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Research on competitive particle swarm optimization algorithm
based on multi-objective
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Abstract: For the problem that competitive swarm optimization is easy to fall into local optimiza-
tion and limited global search ability, this paper proposes a multi-objective competitive particle
swarm optimization (MOCSQO) algorithm. Firstly, in order to improve the diversity of the algo-
rithm, a multi-objective model is established. By the competition mechanism of binary champion-
ship, the fitness value and diversity are taken as the evaluation objectives of the particle, and the
particles are divided into different non-dominated layers. Secondly, in order to effectively consid-
er the exploration and exploitation of particles, a probabilistic random selection strategy is intro-
duced, effectively retaining the excellent genes in the population and guides the evolutionary di-
rection of the population. The experimental results show that this algorithm has some advantages
compared with six other algorithms in performance and computational efficiency on CEC2008
benchmark function.
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Tab. 4 Statistical results of MOCSO and 6 groups of compared algorithms running 51 times independently
on 50 dimensional CEC2008
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Tab. 5 Statistical results of MOCSO and 6 groups of compared algorithms running 51 times independently
on 100 dimensional CEC2008
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Fig. 3 Convergence curves of MOCSO and 6 groups of compared algorithms for 7 test functions of 50 dimensions
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Tab. 6 Complexity comparison of seven groups of algorithms
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