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Abstract: The existing segmentation methods detect the statistical or shape changes of multivariate time series, and
perform crisp segmentation on the location of change points. However, these methods fail to estimate the length of the tran-
sition interval between two segments, cannot accurately segment multivariate time series with high dimension, strong noise,
and need to set parameters in advance. To address such matters, an adaptive multivariate time series segmentation method
based on FastICA (Fast Independent Component Analysis) and G-G (Gath-Geva) clustering is proposed. In this method, the
key features of multivariate time series are extracted via FastICA, and DW (Durbin-Watson) criterion is used to automatical-
ly select main components with high signal-to-noise ratio. According to the minimum description length (MDL), an adap-
tive multivariate time series segmentation model based on G-G clustering is designed, which is able to perform soft segmen-
tation of multivariate time series. The experimental analysis is carried out on real datasets in many different fields. Com-
pared with state-of-art benchmarks, the average F', and MAE (Mean Absolute Error) of the proposed method on the above-
mentioned datasets improve 8.4%~16.8% and 3.06%~6.56%, respectively.
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