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A novel chaotic neural network
with Gaussian disturbance and its application

XU Nan', LIU Guiyang', XU Yaoqun’

(1.College of Information Technology, Heilongjiang Bayi Agricultural University, Daging 163319, China; 2. Institute of System Engi-
neering, Harbin University of Commerce, Harbin 150028, China)

Abstract : A Gaussian function disturbance item is added into the internal state of Chen’s chaotic neural network for
examining the anti-disturbance ability of the new chaotic neural network. The chaotic dynamics behavior of the sin-
gle chaotic neuron is analyzed. The chaotic behavior is affected by the parameter of the simulated annealing and the
width of the Gaussian function. The Gaussian curve and the change of the inside state are analyzed in different
widths. The amount of disturbance depends on the width. This chaotic neural network with Gaussian disturbance is
used to solve traveling salesman problem. The simulation results indicate that this network can avoid the limits of
being trapped into the local minima and its capability of resisting the disturbance is perfect.
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