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Abstract A hybrid particle swarm optimization with multiply strategies (HPSO) was proposed to solve the problem of
being easy to get into the local optimum and slow convergence speed for particle swarm optimization algorithm(PSQO) in
dealing with some complicated optimization problems. The HPSO uses the opposition-based learning strategy to genera-
te the opposition-based solutions, which enlarges the search range of particle swarm,and enhances the global exploration
ability of the algorithm. At the same time,in order to jump out of the local optimum,the HPSO performs Cauchy muta-
tion on some poorer particles to generate individuals that are far from the local optimum,and the differential evolution
(DE) mutation is employed to remain individuals to improve the capacity of local exploitation. The above strategies are
combined to balance the abilities of global exploration and local exploitation, which are expected to solve some hard opti-
mization problems better, The HPSO and other three well-known PSOs were compared on 10 benchmark test instances

experimentally. The results show that the HPSO performs significant advantages over the compared algorithms in the
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solution accuracy and the convergence speed.
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