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Abstract: To overcome the disadvantages of particle swarm optimization ( PSO) algorithm such as premature bad conver—
gence rate this paper presented an improved algorithm ( CBMPSO) . The algorithm first made the initial population in the
searching space evenly distributed then calculated the initial and the opposite ones’ fitness value chose the better ones as
the initial population. Added global poorest position to the update of particle position and started corrofactor and bilingual
learning Mechanism randomly. The numeric experiments indicate that the new strategy can not only speed up the convergence
but also can avoid the premature convergence problem effectively.
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