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Non-linear PLS based on non-linear principal component

analysis and neural network
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Abstract

: This paper proposes a new nonlinear partial least square method that extends the linear PLS.

Proposed nonlinear PLS uses self-organizing feature map as PLS outer relation and multilayer neural network

as PLS inner regression method.
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1. A&

PLS(partial least square or projection to latent structure)e =
olz7} 43t Wsie] AudAr} s, ATE 4 soluHy
o] EAste FAE d3l 2 AAPFTE Hole thiIFA
Aoz oAudLsuty YAHARYE FAEG 4Y PLSE
NHHP/Y PAHIARLZ APPPYEL AHEEA Hed, AA4F
o2 etz dolejgl 2 dAdelEde vdY BAS &
Agte Zol YWrFHolm g o2l vidy BWALE Al A8
Ae Adindze B5Esie Azg udy mdol "ash) #
ot olg 93 JHIARdE 233 HARYL o]k
QPLS(quadratic PLS, Wold, 1989), A|2Rcls 8A4F AALS
o]-8% NNPLS(neural network PLS, McAvoy, 1993), RBF(radial
basis function) 4173%-& o]8& RBFPLS(Wilson, 1997) %ol =gt
ok o] WHEL AP HY¥rdg o]§3stn Yo
o JyHAARAR o8 7}x] FR/Y v AAZYE ARSI
t}. E. Malthouse(1997)= #A5LEes 3l A5aduiw
(AANN)>E AMS-8tT JAHIARDZE AFYE ARgshe Hdg
PLSE Attt

stetaAe EAESEr B W8 5ol A7) el
PLS, PCA(principal component analysis)$t 22 thgizk E21713
Eo] FHZA, FARVEY, F229/MEL, FAHA ] Fo AHeH
Ak ol HHEE o8 &2HA(physical law)ell 7|¥gk 48
AL 24E HE F gAY £83 2dE A$e Rl 5T A
s 3eFHI ol £ APFY AE P BIH =,
FAold, P Fog sty olE&H]) Rdz FHAFE 49Ut
€ o] olgE 4%, #AHY FAuOEE o8t H¥H Ty
(empirical model)& Al$-ed AMS-HT Ut 493 2de do]
HE o83ty zde Fxo 2d WALE ZAPse g
(training)#} 8812 &2 dloled) g 2do Yuks}l S
HAEsle #3-& AA £P9ch 483 2l bolelg 7yte
g2 3leg zd4yde A dHolsee 339 o8 kX ASE X
gl gdojor 3o o4 AHEE Holt dolE(oudier)v LYFH
o]FHel A AHE]oo} i},

E AFoME H4Y PLSE 7iAMsie «AdAuEn yAgAny

2 vdy 2dg AMgsle vdE PLSE A s oi3 sy
e Abed 7Vak(projection-based) ¥E}E2) Principal Curve 21
gEFE AAge g FHF SOFM(self-organizing feature map)2
o] &8t ¥, WEHYHEZUL universal approximatory) &A1 3]
Z9(multilayer feedforward neural network)E AHE-3lgich g
I, AGY viMY PLSE ol SR BAEHY =4
£ 4&3E FEZUL St ALA.

2. o] &

1. PLS(partial least square)

PLSE He|gg] xojz7} Aitn dAfel AR F 7
20 283 HANYF S Bole ohiy FAEY JIYlez X
Allouter relation)st WA BAl(inner relation)2 o] Foiz|of
MLR(multiple linear regression)°lt4 PCR(principal component
regression)°] vls] Hold A (robustness) S Bt

AHBAE HeEfeZ PCA FHE HF NIPALS ¢&E
< olgslg thEF 9&Y deolEyt Z4 A3 dElinear
transformation)& AX Y&9 scored V=t FHAHolck WATA
v ARdE FHA2sY(least square)E o) &35le] 2 HHPS A
U2 Y429 score HEIENY] U¥YARAE FYS

PCAYE dlojg] FZteiA HolHR2 X} He 538 JAddz A
2 AREE QJRE 5L stz olF £ox HAMY He
¢S 2 Zoll R 2L FHFGL R Fe WPt} oln] MFH
Aeol® 2& PC(principal component)2}il &} 29} wWrE)E
loading vector, £2.29] At g€ scoregt gl PCA ©| &9
o3} UM S9] loading vectors zZ#E X(RV™Me FEAE
#(covariance matrix)2] T4 El(eigenvector)7t ¥tk DA
(eigen value) A;(=12m)E Z7icoz wWdy o, Aol lIsh
E ZHEr} 95 PCY loading vectorZt €t} o] IpHolA] 2
& TGS 7MAE PCE AAsA &H volge FRE €A &
oA YW (original variable)Rt} 2HEa-9] &4 ¥ (feature
variable)% 73 4 UA =Hol dio)y (AL E olF + UA ¥
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