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Theoretical basis for subsequence time-series clustering
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It is known that the k-means cluster centers in sliding-window-based subsequence time-series clustering (STSC)
become sinusoidal pseudo-patterns under a fairly general condition. We theoretically discuss the origin of this

counter-intuitive effect.
centers become sinusoids.
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Based on a spectral clustering formulation, we explicitly show how the STSC cluster
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