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(Design of Neural Network Controller for
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Abstract

This paper presents a design method of the neural network-based controller using an indirect
adaptive control method to deal with an intelligent control for chaotic nonlinear systems. The
proposed control method includes the identification and control process for chaotic nonlinear
systems. The identification process for chaotic nonlinear systems is an off-line process which
utilizes the serial-parallel structure of multilayer neural networks and simple state space neural
networks. The control process is an on-line process which uses the trained neural networks as the
system model. An error back—propagation method was used for training of identification and control
for chaotic nonlinear systems. The performance of the proposed neural network controller was
evaluated by application to the Duffing equation and the Lorenz equation, and the proposed controller
was compared with other neural network—based controllers by computer simulations.
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Table 5. Parameter values for off-line identification of Lorenz equation.

Method | EwTons in | learning rate of | mon number of | leaming

model rnodel past Input- 1 iteration
MLNN 20, 10 1.0e-4 1.0e-9 2,2,2 1 600,000
SSSNN 20, 10 1.0e-4 1.0e-9 220 1 600,000

(60)
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Table 6. Parameter values for indirect adaptive control of Lorenz equation.

Method neurons in “confroller controller nurriber- of number - of
controller learning rate momentum past plant past-input
MENN 40, 20 1.0e-6 1.0e-6 000 1,1,1
SSSNN 40, 20 1.0e-6 1.0e-6 0,00 1,1,1
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Table 7. Results of control of Duffing equation using NN.

svsteri Controller off-line Identlﬁ - Control error | Control- input
VS learning ' rate (on-line o MSE) ratio
DAC 1.0e-7 0.6622 6.7559
IAC 0.01300

(MLNN) 1.0e-2 (0.4155) 0.0668 1.0003
IAC 0.0110

(SSSNN) 1.0e-2 (0.4124) 0.0110 1.0000
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Table 8. Results of control of Lorenz equation using NN.
’ System o Oor3troﬂer ‘ { off-line Idenuﬁcatlon error Control ertor Controll input
learning rate {on-line error) ratio
0.8782,
DAC 1.0e-10 0.8792, 1424
: 9.7870e-8
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