DBSJ Letters Vol.4, No.1

Efficient Search of Similar Time Series
under Time Warping with Dimensionality
Reduction
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Recently, similarity between time series data measured
by time warping (TW) distance which allows out of phase
in the time axis has got a lot of attention in recent years.
However, since TW violates the triangle inequality,
traditional indexing techniques is powerless. To overcome
this problem, in this paper we propose a new lower bound
function based on dimensionality reduction. This enables
efficient indexing hence filtering in similarity search of
time series data. We show by experimental results that
our lower bound function outperforms other ones proposed
in related works.
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Fig.1 An example of warping path
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