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Design of Radial Basis Function Neural Network(RBFNN) Structure Based on PSO
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Dept. of Electrical Engineering, The Univ. of Suwon
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Performance Index
Model PI EPI
Regression model 17.68 19.23
FNN Simplified 6=04 6.269 8.778
(GAs+Complex)|  Linear 0=02 3725 5.201
Multi-FNN Linear 6=0.75 0.720 2.025
Constant 7.147+1.095 | 8.383£1.307
Linear 0.015+0.019 | 0.191+0.259
Our model Quadratic 0.007+0.061 | 0.087+0.064
M-Quadratic 0.012+0.013 | 0.077+0.082
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