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Fig. 4 Similar flood discharge hydrographs

1 FAYYAD UM PIATETSKY-SHAPIRO G SMYTH P et al. Advances in knowledge discovery and data mining M . Menlo Park California
USA AAAT Press 1996 307-328.

2 ROSENSTEIN M T COHEN P R. Concepts from time series C //The American Association for Artificial Intelligence. Proceedings of the
Fifteenth National Conference on Artificial Intelligence AAAI-98 .Menlo Park California USA AAAI Press 1998 739-745.

3 MAMNILA H TOIVONEN H VERKAMO A I. Discovering frequent episodes in sequences C //FAYYAD UM UTHURUSAMY R. Pro-
ceeding of the First International Conference on Knowledge Discovery and Data Mining KDD-95 . Menlo Park California USA AAAI
Press 1995 210-215.

4 AGRAWAL R IMIELINSKI T SWAMI A N.Mining association rules sets of items in large databases C //BUNEMAN P JAJODIA S.
Proceedings of the 1993 ACM SIGMOD International Conference on Management of Data.New York ACM Press 1993 207-216.

5 DASG LIN KI MAMNILA H et al. Rule discovery from time series C //AGRAWAL R STOLORZ P E PIATETSKY-SHAPIRO G.
Proceedings of the Fourth International Conference on Knowledge Discovery and Data Mining KDD-98 . Menlo Park California USA

AAAI Press 1998 16-22.



245

10
11

12

13

14

15

16

17

18

19

HAN J W YIN Y W DONG G Z. Efficient mining of partial periodic patterns in time series database C //KITSUREGAWA M MACI-
ASZEK L PAPAZOGLOU M et al. Proceeding of the Fifteenth International Conference Data Engineering ICDE 1999 . Los Alamitos
California USA IEEE Computer Society Press 1999 106-115.

BETTINI C JAJODIA S WANG S.Time granularities in databases data mining and temporal reasoning M . New York Springer-Verlag
2000.

POVINELLI R J.Time series data mining identifying temporal patterns for characterization and prediction of time series events D . Mil-
waukee Wisconsin Marquette University 1999.

HAN J] W KAMBER M. Data mining concepts and techniques M .San Francisco USA Morgan Kaufmann 2001.

D . 2003.
J . 2002 29 2 124-126. ZHANG Bao-wen HE Hua-can. Progress of
temporal data mining research J .Computer Science 2002 29 2 124-126. in Chinese
D . 2004.
J . 1999 10 2 140-143. HOU Yu WU Bo-xian

ZHENG Guo-quan. Preliminary study on the seasonal periods classification of floods by using fractal theory J . Advances in Water Sci-
ence 1999 10 2 140-143. in Chinese
J. 2005 25 6 9-13. FANG Chong-hui LUO Wen-

sheng. Application of fractal theory to stage research of flood events J .Advances in Science and Technology of Water Resources 2005
25 6 9-13. in Chinese

D . 2007.
SAKOE H CHIBA S. Dynamic programming algorithm optimization for spoken word recognition J .IEEE Transactions on Acoustics
Speech and Signal Processing 1978 26 1 43-49.
BERNDT D CLIFFORD J. Using dynamic time warping to find patterns in time series C //FAYYAD UM UTHURUSAMY R.AAAI-94
Workshop on Knowledge Discovery in Databases KDD-94 .Menlo Park California USA AAAI Press 1994 229-248.
KEOGH E PAZZANI M. Derivative dynamic time warping C //KUMAR V GROSSMAN R. Proceedings of the First SIAM International
Conference on Data Mining SDM’ 2001 . Philadelphia PA USA SIAM 2001 1-11.

M . 1998 144.

Similarity search in hydrological time series

OUYANG Ru-lin' > REN Li-liang' ZHOU Cheng-hu’
1. State Key Laboratory of Hydrology-Water Resources and Hydraulic Engineering
Hohat University ~ Nanjing 210098  China
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Abstract Data mining in the time series similarity search was applied to hydrological time series data for mining similar

hydrological processes. The characteristics of two kinds of similarity distance measuring methods Fuclidean distance and

dynamic time warping distance were analyzed. Owing to its satisfactory adaptability in terms of stretching and warping to

the time axis the dynamic time warping distance method was employed to perform a similarity search of 220 floods at

Shaliguilanke Station in the Tarim River Basin in China from 1961 to 2000. Based on the similarity matrices the similar

flood discharge processes were mined. The results show that although the flood discharge processes at Shaliguilanke

Station are diverse they exhibit a certain similarity. The similarity search based on the dynamic time warping can be

employed for effective mining of similar hydrological processes.

Key words hydrological time series flood process data mining similarity search dynamic time warping
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