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Abstract— A scheme for online monitoring the quality of continuous-stired MMA-VA copolymerization process using
multivariate statistical methods such as PLS(partial least squares) and PCA(principal component analysis) is developed.
PLS is used to estimate future steady-state quality variables and PCA is used to construct quality monitoring model to de-
termine if estimated future steady-state quality variables are out-of-control state. While the dynamics of the process is not
well described in the developed PLS quality estimator, future steady-state quality values is well predicted. Therefore, this
scheme can be used as a tool to detect future abnormal states and improve the process.
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2-1. Principal Component Analysis(PCA)

PCA= ¥l A3 24 2} (orthogonal least squares)ol] 2} s
HES fittingsle W82 24 Pearson[23]0]] <&} NEElgleoyt 1
F-oll Hotelling[24]& 4% ¥ 252 248l 93 Edog
o] PCAE AHE-HA] =l Qit). o] uh& B chdlar 2alq) A7 A
5[29-32]00 4 d3dta 9l 71849) el 4] 71go)n] Wold
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Fig 1. Principal component model of three-dimensional data set lying
primarily in a single plane composed of two principal compo-
nents.

[4]8] reviewol| = 2}A13] AT =]o] Qlr}. PCAE WS-E7)8] A2 4
o] W& 21w 3P (highly correlated data matrix) XE- 23)3}e] A
2 FAMLE SAQ A2 HFEFAE 32 A |, Prin-
cipal Components(PCs) or Latent variables]Z ¥ EA]7] 2 24 djo]
Bl £29 A a2 AR A 2 A4S o A
8 & 4= Al sk Zelth. 28l R-8-9) correlatedd dloE] 2
ZhellAe 2 W] A1e 29 5 Qe AS$o) 224 Fig. 1914
B ule} 7o) 3R ez E-¥50] Q)= %% 1st PC(Principal Com-
ponent)s} 2nd PCE g 231 HiAtel] cf5-32] dloleir} &
At gleug o] 7 PCEE TAE PC 292 A T2E et
3 5 QU =] of ol 2] wpgkql Al HA PCE TH FLo
2754 4 Qe

PCAE o}l (A5} o] Aks & X2 HE] T(score matrix)s}
P(loading matrix)& 73h= A2 X9 RE FEAF 3 (sample
covariance matrix)2] Singular Value Decompositiono)] 2]} 78}A1}
NIPALS(Nonlinear Iterative Partial Least Squares) ¢t312]S-ol] ]3|

Y3t FHFe) PCE F3 PC o2 T4 5 5 lrh2-4,21].
X=M,+M,+---+M, ‘
M, =tp/ ®

where t, :score vector(H3HEl 2} ¥ Zol|x1e] FF3h)
p: : loading vector (H3Hd =¥ 20| ulsk wlE])
X=tpl+tpl+tpl+--+t pT+E=TP, +E )

where a<k

2-1-1. Hotelling's T statistic

A5 BEE 71 e Alol4 o]n observatione] AARIR)
obdAlE & 4 e =L FFelA e Ajr) "Ark. 27 o)ake] W
a7t T3 o FAGAE 2 Wigrl A2 S9"el Aolapd
o9 observationol] T3 zhzke] w4 gk} zhzbe) WF xlole] Ag
7F 2 A7 5 Qlok SR HAGE Aol 2 AlRTAI} EA)
3he 7ol A A dlolels) ARAAE welgt Axr) Yo s §
<d o] of AH$-Z <= 9l H T} Hotelling's T statistico] =} 2]

1A A n7je] chHgk FRo 2 RE ey} o] X TrA
HH SE 7t 9714 x, if A observation?] 3t B3 9 col-

umn vectoro] 7 x= JF we) (mean vector)e|c}.
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S=(@n-1)1 le(x,. “X) (5 - % 6)

o} 02 A 2§ chHak observation x7} Qo= Hotelling's T
statistic2- ch&-3} Zro] Fal| x| o] FAZko]| il F2A 34L& Jack-
son[2]l] A==} glct.

T=x-79 S "'(x-17 )]

1714 1 B Egk(target value)olt}.
ols} o] a7l T AlZtell M =X 2 I3 A sled o] &
FollA] F0J2) = upper control limit(UCLY& c}-8-3} o] Foixlc}.

T = n-1)(+1)a

ver n(n-a) F,(a,n-a) )

3714 F,(a, n—ap= a9} n-a®] AFEF 7}x & F £-E9] upper
1000t % critical pointo]®] n-& observation 5=, ax= component 5o]9]

oE Al %o},

2-2. Partial Least Squares(PLS)

Xe} Y 5 A7 @ Alole} Ay DAL 2dst=w ol 22

AREEl0] 2 b2 tlE A3 3| [Multiple Linear Regression
MLR)Je]ct. 22} 7+ & o] A2 Abgte] wl2 wW<=E(highly
correlated variables)e] X3l 7-¢ 71 o|&H 2 Al3) Wolx|A H
v} o] FAIE FA3¥ FA(collinearity problem)e} 24| PLSE=
o] TAE Ao elsle] €5o] Holvyzm A AL of
L Az A 37 Adx A% 2dL AF2F 4 glon S
39 #49 FE ez RelE F3 71z gvh3, 18] PLSellA
= FellA9] PCAE o] 85l 7iA] 7} =] PCEL 737 Fol A

& o] T EF APlE A3 IAIZ FAlste] A7 Ao By
FEZ o]FolA & AlolelAY o] At AAE AA Lo} 3,5].

PLS mle} 72 opg-3) 3} 4 2ujels|ojof & S5t WS
SV 4 d4E)Y dolelE2 NxM ¢4 A8 P (re-
sponse data matrix) Y& A%t} 1714 N-& observation 4=0]31
ML $-5 W< (response variable)S-2] 4=o]t}. 23 Fol] & obser-
vation £2] A gell cfallA] BAIY ollE2} WS(predictor variable)E
CI71He 2eidez 3AE 3 9 T4 HS4E)E NxXK 933}
8l (predictor matrix) X5 A%l PLSO] r|slefde mae
Fig.2 ¢} 2-&d] observationSo] X Z7bollAl K 2412 HEz
Y 37l M A9 AE2 BRA "ot /g e 2 PLSE
6), (1) A3} o] X, Y Ztz}ol) PCAE H43 ¥ X9} Y Alo] & (8)
A3} 2h2- i B (inner relation) 2 A A=)

X=TP" +E 6)
Y=UC +F Q)
U=TB+G ®)

where B=(T?” T) 'TTU

¢17]4 E, F, G¥= %k} 22 (residual matrix)5o] 2 T, U= NXA,
P& KXA, C= MXA 123 B AXAo]d] o7]4 Ax PLS com-
ponentE-2] Fo|c}.

2-2-1. VIP(Variable Influence on Projection or Varieable Import-
ance in the Projection)

PLS melo] gHEoi A ofd X W47} YE Rllashed 298
A& PLS weight52] Jakal ool oJsi4 & 4 9lct. 2} 2
3o} & PLS component®] 527} 3014+ wji= PLS weightS sh}

Y=1y+UC +F

L
=TB+G

m+'II-PT+E

Fig. 2. A geometrical representation of PLS[18].

Fhis A B 7o) of A A} o] o) PLSE VIPEH= i) ¥
T5 =Yt} BE AlelA z8]lm ZE Y H5Ed) da] 4 X
HEE2] F R 5ol oIz AR Al 318, 19].

2-2-2. The Number of PLS Components, A[18, 19]

PLS 2¢] A&l vd A& AAshes A& 7| 8Aql Aot
X HgEo] wol TFHSF Foizl dioJelE v] # fitting® 55
121} overfittingo] =0} AR A&5Ho] A9 gAl € 5 9o
22 d&H o2 FaAE 2H2+e] PLS componentSo] SAHo g
2ul ol AL et A7 7 F uhio] Fgsjct. o] uhie
%3 2 WA componentFE] vl gl 7o) =R wabd A
component T-3h= F X5 H3olo} =2 & ZAA so} g}

Cross-validation(CV)= PLS ¥4 el|A] 7]2AHql 7o) & Alx)|Z o)
WA= A2 4 e whelch[18-20). 7| EA 22 CVE dloE]
€ U2 ZFECIE 59 510009 255)2 v Fol 285 F
dlA 3htE A7) HlolElE 2] AlEZ BEA et o] AE
E2 747 PLS 2dg 7HE Foll 7t 2 ©HE o A9)9 2150)
7} 2de] A% aFe] = o] AF 2Fo g Y 4S9 AlA)
B3t ellE 3] Aol E Akl "ok BE 553 w2 R o)
A}o] 52 SS(sum of squares)E A|Absta HAFSHA = 7 mdle)
|5l ozt A =31 PRESS(predictive residual sum of squares)7}
gl ¥5 PRESSE Q(the “cross-validated R™ )2 )| ¥ =] =d] o]
F-2(1-PRESS/SS, )01 o714 SS,& YO Hgof el Yo SSo)
t}h. o] 2 R'=(1-RSS/SS,)9} v] 2 4= gli=v] o] R 0o]4] 1 A}
o9l & 7M™ 1:& shag mHlgle, 02 s Fale] gl v
& vhehirh 37)4] RSS(residual sum of squaresys= ¥ qllo] Adw
& 4 Gl residual £2] SSolt}. AubH o2 Q' 0ellA] 14}0]9] 3k
< 7HA Slv] APA o= RY QB BE 5-20% A= o) &
A vehd=d] AAZ X Mg 3 Yo A Qs Wa) we) ¥3
5]o] overfittingo] Y45 o] 2}o]7} v A=A Hch[18).

3.y 8
3-1. Process Description and Data Generation
3-1-1. o A '

PLSS} PCAE AHSE 22kd] BuIE(E) 7|98 243 28 oI
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Fig. 3. Schematic diagram and sensor location of continuous-stirred
MMAVA copolymerization reactor.
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S g 7]e142) MMA-VA £9 58 B4 54 zdolu}.
o] 5% 292 NFEL Fig. 30| vheht ol wist 23 o] 24
o] £4 2 e H. Ray £[22]0] A7t 2L AR&sledn). 121 o]
Aol A Abel AA} 2¢] 271 5(Steady State Operating Conditions)
< Table 19 vieh} gich. o] FA e T4 JF 2=, + 3
T 2R, ol Biewrl kg 35 THA F8%
F4 Wl 24w, 23 A3ET ol AFE FAL Hrlshed
HoIM Faqh WHEEo] o] EAsln AT o] F ol AE 4
Al 28l 2 3457171 2] ¢on Felrrix 2elelo g o]
HeEs 24 2 9l A7) gle Aol

3-1-2. 2 dlo]e] A4 uby

Table 20l = o] FH N 2HE 5 e 3 HeEs} o] 24
W42 wisle) 4o 9l v WSS B 3 9lET) o)
ATl 237 2dat wueld) 2 Aol A4 dlolEe £
d WeEe] AN A 2 27156 2 AL EHY 7Y 2
Z 9] ¥o](uniform distribution random variation)2 ti3] & £ 7t
zre] kel sl AAk A2 eEs v WsEY e 4
22 Faslct.

o] Aol F wAS] AAE AH delelE AAdsid e ¢4
= A A 24 278 FA2E ke o9 2 2ASAY
F4& PLSZ F43}7) $5}e] Table 30|14 B upe} 2+ B E
7= dielel & Faisdch. 2 wipe] #xe 2h we nhe] W A

F aEjslgded 24 WSE 5 259 Wisl Axe k) Wit

Table 1. Steady-state operating conditions

Table 2. Manipulated and unmanipulated(dependent) variables

On-line measured variables(Predictors), X

Monomer A(MMA) feed rate F(MMA) = 18.0 kg/h
Monomer B(VA) feed rate F(VA) =720 kgh
Initiator feed rate F(Init) = 0.18 kgh
Solvent feed rate F(Solv) = 36.0 kg/h
Chain transfer agent(CTA) feed rate F(CTA) 2.7 kg/h
Reactor feed temperature T, =353.15K
Reactor jacket temperature - T, =330.00K
Reactor temperature T, =341.35K

Reactor parameters
Reactor volume V., = 1.0 i’
Reactor heat transfer area S, = 46 m’
Product quality variables monitored(Response variables), Y

Melt index MI = 5.321
Weight average molecular weight M, =43,950
Number average molecular weight M, =29,000
Weight fraction of B in polymer Y., = 0.254
Conversion Conv = 0.235

S5t3at M35A MISE 19974 108

Manipulated variables

Monomer AMMMA) feed rate F(MMA)
Monomer B(VA) feed rate F(VA)
Initiator feed rate F(Init)
Solvent feed rate F(Solv)
Chain transfer agent(CTA) feed rate F(CTA)
Reactor feed temperature T,
Reactor jacket temperature T;

Ui ipulated(dependent) variable
Melt index MI
Weight average molecular weight M,
Number average molecular weight M,
Weight fraction of B in polymer Y..
Conversion Conv
Reactor temperature T,

Table 3. Statistics for X & Y observations used in PLS modeling
Variable ~ Min ~ Max  Mean Median StdDev

X FIMMA) 144 21.6 18.18 183 2.129
F2(VA) 57.6 86.4 72.38 72.7 8.154
F3(Init) 0.144 0216 01767 0174 0.02109
F4(Solv) 28.8 43.2 36.01 358 4.078
F5(CTA) 2.16 3.24 2.686 2.67 0.3107

T, 336 371 352.7 353 10.21
T; 322 346 332 332 4.846
T, 335 358 343.1 343 3.973
Y MI 3.14 9.66 5.945 59 1.634
M, 38,000 50,000 43,190 42,700 3,403
M, 25,100 33,000 28,500 28,200 2,223
Y., 0.196 0.34 02573 0256 0.02338
Conv 0.162 0329 02387 0.237 0.03046

Table 4. Statistics for Y observations used in PCA modeling

Variable Min Max Median Mean StdDev
MI 422 571 5.045 5.007 0.424
M, 4,3100 4,6900 4,4500 44,700 1071
M, 2,8500 3,0900 2,9400 2,9500 698.6
Y. 0.241 0.263 0.251 0.2517 0.00438

Conv 0.219 0.243 0.231 0.2311 - 0.004795

Axnct o] AEE sl Y4 A 29 2AE FAULE Y= A
AER. 2 Ho2 o] diele] 3 AR sk Alok(specifica-
tion)el] Tz F W4l welel 3k AT FepA] Table 49} L
ARE Jehll= vlolelE Faldadl o] F WA dole| 2 PCAE
°o]-83 Eue]d) 2edg A Lot o37)4 AT Aok 7Sl
ot debd 4 glow B Al FA B Exlake] 42,900004
46,900 Ajolo] 3z ZAJu]7} 02323614 027234} o]9] 3& el o
] djo]ejrt Rolx Table 49} 2+ wuE]=) 2 dlo]elE e}
AA FA A Table 3ol 9} 2o] AAF Ae) 2] 2AL 402
WS 4ol AH FYT FEE /A E dolelE W)= 23 Y=
dol 2 = glort o]4- 715 ZE dlolel & AMgshd vy 2
g AL vk & A A 29 2204 VT gol ok
Hlolelg ZFA7IAl =W PLS 34719 ol&2jo] §#3] QoA
2 = oled o) PLS7 A1Y 23] 24 uhde] 3 $Hel=2 u)
AE 3R W 3l diaia Ags)e o137] wiFolcd.

32. 53 B4 £5 9 PLS 2ol 7y
o] ATNNE T4 22T 2HAT 9k T WeTEY
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R2Y(cum) & Q2(cum)
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h
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Conpl1] Conpi2} Conpi3) Correi4)
Fig. 4. Cumulative R’Y & Q’ explained by PLS model.
{O: R*Y(cum), M : Q°(cum)].

B HF AF FAL FA3] $13te] PLSE o]83lgith. o] 2l
A 93} nl9} o] PCAY} PLS= B2 A2 A AAE o]F=
AB (7= 34 HeE = 3 W5E)ENY I A2HS
Z A e YL@ F)E 24 F s g Seld. & A+
A FA WHEES ekl FAE e T WS ER 3=
A 298 PLS2 993 A= Fig 4oll4] B ule) 7o) o}
ehdr}. o] 23 ell4= PLS component®] =5 19448 S/
uict 245 RY9) Q° 342 ¥.o) 3 glc}. PLS component 4
NE AHSRF PLS o] mdlS A3l sl Foial dlojel]
90.9 BRY)E Hst7 9lon d3He bl QF e 0.905
2 o] o] FA W5E A 9 &3ta gI3-& B Frl. Fig. 5404
£ FA HSFES VIP gk o] F3 gl o] grol 1o]4kel wig
£°] PLS 243 A £23F MgEolr}. o] 1ellA R nie} 2
©] MMA(methyl methacrylate), VA(vinyl acetate), 7] A) Al (initiator)2]
e 22l whev)e] 2xe] £ F4 Wyl ks vixe A
=7 & A& & F ok Fig 62 7k 4 el it A r3ke 3
A ASLE Be] F3 gl 74 34 vt 4 FA W vl
FEE BESE £ 2 vas] B 4 Qi) olE B A HF B
Azgt 7t FA W Alele] RAE Bl MMAS} VAQ] frake oF
9] AV[AE 7HA 3 9l ov] MMAS] §-8Fo] VAL §kRc) T4
B EAFel vlxs o] Atk AMAA L] f2R ML, FA AT
A, 4 WT EAR| X d3o] A ey 9lon &
ofo] frgolt CTAS] 3 Wizl A Wigo) mlAE Qo] 4
RECKR-REC - L R 12 )

Fivy)  F2W) Fyiot) Tr T
Fig. 5. VIP(Variable Influence on Projection) plot in PLS modeling.

T F4SoN) F5(CTA)

CaetfCS . M1, Comp 4(Cum)

e

B -
rimus) ragvay #atimn) Paden)  percta) T n

CoeffCS, M w,Comp i(Cam)

rmmay PAVAL Pacmu) Pever) FHETAY ve v e

CaeliCS . M n, Comp 4(Cum)

D) P2va) Patmnr Peibat) PeieTay v T

CoeffCS.Vva.Comp 4(Cum}

T PIrval Fiimny Faiseny | FSSTA) T ) Ve

CoeffCS. Canv.Comp 3(Cum)

[EI

.

g VAT o1 LT T ) A " i

Fig. 6. Centered & scaled regression coefficients of PLS model.

33. 3 ¥ SLEES 23t PCA 2E9] 7

FA W59 off-spec.& ZA3}7] $13F PCA 2U ey wde] 7))
o] Fig. 7l et 9let. 23ollA] Bz e} 7to] 3712] compo-
nent7} A A FA W4 wlole] HH L] 99.9%F M}z glct. wet
A o] 370¢] component?-& AMg-ste] A WEES RuEFe £
Eol T Ao} IAE Faloith. F4 A5 u|HA} Al S e
71Ee] e T Ao} IAIE (S) Aol 23 95% A= T Ao
FHAl = 8.5270] 2, 99 % A= 2] T Ao A= 12.69¢]c}.

34. Mg 2m U 1§

AT E 32004 BE 34 2dZyE 2 D WeSol
chobdt 2719) ARY slzto] Soie e MF) FA WAEE
278} 0159 o]4F 932 PCAZ FHY ZUHY U2 v

0.999

0.911
0.795

0.6

0.4+

R2X(cum) & Q2(cum)

0.24

0.0

Compf{1] Comp|2] Comp(3]
Fig. 7. Cumulative R’X explained by PCA model[# : R*X(cum)].
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Fig. 8. Quality estimation ‘and T® chart monitoring results (a) step disturbance of 2 kg/hr to NOC(normal operation condition) occurred in F
(MMA) at t=1.2x 10°s; (b) step disturbance of 4.2 kg/hr in F(MMA); (c) step disturbance of 8 kg/hr in F(VA); (d) step disturbance of 16.3
kg/hr in F(VA); (e) step disturbance of 0.02 kg/hr in F(Init); (f) step disturbance of 0.0042 kg/hr in F(Init); (g) step disturbance of 2 kg/hr in
F(MMA) and 0.02 kg/hr in F(Init); (h) step disturbance of 4.2 kg/hr in F(MMA) and 0.04 kg/hr in F(Init).

(* -estimated value, - :actual value).
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A : number of PLS components retained
a : PCA model dimension
B : regression coefficient in PLS inner relation
Conv : conversion
E : residual error in modeling data matrix X
F : F distribution value, residual error in modeling data matrix Y
G : residual error in modeling data matrix U
k : number of columns in data matrix X
MMA : methyl methacrylate
M, : number average molecular weight
M, : weight average molecular weight
n : number of observations
P : PCA or PLS model loadings for change of coordinates
p : loadings for one dimension of PCA or PLS model
PC : principal component
Q’ : cross-validated coefficient of determination
R’ : coefficient of determination
R’X  : coefficient of determination in X
R’Y  : coefficient of determination in Y
RSS  :residual sum of squares
SPC  : statistical process control
SQC : statistical quality control
SS : sum of squares
StdDev : standard deviation
T : PCA or PLS score matrix for process measurements
T : Hotelling's T-squared statistic
t : PCA score for an observation as a column vector
UCL  : upper control limit
VA : vinyl acetate
VIP  :variable influence on projection or variable importance in
the projection
X : process data matrix
X : process data observation as a column vector
x : sample mean as a column vector
Y : quality data matrix
az2|0ia 2%}
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o : confidence level
T : target value
AR}
T : transpose
=P\
f : feed to the reactor
i : initiator, instantaneous
i : cooling jacket, stream counter
k : component counter
n : number average polymer property
p : propagation, dead polymer
q : number of B units in polymer chain
r : reactor
s : solvent
w : weight average polymer property
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