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Research on improved RBF network algorithm based on
potential function clustering

HUANG Chaohui, WEN Hui", CHE Yan
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Abstract: To optimize the structure of radial basis function (RBF) network and improve its generalization per-
formance, an improved RBF network based on potential function clustering is proposed. Firstly, the potential
function is used to count the potential values of samples in each pattern category, so as to measure the poten-
tial values of different samples in the sample space. Secondly, the incremental learning method is used to cover
the sample space step by step, so as to complete the automatic and effective estimation of the number of hidden
nodes and parameters in the network. Finally, the presented algorithm is compared with KMRBF, FCRBF,
MRAN and GAP-RBF learning algorithm by experiments. The results and experiments show that the classifi-
cation accuracy of thealgorithm is higher than that of KMRBF, FCRBF, GAP-RBF and MRAN, which over-
comes the problem that KMRBF and FCRBF algorithm need many experiments to adjust the hidden nodes
manually to obtain higher classification accuracy, and is more simple than the GAP-RBF and MRAN network
structure.
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