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Abstract:[Objective]J Aiming at the shortcomings of the standard particle swarm algorithm in
application,such as slow convergence speed,low precision and easy to fall into local optimum at
the end of iteration,an adaptive particle swarm optimization algorithm based on disturbances is
proposed. [Methods]The main improvement strategies were as follows:1) The disturbance fac-
tor was added to the velocity updating formula,so that the population search range was expand-
ed;2) The adaptive inertia weight was exponentially decreased in order to balance the global and
local optimization;3) An adaptive Cauchy mutation on the best particle was added to expand
the search space and reduce the possibility of local optimum. [Results]Through the experimen-
tal simulation and comparison,the proposed algorithm could enhance global search capability,
and had a higher optimization performance,so the convergence precision and convergence speed
of the PSO were improved obviously. [Conclusion] The proposed algorithm could overcome the
shortcomings of the standard particle swarm algorithm and provided a scientific basis for fur-
ther research on the improvement and application of particle swarm algorithm.
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