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Frequency-conversion sinusoidal chaotic neural network with
disturbance feature

HU Zhigiang'?, LI Wenjing"’, QIAO Junfei'’

(1. Faculty of Information Technology, Beijing University of Technology, Beijing 100124, China; 2. Beijing Key Laboratory of Com-
putational Intelligence and Intelligent System, Beijing 100124, China)

Abstract: In this paper, we propose a novel frequency-conversion sinusoidal chaotic neuron model with a disturbance
feature to study the anti-disturbance ability of the frequency-conversion sinusoidal chaotic neural network (FCSCNN).
To do so, we introduce trigonometric function and wavelet function disturbances into the internal state of the chaotic
neuron model. We present a reversed bifurcation diagram of the chaotic neuron and a time evolution diagram of the Lya-
punov exponent and then analyze the dynamic properties. We constructed a new transient chaotic neural network
(TCNN) using the novel chaotic neuron model. By selecting different disturbance coefficients, we performed network
function optimization and combinational optimization. Simulation results show that the FCSCNN can effectively solve
function optimization and combinational optimization problems with appropriate disturbance coefficients, which demon-
strate the strong robustness and anti-disturbance ability of the model.

Keywords: disturbance; trigonometric function; wavelet function; chaotic neural network; frequency conversion sinus-

oidal; combination optimization
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