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Hierarchical Bayesian Estimation of Minimum
Embedding Dimension for Dynamical Systems

JUNJIRO SuGI,* TAKAYUKI KURIHARAt and TAKASHI MATSUMOTO!

Given one-dimensional time seires datall estimation of the order of the dyamics behind the
time series is of vital theoretical as well as practical importance. The problem is far from
trivial when (1) the dynamics behind the data is nonlinear and (2) the data is noisy. This
paper proposes a scheme to solve this problem via Hiararchical Bayesian framework, where
Model Marginal Likelihood is used for estimating the order of the dynamics. The algorithm is
tested against noisy chaotic time series data and compared with the conventional algorithm.
The proposed scheme outperforms the conventional scheme at least in the examples tested.
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Fig.2 Delay coordinate embedding for noiseless Rossler system.
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