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A Self- Corrected Filter Based on Fuzzy Neural Network
and Pole Allocation
Su Jinlong Dai Zaiping

(College of Info. Sci. & Eng., Huaqiao Univ., 362021, Quanzhou, China)

Abstract The fuzzy Hopfield neural network is applied to the design of a indirectly self comected filter, and the first order Taylor apr
proximate neuron output & taken as the method of parameter estimation. Moreover, the fuzzy Hopfield neural netwoik is applied to self
corrected filtration; and the design method of this filter is applied to image denoising, which results in a fairly satisfactory filiration. The
results indicate that it is fairly practical to design a fiker by using self corrected contol method based on fuzzy Hopfield network and pole
allocation.
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