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Survey of Outlier Mining
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(School of Computer Science and Telecommunication Engineering, Jiangsu University, Zhenjiang 212013,China)

Abstract The identification of outliers can lead to the discovery of truly unexpected knowledge in areas such as elec-
tronic commerce, credit card fraud, and even the analysis of performance statistics of professional athletes, This survey
provided a comprehensive overview of existing outlier mining techniques and summarized their features to help users
choose, studied and improve algorithms for outlier mining. Studied the outlier mining techniques on high-dimensional
data, spatial data and sequential data, pointed out the advantages and disadvantages, and put forward their research di-
rection about outlier mining in future work.
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