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Abstract: A new algorithm which uses D-¥FNN Gauss function as a network activation function and
fuzzy membership function is proposed. The algorithm obtains strong global mapping generalization abili—
ty and effectiveness in local refinement and adopts eigenvalue decomposition pruning technology to ena—
bles more compact D-FNN structure to avoid the phenomenon of over fitting. Finally the algorithm is
confirmed through the Hermite polynomial approximation to approach ability of validity. The simulation
results show that the eigenvalue decomposition of pruning techniques and Gauss activation function of D—

FNN has good performance.
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Table 1  Contrast of the different algorithms

in the structure and properties
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Table 2 RBF unit distribution
D-FNN OLS
1 0.516 3 3.8071 -1.0229 1.2012
2 -1.5805 4.086 4 1.592 4 1.201 2
3 2.770 2 4.8312 -1.0191 1.2012
4 -3.8251 3.9764 2.075 6 1.201 2
5 1.681 0 1.1980 -0.6863 1.2012
6 -0.4198 1.0298 2.317 4 1.201 2
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