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Table 1 Relation between embedded dimension m and correlation fractal dimension D
m 3 4 5 6 7 8 9 10
D 1.112 1.167 1.31 1.39 1.71 1.76 1.80 1.82
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Fig.2 Network training results Fig.3 Variation of error
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Table 2 Results of prediction and error
/10° /% /10% /%
1467 2055.5 -4.4776 1472 2300.5 —
1468 3077.4 0.0484 1473 2226.7 —
1469 3502.1 -0.5451 1474 2301.5 —
1470 2988.2 0.2175 1475 2225.7 —
1471 2315.2 3.7319 1476 2302.6 —
2
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a Gva G v a
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Wavelet network-based non-linear economic time series prediction model

FANG Xian-ming' TANG De-shan’
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Abstract For accurate prediction of economic time series the data structure analysis should be made and the phase
space technique provides the theoretical basis for the analysis. Through correlation dimension calculation the determinate
system and random system are classified and the optimum embedded dimension the optimum sampling time interval

and the number of wavelet units are further determined. Then by training of recursive wavelet networks with deviation
units the parameters of the model are identified. Experimental study shows that the model is of good behavior in
approximation of nonlinear economic time series. The good agreement between experimental results and theoretical

analysis validates the feasibility of the model applied to prediction of non-linear economic time series.

Key words economic time series correlation dimension wavelet network prediction





