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Keer = Y'[6,"T = Y'T[T'T)"'P" (3)

Y: F4 ¥

9ie} 2@, o] w FA3E(Principal Component)2]
N4 k7= Nonlinear Iterative Partial Least Squares
(NIPALS) &38]&-E ©]83ld F-test2H ZA3}1A
1} ¥4 W49 Singular Value Decomposition
(SVD)E %3} condition numberg FHAZ 3=
KAAAAE HHg).
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PLS= PCR(Principal Component Regression)[5]
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e | R
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19 3. PLSe] &

PLS &12&e =4 ¢d¥H3H outer relation)z}
WA 2d(inner model) YAE AXA Heudl, 24
W3S Nonlinear Iterative Partial Least Squares
(NIPALS) ¢ 8]FH< o] &3t oy &Y wlo]
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87 242 713 siA 233t de HEREH 4
oz 2L HE(P,C or principal component)S
AFojsta o e ALY E gk score HE(T,
U)E 9= #HHolth

18 Agg AH U2 JEY score HEE HA
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=& Auidsed o] ol W 2y Aol
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A WA 2d(inner relation)g <lv]dtc). 1g]al o
714 E, F, R Zz} 3 H(residual matrix)Eo]32 E
JF7F Haxvt Hol AY FA dF FRJ 0
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7} Aldtsle] A wi7kR), 99k 22 HAAo] wHE A
s} Ak o] W B Y FAHARES A B
4288 & Z7F= cross validationg ©o]&3t 2
Azt

PLS= 34 W4 E79 redundancy & 323}
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3-3 HIH¥ PLS
3-3-1. Artificial neural network PLS (NNPLS)
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Hehe bl o] 43N ()4, F WA 2dS
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o] WY FA Wezte g@Ae] PLS oF W
$¢ 5o Aol 24Y FHEoRA AW T
FAE BAER % scoredElo] BAE A7 F
29 o3 mdYsn ders, sEd 44
299 o3 APHo2 HojE) BuHe A
ztel7k ek A3 2 networkdrd 739 MIMO
(multiple input multiple output) networke]22 X
58 e wad ASAE FHser HE v
NNPLS®] network-2 SISOo|2 2 7}5x] =7} d A
Al EOlHOEM over-parameterizationg g
F e Zold E@ X H2ge) £ network
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3-3-2. Autoassociative neural network PLS

H]43 PLSe] o2 Ho v o =4 E. Malthouse
(1997)7} Autoassociative neural network-g 7]&.o
2 sh= HJYPLS WS ALsIYTh o] WEe
Kramer}Autoassociative neural networko] F3
Hee] A= AHEE, 3 WS e 7
& R AAXY & 33 FE, blojoj29 1 Fo
T 32 dHee FRAESH 2d9 ZaAde 44
=5 JNEE PHEE 5YH, F2 b oF
MY 739 F4 WH4EX autoassociative neural
network© 24 HAE AY §F ZdHL A
.

¥ 5. Autoassociative neural network
PLS(MISO)

o] WP ol AFE HHAFPLSIT 7|EY
PLSe] Mg 97 wge ag ussta W3 &
43 dAlo)lx ¥dE FAE AHES W, Auto-
associative neural network PLS & &A=+ 33
HeE 2 4 dHesE7iEY HdE dB8s
autoassociative neural network® 24 g1z} 3
< o] 57& ¢ Apdolt

o|9} 78 Kramer?] 5% autoassociative neural
network H]Hd3 PCAo] Hygsivky RIHJE
o), 9 2Ho)A WEZ(bottleneck layer)S T3
£92 vB4dE PCE YvIsiy, vt o] EH3
& A= F4 e 2% H(hyperplane) 9}
sf& FA3= FAHE £ FIA(principal curve)
< ARg-3ka QUTh

. 2
J=i)=:]”xi —f(sf(X‘.))“ (N BB X, (HIoIH H) (8
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SAE AA 3 W F4 ¥ FHAHY #
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A, A% Y Aold] ek oy} AZE AMY 7]
S2A FEsH) d7E e HRHA G
SAA £4 W PCR, PLS, ¥lA¥ PLSY| w3l
A Z1EstRo

Qutxog thd FAAH 2] goodness of
fite R2 52 g3l 2383 2 63 5
< EPV(Explained Prediction Variances), FVU
(Fraction of Variance Unexplained) 5& %3 7}&
HejxH, o8 2d3} A5 (performance)s Bl i3}
312 & wl= PRESS(Prediction Error of Sum of
Squares), MSEP(Mean Squares Error of Prediction)
< o) &3

AZE AlMe 339 24 =5 7Y 33
HAY e F40] 715 F2 ¥U5E 333
71 43 AF S4He 49 A HFES o %
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-On-line process monitoring, diagonosis and
optimization

- Plantwide optimization and control

- Application of real-time information technology
to process systems engineering

- Intelligent systems



