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Abstract  Intelligent single particle optimizer (ISPO) is proposed based on conventional particle
swarm optimization (PSO). ISPO applies a particle, which is different from conventional PSO, to
search in the problem space. The whole position vector of particle is split into a certain number of
subvectors, and the particle is updated based on these subvectors. During the process of updating
each subvector, a novel learning strategy is introduced based on the analysis of previous velocity
subvectors, and the particle adjusts its velocity and position subvector dynamically. Experimental
results demonstrate that ISPO has an outstanding ability to find the global optimum. ISPO per-
forms much better than most recently proposed PSO-based algorithms on the optimization of

most complicated composition test functions.
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