$53E H3W
2014 4£ 5/

LR (EARRERD)
ACTA SCIENTIARUM NATURALIUM UNIVERSITATIS SUNYATSENI

Vol. 53 No.3
May 2014

M R iR &S o 9 21 D-FNN SRRESE

kB, BER, R
(1. B FRARFR B FE5L&TRFR, I & #hL 5280005
2. ARBIRFHINAFERRFR, L dw 210094)

8 E: D-FNN AR — DR TP R RBF Mm%, &l IE e — 1 TSK B &5, Wil &
WURIE T IH— i ST RBF $hZ %%, ZoC sk, =000, B &S M4 RN T 2 it ie, =it
b, SEUSTHS SRR RN SR T, RS R GRS B R SOASRL f S, A S A ol B — A
BRI FE2f > . REESHRNZ ALEE ) AT T 05 ELSC 86, {5 LS SR 3 W] D-FNN LA BT {7 35 1 465 4 A0
RGeS

KB : ShABMI R RLE; BN iR s g

hESZHES: TP183  XEAEREM: A XETHS: 0529 -6579 (2014) 03 —0024 - 05

Research on D-FNN Algorithm Based on Gauss
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Abstract; Dynamic fuzzy neural network (D-FNN) , whose basic idea is to construct a RBF neural net-
work based on extension, could be seen as a TSK fuzzy system, as well as a Gaussian RBF neural net-
work based on normalized. In the algorithm proposed, fuzzy neural network does not need to be predeter-
mined before learning. During the process of learning, parameter estimation and structure identification
are done simultaneously, and a fuzzy rule would be automatically generated or deleted, according to the
system accuracy requirement and importance of fuzzy rules, Simulated experiments are performed in terms
of learning speed, system structure and the generalization ability. The results show that D-FNN has more
concise structure and more excellent performance.
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Fig. 1 RBF neural network structure
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Fig.2 RBF neural network approximation
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Fig. 3 Fuzzy rule generation
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Fig. 4 Training data root mean square error
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Fig. 6 Training data root mean square error
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