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Monitoring of Gas Process Using Functional-Link-Associative Neural
Network

Junghwan Choi, Yoonsik Kim, Ku Hwoi Kim, En Sup Yoon
Division of Chemical Engineering, Seoul National University, Seoul 151-742, Korea
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Scale-space Filtering

Multivariate Process Monitoring
Using FLAN

Fig. 1. Outline of Suggested process monitoring
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Input Mapping Bottleneck Demapping Output
Non-linear Non-ALinear  Non-Linear  Nor/-Linear

Input Mapping Bottleneck Demapping Output
Non-linear Non-/Linser Non-Linear Non/-Linear

(a) ANN (b)FLAN
Fig. 2. ANN and FLAN
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{b) Real and predicted data of boiler water supply unit
Fig. 3. Modified FLAN

o] RdEl FFHE HolHEL ANN# FLAN, modified FLANS 7HxX) 3 353+ E

20000102 BAANAEI THEAZ A3} ANNS 7ZH$, SSE(Squared Sum Error)7}

0.22, FLAN®] 0.11, modified FLAN®] 0.13¢] Y $tt}. FLANS 7% -9-% sine, cosine®y &

o] &3l JHEL FAAZA oW, modified FLANS! 7Z$& FC2002¢+ FC2002M< sine,

cosine2. 2, FC2002S¢+ LC2002M, LC2002, LI2002AE Al¥< A d=HE& FFAAA
— 234 —



&t& li’i

AR% 727 d27] g 27 d&EZA(weight)o] FY3tAE E@PA 9, FLANT
modified FLAN—J T¥Ado] ANNET ¢ 488 ¢ + vt FLANY Z$+ 6749
dH L sine, cosineeZ A7) wFol, AHo] 18/ E FAo] A2, modified FLAN
o ALE UM FFo) Huz e 349 AANL duaE modified FLANS 727}

AdAZEl O AA SRt AAZ HFERY FABAE 23 Y A, B AFAA
Ak modified FLANS H&3H, stFAIzte ox 8 2A 29 & d& Rolt. =%
HMFEEY AoddE REdigs, 2 dLse JHFAL 2dgozn 48 AANES
dBHog FFsE ARTG o &3 dFS £YPF + Uk

4 A=

£ dFdAe fdE8use Mg S 3 dHE LS ¥ FLANEG ol &% T3
A& AT o]& T3 FLANY 9#3<Q 48 &Fo] ofyg Juisdz 3
A 48 T3 dHS FAFEE o AN dF5EES A Y 5 A}

o

ag
1. Babaud J., A. P. Witkin, M. Baudin, R.
Kernel for Scale-Space Filtering, IEEE Trans. Pattern Analysis Machine Intel. vol. 8§,
26-33, 1986.Dong, D. and T. 2. J. McAvoy, Nonlinear Principal Component Analysis
Based on Principal Curves and neural Networks, Computers chem . Engng., vol. 20,
no. 1, 65-78, 1996.

3. Kramer, M. A., Nonlinear Principal Component Analysis Using Autoassociative
Neural Networks, AIChE Journal, vol. 37, no. 2, 233-243, 1991.

4. BRF, 28" 7IEF A4 AY AAZFES o]&F HAN 3
g A7, A =E, el 3333, 1998

5. A&, HAA Aol AAA A S AT Scale-space SHH 71 &3
TE o 1?’& AT, A =R, AEdsta 383 eIt 199%5.

o

Duda, Uniqueness of the Gaussian

ol

A Al

— 235 —



