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Abstract

Particle swarm optimization, or PSO, is a random search algorithm which is popularly used in finding the
optimal solution for the mathematical functions as well as the engineering problems. The reason behind is that PSO is
capable to find high quality solutions in a short computational time. Therefore, many researchers have paid their
attentions to modify the standard PSO in order to enhance the search performance of PSO; this leads to create many
new PSO versions. This academic article then aims to summarize several important versions of PSO and the
inspirations of their development. Later on, this academic article presents an application of PSO to job-shop

scheduling problems.

Keyword: Particle swarm optimization Algorithm, Job-shop scheduling problems
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v A A I3 A A o
Meaumsn 10 wnunazduanmsn 3 luzasinng
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