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A method of designing RBF neural network based on rough sets
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Abgtract : A method of designing RBF neural network , which integrates rough sets theory, is proposed. Continuous
attributes are discretized by using Boolean reasoning algorithm and original decison modes are extracted. Smilarities
among original decison modes can be measured by dissmilarity degree and original decision modes can be clustered.
Clustered decison modes are used to construct RBF neura network. To increase the training speed, a hybrid training
algorithm isintroduced, in which the parameters of hidden layer and weights of output layer are tuned by usng back
propagation agorithm and linear least squaresfiltering, respectively. Experiment results show that the designed RBF
neural network has refined structure and good generalization ability. The convergence speed of hybrid training
algorithm is superior to the single back propagation agorithm.
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