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RBFNN algorithm based on hybrid hierarchy genetic algorithm

and its application
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Abstract: Based on the study of RBFNN (radial basis function neural network) training algorithm and genetic algorithm,
a new RBFNN training algorithm—hybrid hierarchy genetic algorithm is introduced by combining hierarchy genetic algorithm
and least-square method. The hybrid algorithm greatly increases the training speed while is still able to determine the structure
and parameters of the RBFNN from sample data. The new training algorithm is used to identify and predict M-G chaos time se-

ries, and the simulation gives staisfied result.
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1 3|5 (Introduction)

A% [ B 2 N 4% (radial basis function neural net-
work) , R ARMERNE REW — T MEEifk. 7
AN EE T, B J& R 38 & #9832 B (recep-
tive field) . 42 38 A% 413X — %% 25 , Moody #1 Darken! !
8B T & 1 & 2 W 25 (radial-basis-function neural
network , {8 Fk RBFNN) , X FR i J5 B 8% 32 i M 2 B 4%
(localized receptive field network) (2] . 12 [51 2 ¥ & R 45
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en 955 101 IR 4 3% #3525V 11 45 F RAN (resource
allocation network) 33 16-91 (B I3k 9 4 P B30 R
RERGERIMIAMNHEAT, 2 MNEAKIE T

R H 35 :1999 — 11 - 29; i BORE B 39 : 2001 — 05 - 31,
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2 FREMENKNEMEREEIHEZE
(RBF neural network and its training algo-
rithm)
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Fig. 1 Model of RBF NN
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3 EMERMEREBNRESEHEEEE
(RBFNN algorithm based on hybrid hierarchy
genetic algorithm)
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Fig.2 Chromosome of hierarchy GA for RBFNN
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Fig.3 Chromosome of hybrid hierarchy GA for BRFNN
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Fig.4 Hybrid hierarchy genetic algorithm for training RBFNN
4 BETFESEMEREINENERNEN
e S Sk 7R 7 1E B 5 W A A R
F (Training RBF NN to identify and predict
M-G chaotic time series using hybrid hierar-
chical GA)
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Table 1 Comparison between hybrid hierachy GA
and hierarchy GA
. n s BEBE
B RIER A
AR E 1000 30
i g8t 8] /#5 2671.740 244 2340
T2 R 48 FLE 15 2
NI 0.0276 0.0034
B 0.0302 0.0034
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Fig. 5 Training RBF NN to identify M-G chaotic time
series using hybrid hierarchical GA (A7=20)
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B EBON nne = 25, BB 30. Y1 4R 55 R 10
B 5 Bis,30 384k, 5 F CPU BT 8] £ 245.3430 # .
YIZRE AR 4E BT S B0 19, U 4 5088 F AR X
R34 0.0150, Ky 56 HIE HF HAHXT R 25 0.0160.
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5 451t (Conclusion)
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