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STUDY ON THE STRUCTURE OF RECURRENT COMPOUND
FUZZY NEURAL NETWORK
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Abstract: This paper studies the dynam ic structure of a type of com pound fuzzy neural netw ork, which

can effectively use the process know ledge. The netw ork has the ability of dynam ic mapping by adding recur-

rent nodes in the second layer of the function netw ork of the com pound fuzzy neural netw ork, so it would re-

alize the good response to the dynam ic system. Simulation has been made with a dynam ic nonlinear m odel,

and the result shows that the com pound dynam ic fuzzy neural netw ork is better than the static netw ork in

convergence rate and prediction precision, and has a smaller netw ork size.
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3 EHEI( Learning algorithm)
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4 i EWFT( Simulation)
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