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Abstract: A dynamic designing method to improve RBF nets’ generalization ability, which is called DYNRBF method, is
proposed in this paper. The method combines the advantage of ROLS algorithm and RAN net, so the number and position of
data centers of RBF net are both adapted during leaming progress. RBF nets designed with DYNRBF method can not only gen-
eralize well, but remain good performance when train set is changed.
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Fig. 1 Structure of RBF net
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3.2.1 ¥iE O (Tuning of data centers)
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Fig. 2 Training set and fitting curves of RAN, ROLS and DYNRBF
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Fig.3 Change of training eror, regular and number of hidden units during DYNRBF learning
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Fig. 4 Data-fitting error plot of three methods when using 100 training samples
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Fig. 5 Data-fitting error plot of three methods when
using 40 training samples

4.2 1RIREAL IR EWM (Prediction of coal ash soft-

ening temperature)
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Table 2 Comparing of RBF nets obtained with
DYNRBF and RAN methods
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Fig. 6 Predicting-test softening temperature of RBF
nets obtained with DYNRBF and RAN method
5 118 (Discussion)
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