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Abstract The union of fuzzy logic and the neural network forms the fuzzy neural network, it simultaneously has the advantages of expressing the
human knowledge, storing and learning distribution information storage. This paper proposes a Dynamic Fuzzy-Neural Network(D-FNN) algorithm
based on parameter adjusting. It uses Extended Kalman Filter(EKF) method to divide the overall algorithm into the linearity and the misalignment
part. The linear parameter is decided by Least Squares(LS) method and the filter method, the misalignment parameter is directly decided by the
training sample and heuristic method, the linearity and the misalignment parameter can carry on the real-time renewal. Simulation results indicate
that this algorithm can guarantee more succinct structure and shorter learning time.
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(Adaptive-based Neural-Fuzzy Inference System, ANFIS)
(Orthogonal Least Square network, OLS)
(Radial Basis Function-Adaptive Fuzzy

System, RBF-AFS) n=500, p=6
3
D-FNN 10 100 0.008 2 0.008 3
ANFIS 16 104 0.001 6 0.0015
oLS 35 211 0.008 7 0.008 9
RBF-AFS 21 210 0.010 7 0.012 8
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