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Comparison of Anomaly Detection Methods
Using Dimensionality Reduction and Reconstruction Error
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Anomaly detection has been one of the most active areas in the datamining study. On the other hand, in the
field of machine learning, a variety of non-linear dimensionality reduction (NLDR) methods have been developed
recently. In this paper, we focus on the anomaly detection methodology based on the dimensionality reduction, and
compared several modern NLDR algorithms with the classical methods such as linear PCA and k-means clustering
on this framework. In the experiment, these NLDR methods were shown to be very suitable when the distribution
of input data is complicated. Especially, Mixture Probabilistic PCA (MPPCA) showed an outstanding performance
for the high-dimensional sensor data of an artificial satellite.
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