F4a3l oM

E OB ¥

Computer Science Feb 2016

2016 4E 2 A

— M E T DTW 2k CE 8 FF 5148 DS 8 77 %

HEK M M B & & B X B
(FHAEHANEEEER W R 210098)

B E AxwEAsiandEEt ke AREENES S E, NERRR BRAEFEAETEEL. 48R
IEEOHEBET LT DTW R LGRS AR ERIET &, B kAT REHRIT R IR BHEL
SBEABRELR S, BEATFDTWEEHUS BN TFAAMERREAN T, REREF T A7 MG HEIEE Fik
Gtk RSELFF 6 DIW IEB #4728 K8, RBABRUKSCH E A5, AR x43eh B RI1E Bk TR
B, S RAW, TRF RS H LS MERE R B EHE MR o A7) g3 R,

XEBHE RILHEAFR,ELARDIWES, EARE, HIEES

hEESEE TP311 XHEIRAE A DOI 10, 11896/j. issn. 1002-137X. 2016. 2. 051

DTW Clustering-based Similarity Mining Method for Hydrological Time Series

YANG Yan-lin YE Feng LV Xin YU Lin LIU Xuan
(College of Computer and Information, Hohai University, Nanjing 210098, China)

Abstract  Similarity mining of hydrological time series is an importance aspect of hydrological time series mining. It will
be of great importance in flood forecasting and flood control scheduling, According to the characteristics of hydrological
data, this paper proposed a DTW clustering-based similarity mining method over hydrological time series, Firstly,on the
premise of wavelet denoising, feature point segmentation and semantic classification, hierarchical cluster analysis is used
to the classified sub-sequences based on DTW distance and the sub-sequences are symbolized. Then, candidate sets of
time series are filtered according to the edit distance between symbol sequences. Finally, the similar hydrological time
series are got precisely from the candidate sets by DTW exact matching. Experiments on the water level of Chuhe Liuhe

station show that the proposed method can narrow the candidate sets effectively and improve the efficiency of searching
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for semantic similarity of hydrological time series.

Keywords Hydrological time series,Semantic similar, DTW distance, Hierarchical clustering, Edit distance
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