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Abstract: A design method for a self-organizing RBF Neural Network based on the Relative Contribution index is pro-
posed with the aim of performing the structural design and parameter optimization of the Radial Basis Function (RBF)
neural network. First, a self-organizing RBF network design method based on the Relative Contribution (RC) index is
proposed. The relative contribution of the output of the hidden layer to the network output was used in order to assess
whether a node of the hidden layer corresponding to the RBF network was inserted or pruned. Additionally, the conver-
gence of the adjustment process of the neural structure was proven. Secondly, the adjusted network parameters were up-
dated by the improved Levenberg-Marquardt (LM) algorithm in order to reduce the training time and increase the con-
vergence speed of the network. Finally, the proposed algorithm was used in the simulation of the nonlinear function, and
the modeling of the ammonia and nitrogen sewage effluent parameters. The simulation results revealed that the struc-
ture and parameters of the RBF neural network could be adjusted adaptively and dynamically according to the object un-
der investigation, and that they had excellent approximation ability and higher prediction accuracy.
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