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Fig 1: Distribution of pareto optimal solution after
50 generations.
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Fig 2: Distribution of pareto optimal solution after
100 generations.
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Fig 3: Trade off for test function after 50 generations.
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Fig 4: Trade off for test function after 100 generations.
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A STUDY OF INTERACTIVE MOPSO AND
VISUALIZATION OF SEARCH PROCESS

Minoru ITO

ABSTRACT: Multiobjective optimization problems are found in many real world problems. Evo-
lutionary computation (EC) is an effective approach to solve multiobjective optimization problems.
The application of EC in multiobjective optimization is normally called evolutionary multiobjec-
tive optimization (EMO). However, decision maker (DM) need to select a final solution from pareto
frontier. In this study, we consider interactive multiobjective particle swarm optimization (inter-
active MOPSQO). The proposed method introduce an interactive method into MOPSO. Moreover,
we consider visualization methods for helping DM to get a final solution.

Key Words . Multiobjective Optimization, Interractive, Particle Swarm Optimization
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