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Visualization Tool Design for Searching Process of
Particle Swarm Optimization

Myung-Ryun Yoo'

ABSTRACT

To solve the large scale optimization problem approximately, various approaches have been introduced.
Recently the Particle Swarm Optimization has been introduced. The Particle Swarm Optimization simulates
the process of birds flocking or fish schooling for food, as with the information of each agent is shared
by other agents. The Particle Swarm Optimization technique has been applied to various optimization
problems whose variables are continuous. However, there are seldom trials for visualization of searching
process. This paper proposes a new visualization tool for searching process of Particle Swarm Optimization
algorithm. The proposed tool is effective for understanding the searching process of Particle Swarm
Optimization method and educational for students. The computational results can be shown tiny and very
helpful for education.
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