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An Overview of Stream Data Mining
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(Computer Department of Huazhong University of Science and Technology, Wuhan 430074)

Abstract Data streams pose great challenges to data mining. Many stream data mining algorithms have been proposed.
In this paper, we give an overview of these algorithms. Firstly, the data stream models are introduced, Then the char-

acters of stream data mining algorithins are summarized and several techniques that are used in these algorithms are in-

troduced. At last, the representative algorithms of every mining task are analyzed.
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