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Abstract
the result of single-step prediction, provides more accurate prediction than indirect model. But in this case, the model

The direct multi-step ahead prediction model, which employs observation values and does not depend on

could be asked to learn various object functions. In this paper, a hybrid model is presented based on empirical mode
decomposition (EMD) and chaos analysis. The model employs EMD to decompose the original sequences into many basic
modal partitions which can significantly represent potential information of original time series. And chaos features of
those data sequences can be used to design DRNN. By these means, the model can be improved to learn various objective
functions. And then, more precious prediction can be obtained. Finally, a benchmark time series is tested to display the

advantage of this model.
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Table 1  Correlaton between embedding dimension m and correlation dimension D

m=1 m=2 m=3 m=4 m=>5 m=6 m=7 m=8 m=9 m=10

D (original) 0.8334 1.2200 1.4379 1.6245 1.8131 1.9982 2.1802 2.3559 2.5067 2.6158

D (imf1)
D (imf2)
D (imfs)
)

0.0023 0.0036 0.0049 0.0062 0.0075 0.0088 0.0101 0.0115 0.0128 0.0142
0.9447 1.5539 1.7705 1.9063 2.0265 2.1307 2.2100 2.2489 2.2527 2.2397
0.0420 0.0427 0.0370 0.0314 0.0278 0.0254 0.0236 0.0220 0.0206 0.0195
0.0308 0.0309 0.0287 0.0258 0.0236 0.0218 0.0205 0.0193 0.0185 0.0177

m=11 m=12 m=13 m=14 m=15 m=16 m=17 m=18 m=19 m=20

D (original) 2.6889 2.7314 2.7474 2.7368 2.7121 2.6852 2.6578 2.6295 2.5999 2.5676

D (imf1)
D (imf2)
D (imfs)
)

0.0155 0.0169 0.0183 0.0198 0.0212 0.0226 0.0241 0.0255 0.0270 0.0285
2.2176 2.1917 2.1618 2.1291 2.0985 2.0608 2.0146 1.9614 1.9041 1.8453
0.0184 0.0174 0.0165 0.0157 0.0151 0.0146 0.0141 0.0138 0.0134 0.0132
0.0170 0.0164 0.0159 0.0154 0.0150 0.0146 0.0143 0.0140 0.0137 0.0134
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Table 2  Predictions for Setl and Set2

Model NMSE (Setl)  NMSE (Set2)
Neural nets!"] 0.0860 0.3500
TDNN6] 0.0930 0.2460
Wavelet-ANN of Soltani!®] 0.0760 0.2300
Wavelet-ANN of Geval®] 0.0570 0.1317
DRNN 0.0839 0.1842
EMD_DRNN 0.0543 0.1313
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