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Abstract: Considering the difficulty in selecting the numbers and determining the locations of the centers of radial basis
functions (RBF) in the RBF neural network (RBFNN), a novel RBFNN is proposed based on the fast recursive algorithm
(FRA). Using FRA, we can determine the numbers and locations of the centers, and derive the weights between the hidden
layer and the output layer. The new RBFNN is used to fit a single-variable function curve and predict the Mackey-Glass
chaotic time series. The simulation results demonstrate the effectiveness and practicability.

Key words: radial basis function neural network(RBFNN); fast recursive algorithm(FRA); orthogonal least squares;

chaotic time series

1 5|E (Introduction)

RBF 128 M 4% —Fh i pa )2 . aristi 4, 2 HA
P 245 455 g 15 P | A 2 P S T i g 5 W0 R B A
KA RS i, ) 12 N R GRS R EOE
T P D AL P I ) A 0 A% T 3

RBFA1 28 [ 2% (1) A £ PV i 55 B ) AR BILAE e J2 ik
PR, TR O e 2 R R R . BRI
R R S 5 1 R A LR LR IR A RN e
5 (OLS) 2 H i F () — B 5 o S b oc i
J5 8%, AR AEIE SR RIS S5 S 18 1 e i 4 1
A8 de /N RSB (ROLS)F FH I 25 i 1F A H B o
(455 5, SR T3 48 1k, 3B 45 2 i S L8 j) 45 5k
ZERE N /N L, EOLSAHEL, 76 M 48 454 - —
SEMITRIAL: AL Skl A 4202 S ek Kok
OV, HRI i e 1S 2 R R, A B Rl —
2 i N 2RI, T I k- R 2R VE, 5 — Rl

WeRR H 3H: 2007 —01—16; & ek H 3H: 2007—12—22.

TN i R RTED] SR R R BRI S
2 1) pR AP AN B T R g AR AR S T
e N 22 AN IS, A AE 3 o SR 2RV E A B I By a5
B H BRI, A=A BT BT A H oK
FR L 27 30 f il 8 BE AR AR 3% 590000 (BESA) R 34K
TR T fift 2% 0] PRI 6 % A2 04T 2 0SBl LIS 2R, LA
B4 R AR, (HHAFAE VS K, R BEAS i 1R ke
iy

PRI A VLTS (FRA) & —Fh R (H BEIS 1% A
2 by HL RS Al VA R S 1) S, [RIOLSAH L
B, AT BT HBE A, VH R AR, B Re e
PESE SR, 2P D S B T AR LR PR (R .
I, A SCEHFRA S| FIRBENNH K % FERBE) H L
HURf 52 AN, T 45 B FRAY BB S H0ih 5k
SR Aff s I 4% B tH UL, JE e — 0 BR AR A 485 R
R ) P 1) ) 00N, K 56311 5 774 X % 0 A Rk

FEWH: K AREREE S I H (60774059, 60834002); i i BHZ5 % Bh I H (061107031, 06ZR 14131, 08XD14018); | ifg i #Z M St

RIEREEI H (06GG10).



828 oW s N M

25 4%

2 RBFNN % #J(RBFNN structure)

RBFNNYE 45 #4 Il & ANz B )2 A
JEU K, 7E M SRR E BRIV E SRS 2
BTG [R) SR FH L B WA, 1 B 2 5 i e 2 2 T )
R IR P SR A i e S B 2 P 1T 21, 5 ik
PURNE(F2TEHT R

fol@) = wo + gilm(um —aill), (1)
Hr: x e Ry EHIAME; ¢() &R — R

i) JE R 5w U ¢ WRBFIHL, 0 < i < nys
n HHO N

Kl 1 RBENN 544
Fig. 1 RBFNN structure
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predictive results
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Fig.2 The desire value and predictive value of

Mackey-Glass chaotic time series
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Fig. 3 Predictive errors of Mackey-Glass chaotic time series
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