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Gross error detection®] chi-square collective test (Reilly, 1963), univariate
measurement test (Mah et al, 1982; Crowe et al, 1983), MP measurement test
(Almasy, 1975), MP constraint test (Crowe, 1989; 1992) T9] E A3} wlyo] A}
|5 UAAT BEG whshA] gross errorE FolllA] £3AY HAAHI WS E
gross errorg ¥ &3l WaE A F3e A9 Ao

¥ chemometric ®'H{ % Principal Component Analysis (PCA)$} Partial Least
Squares ¥+ Projection to Latent Structures (PLS) ¥} ©] multivariate analysisol] o]
£=3 glth PCAS] 732 Pearson (1901)o 9&jA =523, Hotelling (1933)
o] ¢JsjA dnrsls ﬂ_cilﬁ Jolliffe (1986), Wold (1987), Jackson (1991)5 ol 2]3]Af
AFAFH AT Kresta (1991)= A< FA(continuous process)2]  monitoring ]
PCA/PLSH & =& 2 Nomikos®} MacGregor (1994)e] &]&] & T A (batch
process) & A= th MacGregor (1994), Tongd} Crowe (1995)9] 2]3} on-line
data reconciliationo} A PC test2 R} PCAY PLS T £4 HWye
dimensionality reduction, measurement classification, outlier detection3} process
monitoring, process modelingi’—l— prediction 59 ol &% 3 3ch

e =FNA 3tF Eore AFAHQ PCA9] Hgo dsiA AdFAAR data
recolciliationd]] WA= AHe HE&H Aol Ut B =F QA= PCA == PLS
" (chemometric methods)& ©] &3} gross error detection?} F73 monitoringsi] th 5]
A AdgdA gk

II. o] &

PCAS FHEL 44 diojHE 2 719 F o £XIITE F8 58 23
e d k. PCA 249d& rank7} r¢l X(known matrix £ predxctor matnx)E
rank7} 191 7] FFM Fo2 FAFC.

X=M + M; + ..+ M,
My = t; plT +p * oty p,.T

o 71 M t score vectorol®™, 1 Q4+ PC (Principal Component)X1 2] HEE o}
Eluit} p'= loading vectoro]d, 11 _3_/}:——- cosine®}3Fe] Q4 = PCo g wE9]
A} (projection)-& ERATEH

ol9] Alitole X9 PHe] Z7I7} AL 7 $ol< Singular Value Decomposition
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(SVD) algorithmo] A}&-E31 X9 8o 7|7} & 7ol Nonlinear Iterative
Partial Least Squares (NIPALS) algorithmo] A}8% 1 gty Ho dulxa oz dg
AHE =l 9HE Q) NIPALS algorithm& of2f 9} 2t}

@D take a vector x; from X and call it t : t = x;

@ calculate p* : p' = t'X / t"t

® normalize p* : pTuew = P o / lIp ol

@ calculate t :t=Xp /p'p

® compare the t used in step @ with that obtained in step @.
If they are the same, stop. If they are still different, go to step @.

Muitiple Linear Regression (MLR)2 X-9} Y-Block (observed matrix =+ predicted
matrix)Alo] 2] AH¥e] FAE EAsle Aoln, Principal Component Regression
(PCR)S X-Block®] PCs¢} Y-BlockAlolel HAE EA3sle Aot} PLS+
X-Block®] PCs¢} Y-Blocke] PCsAlo]le] #AE A3 Zolth o9 A 3
2} 2 Linear PLS¢} NonLinear PLS (Polynomial PLS, Spline PLS, Neural Net PLS
$)E FEY 4 At} NIPALS algorithm-& ©]-€3%F PLS algorithm-& o}z &} c}.

X =TP" +E =3typs + E
Y=UQ +F=3wq, +F

up = bpth — by = u..Tth/thTth (linear relation)

(@ take a vector yp, from Y and call it u : u = y;
@ calculate w' : w' = u'X / u'u
® normalize W' : Woew = W aia /[ [|W' oul]
@ calculate t tt=Xw/ww
® calcuate q° : q" = ¢"Y / t"t
® calcuate u  : u = Yq / q'q
@ compare the u used step (@ with that obtained in step &).
If they are the same, go to step ®. If they are still different, go to step .
calculate pT s ph =X /Tt
@ calculate inper relation : linear, nonlinear, spline, neuralnet ...
@ calcuate residuals : E = X - tp", F =Y - tq"

o 7] M t&} ue score vectori pTQ} qTE loading vectorE wE weight vectorE E
9} F+ residual matrix® JEbdt}h b linear relation coefficiento] t}.

. 33 9 &

Chemometric ®¥ (PCA/PLS)E ©|83% gross error detection® $3}4 data
generation ¥ preprocessing, normal operating condition, gross error detection and
identificatione] LA o7 HEF}

Data_generation 3} Preprocessing: Phillips(1991)2] berty reactor®d 2] &3 uljo]¥

=

% data reconciliation#} gross error detection® data setol A 3€] X4 (balance
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Latent PCA(%) PLS(%)
Variables X Y X+Y Linear Spline(nonlinear)
1 72.7 62.9 69.3 X:72.1 Y418 X:72.1 Y424
2 84.7 78.7 83.1 X:84.5 Y:69.1 X844 Y:714
3 93.2 87.2 91.1 X:93.1 Y:71.7 X:93.0 Y:74.1
4 97.6 924 95.5 X975 Y:75.3 X:97.6 Y:77.1
5 98.7 94,9 97.2 X:98.7 Y:804 X:98.6 Y:83.6

Table 1. Cumuative % Sum of Squares Explained by the PCA and PLS

equation) ¥} BF-E4]1Z o] &3] TA}l Uo]HE WEUT. PCAPLSS HEE 93
A ®2A} dlo]lEl o] random errorE T3] 21, mean centering Mg P} o] dlo]HE
normal operating condition (NOC)E 7}A 3|4 PCA/PLS A8 Sy Gross
emort AAFSEA s AH Yo data se33)e] 4HA Wl gross
errord] HF3e & FE FAG

PCA/PLS: 749 W& gress error detection A E YolH 7] 3 PCAY 7
% X, Y, XY-blocke2 ro] HEFHow PLSY ¢ Edo v M E
linear-PLSE -8 3]& uj =t} nonlinear-PLSE &3S o BHo o Aot
Z+zte] 7 9d digt A} Table. 10] #A3H

Detection ¥} Identification: Gross error detection2 9§t NOC2] montoring chart
(Fig. 1 and Fig. 2)& It} Fig. 18 27§12l Latent Variables (LV)ol ™ §h score
charto]ny, A X AL 23z 95%% 99% confidence regiong F A3t} Fig. 2+
z} ¥ 5o] 3l Squared Prediction Error (SPE) charto]t}. 2 &t olE]ol gross error
7} &8 7§ score chartv} SPE charte] UebbAl €k Fig. 13 Fig. 2014 33
WA data setol] gross error’} ¥ @EHASE el Ut Monitoring chartE& %
&M gross error7t X g€ TlolE7F HEHES € & Utk SPEx ol TS F
=2 FEF] YA 33 A data sete] Prediction Error (PE) chart (Fig. 3)&
EYd@ o o] chatZHE 1, 4, SR o A7 ASFE ¢ F At AT
83 ol WF £ B sle g A JdeA HA¥ 5 Uk BxFHo
2 BAZ 2de d4E dolry) A 33U A data set2] Identification (ID) chart
(Fig. & =Yt ID charts PCA/ PLS Yol 3 LVel B& gho] #3)7]
g Bofl LVi()gkoegel 2t FA H4e dH3lHS BASAY. Fig 494 Bx%
o] 41 Wl F3o g 33UA data seto] (T2 olFHIFE ¢ F U

o] AL gross errordl]l el 4@ 3F A3} Philips7} A Al g BHHE} detection
7} identification A& F& FHe2 et FAHANA LI raw daag
PCA/PLSE o] &3} gross error detection #}38 3§ F 7E € gross erorg B}
el 0 2 Data reconciliationd}¥= A 2-& algorithmo] A|AJE 4 AW
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Fig. 1. Score Chart; t;-t; plane; A gross error exists Fig. 2. SPEx Chart; A gross error exists in data set
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Fig. 3. PE Chart; Pridiction errors in the individual Fig. 4. ID Chart; Variable contributions to the
process variables contributing to SPEx at change in t| from center of ¢,-t; plane
data set 33



