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Abstract: An outlier detection algorithm based on entropy weight distance and relative density outlier factor was proposed
to solve the problem of low accuracy in complex data distribution and high dimensional data sets. Firstly, entropy weight
distance was introduced instead of euclidean distance to improve the detection accuracy of outliers. Then, the Gaussian ker-
nel density estimation was carried out for the data object based on the concept of natural neighbor. At the same time, relative
distance was proposed to describe the degree of the data object deviating from the neighborhood and improve the ability of
the algorithm to detect outliers in the low-density region. Finally, the entropy weight distance and relative density outlier
factor were proposed to describe the degree of outliers. Experiments with artificial data sets and real data sets show that the
proposed algorithm can effectively adapt to various data distributions and outlier detection of high-dimensional data.
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