£ 000 http://www.cqvip.com|

HENMERE5EZR Vol.17 No. 11

COMPUTER TECHNOLOGY AND DEVELOPMENT Nov. 2007

HERIZRIAR

XER?, WFER
(1.4RLEXF HENEZEFR, &K 42 230009;
2% F IR HEAAR, KR A 244000)

B BHAR, VEN RS IR ARRT ARSI L5 B RS A R EOR, BB ARBE T . B
MR AVRE R AR BARRIE T AR TR KR BT BB MAA RS X MBRISE AR L TR TH
ERITEARIR . 85, BB TEBRIZEANM A, 3 RE T BB WIS H AR .,

IR OB WIS IR 2 A

RE#E TP X EERINE A X BHES 1673 - 629X(2007)11 — 0011 — 04

Study on Data Stream Mining

SHI Jin-cheng"?, HU Xue-gang!
(1. School of Computer and Information, Hefei University of Technology, Hefei 230009, China;
2. Department of Computer, Tongling College, Tongling 244000, China)

Abstract: Since the end of last century, data stream techniques have been advanced to meet the requirements of network monitoring, in-
break detecting, information analyzing, business transaction management and analyzing, etc. The unique character of data streams brings
a big challenge to traditional data processing methods. Introduces some relational concepts of data streams, as well as the character and re-
cent research of data strearn mining. Finally, main applications and future research directions of data stream mining are put forward.
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