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Resaarch progress on outlier mining

WAN G Hong-ding, TONG Yun-ha , TAN Shao-hua, TAN G Shi-wei , YAN G Dong-qing
(National Laboratory on Machine Perception, Peking University , Beijing 100871 ,China)

Abgtract :Anoutlier isa datapoint that is sgnificantly dfferent from the othersin a data set. One person’ s noise could
be another peroon’ s 9gnd , and therefore the problem of outlier mning attracts more and nore interestsin research of in-
formation sdence when the research fidds of data qudity , fraud detection, intruson detection, faut dagnods, military
sout and D on recdve wide attentions. In this pgper , a survey was presented for the problem of outlier mining from the
basc concepts to the prindpd research problems and the underlying techniques, ind ud ng origination of outlier , ddfirition
of outlier and the conpari on of popuar outlier mning methods. A summary of the current gate of the art of these tech-
niques, a dscusdon on future research topics, and the chalenges of the outlier mining were d © presented.
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Fig 1 Examplesof outliersin data sets
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Fig 2 Clasdfication of outliers
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