecessary variables from the model. In
the first case, all the 23 input variables are considered
as state variables in one parameter, and the regressor
model is assumed to be one. The prediction results
of the obtained model which shown in figure of the
second stage are shown in Table 1.

Input abbreviation Input/output variables

Variable description

MRP (X)) Mixing rate percentage Mixing rate percentage

MR (X,) Mixing rate Mixing rate

VLT (X,) Vacuum line temperature Vacuum line temperature

IDTI (X)) Inlet dowtherm temperature Oil temperature with two terms (Sensorl)
ODT (X)) Outlet dowtherm temperature Oil temperature with two terms (Sensor2)
RT1 (X)) Reactor temperature (sensorl) reactor temperature (Sensorl)

CHTI (X)) Column head temperature Overhead temperature

STT (X,) Scrubber top temperature Remover top temperature

IWT (X)) Inlet water temperature Water input temperature

CBT (X)) Column bottom temperature Column bottom temperature

SBT (X,,) Scrubber bottom temperature Remover bottom temperature

RT2 (X)) Reactor temperature (sensor2) reactor temperature (Sensorl)

CIT (X,,) Condenser inlet temperature Condenser input temperature

VI4T (X,) Valve v14 temperature V14 Temperature

VIST (X)) Valve v15 temperature V15 Temperature

RDP (X)) Reactor differential pressure Reactor Pressure

CTTPV2 (X,,)

Column top temperature PV (sensor2)

Overhead temperature (sensor2)

V421VO (X,,)

V42 way-1 valve opening (%)

V42 opening percentage in first path

IDTPV2 (X,,)

Inlet downtherm temperature PV (sensor2)

Oil temperature with two terms (Sensor2)

V422V0 (X,) V42 way-1 valve opening (%) V42 opening percentage in second path
RTPV2 (X,)) Reactor temperature PV (sensor2) reactor temperature (Sensor2)

V42VO0 (X,,) Valve v42 valve opening (%) V42 opening percentage

RVPV (X,,) Reactor vacuum PV Vacuum pressure in the reactor

F ., Viscosity Outputt-1 Viscosity output at (t-1)

F,. Acidity number Outputt-1 Acidity number output at (t-1)

Fl Viscosity Viscosity

F2 Acidity number Acidity number
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After completing the model training, the efficiency
of the obtained model was randomly evaluated on
4 data sets related to other categories. As can be
seen in the graph of the training and testing stage
in Table 2, the presented model was able to predict
the QIV values related to the acidity number of the
product for different times with an acceptable error.
The performance indicators of the acidity number
prediction model in the training and testing phase of
the model according to Table 2 have acceptable values.
The graphs comparing the predicted values and the
actual values of the acidity number in the training
and testing phase are also confirm the results obtained

from performance indicators.

Despite the different trend of variable data of viscosity
quality and acidity number at some selected times in
the test phase, the LIV soft sensor model has been able
to follow these trends very well, and it has the least
amount of deviation and error in predicting values. In
Table 2, the number of input variables, the number of
batches considered for training the model and finally
the error of the predicted values of this research are
compared with other studies. It can be seen that the
error rate has decreased significantly compared to
similar studies reported in Table 3.

Table 2 Performance results of LIV soft sensor model for predicting product acidity number (NA).
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Table 3 Performance indicators and the number of input variables of the soft sensors model for the discontinuous process of

polyester resin production.

Number of | Number
Literatures Model time for train- | of  final | RMSE | R?

ing variables

u NA n NA [p NA u NA
Facco et al.[6] MATP+PLS | 27 27 23 23 | --- --- - ---
Facco et al.[7] NN+PLS 27 27 23 23 | - - - -
Souza et al. [8] | Mix+PLS 27 27 24 24 | - - - -
Ferreira et al. [9] | CORLSR 27 27 23 23 10915 |1.727 |0.903 |0.851
Current study LIV 1 1 4 3 0.0022 | 0.0094 | 0.9999 | 0.9995




Moreover, the soft sensor models presented by other
researchers in order to predict viscosity (n) and
acidity number (NA) of the product, considered all the
variables in the reference data set (23 variables) as the
input for their model.

But in the current research, by reducing the number
of input variables in this research, finally with 4 input
variables for viscosity and 3 input variables for acidity
number, the model has capability to predict quality
index variables as well as similar models.

Another advantage of the proposed LIV model
compared to other models presented by previous
studies is that even though the model was trained using
the data of one batch, it performs well in predicting the
data of other batches with different trends. Therefore,
it can be concluded that the technique used in this
research has presented the soft sensor model with less
number of batches and less input variables for training
the model but with more accuracy than similar models.

Conclusions

In this research, a data-oriented soft sensor is presented
to predict product quality in the polymerization
process of polyester resin production based on the LIV
modeling method

The structure of LIV model selected in the model
training section, the RMSE, MAE and R2 performance
indices for product viscosity are 0.0022, 0.0015 and
0.9999 respectively and for acidity number are 0.0094,
0.0030 and 9995 respectively. The final LIV model,
which has an acceptable RMSE and MAE error
performance index; It has been trained using much less
data compared to other methods. It can be concluded
that the LIV method, in a situation where there is a
small amount of industrial data; It has the ability to
use and predict acceptable in batch processes. The
LIV model used in this research reduced the input
variables from 24 variables for viscosity to 4 variables
and for acidity number to 3 variables. In this research,
the RMSE and R2 for the viscosity compared to the
CoRLSR method improved by 95.75% and 10.73%
and for the acidity number is improved by 99.45% and
24.16%, respectively.

Nomenclatures
LIV: Local Instrumental Variable
QIV: Quality index variables

Petroleum Research, 2024(February-March), Vol. 33, No. 133

References

1.

Korovessi, E. and Linninger A.A. (2005). Batch
Processes, 1st Edition, CRC Press, 2005. https://
doi.org/10.1201/9781420028164.

in, H., Chen, X., Yang, J., & Wu, L. (2014).
Adaptive soft sensor modeling framework based
on just-in-time learning and kernel partial least
squares regression for nonlinear multiphase
batch processes. Computers & Chemical
Engineering, 71, 77-93, https://doi.org/10.1016/].
compchemeng.2014.07.014

Moreno Benito, M. (2014). Integrated batch
process development based on mixed-logic
dynamic optimization, Universitat Poliécnica
de Catalunya, Barcelona, Spain. Ph.D. thesis,
doi:10.5821/dissertation-2117-95325.

Scheirs, J., & Long, T. E. (Eds.). (2005). Modern
polyesters: chemistry and technology of polyesters
and copolyesters, John Wiley & Sons.

Deopura, B. L., Alagirusamy, R., Joshi, M. and
Gupta, b. (2008). Polyesters and polyamides,
A Volume in Woodhead Publishing Series in
Textiles, CRC press, .

Facco, P., Doplicher, F., Bezzo, F., & Barolo,
M. (2009). Moving average PLS soft sensor for
online product quality estimation in an industrial
batch polymerization process, Journal of Process
Control, 19(3), 520-529, https://doi.org/10.1016/].
jprocont.2008.05.002.

Facco, P, Bezzo, F., & Barolo, M. (2010).
Nearest-neighbor method for the automatic
maintenance of multivariate statistical soft sensors
in batch processing. Industrial & Engineering
Chemistry Research, 49(5), 2336-2347, https://
doi.org/10.1021/ie9013919

Souza, F. A., & Aratjo, R. (2014). Mixture of
partial least squares experts and application
in prediction settings with multiple operating
modes. Chemometrics and Intelligent Laboratory
Systems, 130, 192-202, https://doi.org/10.1016/j.
chemolab.2013.11.006

Ferreira, V., Souza, F. A., & Araujo, R. (2017).
Semi-supervised soft sensor and feature ranking
based on co-regularised least squares regression
applied to a polymerization batch process, In 2017
IEEE 15th International Conference on Industrial
Informatics (INDIN), 257-262, IEEE, https://doi.
org/10.1109/INDIN.2017.8104781.



