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Abstract

As a powerful optimization technology, multi-objective particle swarm optimization algorithm
has been widely used in various fields. However, performing well in both convergence and diver-
sity remains a challenging task for most existing algorithms. To address these challenges, this pa-
per proposes a multi-objective particle swarm optimization algorithm (GGRAW) based on global
marginal sorting with adaptive parameter adjustment. In multi-objective particle swarm optimi-
zation, flight parameters, inertia weight w, acceleration coefficients c; and c; are very important to
achieve a balance between population exploitation and exploration. This strategy uses the posi-
tion information of individuals in objective space to obtain the dominant margin of the whole
population. This method not only considers the distribution of the population, but also considers
the relevant information of the individual. By adjusting the adaptive parameters, the particles in
the population can move towards the real Pareto frontier. The GGRAW algorithm and three clas-
sical multi-objective particle swarm optimization algorithms were simulated on some test func-
tions of ZDT, DTLZ and WFG series. The experimental results show that compared with other clas-
sical algorithms, GGRAW algorithm shows better convergence and diversity. Therefore, GGRAW
algorithm can be used as an effective algorithm for solving multi-objective optimization problems.
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Figure 1. Flow chart of GGRAW algorithm
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