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The Study on Clustering-Based Outlier Detection Algorithm for
High-Dimensional Data Stream

CHENG Yan MIAO Yong—chun
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Abstract: The existing clustering-based outlier detection suffers from low efficiency and precision when dealing with
high-dimensional data stream. To relieve this problem an algorithm of clustering-based outlier detection for high-di—
mensional data stream ( CODHD-Stream) was presented. The algorithm used sliding window technology to divide the
data stream. Then dimensions of high-dimensional data streams were reduced by an attribute reduction algorithm. Fi—
nally it divided the data set into a number of micro—¢lustering to detect outliers contained in the micro-¢clustering by
the K-means method of the distance-based information entropy mechanism. The experimental analyses show that the
proposed algorithm can effectively raise the speed and accuracy of outlier detection in high-dimensional data stream.

Key words: high-dimensional data stream; sliding window; atiribute reduction; K-means; micro—clustering; informa—

tion entropy; outlier detection



