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Abstract

Abstract: To overcome the shortcomings of Particle Swarm Optimization (PSO), an Adaptive Mutative
Scale Chaos Particles Swarm Optimization (ACPSO) based on Logistic Mapping was proposed. The
chaos method was used to initialize the particles. The adjustment method of the inertia weight depended
on the particle's fitness; it could avoid premature convergence for the particles. When the particles fell
into the local optimum, mutative scale chaos optimization strategy was adopted to adjust the optimal
particles. To test the effectiveness of the algorithm, three representative algorithms were compared with.
The results show that the algorithm has high convergence speed and high precision.
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Abstract: To overcome the shortcomings of Particle Swarm Optimization (PSO), an Adaptive Mutative
Scale Chaos Particles Swarm Optimization (ACPSO) based on Logistic Mapping was proposed. The
chaos method was used to initialize the particles. The adjustment method of the inertia weight depended
on the particle’s fitness; it could avoid premature convergence for the particles. When the particles fell
into the local optimum, mutative scale chaos optimization strategy was adopted to adjust the optimal
particles. To test the effectiveness of the algorithm, three representative algorithms were compared with.
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