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Abstract : Based on the analyss of the mutation operator having impacts on the particle swarm optimization, a global
Gaussian particle swarm optimization (GGPS0) is proposed to overcome the problem of previous algorithm. A global
mutation operator is used to make the particle have excellent ability of search in a global scope. Meanwhile this
agorithm can converge to the global optimization solution with probability one. Furthermore, for improving the
searching ability in local area, the agorithm uses the local mutation operator to make the algorithm behave well in
local searching. Experiment simulations show that the proposed agorithm has powerful optimizing ability, good
stability and higher optimizing precison, 0 it can be applied in optimization problems.
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