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On Structure Design for RBF Neural Network Based on
Information Strength

HAN Hong-Gui' QIAO Jun-Fei' BO Ying-Chun*

Abstract Based on the systemic investigation on the feedforword neural network, for the problem of the structure design
of the RBF neural network, a new flexible structure design method is used for RBF neural network in this paper. By
computing the output-information (OI) of the hidden neurons and the multi-information (MI) of the hidden nodes and
output nodes, the hidden nodes in the RBF neural network can be inserted or pruned, thus the topology of the network
can be modulated. This method can effectively solve the structure design of the RBF neural network. The grad-descent
method for the parameter adjusting ensures the exactitude of the flexible RBF neural network (F-RBF). The structure
of the RBF neural network is self-organizing, and the parameters are self-adaptive. In the end, the proposed F-RBF
is used for approximating the classical non-linear functions and modelling key parameters of the wastewater treatment
process. The results show that the F-RBF obtains a favorable dynamic character response and the approximating ability.
Especially, comparied with the minimal resource allocation networks (MRAN), the generalized growing and pruning RBF
(GGAP-RBF) and the self-organizing RBF (SORBF), the proposed algorithm is more effective in terms of training time,

generalization, and neural network structure.
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Fig.2 The left neurons in the CIF approximating process
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K3 F-RBF X} CIF [EEHCR (T48)
Fig.3 The approximating results of CIF by F-RBF (2D)

®1 PERELLER
Table 1  The comparisons of the performance
PREL % EUEEE e 72 M (FBEE) YIZRit i) ()
CIF F-RBF 0.01 0.0119 13 191.51
CIF MARN 0.01 0.0214 22 958.54
CIF GGAP-RBF 0.01 0.0146 15 215.35
CIF SORBF 0.01 0.0122 14 285.25
*2 PERELLER
Table 2 The comparisons of the performance
A7 LU Rz AL (FBRSE) YIZRIns a] ()
F-RBF 0.005 0.0079 11 212.31
MARN 0.005 0.0214 26 721.32
GGAP-RBF 0.005 0.0146 18 267.11
SORBF 0.005 0.0122 18 287.41
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Fig.5 The approximating error of CIF by F-RBF (3D)
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Fig.6 The error in the training process
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Fig.7 The neurons left in the training process
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