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Particle Swarm Optimization Algorithm Based on Dynamic Adjustment of

Inertial Weight and Learning Factors

WU Yonghong, ZENG Zhigao, DENG Bin
( College of Computer Science, Hunan University of Technology, Zhuzhou Hunan 412007, China )

Abstract: In view of such flaws as the premature convergence of the traditional particle swarm optimization
algorithm with its liability to fall into the local optimization during the optimization process, a particle swarm algorithm,
which is based on dynamic adjustment of inertia weights and learning factors, has thus been proposed. The proposed
algorithm improves the inertial weights and learning factor parameters for the optimization of the traditional algorithm.
As the algorithm continues to iterate, its inertial weights and learning factors are dynamically optimized with the increase
of iteration times, so as to strike a balance between the local optimization ability and the global search ability.The
experimental results show that the improved algorithm is superior to the traditional particle swarm optimization algorithm
in convergence speed and convergence accuracy, thus helping to improve the premature convergence problem.
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Fig. 1 Flow chart of the improved particle swarm optimization
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