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Principal Component Analysist} Partial Least Squares®} Ze t¥izF EA4 7|H2

HE7ho] correlation structure2HE 339 varianceE AW 4 91+ latent variableE 41
o] & o] &3lod FAHL GHHOZ modelingd F U= WHOE HE Eo] B2 AL da
8} A %k PLS= &4 0] stationary statedll Qchal 7} 31| wj&d, A& 54 &% 2 non-stationary

and time-varying behavior® A9W3l7]o] HHAHsth B =FdAes PLS € Fe 7|4
g aHg FAolel HLol oy, o] e EAE sZAsy] HElA adaptive PLS €1 EFE
AHegoan wstete A EA0 dgste 2dE updatedts WS ol && %Y. slx|vt
A A7k dlo]E] 2 2-F adaptive PLS ¥9-& H &3t dole B& ojglgo] EA8tH, 53] outlierkt
abnormal disturbanced] E2o] YA A3}A adaptationdtc TAZF GAY F ot wepr] o9
AL 9&) adaptive PLSE A -&35t=4d o] robustnessE &4A7]7] ¢l8l monitoring in
o] 83t abnormal data®] weight®& Fi ¢AAA =P update?} 7FedtA she

L
Atetgiony, o]& HEslol YeHor J7IA HsAY T4 outputd 5t ZHH

o &

o

X
=31
H
o

=

FTAL EUHHEY & U} wEojR PLS R AAH$E A elst7] 9% industrial plantol A
EXH" AA dolgd HE&sto o AEAE UFsFLv, I ZAIE mechanistic modeld

288171 P& 234l vlnF YA implementation® F = o] Aot
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A7l fEo, 2 B2 AHE 22 A 53], 2= AFAHEFEE A
229 Ao &olsta, &2 Aito] How, qUAZE AA 1, A
g7t g oizAdez o] 8% ¢ o= d FAol dUvh.[Bernard et al, 2001] A%, E714
AggAel 40 9o methanogend AFAEE7} wf$ =gz SAHEAY FH{al S WS¢
BT SH4L AYn 7 HiEd, 714 T8 A Aol RUE Fo) vl F 35y o]
gt & A7) o] Fojx 1 itk [Steyer et al, 1999]
oA, aRHor A4 FAHE RUHHGY HaMe A3 F£ AUe dynamic
model®] 7i#o] Fgasith ofF I B A7ASol HrAY A Alxdd g 2de
AFstgion, 1 4% 1AW 252 HI9 dTEHE FTH8 anaerobic digestion modelZ
B [IWA Task Group, 2002] kAt AEst FA4 9 74, -8 mechanism A7} vl -$-
53 vdE 1R Bl Azzgor ooyl wiEgd Esdd A4
A Ao} u}FE F mechanistic modeld AAZ H&3st7|17F ol ofP@AY, EFs x4
B2 o FHvHER 3l o] & o] &t B Al =go] Basith. 53] 14 FAAA
o] 9l fixed bedW fludized bed®] ¢ E33gt hydrodynamics\t inhibition 8+-8&&

15
FaARoa g7 Y e old e gL 77 Q3 AA o} [Lubbert et al, 2001]
—L

"

o 5o AAe FFEY ey AL gEEY FANME B HolEHEo £3Hn
AAE T glon o5 A3 o]ggozH FAL PA FAsln a&HOE Aofslr] YI B2
AFEo] o]FojA 1 Qrh wet FAHNA FAHE input-output HlolEle] JAZREY aatHoz

o]zt Az aAY FASA WHESL §838+ multivariate latent
g A 2o afHor iy Al&gE FAE U olgd g
B 7IHeZE PCA, PLS Fo] JoH, o5& o] &3 HFHQ
d U E ¥ [Wise, 1996; MacGregor, 1995; Kourti, 1995], 34 E 9% ¥ indentification[Shi,
2000; Wise, 19907; Dayal, 1996; Juricek, 2002]°l o AoEo] B sz Yot

Hodle F2 I FHE&E FTALE 8] MPCAE o] &3 % 54 ZUs g g
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2]
Aol 71BH o7 7AlE EA o= A3 influentd ZAHL AAS7] FAsH] EH, & o

S5l vl8l disturbance’t 23 FA#A ] wet v P& 2] o] WMatsto] Aol Akl wha}
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W3slE EA4 L 7HAgE R Folth wEtA ol# 3 RAES A5 dsAE 714 FAHAA
AdtH o2 =AgE o] physical quantitys} FHY SAHAMFES G302 o]43}9 control,

monitoring®] Z-&&tadof &t ol 93 7|EHo=Z HFQ3F dynamic modelE At W&
process change®ll Wig G&& 2@ F ojof gt Mol

pervision® 3l neural network [tay et al, 2000; Lee, 2000], pattern recognition
[Marsili-Libelli, 19961, fuzzy~logic [steyer, 2001] %-0} &7 o] &=H 1% Fr},

&A%k o] 23 conventional PCA/PLS 7192 33 o] stationary stated] 1thet= 7}A o

Azska 7] R, olE WHe AFHo] Aate ° Yol @ AYEo] Hn Ak e
3l8t3 A& Azhol] wlat -4 o] ¥W3}3lE= non-stationary propertyE 7FX| 1 glov, &3] AEEH
dsAel B A%, 4949 $Folu ¥E9 disturbance’t AFI non-stationaryse,
SR EZI0] wet v o] BA | st Wlaly] fio] ofo] tigt mgle] tiF FAVIE S
HEY Ae, XY ZHAE EE F Urvh(Lennox, 2002] wekA  time-varying and

non-stationary problem2 #2357 &) Azt Wt 2L updatedt] A 22 process stateE
2o X7 & o] Az

ol8)gt ZAE sl d3}7] 93l exponentially weighed moving average (EMWA) PCA/PLS
[Wold, 1994], recursive PCA [Li, 20001, recursive PLS [Helland, 1991; Dayal, 19971 %ol
MEENeH, Qin et al. (1998)XE 71&2] WL /M8 block @99} ®olE9] moving

fr

window®} forgetting factor® Z23o) 2@-L updatedti computational loadE ZYL 4 2

&

8 A etslgin), o] dne]&EE theFdl non-stationary and time varying processe] -3

Lo

glony, 7z WI4ES mean, variance, correlation structure W3o] FH&sld FA
2 UE Y [Wang, 2003] #9t o}l g} quality prediction, process identification @ process control
[Vijaysai , 2003] Sol= o]&d F Ut} wekA HZ A& A FF0d5 At we
FA o W3EE 123 adaptive PCA/PLS 71 S0} A& 511 9l 28 [Rosen, 2001; Lennox, 2002;
Lee, 2002}, A% wetd = A2 & time scaled] 4] €]y process dynamicsE captured}?|
23l multiresolution analysistMRA)E &7 o] &3}7] & 3t} [Rosen, 2001; Teppola, 2000]
stA ek A A2 o] 2] 3t adaptive methodE AF A ekl o2 2 L3517] Yajr = D7ha] ads)of
AlgtSo0] lom Wang et al.(2003)2 adaptive methodE A& Qo] AT 4 &
TARES b 2ol A AU

ek

a) the process monitoring results can be different for different window size
b) a heavy computational effort may be required for updating the model
¢) previous data that is representative of normal process behavior is discounted in favor

of new data which may not be as representative

_51_



20043 73262/ TSI

Ao A ool =, Ao 2 MZE dolel7t F3 o] go ue} ZAE updated B¢
AL 8HA) ElE= data® quality corruption®] FAE Azt = 9t} Window sized] 7%, window
size7} AZGF Zdo] AAZHAT FH wsto] A ZEstx] XA =i, window size7t
ZrolxlH 1 Wit o] A7} A7) A Hl 22 trade-off problem2.& & 4= lt}. Computational load &
Fol7] YalX= AT Al A9 block 9= 29L updatedtAY [Qin, 1998], improved
PLS &3n8&E o]&3le o] 7}sdltt. [Dayal, 1997]. 3 discount of old data®] AL
variable forgetting factorS Z£3}7Y [Dayal, 1997], E2< update® w A}L3}= A2
data®l qualityE FAF o2 HZT F Ut ojuf, Lol ALt datad] qualityE F+A3t=
EAE 249 stability9® dfo] on Axzlez dnaES ALET AL normal stated
tlo] el ¢t abnormal state®] Ho|E|E F&3t9 normal stated] ©loJE|TtE XMEHoz mdo
update©l] A}-&3tHof reasonable® AT}E & 4 Ut Dayal et al. (1997)9 AHE B4,
recursive PLSE ©]&3t output datag o5 o, ESES ARIF Sode AMEL dHolHE
Arggogy, 2R T A 29 HEAo] oA = blowupsBAES HEE F A ol
A= Ao dHolE 7t £4E A, 4Z 5 ' sensor faulttd unknown disturbance 5ol
o8 t% ’ﬁz}ﬁﬂ’f—i F ok WA ZdE updatedts FAA oleldt TAE s4stn 2d9
stabilityE ¥0]7] 918l - = robust PLS algorithmo] & &5 oo} gt}
B E=FoA = anaerobic wastewater treatment process® quality prediction®}
EZUHY S 93] adaptive moving window PLS method® H&3ste] Bdct WA Fr|zhel
dlo]e] & Al23} process changeo] 23+ conventional PLS ¢328]Z&¢ 9FL AHra o2
31 A4517] Y4l Qin et al.(1998)°] A3 recursive PLS €18]E & o] 48ttt 2 ¥, AXztez
o]l HE ALY Ag, 44 F Ut Ed9 blowupsE WA &t N FA o] L= dHole

qualityE® ¥ 3A13}7] 9% modified robust adaptive PLS algorithm< A¢tslgitt. ojulf, Al&3

el

dlo]el= PTA AZFAHANA Aise H4E HEdl7] 98 industrial anaerobic wastewater

treatment plantol] 4] A A} acquisition systemol] 93 EAHH gES o] &3}

Partial Least Square (PLS)

FARANAN EZAHE YolEHE input, XeR™ 9 output, YeR™Z Fw, o)zt BA}
lineardtttx 7} o oh3-3 2ol Yehd = gl

Y=XC+V
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olwf C& X9 Y7te] #AE YElHE regression coefficiento]™, Vi noiseE UeRAT

o), Wizt 723 ABBAN =AY A$, least squared solution, C=(X'X)'X'Y =

ill-conditioned® A ®t}. o] EAE &d3t7] 938 PLS ¢nyEL X9 YE e Zo] low

dimensional space® projectdto], M| & orthogonal latent variable, %>%: & A +=t},

A
X=)1,pl+E=TP"+E=X+E o
a=1

A ~
Y=Y uq, +F=UQ"+F=Y+F o
a=1

ojmj dojA AE U, E Z}7} y-score vector, u-score vectordtx 9, HE P9, &
loading vectorgtil £ &t} PLSY18]& L predictor block® variation® # th3}sld A predicted
block#} 9] correlation® 3183l X9} Y9 covarianceE FHth3}sle WF O 2 loading® scoreE
TatA "tk A9 outer relationd] 93 X Y& rank one matrices®] sum of series®
vtebf ol 2] Al =9, o] i) T3 A= loading®] 7§45 A7} min(m,n)3} 2 Al 51H E9} F& zeroZt 5 WA
ordinary least square®2 FHET. 3FA| gt BB 3F&FAAE dlolE 9 variationo] ¥E
common cause varianceo] &l FH-¢EH7| #WEo] AE min(mniEH ZHA F22X noise}

collinearityE £¢ & U A H}.

PLSE &L t&3 L inner relationd] 93] predicted u-score vector, %. & t-score

vector, L, 2XE] A 3}A At}

N>

. =bt, “4)

o] & matrix form2. 2 YEhNH 33 28 BA o o8] output, YE &8 F A o},

A A
Y=Y idq +F=)btq +F=TBQ +F )
a=1 a=1

ojuf, B scalar, 0. & diagonal entry2 231 off-diagonal element= 0¢] nxn matrixo]t}.
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PLSY 18] %A score®} loading vectorg 7817) &) B& g Z&50] AUHULH, 1
ZFAA 7R Bol 2ol ﬁgiE NIPALS [Geradi et al, 1986]°] 11, =1 &= SIMPLS [de
'Jong, 19931, kernel algorithm [Dayal, 1997] So] 2%lc} Qin et al. (1998)& recursive

PLS2 28 &S § o g1 Wz AL s NIPALS guaZd £4E 7} loading, P. 3

weight, W, & normalize 3}= 4l t-score€ normalizedlt HHE o] &5lg o, 1 AL Table
13 2t}
Modelel B8 3% factor® & T3 YHL A8 7FA7} QAR Jackson, 1991] R.%F
cross validation [Wold, 1978]& &3l 3= ZHol 714 Y+ oltt. Cross validationol A&
HolHE g/l9 2522 Y& F, (g-1) blockd] HolE|Z2HE ZdE s ojuf A2 ¥ blockd
tlolEl & Al&3sld @& testdl PRESS(predictive error sum of squares) & AlAtgtth, o]
748 zvzhe] blockol i3l gl HHE 3l total PRESSE T8, thA] o] AL Zhzhe] PC o
8] whE3}lo] series of PRESS valueg ¥t} oju 0] PRESS g2 24 E optimal number
of PCE ¥7] Y314 € minimum PRESS gkl 8138t PCTE AHE-3tE Wo] Bol 2o]A g, o
9 ZRE dojx dlolglol] AL A4 noisel} faulty conditions5 22 3] TEH

tio
it
ol
oX
o

Al At} [Osten, 1988] Wetr B =Fd M E fist local minimum of PRESS

o)
AR
TR 2 A48 = Wold's R criteria [Li, 2002]& stopping rule& o]&3}l ).

Table 1. Modified NIPALS algorithm proposed by Qin

Scale X and Y to zero-mean and unit-variance.
E =X,F,=Y 50d h=0.

Initialize

1

2

3. Let h=h+1land take % as some column of Tt
4. Iterate the PLS outer model until it converges

w=ETu/uTu
t_Ehlh/“hlh"
q, =Ft

=1"h

h-

=F_q,

h

=E
Calculate the X-loadings : P» = &4,
a
b, =ut
T
calculate the residuals : £y = Ev, —4,P,, F, = F,, —b,1,4,
Return to step 2 until all principal factors are calculated

Find inner model :

0N O =

PLS dud&FL 7 ¥ty AaAAE nastd X9 Y9 covarianceE FHdld 3l
FTANA ZAEH = W54 EL mass balanceY fundamental physicochemical principle S0l & 2}
A7 2 AAAA I AT el oYz}l closed-loop control structure, process dynamics,

time-scale dependent event 5ol &) W4 A Wol| serial correlation ©] £A|3t7]% Fho},
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watA W el serial correlation® I2l8t1 dynamic operation conditione 229 3}7]

Al A= th2 3 matrix augmentation®] 98] dynamic model& FA3todoF ghc}, [Ku, 1995]

X@O)=[x"¢-1),x"(t-2), .. ,x (t-n)]
Y(0)=[y" (0] ©)

olmj, x(*) o} ¥(O) & z}Z} time, t A9 input, output vectorE YENNH, 7, = dynamic nature of
processE YUEIH7] 3 time-lag orderolth. $19] Ao 93] F3A input-output relation-

FIR(finite impulse response) modelo] ¢} o33 7o) vehd 4 ¢t

YO =ax(t-D+ax(-2)+ .. +a, x(t-n)+e@)=) ax(t—i)+eQ) -
=1
X blockd] output® &3 Zo] augmentation® 7%, ARX(autoregressive with exogenous

inputs) model9] identification ¥=3%} 7}53}th. [Wise, 1990]

X0 =D'e-1, . .y ¢t-n) |x"¢-D, .. ,.x"(t-n)] ®)

o, Ao} X} = ARX 2 2 9] input-output relation TS Zo] Ve 4 ot

§O= Y ax(t-D+ Yy )+ 60 o

Block-wise adaptive moving window PLS
Conventional PLS& 3% o] stationary stated] tietz 714 st ZdE& e of AL&3
ol 258 doJ parameterES ©l&3td, 2L vloje, X2FE Ygt& olF3tI t-score
valueE T8tA €t s HeAe F4E TET i sEFAE A we FF 9
Abel 7} W3}, disturbance, change of operation strategies S ¢ 8l non-stationary stateol
dE A7 diREolth Qin et al. (1998)2 Helland et al. (1992)°] 28] AZo= A<td

recursive PLS ¢318]F& /|3t 349 Wslg 7]&9 PLS 290l X3A|7# 2L updatedt=
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g8 EFE ST 2ol AL
HA FAHOZHE process variable®} quality variable®2 TA® dolg 37

o Yo} 8 A1 74480, PLS 23252 S8 &3 2o parameterS< AT 5 QA

g4,

(X

[

> Yosd = Ts Woias P Boigs O} (10)

olwj, T,W,P,0= Ztz} PLS9 score, weight, loadingg YElWB, B inner relation
coefficient® diagonal element® 3Z}': square matrixo]th, o], latent variable® 7} X 9

ranke} 2o o3 &2 #A 7 A i

Xx" =PT'TP" = PP’
XY =P"TBQ" + PT"F = PBQ" (11)

%, 2L vl block, X lnlo] E0jo®@ &3 Zo] matrix® FA5t9 A2 PLS 2dS

update® = St}

X= Xold , Y= Yold
X ew ) (12)

o), ¥ =XC+F 9 gAZRE Ct thg3 2o 78 F Ytk

T + T
C™S - X X X Y
i Xnew Xnew Xnew Y;zew
=(X0T14Xold +XnTeanew)+(XoT1dYom +X,..7 ) (13)

new” new

g (XY —HT, W, BB .0.} 9 BAZ2E N2S dolE blocke] t3k local PLS
parameter® Y=, 2] (119 93] 4 (13)= 3 Zo] 23 PLS parameter matrix 52 5F
AL 5 JA .
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Crow = (PyPoy + P Pr ) (PyB,y 0oy + P\ B, O

T + T
_ P;d P;d IJOZ Bold oTIa'
P'IZW I)r:zw Plliw Bnew QIZ;W ( 1 4)

m2}A recursive PLS ¢3glZolA= PLS 2L updatedt?] Y&l old datas} new datas
AHgEtE Ol O3 2 matrixE AT oln] F23F AL recursive PLSE 3T o,

maximum possible number of factor& A8 o} gttt A o)

Lo

{I:P;d}‘:Bold oTId J}_ﬁ’ﬁ__){T,W,P,B,Q}

B0, (1s)

o ¥du3ES o435l conventional PLSE F3] @& updatedts Zol H]s) PLS
run-size® ¢ F J222 2AE updatedt’] 93 computational loadE Y F Yo,
memory size E=3F Aok 4= Qo)

B =RiAMEe 9o LduzEL ojfdly Fig 1. ¥ & adaptive moving window PLSE

gtk XY 9] block size® 12 & A4, 919) ¢7128]Z L recursive form& AYA gt

SFA| 9k o] -4, Wold et al. (1994)oA %] & 3t ulo} Zo] matrix size?} Folx| 1, Bdo] 23

updateZ =, A2 5012 = Hloje]2 A3 loading©] rotationdts] 22 structure’} destabilized

g 7b5Adol AXA Bt AAE block sizeE 18 &1 recursive PLSE 538to] 2 A3} noised

faulty condition 522 Q8] Zd9] updateHHA HH destabilized H & 4L I F&EE &

At webA PLS Edo] A A AHAE 7] AsAE block sizeE FE3] A FolFo
)

3893 299 ypdateE 18] B Do] rotationE HAA] EAANAE AL wolFoo

f
ot
v

%3t moving windowE 8% 7%, window sized et MZ O 23E 95 5 U7
Fol AE3] process dynamicE® YENE £ JEE 1 AVE HuF

window size7} AZFF sample?] 71 A4 E@o] stabledtA] 53, varianceZt E°E7)
=] 29}k process changeol] gk A Zo] g xE delayE 7FAA Hd. ¥ E window sizeZ}
oA | process changeol W@ AHE& WHAR T, quality7} EABsHA @& dlolEl7l &2
B, Bl Fx7 EAA A2, o]A woled EA15 AW process dynamicsol] E FAg
AR g wa gojuigA FEY A34E & 4 Ut} kA A A window size?] FA & adaptive
moving window PLS®} # &) qlo] Za3lA mes|of & Algo]t}.

...57__



2004 78262/ T3 aistu

X, X, X3 X5 X,
new data
Y, Yz Y3 Y54 Ys
Local
PLS
P Pl Pa’ Pea’ P sub-model
B1 Q1T quzT BSQ:!T Bs-1 Qs-1T BstT

Combine odel Updated global model

Fig 1. schemes for adaptive PLS algorithm

Table 2. the adaptive moving window PLS algorithm

1. Formulate the data matrix {X,Y} . Autoscale the data
2. Derive a PLS model using the algorithm in Table 1 : {X,Y}——>{T',W, P, B,0}

3.  When a new pair of data, XY} is available, scale it the same ways it was done in step 1. Perform PLS to
derive a submodel :

(X ,Y}—={T.W,P,B,Q)}
P BQO'

P B O
Y_ il i+l

4. Formulate P BO |’ and return to step 2. (Discard previous block continuously to

LI

maintain the window size)

Monitoring statistics for PLS

PLS 29& Al&3}a] €& loading® score vectorE AH-43tH PCAS Y% duglE&S
T3l TA S EUEESHL faultE Pt 2o] 7Hs sttt Normal state®] 4 HoJE & A}-&31
PLS 2d& A3 & A2¢ voJgE Fojxn PLS 22| projectionA A A& score valueE
reference set9] #3} ¥ludtd FAH Fe|E A 4 Ao} ojaf @ A HolA o] FHo Aer}
gl A GulttE deviateA =2 A 3517] 98] 29 F indexE AHE-3Hr

(o]

2_Ati2_T -1 pT
T? =% - =x"PA"'P'x

=l Y

(16)

SPE = Z":(x,- -3)* =|a - PP =¥ (17)
i=1
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olwf, 4= iHA score vector,t 9 varianceE YEIHH, AE PLS Z9oA 75 AHA

score vector7bA| 2] A & diagonal element® 3l matrixolth, T7*E PLS Edo] Hosle
PCS(principal component space)ol A1) deviation FE & Uely, SPE = PLS Zdo] A odl=
PCS7} Yeh#] &3 RS(residual space)oll 4] 9] deviation A =& veldit,

weta] 99 F indexE complementarydtA] ol&3dte RUEY RAEE FATOEZH
2R 9| variance IS UEhd 4 Qith oW 7°3} SPE ¢ confidence limit, % & & & ztztel
parametric distribution® o] &3&te] T8 4= 9t} [Jackson, 1991] £ =M T Wl
w2} confidence limit ¥3 adaptationdt=% &}7] 8]l Wang et al.(2003)°] #tdt =
o] &3} t}&-37 Zo| confidence limitE A4

¢ =gyia,h) (18)

a

= 3322} 8l monitoring statistics®] confidence limitE YERH, 2" = confidence,

ol ¢~

(I1—a)o] )&t Chi-Squared distribution function2 Webdct =3+ &9 A= 3749 monitoring

index gto] ¥ 83 moving window2 3 E d0}2 mean value,s 3 variance, 0: 25E t}&3} o)

7% 4 Utk

0_2 2—2
g=2—i, h= gz
S O; 19

monitoring indexo] w3} adaptive confidence limitE FHFLEZX FAH Wl 23 JF&
Bdo] XFA7|E Ao] 71539, Wang et al.(2003)2 9o Z2 WS &3] T3 confidence
limitE A3} false alarm® &°l31 342 non-stationary and time-varying behavior&

andos nad 7 Y& RoFAG

3. Robustness issue of PLS algorithm

PLS 2E & T u A}E-3t= do]Ed] L 3H & outliers process disturbancel} sensor
fault === erroneous setting of operation strategy 522 Q3| LAsl0, o]2]d outliers 29
Aol A FFL VY. 53] HAGe2 EEE updated B-F, BAAHD JEl9] datast

outliers FE3e A& ¢ Fasdn, o] FHo] HHsA FHHAA F& 45, ZdL T3l €2
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A7 ZRH o2 Q] MG FAH A EFE ol F ¢lA doh AT FA wlolH Y
multi-collineardt &4 3} multiple outliere] £A12 Q&) o]l 8 outlierE FE&E AL g3 ¥&
Yolr, o] & A3l robust PLS ¢8| F & o] &3t ATE0] Bol o]FoiAa Jrh

wakeling (1992), Griep (1995)€ NIPALS ¥¢1#Z& W9 regression Ao 2AA
weighted regression& AF-&3}+= robust PLS €32]& & A¢ratgi 2™, Commins et al. (1995)2
IRLS(iteratively reweighted least squares)?] ¥HolA &%3}o sampled] A weightE F=
iteratively reweighted partial least squares methodE A|¢talgth. o]u] weighting function<
regression residual® ¥+E EIAHY FEolY robustification®] A=) wa} ofg] 712 el
weighting function® AF&¥ 4 v}l Wakeling et al(1992)dlA= ttg3 Z& weighting
function& AM4-3te] A7t FHE 714 A% iterationd FFOEZH robust PLS ZEE& 73t
S AT

o, =[1-(r/kFFT  for |n|<kf

w =0 for |ril>k% 20)

ol ¥ = sample weight® YEI®, % regression residual®, A median of absolute

values of the residuals& YE}ATH T3 k= sensitivity factor24 6914 971 9] gk& 2 & Z o]
BEo|o,
B =& = commins et al(1995)9A] A< [RPLS € 18] FE modifydtd sampled

weightE F& ¥ 2 o] &g o2y AA7te 2 updateH = 29 robustnessE ¥o] 32} 5 o},

4. Application to anaerobic wastewater treatment plants

Process description

B =Ro|AxE adaptive moving window PLSE A}&3}9 industrial scale®) @714
H e A A9 output quality®E &332 performanceE EUYE 3l BTt F7]A #HA g
AL xylened YEZ A3l PTAE Aitste AFaatageol AiHEs B#F9 aromatic
acidZ £¢3% H5FE Xzt oy, AA g 3 Y == Fig 2.9 2t

Hge F8 B OZE product® AAMEE terephthalic acide} vHg BAMEZ A HE
benzoic acid, p-toluic acid, acetic acid, orthophthlic acid, trimellitic acid 5°] 2

=
TOD %= ¢F 8500 ppm AEZ AT U}, FAHA DA w5 = Fig 2. 9 2] settling
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tank® AZ T, down-flow type®] anaerobic treatment filter reactor® +@ €t} o] T} A of] A]

e y|z $9EE B4 59 pHE ZEsy el Hx9 usE #HF9 NaOH7L FoE,

87]4 ¥-27]E honey-comb type? BHS o] &% biofilm system& 2 FA4 5 o] At} WEIE

AH HHPE &4 dr:= wgs] U9 flow distribution® A&sHA st FAFE

disturbance® 2387 98 2oz wgrl2 wEET, Yexle FaRd A4 g4y
F

Lo

FAR Fo] 2AHE BE WFEL A7 data acquisition systemell 23] data base®
AR, 249 £HL o]5 HRE o]&sto] 8 operatorFol s AlojE I Ut WA
#8429 EA¢ monitoring® quality®] @&& operatorE°] disturbancelt sensor fault =9
Aol gia) AwEA A7 9§ A2 A L supportdhEdl ol Wl T 24a2 2‘-}%@—’?—
At

wastewater T_equ

Q_ CH4

Q_in
TOD in
Qr T_feed

pH_in

Anaerobic
wastewater
treatment filter

TOD_out
pH_out

o

Fig 2. schematic diagram of anaerobic wastewater treatment plant

into activated sludge process

Modeling approach
Adaptive PLS modelingol M8 dlolElE 2003 74%E 20043 29712 @A olA
2159 on sampling intervale 1A]ZFo2 % 4369719 observation2® o] Folx At PLS
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2dg hEr] 9
variable, Y& 2719 ®W4E Al83% Y. Predictor variablex™ dAoA AAzlo g =AdE=
10712 W9} o] £9] nonlinear relationshipQ 286 A4tE 579 /1842 FAH] 9on,
predicted variable2= F8 3% X E=2 €8dF= 579 TOD =9 Ay doz QPA1LHE=
Hgtytxol MAFo R ojFojAYT. o] WFEL AMLstd PLS EHE ©EV] HsiME
M4 E9] Sampling interval?} HRT (¢F 509 A|zhHE Z<¢tstn W4E b autocorrelation®
dynamic conditiong& EHol EFAIZIZ] &l A (Doly (9)F AMEStd dynamic model&

TAstadof gt} Wt B =F oA predictor variabled] 71X & matrixol augmentationd}:=
FIR typed Ed& T4 ARX =99 79, FIR 2do] H3s ©< robustdtz
parsimonious$ parameterE ¥& F Uvte Aol YAW, A structure’t FAH2
dynamics& Z wgstA] £ A9, Qin et al.(1998)o]A #|Hg wie} Zro] auto-regression
termo] 25 = o] EAslP o2 o] A|sH ). &A%t predictor W] FEol M FA Y
outputel] | Fst= pH_outd B WFE AL T, rTOD_indg 2 WHFE AlAtstz] HsiA
TOD_out®] #HAGE AHEsIG 7] W&, £ =FdA o]&d 22 AdA3] AHosH semi-FIR

Edojzta & 4 g& Aok

s

W2 = Table 33 29] predictor variable, X  157l, predicted dependent

tio

Table 3. variables used in the modeling of anaerobic wastewater treatment process

( * variables were calculated from measured variable using external knowledge of the process )

notation description
Q_in Inflow rate to the reactor ( Ton/h r)
TOD_in TOD measured at inlet ( mg/L )
pH_in pH measured at inlet
pH_out pH measured at outlet
T equ Temperature of equalization tank
T_feed Temperature of feed flow
Qr Recycle flowrate ( Ton/hr)
Predictor Variable Q_high Inflow rate from concentrated feed tank to inlet ( Ton/hr )
X) Q_gas Flowrate of biogas produced in the reactor ( m3/hr )
Q_NaOH Feedrate of NaOH solution ( Ton/hr )
rTOD_in* Actual TOD inflow rate ( mg/L ) = (Q_in*TOD_in+Q _r*TOD_out)/(Q_in +Q _r)
TOD_load* TOD loading rate (g TOD/hr ) = Q_in * TOD_in
CT* Contact time ( hr ) = volume of reactor / ( Q_in+Q r)
HRT* Hydraulic retention time ( hr ) = volume of reactor / Q_in
rTOD_load* Actual TOD loading rate ( g TOD/hr ) = rTOD_in * ( Q_in+Q r)
Predicted variable TOD_out TOD measured at outlet ( mg/L )
¥) Q CH4 Flowrate of methane gas produced in the reactor ( m3/hr )
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0K

AEX

ko

ey

FIR 29& F4387] AsiAe A2 % time lag orderd #E FAstE o] W3ttt Akaike's
information method (AIC)= ©] 9} 22 A&l A model orderg& 73t7] 3l AL + s H A
criteria& A &3}, t}23 Zo] model® goodness of fit¥ complexityol 4§t penalty termoE
o] Foiz glth,

.|_,

AICc=nlogo? +2m(n+1)/(m—n—2) 21)

e HoM m& observationd &, n& W £5 Yehn, ol & residual variance®
Veldth dwtd o2 AlCc (bias-corrected AIC)E small sample?] data seto] H§3}9, large
sample data®] 7$-£ BIC (Akaike's Baysian modification of AIC)7} ¢ $3% AFE Jd1
a2 Aok [Wu, 1998]

BIC =nlogo? +(n—m)log(1—n/m)+nlogm+nlog{n™ (¢} /0’ -1)} 2)

99 Ao)A o7 = predicted variable, Y 9 sample variance® UEldT) PLS 29E&
HE7] A8l ALEE vlolEl 9 7, sample size7} W] Fo vls) wj9- 222 BICE A3t
29 9] time lag order® FA 3= Ao] AFsl, 2 A3+ Fig 33 2}

Fig 39 A3 B3 z+z}9) predicted variableo] th3 BICS W3l A& Ao v,
TOD_out< time lag order’} 8% ), Q CH4+= time lag ordero} 29 v} A #E 71X AL &
T ok X F WMy BF lagrt 29 o first local minimum9] #E 7FAIE 2, Bt} simpledt

2dg ey Al 229 time lag orders 28 AA &)

46500 28600
46000 3 A Losn §
]
3
5 45500 ~ o
a
° L 28400
8 <
= 45000 A >
5 g
L 44500 2030 %
o [ £
ks
44000 - 26200 %

—a— TOD out
i —a- methane gas production
43600 T T 1 T T T T 28100

1 2 3 4 5 & 7 8 9 ! 11 12
time lag order

Fig 3. BIC value for various time lag order using whole data set and PLS algorithm
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Conventional PLS algorithm

Adaptive moving window PLS 2498 A &357] Y] 4 1000709 sample dataZ
A}E&te]  initial PLS E9< trainingA At PLS E®HolA] optimal latent variable®] £+
cross—validationg ©]&3to 3718 Al&38t9 2™ adaptive PLS € 18l&3 conventional PLS
deEE o8 we] AolE dotry] ¢, olwl F3 PLS E¥& Yo validation setol
A -23l9 output H4E =5l Bkt e 7o glo] FIRo]WY ARX E. 92 identificationd}”]
&)~ input signalol PRBS(pseudo-random binary signal)& F+ o] H%5o]|Xx vt industrial
wastewater treatment plant®] ¢ F3HE 59 disturbance® ZAI7] FEH, F7IA
533 7ol 1e A28 ¢ input 27E vl U E vHEE o] oY) o, 2l &3
size®] dlolHE A}g&3ly PLS R4 identificationdted FUoh. adol®= B8l Fig 4
AH B oF 2300A7 F5E 29 oF FHol FA3] ¢4 biasE Holy AE AFY F
Aot wEA o] XS AFZ process® WEHIF dolgE FAY 7 Jon, o]g Azt
g T ezt Rdo) ¥3EA & A, Y ZYUEHH oY controle] Z2EE AFHE
oF1E # USE FUF F Avh. 53] vjPEe] A F)AH AFHATAHA A5, Azbed e
nAEY A7t WststAY FYFY 2ol Ade] AYNFTAH FA FFE ] Wi
Z18H oz g0 Aol wet Wgtste 548 AY L 9l o, stationary statedl] BFE2F Z-¢7t
Ao glenz dA%F F7)8 Fu 29E updatedts Ao g H ot}
o AE olyg FAHY W3 AL o FAEAM 7| HAM 2F A}E-3= monitoring chartt
contribution plot& %3 HA &I
profile2 Fig 59 &t} Fig 58 2H |

Bols A& Z F Utk o WEIL o WFESdA FAs =vn = AL oy

¢

l

A& HE Ao2 Bol @3t disturbance”} o}d operatorol] 2]§F 2] &l operation strategy 2]

Wslg =) o83t A9 W3le Fig 69 PLS monitoring chartE A & &¢lo] 7H531H,
FA 9] W37} SPE plotol|A] F=&1A A Yelds Aoz ol W4E 7k 22 correlation©]
A AR e 4 ot
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Fig 4. Prediction result using conventional PLS trained with first 1000 data sets
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Fig 5. Time profile for various predictor variables showing abrupt process change after 2300
hours in the data sets

Adaptive moving window PLS algorithm

Conventional PLS € 318& < A &32 dof =A% diolgE ALl adaptive moving
window PLS ¢1g&S A43te Bolth Initial PLS 2EE o9 A9 FLstA 1000719
observation set2%¥8 T392o8, 228 updatedtr] T block sizew 100, window size®
100002 A3t Adaptive €3n8ES HA&std d7]4 49 one-step ahead outputZ
&3 At Fig 73 2ok vyl A 2& 10070 9] diolgl7F £ & wintrt 1000709 window size &
A 8HA PLS R4S updatedtfd ov, olw] output qualityE oZ3}l7] ¥3%F optimal latent
variable®] & cross-validation® %3 F33lth. ol 4%, PLS model& updatedt?] $six=
A 7b5 8 EE latent variable® T8 o] Y2 o|BF optimal LVE F& Tate Ads
W2 wd8 ypdated}r] 93] Apredictor variable®] rank F%E H g9 latent variableE
F3ldol 3t} outputd dl=38}7] 93 regression coefficientE ©]v] F3t latent variableol 4]

cross—validationg %3] 73 optimal PC $7}x 2] dimension®t o]-&35tH A 78 4 9
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Fig 6. Monitoring chart of conventional PLS model showing process shift in SPE plot within the
period Qf validation data sets

Fig 79 235 A9 1™ conventional PLS 29 A& X5 A &d 2300A1zF 2]
correlation structure®] W37} B9 2 updateddlA] B9 d&A5o) Ho} FAH AL B

AT, 3t T test data set®] FREFF ] Y& oF 3500412kt F¢] vlo]ElE AlZ LR Flo] R

%

AZ AR} J33] BAdANAHA Bdo] degradations & AL #EE = Ut} ol Ao
AL o7 FHAE 4T £ Aok ¢4 AMARZ AR 5 A FAs Edo] ALHoR

4 Ee dojEld] EA3tE outlierd) FFE Wol ZEH adaptation©] olFolHE F U=
Holt}, o] 7%= adaptive algorithm x}A1e] EA27|Bots 294 ypdated w) £&H= A=
5 datad] quality®} A& EAgta Bolof 3tn, oo tjgt Fo7} o] FofA2] ¢k A B
faultt} disturbanceo| ZrEadaptation® 4 Ur}h. A TAAA &AHE o8 HEEL by
ZHA WA sensor faultt} faulty operation, measurement noise 5°] E£&Ho 9& F 97
o] 298 update® w AHR-E7] A% dHolElE HEY & A HAHE criteriagE FH3}
filtering® H}AL AXE= Ao) Hasdth EF oje]d Ea= adaptive moving window PLSE&
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Fig 7. Prediction result using adaptive moving window PLS showing blow ups due to updating
the model with faulty observations

_68_



100 T T T T T

80 1

40

T square

(=]
[52]
[=]
o

1000 1500 2000 2500 3000

300 T T T T T
250 1
200 -

LL
a. 150
wn

100

50

']
0 500 1000 1500 2000 2500 3000
time(hr)
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limit)
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fluctuation BE7} AAE A& FEE T vk wetA o) g ¥ste] 4d& B 243 A}t
B Ay mdo] BotAsA ®© 743 2 99 pH oute] BE oA A7 sensor faultd & A
T AU BE ZAAA dHoAE pH outd] A gkl 7 F2oAM Ao AT %S FA 8=
v]3] blow ups7t AlZHE AlZE SAH A £ At ASH o2 pH outd] FH O] 14 FILo=2
7125 & sensor fault7} dojutz len 2 9o 2 79 minor fault® £33 tlo]E 0]
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Fig 9. Modified scheme of updating adaptive moving window PLS for improved robustness

MZE dHolgj7l &Aooz Sojow PLS & o848 RUHHE S A §F, SPEY 717
index”} confidence limitE Yo]A Wl E process fault® 7+F8t2 228 updatedtr] Y3t A=
block®] dHolE oA X gA7IE FAHES AAALH. He  "Wo] reasonabledtA] 3357
A= FAHANA dojrtes Aele] Wsh Az vy ddF oz A dojdoe 714l
A@atofof gt} stA|rE o2 HlolE ¢ rejection schemed EEH O FWolMy EUEH 9
EWolA & u, initial PLS 249& =& HAAA ¢ routinedtA AHE-E = Wlolw, webA
AL&8te] output W 5T FAH RUEP Y B E FA o]F< vl 48 5 e

51 9 & iteratively reweighted robust PLSY #Ad|A £ o) 9 2] modified scheme
residual® monitoring index® X &3t ¥ weighting function® monitoring index”} confidence
limito] AT o 1, limitE Bojd WS 022 3: step function®. 2 AdE A T4 2042
VA &t old), SPE ¢ 1° & F Al i1elalr] HalA 53 22 combined indexE AHE-3h= A o]
7}s 8ttt}

SPE(x) T*(x) 2
= + ~ h
5 P gx (h) 23
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MESIZMILIE

fo

Yue et al.(2001)S Y9} &2 combined index® A}23} reconstruction-based fault
identification®] 7}5&& RHAgFEon, ©E quadratic form® indexEXRTF ¢9 indexE
Ao 24 o] AE8lA variance? distribution® AEE £ YL&L FHsAC. EF 99

combined indexT chi-squared distribution® W=222 SPE Y 7?9 confidence limitE AAFg

m o} 22 e o] &5t 47 confidence limit, £ & AAHE 4= Qi)

Robust update of adaptive moving window PLS
29S ypdatedtsE FAAA LoJUtE= blow upsH outlierd F3#E WA s}
robustdtA 2 @& updatedts= robust weighted updating scheme& Table 49} Zo] M9d 4

e,

=
=]

i

ki

Table 4. The adaptive moving window PLS algorithm with robust weighting function

1. Formulate the data matrix {X,Y}. Autoscale the data

2. Derive a PLS model using the algorithm in Table 1 : {X,Y}——>{T,W,P, B,0}

3. When a new pair of data, x,.7 e s available, scale it in the same ways it was done in step 1. Compute
combined monitoring index, ?: , and calculate sample weight as function of % .

4.  Multiply sample weight to the data and obtain weighted observation, {ox,,, 0y ,.gw} .

5. When a new block of weighted data sets, {wX,, @Y.} s available, perform PLS to derive a submodel :
(X, Y} ——T,W,P,B.0}

P’f B’ QiT
P B O
X - 1+l , Y - i+l 1+l
6. Formulate P’ Bo |’ and return to step 2. (Discard previous block continuously to

maintain the window size)

IRPLS%E adaptive moving window PLS9} 34 A} &8 749 IRPLSY iterationo 2 <l
computational load”?} 433 Z7}8A] H ™, real fieldol €A H&38}717F Y& @Ao] Ao} watA
computationg Zo°]i update FAE 73] 317 Yl B =2 AL residual 94 combined
index& A}43l9 weighting function® T3}9 29, one-step iteration of weightingg %3
combined index2] #o] ¥& sampled] 3l weightE FA FO02H outlierE detectdl= WES
o] &35ttt welA o]F Es& =do] outlieryt abnormal stateo] 23] W= gL AL
At} olul combined monitoring indexoll thet T3 EH F = weighting functione o8 742 9
FHE AL F d2on o]E st Table 59 2.
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Table 5. Functions used for combined monitoring index based weighting algorithms

categories Weighting function

Hard rejection of the potential outliers |5 =1 for ¢ < gz, 0 for otherwise

1

1+(p, /c£’) (Cauchy)
1
a)f = 22 .
Soft rejection of the potential outliers (I1+¢,/¢S7) (Fair)
o =1 for 9 <&, Elg for ¢ >& (Huber)

@, =[(1—(0,-2/52)/C1]2 Jor ¢, <c&, 0 for b, > & (Bisquare)

%A1 method with hard rejection of the potential outliers= *| %% 0 2 update® = PLS
R HE A2 BZ o) combined indexE A4ts}taL o] 3to] confidence limitWol Q& 7o =,
29E updatedt?] 9% block WE A&t 847, combined index?} confidence limitE
Hojgd Aol weights 022 Fo24 o] Bj& potential outlier® 33l update A ol 4]
Aejgt}, ol weighte 1 E& 09 @& 712 ¢ Jon, 349 Wyt =2 A9 oS
AR 0Z AHEE 7 gk AR PLS o) 339 W E R updatedts HE o xR
time-delayZ7} &A)5}7] W&o W& A7FE<¢H FA o] WMEstAY MEL correlation source?}t
WAsHA 3 AL, fault7} dojubz] Lk&elx B35t monitoring index”} confidence limitE
FolXE 2RE 28 F 7] Wi o] AHEstE © glo] F9r7t FR sl Hard rejection
Hh 9 Al23}lo] adaptive moving window PLS R €< updatedti output o&3 AfE Fig
103 Zth Fig 109 AFE 29 output quality®] od&ZA7} outlier® AASIA ¥< uje
Bl sl 433 FAEASS A 5 o, blow-ups A 3 ez ¥Le #Add
SA4% ddAe 958 98 2948 42 F UJdn ' ¢ Ao A
adaptive PLS EdE& WHF9 oF ¥yt oYz}l FAH2 TUEHE FAd L7 YalA
do] qualityE HHaA dFstert B¢ ol T HIAR g 2o
T J=7HE FAlo 4bm Bofo} gt}

fir

2

L
dehetE 549
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Fig 10. Prediction result using adaptive moving window PLS with hard rejection of the outliers

Model identification® ¥3l output qualityS 9538 AL regression problemol] % 38}7]
) 2o bias term& AF&31H 34 2] mean, variance®] #rol ¥l el s, correlation structure?t
A AFstA] G 2B sized dlolH % FrEW FA Wyl £E3) Rl updateH A
2dtietE PLS 22 & 53 ¥oJ% modeld parameterE £ FE§ S5 S 2T 5 3
53] & =AM o] 83| B 49 dolelst AT A4 parameter?| variance’} 2Ho}A] 7]
B & ] &3 estimationo] 754 Bk s BUE P AL, olgd FAo WIE
2o 2832 &A =HWE dloleo] A 5lE variance® A A 3| capturedtZ| 7t 71537 W

monitoring index& |4 &l=d] o] 2R H AAE &3 & 5 Ut
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Fig 11. Monitoring chart of adaptive moving window PLS with hard rejection of the outliers
within the period of validation data sets (short dash line represents 95% confidence limit and long
dash represents 99% confidence limit)

Fig 11& 0|83 AnE & RoF= Ao Z Fig 10& £3) adaptive modele] output
quality® & 453t &€ AN E 782, RHER AEWRE 31 & e FHY
W37} PLS 290 # adaptation® A FU5E AT 4 AUtk 53] o2& WH3l= SPE chartol A
FEHAA YUy TchartdlXe I Wert agA] 32X S A0z Hol g WMIE A
Fgo] PLSY =2 space HolA A doluti Qe Ao =2 B ¢ dot AT A2 correlation
source’} DA A S = B33 output qualityd] dESA3+= I A 9GS U2 = 202 Hol
o]2} gt correlation®] W3t X 9} Y Alol9] correlation structure?] ®3}7} obd 223 X space
ZolAvt dojd FH 9 wiztz FHo] Ao},

u2tA] 92 & hard rejection method7b ¢ 2 FRAEY FAHY Wt A3
552 28-S FATd 5 A} o= FAH Y W3 non-stationary behavior’t EUEH A E

Aol A confidence limitE A &= &7 7] "Wio o9& process faulttd abnormal
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W49 distribution® FE 9% 37 mean, variance vector® W3le} correlation matrix®

W3, A RE2Z YE £ Ut ol Zzte] wWslel mE monitoring index?| violation
A Ho= ggn Zo] AgEd 4 ¢l

W 2 sample vector, ¥ & PCA 9o o] A== 27 PCA 2o o) A=A

2 ot g4, thEa ol 8% gl

o

x=%+# x=PP'xe PCS
Y= (I—PPT)X € RS (24)

&3 sample vector, x 9] SPE 9} T* Zt< Yue et al(2001)& Fu3dle] th3-3 Zo] 78 4 Ut
7y P 2
SPE =|(I-PP")x =| % (25)

T2 = AP PPN = AP @6)

24 RAURME normal stateolA] sample vector, ¥ 2] HFgkol M3 S 7%, sample vector

x = e 2ol ZaFiA

X=X,,,t+m 27

Yo = Hagtol WEl7] o9 normal distributionC2HE FaX= #oln, me HFFQ

R3S o m gtk olul SPE 9 179} AL T T 2ok
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T =[P PP | = AT PT (PP (3, + m))|

2

:”A-x/sz()A(OId +rh)“2 > “A'I/ZPTﬁl”z _”A-l/sziOId

29)

_75_



20044 73262/ HESWME LD

/2

old

fault7} 1l 5ol A 9} ”"MP'X.MHZ% zZtzt #HFghe] WEk7] o]Ael normal stateo] A9

SPE &t 1* Zxol™, ©}2}A confidence limito] B8] v)$ 2L kS 7} ). welA mean vector?
¥3l7b monitoring indexell PIXE IS mo ol wE HEY olWl m vector’t PCA

loading®] W&} SAEFE 179 ol AAY, 282 &E A= SPE 9 gho] AA A dot.
5 HAE WF9 varianceZt HE ZAfdm uldstAZ olwf, x & w3} Zo
Ed oA

x=Ax, (30)

olff 4= z} W9 variance’} ¥33slE ratioZ diagonal element® 3}E square matrix©] ™,

%, e A WAe $Ast Mk SPE 9 e g3 2ol Yehd £ 9o

SPE =1 - PP") x| =| %]

(€2

T2 ="A'”2PTPPTAX,,14 2 =”A'1/2PT121xo,d :

(32)

9o Al E& L7 varianced W37} PCAR RO &) 2 Max]ojR]R] ekoted Mo AA
dojgd 7 $ol= SPE VL, w2 PCAE R &) 2 ARE=EYY #ol gis) 24 dold Fede

T gol ARgets A& 3 +
npxjeto 2 WM7he) correlation®] M3 WAL HAH-E AR sample vector, ¥ & oS
Zo] ZHH|

x=x,,+Cd (33)

CeR™ & o]A e PCA Zdo] 93} captured AW correlation ©] 92 EH& el 2L correlation

source® YENE matrixo]t], d e R = scoret 2L /Mdozy xoA X Co IS

el it oo C+= xoA PCA 99 loading® consistentdt %22 A5 M Z-E correlation

loading2 Yetlm 2 Cd=PP'Cd~0at3 B 4 gt}
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T? = ”A“”ZPTPPT (%, +Cd)“2 = “A—HZPT(JA%M +éd)"2 = ”A_l/ZPT)‘eold 2

35)

W42k correlationo] W38t} 7%, sample vector, x 9] SPE 9} T2 $19 23 Zon,
ol & &3] correlation?] ¥3t7} 32 SPE gke] A7)0l F3& n A Zolgt A3 + ok

Ao A5 PCA 29E 74382 derive@ A9, PLS Rk 22 & &o| 715350,
w2} A adaptive PLS R 2ol A A o] Make} outliers FESHE Ro] o]gA He 9oz My
=g

9 AL fAdsY] e EoJeE vl sample @92 2 9-& updatedld] process9
W3] g W= o] adaptationd}Al dtadob ek shx|gk YR 2o mulol ypdate:
£33 3 PLS loading® 3 Fo] dojUA st 9o Ho] AxA o7 wdo] destabilized ¥ 9]
HE $% Jot. »ebA] 299 adaptation speed®} stability Alolol= trade-off7} E£Aj3tH, o]
Qo 2do] ypdate F71E AASE ©vlodlE computation load 3 2L A A A E g7
n#stodol Fhtd, welA block-wise €22lE A combined monitoring chart& ol&& %4,
confidence limit®] violation®] &9 W3= <3 AAXA abnormal outlierZ <Ag ZAA
T-Hsl7] 25 B3 Wygo] Qo o]2 93] wavelet analysisE 3 change of the process
dynamics& de-trenddl o] & EYE Y3t A7 A 2P ZFo|r.

AollA A E wuie} Zo] Hard rejection® 7%, process dynamicsZ <13 W3s}e}
abnormal outlierE FE3tE Zlo] o]zl $28 Tdo ypdateZ} AYZE o] Foxz] & 4 9loH,
X W9} Yoo correlationo] M3 F$, output qualityd] Wit dEHTE BT
A€o w3 Q2L dolgrt Eolg W, AE3 weightE FHA fault$ non-stationary
propertyE FAlo] X AAIZF dolEe} 2 HE block sizedl dMZEE TE Y time delayE ¢l3)

2 do] adaptationdtz] EFAY £ 2 A5 wME2A Aol d process dynamics?] HIE
REEHoz mdo] ¥ HA severe outlierEdetectd 4 = method of soft rejection of the
outlier?] &8 && A}E3FE 2 0] robust modelS /N E317] Y3 Bl o -G whiolgts & F
A},

olm] A}83 4= Q)= weighting function®] ¥ & Wakeling et al(1992)0]Y} Commins et
al(1995) &< 3aste] Table 59 ol AASAH. olF ZZte] weighting function
robustness®] A=Y 4 dlolele] MYE ZAHF £ A+ tuning parameterE 7} o,
o]E9 k2 heuristicdtAl ASHA Hol. 99 weighting function® A}E-3}o] output quality®
dZ3% A= Table 69 Zom, o2 AAMZ ALY #H$ tuning parameter ghol wat
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Aigol A3 Walsle AYE BAFUY. Table 69 A= Zb weighting function B2
tuning parameterE prediction®} EUEH & FAld wEsl= WY dolA optimized Aot}
AEAds HollA B of, Zt S Zholl vy & Aol: Y2 Fair weighting function® %S
o] Wo] 714 Y& A%E Bola YUt

)

Table 6. Prediction results using various PLS approaches in the test data sets

adaptive PLS
PLS
no rejection hard rejection Cauchy Fair Huber |Bisquare
TOD out 331.7 | 244.8(178.2) 181.3 185.7 176.3 1889 ]183.6
RMSE
QCH4 321 38.4(17.9)° 28.5 26.6 27.9 262 [27.0
TOD out -0.396 | 0.240 (0.515)' 0.583 0.563 0.605 0.547 10.572
R2
QCH4 0.430 | 0.183(0.513) 0.549 0.608 0.566 0.620 0.595

* () values indicate prediction result before the “blow up” has been observed

Table 69 AF}E F ] M3 £ ¥, weighting functiong AFEF 22 23| blow
upZt UEF S adaptive PLSOl| Hl3} 2 a5 5ol 24 MAHASE S 4 ANeH, hard
rejection schemes #E& W dF54dsd vuPYL e 2 AAde A HzIHAY 23
MAENSE & 5 Jdoh =3 ZYE Y SHAA] £ 1, hard rejection scheme$] PLS E @ of A

Vel Y update®] £A17} B2 E weighting function® ¥gdlAd s etz ¢k2e @ £
ARt wEtbA 99 A3 soft rejection scheme®l WS F3 output quality®t BUE R &

7N BEEE A olg F A5 BF1 Ut
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Fig 12. Prediction result using adaptive moving window PLS with Fair weighting function
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Fig 13. Monitoring chart of adaptive moving window PLS with Fair weighting function within
the period of validation data sets (short dash line represents 95% confidence limit and long dash
represents 99% confidence limit)

Fig 129} 132 Fair weighting function® ®-< W9 prediction® ZYHH A& Jepd
RAolt}, B3] Fair weighting functiong M A outlierE detectiond}i 1 JTFS AAINA S A5,
tuning parameterd #toll wgl o ZFAl%5o] Table 69 ARt OL FAEH= AFE BAFT
A o] A4, RYEY AEA Fig 113 Z2 bias7t BEHU7] "ol ol ALt
olg]g Aoz A, WF9 meand Wb BAFO] YA Y7t sta FHE Y £
E=Fo|A A}L3} adaptive PLS ¥gxnegl&el Z$, 53] M4 pretreatment scaling T ol 4]
mean vectorE updatedtE 4, training seto]l A AFE-3F gh-& Il & o] 83519 scalings FHdh=
2L 7|20z 3tgr) &P o] A9 mean vector?t W3tste] wel Jatent space9 shift7t
doj i, o)l8 Rdd xE3& 7] 9sir e additional factors AF&3l= Ao] s} [Helland,
1992] wtatx] 22 9] adaptive updating ©A9I A optimal PC2] & A ], o] & 18 3td PCY
TE F7MA7Ie #FAo] XA A ¥E B, mean shiftE

A g 3t= additional PC7} residual
spacedol A A F7}sle Fig 113 2ol SPE &l bias7} #24 4 ok 3¢ z5H o2
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2o} ypdate¥]HA] mean vector7t shiftdt A &1t o|lg& A®3alr] s PCE F71e
AJNAE ZASE EAE 4L dol ohlnh wpAM olg HEE] A E  adaptive
algorithmo|A] A A2 2 meano]Y biasE checkdlil o]d] &3l HAAEA PCE F71et=
Wi g F o A A7t 2ad Aol

6.4 &

B =Rdxs €714 dFAH8 349 output qualityg &3t 3L EUEHP ]
A 24 wEr] 98 PLS W E o843yt wAEo] X¥dE dsAe FAHL stationary
stated| A A HE Z97F A9 glon, Ao {4 da 430 wet v EY G4 B2}
W 3}a}7) WFo] YA E covariance matrix25E 9o A& conventional PLS W& 43 3¢,
AEd 238 By F USE AT £ Azt wa Edo] FA R AL updateH =
adaptive moving window PLSE #7]A4 349 AAIZF wolgjo] L3t o]& F3 output
qualityZ 9&¥ 4 9= dynamic model¥ ¥4& F AU

HZ B frAHIRe ouF FAEH 7IHE ol&std AfHo=

2dY3ta o] 53 disturbance’t HlA & FYTo] AFoZREH AAAH R 3L A

ol
o2
o

3

Aoty AFEC] Bol o]Foix 2 v}t 3tA% industrial anaerobic wastewater treatment
plants} o], W1ZAsHA ¥hEdte PAES] @Al wet operation strategyZt ®3sta A 712
shut-downolu Al m Al Go] gon, fl59 21 AsHA KA € TR 4+, PLS
299 Jong-term application® ¢34 adaptive 22 & o] &3t Ao] ByHo|t}, wata o] &
AFAd HAEsr] AdME B2 A7 o] Hasith B =FdMs 439 dolEHE
o] &&lod o] 3t issue & Fol FUE FZE 4 U= robust model update schemedl] U]
AFstd Bron] olEF Ay YT HAAF uwbH o2 weighting schemed A5 o
Robust@ PCA/PLS 2d-& A7) 9s8iA iteratively reweighted algorithm ©]9o]%E, minimum
volume ellipsoid (MVE), minimum covariance determinant (MCD), ellipsoidal multivariate
trimming (MVT) 59} 2] 7}x] Wl Eo] A eH A AT, adaptive modeldl] ©]& A &3}7]ddl & U] F
B A& AY high computational loading©] 875 7] W&o AF A H&3}7] o] FEo] ol
th wraba] B =%o|A A A monitoring indexE ©]-&3% one-step iteration of weighting2]
WS A}g-3tled F3A © 2 abnormal outlierE AATOEZH StAXR o7 FA output qualityE
d&stn RUEHZE Y 7 o, A volel & o] &3t A ol& &esto B okt
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