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AN SELF-LEARNING COOPERATIVE PARTICLE SWARM
OPTIMIZATION ALGORITHM FOR SOLVING LARGE SCALE
PROBLEMS
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Abstract: With the improvement of engineering requirements, many practical optimization problems have been
developed from low dimensional problems to large-scale optimization problems. The natural computing
algorithm is prone to fall into the local optimal in the face of this kind of problem. Cooperative particle swarm
optimization (CPSO) is one of the important means to solve large-scale optimization problems. In this paper,
sub population partition self-learning strategy and inertia weight self-adaptive strategy are introduced into
cooperative particle swarm optimization algorithm, which enhances the self-learning ability of the algorithm
and improves the global optimization ability of the algorithm. The experimental results show that the
performance of the proposed algorithm exceeds the traditional cooperative particle swarm optimization
algorithms, and has great potential for solving large-scale problems.
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Table 2 The mean and standard deviation of algorithms (10 dimension)
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Table 3 The mean and standard deviation of algorithms (100 dimension)
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