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Abstract : When an individua is closed to the optimal particle, its velocity will approximate to zero. Thisis the main
reason why particle swarm optimization (PSO) algorithmisprone to trap into local minima. A reslient particle swarm
optimization (RPSO) is proposed, in which the velocity of an individua is not dependent on the size of distance
between the individual and the optimal particle but only dependent on its direction. An adaptive scheme is adopted to
adjust the magnitude of the velocity resliently. Finaly, RPSO isapplied to optimize severd test functions. Smulation
results show that RPSO can find global optima effectively.
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