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Abstract: The traditional neural network training algorithm converges slowly and is easy to fall into local optimum. In re-
sponse to these shortcomings, this paper proposed a neural network correlation pruning method optimized with improved staging
mutation particle swarm optimization algorithm (SMPSO). SMPSO mutate particles that had too low fitness at early stage and
mutate individual extreme and global extreme that stagnate in excessive iteration latterly. Then used SMPSO to optimize neural
network correlation pruning algorithm. The experiment results show that neural network correlation pruning method optimized by
SMPSO is more efficient than that optimized by BP and standard PSO. It has greater improvement in the convergence velocity

of training, the efficiency of pruning and the accuracy of classification.
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