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Abstract : A dynamic changing multi-objection particle swarm optimization (DCMOPSO) algorithm is proposed, in
which inertia weight and acceleration coefficients are dynamic changing to explore the search space more eficiently.
Crowding distance is used to maintain the external archive and mutation operator mechanism is aso adopted to
maintain the diversty of non-dominated solutions. The globa best location for every particle is selected in the
procedure of external archive maintenance. Some benchmark functions are tested for comparing the performance of
DCMOPSO with MOPSO and NSGA- . The results show the feashility of DCMOPSO.
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