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Optimization of Dynamic Neural Networks Considering Stability

and Design of Controller for Nonlinear Systems
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: This paper presents an optimization algorithm for a stable Self Dynamic Neural Network(SDNN)

using genetic algorithm. Optimized SDNN is applied to a problem of controlling nonlinear dynamical systems.
SDNN is dynamic mapping and is better suited for dynamical systems than static forward neural network. The
real-time implementation is very important, and thus the neuro controller also needs to be designed such that it
converges with a relatively small number of training cycles. SDNN has considerably fewer weights than DNN.
Since there is no interlink among the hidden layer. The object of proposed algorithm is that the number of self
dynamic neuron node and the gradient of activation functions are simultaneously optimized by genetic algorithms.
To guarantee convergence , an analytic method based on the Lyapunov function is used to find a stable learning
for the SDNN. The ability and effectiveness of identifying and controlling a nonlinear dynamic system using the
proposed optimized SDNN considering stability is demonstrated by case studies.
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Fig. 1. Structures of feedforward neural unit.
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Table 1. Fitness and mean square error for case
study 1 after 15 training cycles.

Fitness, MSE Fitness 270.27
(before Optimize) MSE 0.0037
Fitness, MSE Fitness 2618.126
(after Optimize) MSE 0.00038
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Table 2. Fitness and mean square error for case
study 2 after 15 training cycles.

Fitness, MSE Fitness 75.71576
(before Optimize) MSE 0.0132
Fitness, MSE Fitness 82.6446
(after Optimize) MSE 0.0121
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Fig. 6. Fitness of genetic algorithm for SDNN.
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Fig. 10. Control performance when system para-
meter a and b are varied 0.8 to 0.6 and
1.2 to 0.8 at 70-th sampling time (after
15 cycles).
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meter a and b are varied 0.8 to 0.6 and
1.2 to 0.8 at 70th sampling time (after 15
cycles).
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