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A Robust Learning Algorithm for System Identification
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Abstract : Highly nonlinear dynamical systems are easily identified using neural networks. When disturbances
are included in the learning data set for system modeling, modeling process will be poorly performed. Since the
radial basis functions in the radial basis function network(RBFN) are centered at the points specified by the
weights, RBF networks are robust for approximating the process including the narrow-band disturbances
deviating significantly from the regular signals. To exclude(filter) these disturbances, a robust algorithm for

system identification, based on the RBFN, is proposed. The performance of system identification

excluding

disturbances is investigated and compared with the one including disturbances.

Keywords : system identification, radial basis function network(RBFN), robust learning, disturbance filtering

1. 4&

H A o] 3 A|AHL A2 £3F gy FAE o83
o AAEPez 2dyPY £ Atk A2 AgAle FAHPG
AM9 FS(noise), A& vl FoT U A2de Y&y T/
Aol ole] TE dlolEZt EAY BL A=Y g Aoz =y
BY £ g F&  digolMe P I (narrow-band
disturbances)® F82Q MAHoA E3) LA Aojgp Al
d 2dgd) B 2AHL o7k oY MMl FARHE 9
BAEE AA A2 2dy Ae-E Pdstaat e A7t
Y= s, 8l

radial basis function network(RBFN)< Z dld 998 #30
o 7Z1ATr2 vehye v F& dgol URA B 54
£ 7HA 2313 olgg AAg Lol XHE ulolely B
2839, 7 dolydA Hojus AF AFZAE A5F NI
o gigsleie & AR2gae g olet ¥ AExE
A Fe A A" wdPo] 715 Aolc}

RBFNS o]&3ld Axade) &8 Aol Ege LS 3o}
ol AAstn AAY Al2"F9 Q&Y dolHE o83ty ZFv
5ol I AaW 292 FPT ol A AlF AAF
A2 298 JE-g AEn AYgd 2y VYL 3L %
F& Aade HEdo BFe

2. &= w32 93 Radial Basis
Function Network(RBFN)

21 378 d# =& 7}A&= RBFN(GRBFN)

RBFNE 2] ()7 & v ¥ radial basis function(RBF) ¢(x)
9] AyAFez vMY F54E AR, 91

F) = S (1)

o714, RBF ¢dv 48 HE x5 FHYE cAlojel Az
r=llx-clidl Q&ste dald 2 dd. dEHA RBFE %

AEE oM HAEg 7HAT S0 Art BolFd4E gz
Zasle 4 (29 Gaussian 47 ot
— )2
$i= lllx— el = exp| -2 @

4] (2)9) Gaussian F4E RBFE AME31d w43 44 (DL
(x— u;)*

Fx)= ‘éﬁw,exp{— 5 3}

o} zch 4 (3)3 2e RBFNY #¢ Felujee RBFY F4i¥H
us} £ g SAF=(weight) wo]Th

5 709 dgES x, yok dhde) 23d5 Of 7FXE RBFN
9 =& 23 13 go. &49Fo| RBF Qe F3yPsing 7
Z7} QurEY ARy YR pasin. £33 8 o] RBF
&Yt MAgelnz HdFE OF HAYEERY A 0w
o F£E&5cx wa

713 1. Radial basis function network(RBFN)9] F+=

Langari$} Wang2 4438 A3%2% ;2 7IA& RBFN® 2
2 d=AE xo dyAPon o|FoiA IAAAREE HAE
RBFN(generalized RBFN-GRBFN)S AgtslHcie]. dZ <ol
9E3e AAUE ot 2 W9 2 45E REY d¥g g
e F71 Fojue 9E 237t 254 Ed6l

w, = a,Tx+b, (4)

200



