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Fig. 2 A 5-layer auto-associative neural network for training parameters
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Fig. 4 Mean square errors between y(¢) and y * (¢) calculated in a moving window (input 1)
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Fig. 5 Mean square errors between y(¢) and y * (¢) calculated in a moving window (input 2)
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Abstract: A quasi-ARX multilayer learning network prediction model was established and ap-
plied to the adaptive control of nonlinear systems. The kernel of the model is an improved neu-
ro-fuzzy network: one part is a 3-layer nonlinear network with an off-line training self-associa-
tive network, the other part is a 3-layer neuro-fuzzy network adjusted online. Accordingly, the
parameters were classified and the corresponding estimation algorithms were given. Then, the
controller design scheme was proposed based on the advantages of the macrostructure of the

model. Simulation analysis verifies the effectiveness of the proposed model.

Key words: quasi-ARX model; multilayer learning network; adaptive control
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