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Research on neural networ ks based on rough set theory
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Abstract : A rough neura network architecture is developed based on rough set theory and multilayer neural networks
to compensate the black-box nature of neural networks and improve the work performances of ANNs. The initialized
parameters of neural networks are selected, which is directed by rough set theory, and the networks are trained by
using a probability-based BP algorithm , which minimizes system errors. Experimental results show that rough neural
networks have good performancesin data mining, and higher preciseness is obtained.
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