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Abstract; In order to better adapt to high time—consuming and inefficient computation of large-scale and indefinite time-—series data,
based on the traditional dynamic time warping ( DTW ) similarity algorithm,in the case of saving some computing time by FastDTW
which has implemented the coarse—grained pruning,we propose a MR—-FastDTW algorithm to calculate the similarity of uncertain time
series by integrating MapReduce framework. The algorithm needs to calculate the recursive matrix when the FastDTW algorithm performs
the recursive return phase,which is divided into several sub—matrices by the idea of MapReduce. At the same time,the sub—matrices a-
round the obtained path are calculated in parallel. Finally,the results of sub—matrices in the range are summarized and the final path is
obtained. Experimental shows that the MR-FastDTW algorithm can solve the problem of large amount of computation when FastDTW is
executed to a certain extent in the recursion return segment,and improve the calculation speed and accuracy. Compared with the classic
DTW and its improved FastDTW algorithm, it has higher efficiency.
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. TimeSeries shrunkX = X. reduceByHalf( )
. TimeSeries shrunkY =Y. reduceByHalf( )
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radius)

8. SearchWindow window = Exp [ andeResWindow ( lowRes-
Path, X , Y ,radius) ]

9. RETURN DTW( X , ¥ ,window)
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3.RETURN DTW( X, V)

4. ELSE

5. TimeSeries shrunkX = X. reduceByHalf( )

6. TimeSeries shrunkY =Y. reduceByHalf( )

7. WarpPath lowResPath = FastDTW ( shrunkX, shrunkY , radi-
us)

8. SearchWindow window = Exp [ andeResWindow ( lowRes-
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9.IF NUM< N

10. RETURN DTW( X , Y ,window)

11. ELSE

12. RETURN MR-DTW( X , Y ,window )
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