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METHOD FOR IMPROVING CLASSIFICATION
PERFORMANCE OF NEURAL NETWORK BASED ON
FUZZY INPUT AND NETWORK INVERSION
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Abstract: In order to effectively improve the classification performance of neural network , first architecture of fuzzy neural
network with fuzzy input was proposed. Next a cost function of fuzzy outputs and non-fuzzy targets was defined. Then a
learning algorithm from the cost function for adjusting weights was derived. And then the fuzzy neural network was inversed
and fuzzified inversion algorithm was proposed. Finally, computer simulations on real-world pattern classification problems
examine the effectives of the proposed approach. The experiment results show that the proposed approach has the merits of

high learning efficiency, high classification accuracy and high generalization capability.
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Table 1 Simulation results on wine data
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Table 1 Comparison of training efficiency
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Fig. 3 Simulation results on iris plant classification problem
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