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Density-based Outlier Detection for Very Large Data

Seung Kim** - Nam Wook Cho*** - Suk-ho Kang**

s Abstract m

A density-based outiier detection such as an LOF (Local Outlier Factor) tries to find an outlying observation by
using density of its surrounding space. In spite of several advantages of a density-based outiier detection method,
the computational complexity of outlier detection has been one of major barriers in its application.

In this paper, we present an LOF algorithm that can reduce computation time of a density based outlier detection
algorithm. A kd-tree indexing and approximated k-nearest neighbor search algorithm (ANN) are adopted in the pro-
posed method. A set of experiments was conducted to examine performance of the proposed aigorithm. The results
show that the proposed method can effectively detect local outliers in reduced computation time.

Keyword : Density Based, Outlier Detection, Anomaly Detection Kd Tree, Local Qutlier
Factor(LOF)
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