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Optimization of the Parameters for Predicting Chaotic Time Series

Ken-ichi ITOH

Abstract

A new method is proposed for predicting chaotic time series based on a local approxima-
tion. In the local approximation, a time series is embedded in a state space using delay
coordinates and a local predictor is constructed using the nearest neighbors of the current
state. The embedding dimension and the number of the nearest neighbors are significant
parameters affecting the prediction accuracy. The proposed method aims to select the op-
timal parameters of the embedding dimension and the nearest neighbor humber so as to
minimize the prediction error. The efficacy of the proposed method is demonstrated using
chaotic time series generated by the Hénon map and the Ikeda map.
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X = (Xu, Xidzy veny XlD(mDD)r),
i =0+(mO0)r,0+(m0O0)c, ..., KOO, K (1)
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X = F (X) (2)
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37 (sl (X)) = min (5)
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N> Ny = M0 (6)
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Fig. 1 Experimental method.
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Fig. 2 Relative error vs. training data length for the Hénon map.
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Fig. 3 Embedding dimension vs. training data Fig. 4 Number of nearest neighbors vs. train-
length for the Hénon map. ing data length for the Hénon map.
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Fig.5 Relative error vs. training data length for the Ikeda map.
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Fig.6 Embedding dimension vs. training data
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Fig. 7 Number of nearest neighbors vs. train-
ing data length for the Ikeda map.
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Fig. 8 Relative error for different values of L for the Hénon map.
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Fig. 9 Relative error for different values of L for the Ikeda map.
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