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A new outlier evaluation algorithm based on the nearest neighbor relationship

Zhang Jieling

(School of Electrical and Information Science, Fujian Jiangxia University, Fuzhou 350108, China)

Abstract; Aiming at the limitations of traditional outliers detection algorithm, a new outlier

detection algorithm based on the combination of density and distance was proposed according to the

neighboring relationships of the data. The new algorithm solves the problem that the distance-based

algorithm cannot identify local outliers, and effectively avoids wrong detection of outliers when the

sparse clusters and dense clusters are too close. Experiments on artificial and real datasets prove that

the improved algorithm is feasible and it can detect the outliers in the datasets more effectively.
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Fig.1 Data A and B with equal outlier evaluation values
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Fig.2 Two clusters with great differences in density
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Fig.3 Data pointing to k nearest neighbors (k=3)
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Fig.4 Simulation dataset
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Fig.5 Outlier detection results of KNN algorithm
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Fig.6 Outlier detection results of LOF algorithm
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Fig.7 Outlier detection results of CDD algorithm
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Tab.1 Comparison of results of three algorithms in Lymphography dataset
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Tab.1 Comparison of results of three algorithms in Wisconsin breast cancer dataset
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