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On-line prediction of nonlinear time series using RBF neural networks
ZHANG Dong-qing, NING Xuan-xi, LIU Xue-ni

(College of Economics & Management, Nanjing University of Aeronautics and Astronautics, Nanjing Jiangsu 210016, China)

Abstract: For the nonlinear and non-Gaussian time series, a novel predictive model—the RBF-HMM model is proposed
based on the radial basis function(RBF) neural network with measurement noise being assumed to be of a hidden Markov
model(HMM). The characteristics of this model include: 1) the predictive errors of RBF neural network are associated with
the input of RBF-HMM model; 2) the number of hidden neurons varies with time; 3) the measurement noise is assumed to
be HMM distributed. Sequential Monte Carlo(SMC) method is then applied to the on-line prediction for time series in RBF-
HMM model. Finally, the smoothed data of the monthly mean sunspot numbers and CRU(the Britain Commodity Research
University) steel price index are analyzed. The experimental results indicate that the RBF-HMM model is effective.
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Fig. 1 Framework of neural networks prediction model

2.2 AT HERBF #4844 (Variable hidden
neurons RBF model)
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Fig. 2 Dynamic evolution graph of RBF-HMM model

3.3 7E £k TP 55 ¥ (Algorithm of on-line predic-
tion)
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smoothed monthly mean of sunspot numbers)
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Table 1| MAPE of smoothed mean sunspot numbers
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Table 2 MAPE of CRU steel price index

To 77 v MAPE/ %
RBF-HMM#: 71 1.68
RBF-GAUSS#H: ! 2.56
EIE:CNeS 3.01

5 45 (Conclusion)
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