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Dynamic and limited symbol method for time series data
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Abgtract : A method by which the time series data could be tranformed into symbol sequenceispresented. The best of
al symbols and dividing benchmark are confirmed by means of the extremum about the time series data. Dimensonis
reduced by estimating the largest compress rate. Thereby, the trandormation and distance calculation the same as
SAX representation are realized. Different from SAX, it can prevent the information near extremum in a time datasets
to be lost, thus has more standout behavesin some time series analysis which depends on extremum.
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