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Abstract: A new structure for D-FNN and its learning algorithm are put forward. The structure of this D-

FNN is based on RBF neural network. In the new algorithm and structure, generation of fuzzy rule is de-

termined by the output error and the effective radius of the accommodate boundary. At the same time, the

application of pruning technology makes a simple network structure, fast learning speed and generalization

ability for system. The new algorithm is discussed in detail and compared with correlated algorithms. By

these technology methods, the unique advantage of D-FNN is found. At last, simulation program for D-

FNN are wrote and the concrete cases are run in the program. Simulation results show that the new D-

FNN has a compact structure and excellent performance.

Key words: dynamic fuzzy neural network (D-FNN) ; radial basis function (RBF) ; fuzzy rule; pruning

strategy
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Fig. 1 RBF neural network structure
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Fig. 5 D-FNN prediction of test results
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Table 3 Comparison of different structures and properties
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