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Shannon wavelet chaotic neural network and its solution to TSP

(traveling salesman problem)
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Abstract: Chaotic neural network has been proved to be a valid tool for solving combinational optimization problems.
Referring to the monotonous activation function of chaotic neural network, we present a novel transient chaotic-neuron
model by introducing the Shannon wavelet and the Sigmoid activation function to compose the non-monotonous activation
function. The reversed bifurcation and the maximum Lyapunov exponent of the chaotic neuron are given and the dynamic
system is analyzed. Based on the neuron model, a novel transient chaotic-neural network is made and applied to function-
optimization and combinational optimization problems. The simulation results of TSP in 10 cities indicate the validity of
this novel transient chaotic-neural network.
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Fig. 1 Figure of reverse bifurcation at 3 = 0.004
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Fig. 2 Evolution figure of the maximal Lyapunov
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Fig. 3 Figure of reverse bifurcation at3 = 0.002
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Fig. 4 Evolution figure of the maximal Lyapunov

exponents figure at 3 = 0.002
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Table 1 Simulation result of different annealing speeds

8 Bk AR AiE% A%

0.003 2000 1913 100 95.65
0.0008 2000 1993 100 99.65
0.0046 2000 1997 100 99.85
0.0002 2000 2000 100 100
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Table 2 Simulation result of different annealing speeds

B AR AR A% ARk %

0.003 1989 1806 99.45 90.3
0.001 1999 1999 99.95 99.95
0.0008 2000 2000 100 100
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Table 3 Simulation result of different annealing speeds

8 BEEL AR A% AR %

0.003 1975 1811 98.75 90.55

0.001 1999 1997 99.95 99.85
0.0008 2000 1997 100 99.85
0.00046 2000 2000 100 100
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