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Abstract: A new algorithm, with the time complexity O (nX m), of computing the time series extended distance on
tme domain ispresented The algorithm can lve the problem s brought by the data scaling and shifting on the Y
axis A n algorithm of computing the time series extended distance on reduced frequency domain and finding themost
smilar subsequence from given long sequence is al$ given The algorithm, with the time complexity O (nx f¢), can
be mplenented online and adapts to the extended distance definition A increnental DFT algorithm on tme series
data and linear w eighted time series is propesed, which greatly reduces the dimension on each window of a long
sequence
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O(nX fc),
O(nx mx f

1
1 n= 200 000, fe
2 m = 2 000, fo=
1/10 1/50,
/s /s
500 32 32 3 391
1 000 64 44 3 375
1500 98 98 3 359
2 000 132 36 3 406
2 500 164 97 3 390
/s /s
50 000 32 65 Q 844
100 000 69 53 1 687
150 000 100 79 2 547
200 000 132 36 3 406
250 000 169 06 4 297
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