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Multivariate chaotic time series prediction based on
weighted extreme learning machine

HAN Minf, WANG Xin-ying

(Faculty of Electronic Information and Electrical Engineering, Dalian University of Technology, Dalian Liaoning 116023, China)

Abstract: Considering the strong nonlinear property of the multivariate chaotic time series and difficulties in mathe-
matical model building for accurate prediction, we propose a weighted extreme learning machine (ELM) prediction model.
Firstly, the multivariate chaotic time series are reconstructed in the phase space, and the instances in prediction window
are weighted according to their influence on the prediction errors. A support-vector extreme learning machine prediction
model is proposed, which combines both the kernel mapping ability of support-vector machines and the one-step fast train-
ing advantage of extreme learning machine, so that it is easy to conduct and has good generalization performance. The
computational complexity of the proposed algorithm is proportional to the cube of the training sample. Therefore, it is
suitable for stationary time series with 10% ~ 10® sample size. The effectiveness of the proposed model are demonstrated
by simulation results based on Lorenz chaotic time series, annual sunspots, and the runoff of the Yellow River chaotic time

series.
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Fig. 1 Structure of extreme learning machine
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Fig. 2 Sliding window method for time series prediction
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Fig. 3 Lorenz three variables chaotic time series
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Table 1 Lorenz-z(t) simulation parameter settings
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Table 2 Lorenz simulation prediction results

RMSE  ESGP? ELMK™! SVESM”°! WELM

Lorenz-z(¢t) 0.0017  0.0016 0.0018  0.0015
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chaotic time series)
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Fig. 7 Annual sunspots and runoff of the Yellow River

chaotic time series
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Table 3 Annual sunspots and runoff of Yellow River
simulation parameter settings
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Table 4 Annual sunspots and runoff of Yellow River
simulation prediction results

RMSE  ESGP™ ELMK®™! SVESM?! WELM
KEHE-F/A 205946 15.950 15404  15.946
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Fig. 8 Annual sunspots prediction (RMSE = 15.946) and

€1ror curves
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Fig. 9 Runoff of the Yellow River prediction (RMSE =
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5 458 (Conclusion)
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