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Artificial glowworm swarm optimization algorithm with Gauss mutation

MO Yuan-bin LIU Fuyong ZHANG Yu-nan
( School of Science Guangxi University for Nationalities Nanning 530006 China)

Abstract.: According to the basic glowworm swarm optimization algorithm problems in solving the function of global optimal

value the paper put forward an artificial glowworm swarm optimization algorithm with Gauss mutation. The algorithm used a

Gauss mutation strategy in the firefly mobile process to prevent the algorithm into a local optimum in a certain extent and ob—

tained a more accurate solution. Finally

the test results of six standard test functions show that

the improved algorithm has

higher convergence speed solution precision and convergence rate of success than the basic GSO algorithm.
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