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A&
33 A 2 NF - t2FALE AFY AAYH TAHY B E T A FE
ERE 3] o] Hn ol Y3l Aojo} HHE, FAH doly 5 ¥
g o]Z o] 83 oA A, AAAAS FF TARAISY L2 dd9 =
AL FPoY B ATNNE AT SAEMEFY 1) PLSE F 434
T AR 2YFY a8l TR RAE=s A HE A T4
WS E 7he] A BT Z(correlation structure)7} A)7te] whel W3tA Hol 7)|&EY
298 A48 ¢+ §lA 5T Process Dynamics®] &A1& 2= a7343< &
A 3R R4S FRstna @)

PLS 299 W& A (inner relation) ¥% o}l outer relation($}A #4714
B Al2dg 388 & UEF WY non-linear PLSEHAE dynamic
Process Modeling®l A&&ctt 2 4% FAETY AF Fol7t FAUTY
FAG 4TS vAE T 2dyd ERAR 4S5 S RAFET

71&€9 3 2493 7Y (Dynamic empirical Modeling)
APA dHolHE 7|Eo2 3= Z Y93 (Empirical data-based modeling)2 €
FHAE= EEF TR AL d Heg FFr] wWEd gy zdgy

(mechanistic modeling)ol A3 ®o] ol&dch HAFHY TPHL F8
FARY AF, N29 output BF AAEY A9 AL HE A¥AH dolHL
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gdgddt gduF 54 IAYY A3Y gF 5 FE AdSTH Ao B 4
43 2d& A$7] A8 FAAA &AF o]&HR Yok FH 2EFY J¥ F &
A7t gFnzx e ot A EELe HEIF ZL FIR(finite impulse
response)(Qin et el, 1993)9} ARX(auto-regressive with exogenous inputs)”]%
o] 91t}

FIR7I1YH & o9& & Aoz Foizin},

y(B) = X B utk—9) + v(®
ARX71¥ e tew 2o,
v (k) = ﬁ:lA,-u(k—z) + ng,-u(k—j) + v (k)

u(k) &+ y(ke 4z AT kA  process input and output data vectorgk
o] o (k)= noise vectorgtelth. A;8 B ZddTddeld n,% n,e
48, €8 W4E A time lagdtolth 7 ZEFE ZF IAUTY SA#o)
o] time lagzkel 7123t} o) A7 ojHL AFFH 354?17]‘%01 TR HIH e
534 gdd 9& T34 FH 2dYd AL € F uE Holth o= T3
ASAE Ad R4S A B JHdH9 249 38 ¢4 A3 &
e AP 4 F Qe o)JHS /M w2 T4 IdAVIHLS =Y
Y & W 4 54& e

Partial Léast Square(PLS)

FRRFEXA Tl Y= FRE o8t £ WES(VAANY Wss
4%, ZUH, gAsE $¥e A4sd olf PCAY o&3 v T3 X
YS) @A A= o) PLSOITh B4 Xob YR A4 A2 dd) PeAR
4§04 T Az 2ol EadT o|AEL A (outer relation)oletn @
o,

X=TP"+ E= Z:lﬁp_,f—i-E

— T — T
Y=U0Q + F = glﬂﬂ+E

o] oj¥ BA M X2 score vector( ty )t Y9 score vector( up JAtel2} W
Z A (inner relation)E MLR ¢ +3& 53 thS23 2o] o]Fo W

—~

uy = bhh (h=1,2,--~,a)

by = unty / tyty
PLS7F PCRETH U2 A& WAHBAE 58 M2 g FRE IHIds A
olt}h, o] WA BAE X9 score vectorsS YO dHolg F7HE F AWHE ¢ 39
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guBtag XFAA e BHo] YE © & 458 + 9
1S 2ndt7|E 3} (Geladi et al, 1988) 28 th& X9
score vectors°l thal weight{ w,, )& Fo 2% Z}Zo] Y9 dHolg T
A3t AEE AT o8 PLSE o] 438 score vectorsE regressiondt
B2 collinearity®} singularity A= $ASA] F2®e] X9 YAA M= 4
ABAE Hdyt =HA g, FE3HozZ PCAdAY loading vectorE<
covariance #F( S=X"X )9 mAHESo|%0] PLSY loading vectorS&
X'Y(T™X)9) zHeE S|
AF7tA 48 F PLSEAL A AA(PCA 22)F lﬂ@ﬂﬂ](ﬂﬂi“i)oﬂiﬂ A
Frdo] AREHAY wep X, Y F ES2UY ‘_-’F—‘é, a8la X, Y EE7H
HAgAE g FAe= AAFA B oy & AAds7] H?Sﬂ Hyd
PLS7I¥H & HL3Ach(29D) ©] Wy Auto-associative A A3 2%E 7)ito
&= ¥4 ¥ PLSE Auto-associative 743290 &3 W4X) 2 3 W
F(Ze) ¥dPPE dFE AAEr] 988 s Jvh.(Malthouse et el,
1997)

Function s, Function f

Function h
Difference

Node

Y

Y2

Function tg Function g

2% 1. Auto-associative A A3 2L 7)o s
H]d3 PLSY X%
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Dynamic Extension of the PLS Algorithm

gl AFPFe] TR FF 2dY dHolHe 7 TN BLE 9 9
F& dolga o] wWid 22 A dE ¥HFolAY & /S MR
Wyt @ EARE 712 Yt o]= empirical dynamic 2489 F$ FIR &
dolt} ARXE WA ¢ Aztslth 3RS 4 X9 FAUF uwkE A
o W& auto-correlation?} cross-correlation®] EAHE EF ZHA3: 7] A
olt}, & FIRo|Y ARXEEE T & AMEY AA Rz ALy F39
& YoM Y correlation®] EAE 4 Ao, wekA least squares approacht A
gAo] dojn 2d AAASFLE AFTE Fx Ul old utE AgHo R FF
PLS 71¥& 34A 828 X7} ill-condition® ZA$AE FAWUS 3 H(regressor,
X)3 E£A¥WS Y (output matrices)®) XY, vlAY HAE T correlation®
AgE #AEE £ AT WHL2Z BsA AANHUH.

@ FAdolge THRH

FIR o]t} ARX 2d& 7]uksie] FAYS 9 A WmE Fo|& HAFT] Y3}
o 8&ulo]EHE time lagWE EFAZAY. wekA input extension©] FFHAL
FES ADA Fold wE HFd PLSZ/IHY AHE L multi-variate systeme
ML HAFNAMN FH AFS T d5HFt

® FAR4 non-linearity 8

TR A3 uAFA EAY 2L 98 E. Malthouse(1993)7F At
auto-associative A ZHE 7]¥td ®j4Y PLSE FHEdHoh ol HEF
(bottle neck)22 scorefgtg T3 Ath o] <¢vle= NLPC(Nonlinear Principal
Component)s} < 9uz FAVE FIAX)H ERAWUSF JF(NFZH9 vy
Ax wrdai o, Z@A e vdgy aee oA AFT SgEe T WA
9 (regression model)8] WA It H|KAPAo] vi$- A3 A HE
o A g3t

Case Study

883 FAME gl vl FEn EFS 1EA T/ TIE 4= H
gt} styrene polymerization process(#71€, 2000)oj® =4 #dz@ Tg visl
UZe neda 7R dY #3250 F4WSF @& poly-styrened] T3
FEAFo|H At 1A 100037149 FH ATAS BANGY. W
AAFEE PHZL feed flow rate?} jacketd] P 2xeoltl TS F9 &9
#e 18R FHEFRAANM PF F2F AL poly-styrene®] BT EAFH
conversion A X2 2, conversion® F&&FnA = FEFTF EAFoth ©
& 2 Ze B0 12RE 7H0E AR dolHE gFATIn YA 245
27te] diolHE testdt ATt Y3t feed flow rates} jackets] 2 & Aol uwh
2 WEAAS time scalec] AX ¥ BL diojg AR 5% FES
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gate] ZApstgih

Styrene + Toluene + AIBN
q,:0.005 ~0.030 / min
7 ) »
T.XMw
Polymer + Styrene
Vr =09/ + Toluene + AIBN
cooling water —
T.,:55~88 qf
- V,=0.8l

1Y 2. Shematic representation of the continuous
styrene solution polymerization reactor

Linear PLSE A& 7399 W4 BA(inner relation)sr AR Foz 373
NNPLS, 28] o] Q7] 222 Auto-associativeXl A3 2¢L 7|Eow =
non-linear PLSE9} 945 ZA#E mean square errorMSE)Z v 259t} time
lagS 3222 o} 98 P 24L& %3929 Principal component= H]
2E A FLIHA 202 AU Fe2 WHZIS RBF(Radial Basis
Function)?173 %422 %%3% RBF-PLSY 93 #AS RBFE 43 non-linear
PLS7HA] A &3t AR wlas)] 2ajzn o}
A= QA BRo] FHFAHY B3 wdPdY & dynamic M IPLSTEL
FE oFF 2 8 T& BYF3 Y3 WEHEY o] ulHaPAHS A3 gl
= NNPLS9| 45 nE£28E d3 A5 2933 A gt}

E 1. Dynamic PLS9 d& A% ¥l

MSE(test data)
Linear PLS 0.0698
Neural Network PLS(NNPLS) 0.0588
Non-linear PLS{NLPLS) 0.0179
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a3

A T4 YL ARHoE Y37 Y3 FH ATHE THUGEE
N7+A Folo] wel BF¥ do|HE Auto-associative AFES 7|ROE FE
HAYPLS(UA, 93 #4 2% ujAdgdAds zdsie)=dd &34, o
A 719 B4 RdE N3 YUY auto-correlation® A} Aj7te] wE o
ol %t collinearity® A& FESE 54 33 2439 d4FAF S =0
goz ZEF HLE Auto-associative VA FY stF&E F Aot Al7HE Fof

o We 9 HolH Ad BFox AN HFEE AsE oplsy] WEolth

A4 —
B AT B4R FHFFANAY Aho] o# o|Fojgomz ojo] AL
gyt
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