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A Neural Network Weights Optimization Method Based on
Clustering Particle Swarm Optimization

DENG Wen-jie
(School of Computer Science, Sichuan University ,Chengdu 610065 ,China)

Abstract; Neural network is a kind of excellent classification algorithm in the branch of machine intelligence, which has a wide range of
applications in the field of image classification, face recognition and so on. However, because of its excessive parameters, it is easy to fall
into the local optimal solution. According to this problem,a method combining particle swarm algorithm and clustering algorithm to opti-
mize the weights of neural networks is proposed, which takes the neural network weights as the initial particle of particle swarm algorithm
and uses the random of particle swarm algorithm to search the initial weights of neural network. Then the class contains more weight is
found using C—-means algorithm and its clustering center is regarded as the initial weights of BP neural network. The simulation results

show that it is more excellent than the conventional particle swarm optimization algorithm in preventing the BP neural network from fall-
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ing into local optimum.

Key words: BP neural networks;particle swarm optimization ; clustering ; weight ; local optimum
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