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Abstract — Partial least squares (PLS) regression has been effectively used as one of the data-driven empirical modeling to
deal with a large number of variables in the complicated covariance structure. But Partial least squares (PLS) regression has
limitations in the online model update. Therefore, recursive PLS has been used for the online adaptation of the model. The
RPLS algorithm is implemented as soon as some new samples are available. It may be desirable not to update the model until
significant amount of data are collected and the process has gone through significant changes. In this paper, we used the block
wise recursive partial least squares (RPLS) algorithms with a moving window for the adaptation of the model according to the
process shifts. The block-wise RPLS algorithm has been used to reduce computational load in PLS regression and its cross-val-
idation. In this work we defined the index to represent correlation between blocks and proposed how to determine the forget-
ting factors through it. This proposed method is to improve the prediction power of the adaptive modeling considering
correlation between blocks without general process knowledge. Therefore, this proposed method included correlation informa-
tion that different methods did not express. The method was tested to process heaters in the oil refining company. We con-
structed the prediction model of the effluent N®@mposition with forgetting factors and showed that the prediction power
approximated more than 95% of the minimum error.
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5792 A 2 dolEst Qo A8 7hsst thAs FA 4 W
W = 3h}Q) PLS(partial least squargs)ydd 37 WS = 7P¢
ot Ad5-& vERATE Wold’F 724191 9448 J7l ¢JFE, PLSE
chemometricsokollA] d2] 8% 3 QIrtH1-3]. PLS 372 ¢ 1L
A=Al 3]7]*He] MLR(multiple linear regressiof) 1} PCR(principal
component regressidaf} t ZAs RS A 56l7] ufiol £
ko ZA] AT PLS-8-89] thi-iollA, PLS 3]71%2 batch-wise
RERA s ARt S, HFFE | tlolEl7F BolA|a A3 o
2, PLS3]9Ho] A Hlole] oo oJal 4=3¥/t}. Batch-wise PLS
3L T (collinearity) HAIE vg 5= AN, TR} 122 A
7HA19] Aloks: 7 AL Qlek. AA, A2 dlofEl7F 5o g5 w, =2t
QU PLS BE= 788717t offith. 5, A= HlelE7} Sole
H A 2E- dlolE e} #A dlolel7t A A= Bds FASH
k. o7 #A vlolHE AAREEA Blo] GHHER, ARPdoR
|ZEAoot T4, B2 Wil ME-S 7H HlelElY 73-F-, batch-wise PLS
L5 AFE wEeE U AHE =5 9l AlA, cross-validation
S g o), U5 e Azl 42080 4]. o3 FAIES siEsEl] 9
3 AFE-g WhHo| RPLS(recursive PLS)T} 7]3#21¢] RPLS Y18
< Hellands-[5]°1l 2l AkE o, Qinf4ll 28l 8% 12 moving
windows} forgetting factoE ©]-8-3t block-wise RPLSYH S 2 &7
=T}, 183l QIn[dl A= tlolele] tist 4B 2Elv) 3 PLS
TS Agsd A2 22S vEE block-wise RPLSYH 0% 3}
31 cross-validatiord 2ol = 4-8-513it}. o] W2 71E2] batch-
wise PLSLTE AE H-ap7} Aoja] Az} wime] SHelx] g4ds 2h
3L QLA eVl mell 7§ale] golsitt, 12]a PLS ¢arE]Ee)
At SEE w2 317] 3 NAE kemeld 2l 5-S ©]8-3 RPLS
WS AREESITHE]. 2 AellA] AREE 73221 #PE2 Qinf4lel

jar]

(o3

]3] k= block-wise RPLS with a moving window and forgetting factors

Wholth, o] BPgellA] REe oS8-S o] &) AMEE Sast
9= forgetting factorg]th. 42 +=t-ellAl= forgetting factog JshH=
WS ARSI
2 AR} AR HHHE A R3] TR A HlEERE NO,
5 Bdlge] A83I8ltE HE So] 34 FAVE A AAIRR] TAIE
dlFs]o] 3174 Fdel tigt dioE 4], BUEE, R2Rv) Alofe)] #
3 77 Wo) WREQTH7-10]. 0|28 AFEL #x|, A, {4
ZF G, 39 B2 T uekst S Bl A7ESI0E 2 AR
Aget 7w E 221 A7 2Fl NO sEE BEAlek=], =2
Ql #-4719] @ 2Kge tiu]kal Bt WE NO, HiE 552 AlolE ¢
3 A&t NO, M & 2do] Bart. webs 377<] wislel] &
she ket maks fAEl] S8l ekl B 73Ale] FF 0]
o] o8 S = 5= 9= HPHOE forgetting factop] 270l
ZAS T34 Forgetting factdr F9lo] ARE-H 50 oA S
Uehl= AR AljEsE x| 3ke] SJal A AR Elar, e A
+ A5 PEE skt o8k
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2-1. Partial Least Squares Regression

Xsh Y, F AR WY Al 43 s Bash=e old F2 AL
5o 2 WAL v A8 39 (multiple linear regression, MLR)
ot ek 2 3 el A= Adade] & wigso] X3 Ae, 1
Zee ks WolA)7) Bzt PLS= o] BAIE EilH o Aejel
of o5=o] Holuar 37 53 o= HEE Al a7 Aol A

i

Adaptive Block-Wise RPLS 593

g ES Al e 5 s ol PLSEEE WHEY] S8 ¢4l &
UE sojof & &5 wrg, 5 Fd MeE] HolHER Y& 748t
i, ASA WS, S SeRle R S5 4 WeEE XE AT
ok )3 ZB(Y)ell vigt A A F o] FolAw, F PE&
Cheat 32 19 wAAl= 7Pdsih

Y=XC+V 1)

o714 Ve CG= 7247} noise3 ¥} 3]+ Al9(regression coefficient)

qHS YeRdc) T 22 4, Xob Yo IS o] 8sle] AlE
PHS Baflst, Ay mES e 1 AnEA PAEE PP
the} 2ok
X=TP™+E @
Y=UQ™+F (3)
U=TB+G @)
B=(TM)T'U (5)
o714 E, F, G & (residual)Bd 501 T Y& 133 X F4
P9 0]8S YERhE= scoredd, U= XE 183 Y A& F
7oA 2] o]8e YeRf= scoredidolt). 78]a Pel Q= ZH2 X$)
Yol thgt loading&e]L, B X8 YAIO|S] W4 A1 Bdsk=
& 29 AFE2] diagonalHeltt. 912 AHES Fsh7] sl

Geladk} Kowalski[11pP]] 23l 470% PLS ¢85S Table i L1E}
Uigiet. 2ellA] factore] & AAshs RIS F-testt AQE7 =
3194A19H11], cross-validation(CVW)] 71 7132 0] 11 A A Zlo]Hax %
AgE = ol wRlelt12]. 7124 0% CViE HlolBE B I
g 9 51019 ZFE)=E e Foll 255 SOl & 158 A9
AR HiolelE ofe] AER e "k o] AEER 27 PLS e
W= Sl 2 RS ks ) Al9]E o] 4 Rl 3F 1E] ¥
o] o] AF il gt Y W] AAl @t 5 gke] Aol & Akt
o} 25 RARRE o] 2o]E2] SS(sum of squares) Alitska g
b B 1 2] ol &gef] tigt 29l PRESS (predictive residual
sum of squareg} ® T} o] gko]l A HA7} ¥ar o] L3} latent
variables(LVP] 12i3Zox 7187171 AL 0l 717k A|-ellA] Ve
o, % factor] = s ¥tk % PRESS: Q?(the “cross-validated
R = Axd =edl o] 4k (1-PRESS/SZelH o714 s Yol
garel gk vo] stk o] gk RP=(1-RSS/SYeh e 5 Sli=
gl o] RA= A 1rjele s 7HAm 12 ek mdgls, 02 A
& o] gli= el Lehdit), oJ714 RSS(residual sum of squares)
= Rdo] Agsl 5= gl residuag] Stk ko QP ot

Table 1. A traditional batch-wise PLS algorithm

1. ScaleX andY to zero-mean and unit-variance.
Initialize E4:=X, Fy:=Y, and h:=0.
2. Let h:=h+1 and take, as some column &, ;.
3. lterate the PLS outer model until it converges:
WH=Ep ] Uyuq up
=B Wi/ [En Wil
A=Fnd P thll
Ur=Fra0h
4. Calculate th&X-loadings:
Pr= Enh ity t=Enty
5. Find the inner model:
br=uy tfty t=ug t,
6. Calculate the residuals:
En=Ens~thPn
Fi=Fr1=brtndn
7. Return to step 2 until all principal factors are calculated.
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wrlole) 7k A B A¥A o EE= R} QAET BE 5-20% 4
E O A4 Jeh=d AAE X HE F Y9 AN gl W) Eo)
Z3to] overfitting] 2575 ©] 2|7t o] AXA Hrt.

2-2. Recursive PLS Regression
4 2§72 Aol e iskE WE) S8 MR 3%
oo ZASNA 784 Hojok s}, RS 73Alsly] &8k W

O_L.

ol

P

RPLS & ar2]59] HellandS[5]ell &J3l #lqt E3ich PLS3H ZE2
VE Hxd) al7] YA ||Y-XCIRE: Hx3ksl] 913 CE the3t 72o)

T8 4 9rt.

CPEE(XTX)*™XTY=W(P'W)'BQ" (6)

o371 Wiz X8} Y Afele] #AIE YER= weighting o]t Al
3 dlolE {X,, Y& o834 710 Wl PLS 2 7341 o
AREERE AR gES A (7)) 2k A (7)0] B3PS 713 PLS 3
7 Al FEE k] fal A (6 ol8shd A 8y 22 27 Al
T qLE 7 5 Qi
X Y
Xnew_ [XJ and mew_ [YJ

Y

bl

To] YEo0] A= orthonormaldlil TTF=0°]=% t}33} o] &
SATHA4].

XT™X=PTTP'=PP
XTY=PTTBQ"+PRF=PBJ

2 (8), (9) L=laL A (10p1 =I5l 2+

ol

4 8P 1P WIS Bal, Awe deleE o] g3 RPLS| 2 7
e T AR Wl o3 A,

.
Xnewzl:P BQ :l
X

.
and meW:
S ool
=, PLSZ B 73S ol et dojE o} A 2E- Hlo[E & o]8s
A9k, RPLS= A%t PLS Kdlw} A28 Hlo|E)E o] -3}, 1A Al
2 % Aps AEe] 27F A7) wiEel PLS =l
a7} AL ARt Alzte] dEE= ool Stk

@)

cPLS =

new

®)

©)
(10)

Al e vt A

PLS

Crew= (11)

(12)

(=) =] KeR u}-El—
A2 E2 v—u

2-3. Block-wise RPLS

RPLSY 12|52 2 7]9] A2 AlEo] 5o o R Els 7halsict, 5}
A9k AA| »OLZJOHAJ tlo]ej2] st ko] RolAY F7ge] & wisht

A W B S g S

=tk e 3RS e

t 24 HolH 57t U2 250 Jids ARITHA]L AER ol
E50] 5o gk v, 7]E9] PLS et A2 B5S o) 83l e
PLS Rl o] gal Rele whth A= whEoxl mlef o3t 2w 3
Ho] 555 5% 4 1do|u, E5 AHlE B2 AEEE T
o] Q7] wiiEell RPLSHTE B2l 7321E A5 a44] ehofw ¥irk, Ko
AR Am BES ot 2k
= BQ'
xnew: T and %ew: T (13)
Pl BlQl
o174 P9} BQR= 7159 PLSEel|A tk2 @ol i, Pl 3} B,QY

sleksst 41 M52 20034 102

o Az B2 PLETHeIA ke Bolch, A5 71 BS| wal
3 Az S5 et wug AR A waS sk Zoltt,

P

2-4. Block-wise RPLS with a moving window and forgetting factors
Fdoj Ag-H BEE9] -5 A5 (windowk} sh=t], o] A&
A7NE S FAshaA Al A E53 A E552
of| forgetting factors *|53 &= 7HashAA #38f =tt. Forgetting
factorg’} 2= At HlolE1 S W) gleth A% g F7)S

FAB] SleliA Az 552 melel] thgt fHo] Soled 7P &

j=a=]}
A=

el B=o] wulo] that RS glalt). o]2st WS Lajel AojA]
RELS AT AFEiT), TS o] o] AEE A Bh e
Upeld Zlo]t}.
Ps BsQs
}‘P-Sr—l ABS—lQ;—l
, , (14)
)‘W_lP;—W-i-l }‘W_lBS—W+1Q;—W+1

Input matrix Output matrix
o174 A forgetting factor, & dAS] B0 Wi 5%
S5e] Soley. o] WIS A 713kl Hlolelwhg ok et
Abk Zeld 71 B e 73 Ak

A=)

2-5. WHE
E"l E ] TT‘A]'AJ 7@5}_?1 }B]""]""]'ﬁ]e H}O:]o].__ Z]
3} o] XG5 RHEEE9] forgetting factoR 2-2-51=

= Aeke
e okt

EE50 % fAshAA AE2E
2=2S 7+7}9] sub-modef- PLSZ
=24
L 7 PLSU‘“ o <J3f 5
F th53} o] ettt
multiplicatior? |t}

oﬁ m o

T2 loading &7} AHAF RIS o)

o] 2loflA ALE-E FL& element-by-element

PI(rlxm)x E_RZY(r]xm) = AA(r,xm) = [alk] (15)

Praxm XE=R2Y(xm = BB(xm = [By] (16)
o7 13} 2= Rdlof ARE F E=, 3} e 4 550 e o
3 Vs &, mS W] £, E-R2Ye FARERE F3E Yol thist
R2 & WEE ¥ S kst sﬂx’g_o]_,_(r ><m)9_ ol 97]= 1}
ERdct

th. 2] (15)) (16)> ZF MR kg el v} e wElR
e},

|:J;a] 11213121213]'3' . 'j:zlajm:| = 88%1xm)

2 2
|:z 1ijzzb13 zb]m:| bb(lxm)
J i=1 =

=1

Xl

2h 2] (171 (18)°) element§- 7} B-=2
oltt. o] E5Ecl g A HrE A7 Sl
= ?L?}D‘r. o] Al Bdel AR T BEe] AeHAlE

Yoz F 5202 ndy & uj, o] 312 forgetting factal Ag-514
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B vk AuAGrE 2om ankE 7 BR0) Adol At
T A0, A5tk 859 AR "Wold Heolt. A Fdl &
= Z HT EFl weights 1 IA T2, JOHoR 1A B
weights: 27 &0t 7 £50] Aol Aave= A2 1va ts £
S 4ol 2 7heAdel woenE S EEA]Y] weight A0S 2

AlGE forgetting factol: ARE-SIA RS T e 2dl 550 o
3 JRIZRE oS EEo) gk AuE Hjgt ISt g7 uliE
2= 0
%

off B} £2 dA5HE 7R R vk

3. ARt

31 Cha B
W THe ARTI) T WEAY el 27k ANE new

crude charge hea®drair preheater syste? crude charge heater unit

¢} combustion air preheater ugit7-d=o] Qlth. 99} -2 AJAELS
crude charge heatdt] === flue gagl LS 3|4, B} =2 &
&2 S2IA717] 9181 flue gas steafdoll 11-2-2] flue gag) 71d=
AxF7)0] g 9)3) air preheatéd A543 01, 71 2 oA
Aol M a3t F7]= air stack: F3ll4 FDF(forced draft fars)l <]
3l B7] 7]l FwEth 37 oldr1elA oldE hot aik= A 7}
Aol 7] U715 B8l Ve 94k £57F HA 170°C ©|
& A A8l Zael Wt by-pass lin€ T3 7] 4715 A

| &3 23 A 7Hd Rl FHERILh i RN A9t
7N A A Ho] 34 Al G& Agst § A dee] &
7] Ad71elM 479t Qs = IDF(induced draft fa)l 2]3)
% Au]el multi-cycloneS £3) 792 stacke # wiE Il w8k
natural draft®-%12] 7d-+= FDF} IDFE FAXZ ol 37] o7&
ARA ¢k AR 7HAE stacke = viEHETE Af MRS AEEA
fuel oil?} fuel gag =7 AR = Q1= combination typ€ = B el|A]

o

EPi

ir Pre
eatel
iy,

-

GAS!

Fig. 1. Schematic diagram of a crude heater and an air preheater.

Table 2. Correlation coefficient(r) and RMSE (‘01. 11. 27-'02. 1. 8)

Adaptive Block-Wise RPLS

2Eo 7 atomizingAlZItH13]. ©] 3782 /=E=E Fig. 2 YeR)
o 34 WAeE 59 A 2509 F5 wg IR FAE] ok =
A OAFE G, L, oy AR W1, FE5 HeE 280 B
8 2= NO, HiE 5% gholth AZ-2 AXZE tolEfH)
O]~ (RTDB)ZHE] Hsh= Az} 7F4& 4= Sk, Zdldef Lg%
MEY B2 F2t HlolEE o] 83 4= Sy Bl AiE vlwH

e 5 gl 28 A gk BAPS ) Sld) AHE dels

o
N
=2

[}

F2 RAYE o B4 wPgel AgEolaL, 19EE 20021 49
9] Hlolel S Ak W0 mElFshn Bl aEsnt,

3-2. NQ HiIE S5 TS 28t =2Ho| 71y

NO, HlE v 34 RS FIA doly 15E5S 538 7388t
A WA 15& diolEl= NO, ¥ilE 557} 5% (F+ 150-160 ppnf)l
ufe] Hlelgo]a, = WA IF HlolelE= AEE(E+ 110-120 ppnl
uje] olgjoltt. 0|5 F IF-2 3 550 V|5 1FNEe] S
2 AR BE0] B0loE 1FYRIE 4 V]9) 99E 2ds 7Y
At & A F EFo7 mds A% o dAle] EES oS
sick, 2 dlojele] NO HIlE Tt 12 159 33t NOHIE &
TR AR =AY Bk A Qink AR RES HIAE Shs 7
oMz o] dlelElEo] Bx] 1 pLSEHo] & #83) /2R 2
Al YIS mRA = kdet 22la A WA 252 F A 25 o]
E]o] ARFo|X|NE 3 BE0] 7|5 AT i TS WROR HAE
s Arjo|t}, PLSE A AME Vs 75 E8ul) ta #Jo)7)
ARAT 3-TH7F AR QLAL, R2Ye 75%-9598) S YERIT

3-3. XMg Ay

2 do]e] £52] JHE o= o]§-3 A=1< u|(block-wise RPLS
with a moving window, Qin’s methogl) ¥ &7} Agket AadAS
0]-83F A=r & w¢] RMSE(root mean square eridry: ¥]msl3ich =,
B T uf v F ks 483810 oSl tigt olzigks Tt
I3 Min. 72 ZF E5 4S5 5, olgrt HAE He AgkellA ]
RMSEZHS LFERISIE. =, Min. 3+ AAIZS o= wj uhe 4= 9)
 FHa ool BEs 53 Azt dEoRs 7 5 ol @
olt}t, I EE Min. kel 7Pk #ks 7HSTE O £ d5EEs o
ERdithar g <= 9lt}. Accuracy= 100< RMSE of Min./RMSE of X=r)
S YeR P2 Aol 3-8 forgetting factoR ARE-3S- w] Arhg &
SAE WAE Sl 71ee] dnk A5 AR B tlolE= o]
FAE A vy RS e 1S5l

3-3-1. 20019 11¥271-20023 12 84

Table 2 A7 VeI, AFEE tlolEl= 5l E5o|th A A
Ao} F WA EZ0F A MK BE5E 5T wlE By, A=r w7t
w9 2 o E5Hs VERITE YA EFe tish SN E A=r
A wj7} Min. gl 24ES gR1g 4= leh Al WA B5o) i3t 2
H= 7 ztell dial Fig. 2l vERSITE 23S SElA elEgke] 2
o1& A gelg &= Qlth

3-3-2. 20021 2¢¥ 53-20023 4810

Table 31 A¥-E eI, AR dlolElE gl EFolot. b2

Number of prediction blocks r (model blocks) A=1 A=r Min. Accuracy (%)
3(model blocks:1,2) 0.0844 17.5654 11.1224 11.1224 100
4(model blocks:2,3) 0.5158 12.2814 12.9181 11.7056 91
5(model blocks:3,4) 0.1382 12.0109 11.7261 11.4144 97
Total blocks 14.1849 11.9455 11.4166 96
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210

s¢rved values
200 F - Obsg¢rved values B h

dicted value
Predjcted value t

i ||| ']'

; i
;ll‘l

NOx concentration (ppm)
NOx concentration (ppm)

B0 -

. . ‘ . . 50 - : - : :
0 1000 2000 3000 4000 5000 6000 0 1000 2000 3000 4000 5000 €000
Sample number

(b) A=r, rmse=8.7908

Sample number

(b) A=r, rmse=11.1224

Fig. 2. NO, Concentration for the seventh block in the group I. Fig. 3. NQ, Concentration for the seventh block in the group II.
o] BEFollA A=r A w7k A=1 & wiE} ofigte] 2A] vebtth. 53] 9] H & E53 oS E50] BY E50% A uf el glo]
A WA 59 o5 ollelgh A=rd w7t A=1 Y wjEc 4 22 M 2d BR50] Al ahRc A AE odE 5 Qleh AvE B
= ERIeE. 1 AE Fig. 31 YERASITE W AAR O 2 3 7S & 5 ok 2HEE 2 AR g Y
3-3-3. 20021 29252120024 38172 A gho] BEle) dabds dhgdivhar 3 4 Slok 12 el
Table #l 235 UepSl1, AHS-E HlolH = 7l E50lt}. ok QA 1 55 dleAe] 5 2l A=07F M BEijl A=10] BES
7o HlolH TI5E0] 3 E52 715 R AA I AE F 71E) Alell Beksh= glolet & = Qlrk. =, melo] i Belof] 7R7ked 12
2 8 A7} g o] I dolElelld 3 E50 A5 YR sl B 0l 77K gk, Ao 2ol 717k 10l] 77k ks JERASITE 1
A= sk AEsith. $19) F 7 A< v AIE A=r L w7t o Hrug e B2 Ads vehlle A3Ert 98k 1 ARE
2kl ZaL Min. gtell 77k 3hs 7S 18 5= Qlleh. forgetting factalz AR&-8ll W& wh=i= Zlo] mapajoletar & = Qlrt.

919] ArkEel oF & glzo] wel B gl ofa) TRl AuA

#E forgetting factoR 3118w, B34e 2435} FA)2] Ao & 4.4 B

7Hal 22418 E3) forgetting factoB 7-6R= #1go] FeakA okt 17

I ol EFl tig rE ARt BY BE Ui JRRoR § & drelre 22kl 48 ZHaYE 913l block-wise RPLS with a

B3| 2 A5 e & Qv A ERigin) v del tP iy moving window and forgetting factor'HS- ©|-8-5131 1, JHIAIE

9] A o3 BFo] mel BEw) wshs Aol Mk A HA B A welap] 913 F ) BES ARSI mle] ARSE i

52 4G 0189 FE oF BLS VE 5 YTk Table T3 Sl A ANE 7] 919 S ANAL, 2 ATE forgetting

o) 7 R Aol woliz A Wil ol HSsh oL A o5 2 factor AHESle] Ralel ALgElis AR el PaFenA H2d
2 0, Aar D 0} ook A R BIE S glrk ol mEl AEEe] g AI5HS B 5 Ack 2w o el it F

Table 3. Correlation coefficient(r) and RMSE (‘'02. 2.5-'02. 4. 10)
Number of prediction blocks r (model blocks) A=1 A=r Min. Accuracy (%)
3(model blocks:1,2) 0.5072 8.0975 8.0230 8.0230 100
4(model blocks:2,3) 0.7920 6.8223 6.5220 6.4233 98
5(model blocks:3,4) 0.6914 6.3937 6.5774 6.1595 94
6(model blocks:4,5) 0.6696 8.5597 8.4139 8.0352 95
7(model blocks:5,6) 0.1220 12.3775 8.7908 8.4313 96
8(model blocks:6,7) 0.4189 12.0530 12.5536 12.0530 96
Total blocks 9.3518 8.7162 8.4112 97

3l5F2st H|41A H|55 20034 102
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Table 4. Correlation coefficient(r) and RMSE (‘'02. 2. 25-'02. 3. 17)

597

Number of prediction blocks r (model blocks) A=1 A=r Min. Accuracy (%)

3(model blocks:1,2) 0.7348 4.8875 4.2543 4.0242 95

4(model blocks:2,3) 0.6092 46771 4.3217 4.3217 100

5(model blocks:3,4) 0.6832 5.7175 5.6604 4.5403 80

6(model blocks:4,5) 0.3601 6.6184 6.6058 6.4509 98

7(model blocks:5,6) 0.5203 6.1571 6.0845 5.9187 97

Total blocks 5.6598 5.4676 5.1406 94
74 A4 Qo] A Frnto g nel BE oo 7o ey} i \4 : output data matrix
S FAle] Bekels RS vk 4 SlojA] ARt Fst AaL oS Y, : new output data matrix
o] F2 2l Ag RS vi= b GrHo|gict. Yoew  : Updated output data matrix

ZzZt A} T12[0]AZK}
A . forgetting factor

B Qs 2141919 33 ARl 2T et St
stale} we ARl TPTIfetn BATIRe] A|flo. SUHRL
7 o]Fofzl o= o]e] ZALE =Yuh T : transpose

INESA L= =
AA - RN matrix including information in sub-block | 1. Nomikos, P. and MacGregor, J. F., “Multivariate SPC Charts for Monitor-
B - elements oA matrix ing Batch Processe3echnometrics37, 41-59(1995).
aa : row vector including compressed information of variables in AA 2. Wise, B. M. and Gallagher, N. B., “The Process Chemometrics Approach
B : diagonal matrix of inner model coefficients in X and Y to Process Monitoring and Fault DetectidnProc. Cont 6(6),
B, : diagonal matrix of inner model coefficients in Znd Y; 329-348(1996). o ]
BB - ER™?" matrix including information of sub-block Ii 3. MacGregor, J. F., Jaeckle, C., Kiparissides, C. and Koutoudi, M.,
bjk - elements of BB matrix ;I:g):;s\]s Zﬂogltog;\g :;: llglsgnoss by Multiblock PLS Methods;
bb : row vector including compressed information of variables in BB ) , 400), " ( ): ] )
c - model coefficient matrix 4. Qin, S. J., “Recursive PLS Algorithms for Adaptive Data Model-
cPLs : regression coefficient matrix from PLS ing: Computers Chem. Engng@2(4/5), 503-514(1998).
ChLs : updated regression coefficient matrix from PLS > :\igi}gé:{r’]iigtie;’ﬂ;'I_Eéézosr%ir;; zéz:]:szﬂér:gs;:a Irl?tecur-
E : residual matrix for X ' '
. . Lab. Sys.14, 129-137(1992).
F : residual matrix for Y . . .
G - residual matrix for U 6. Dayal, B. S. and MacGregor, J. F., “Recursive Exponentially Weighted
m ’ number of variables in X PLS and Its Applications to Adaptive Control and Predittihn,
‘nu vari i
P - loadi irix for X Proc. Cont, 7(3), 169-179(1997).
P _' Ioad.mg matr.lx for 7. Chakravarthy, S. S. S., \Wbhra, A. K. and Gill, B. S., “Predictive Emission
! loadl.ng ma I’I.X for)\g( Monitors (PEMS) for NQ Generation in Process Heate@&jmp.

Q + loading matrix for Chem. Eng.23, 1649-1659(2000).
Q% - loading matrlx for ¥ o o 8. Collins, M. and Terhune, K., “A Model Solution for Tracking Pollu-
Q : cross.-\./alldated coeffI|C|eT1t of determination tion? Control EngineeringJune(1994).
R? : coefficient of determination

r : correlation coefficient between model blocks

r : number of latent variables in PLS model of sub-block |
ry : number of latent variables in PLS model of sub-block II
S : current block

T : score matrix for X

U : score matrix for Y

\Y 1 noise matrix

w : weighting matrix in PLS

w : number of block in a moving window

X : input data matrix

X, : new input data matrix

Xonew : updated input data matrix

9. Faravelli, T., Bua, L., Frassoldati, A., Antifora, A., Tognotti L. and
Ranzi, E., “A New Procedure for Predicting N8missions from
FurnacesComp. Chem. Eng25, 613-618(2001).

10. Kocijan, J., “An Approach to Multivariate Combustion Control
Design; J. of Process Contrpl/(4), 291-301(1997).
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Tutorial; Anal. Chim. Acta.185 1-17(1986).
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