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Dimensionality Reduction with the Autoencoder for Anomaly Detection of Spacecrafts
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In this research, we propose to use the autoencoder in dimensionality reduction for anomaly detection of space-
crafts. We show that the autoencoder is useful compared to two conventional methods: linear PCA and kernel
PCA. The autoencoder can improve the accuracy of anomaly detection by over-complete set of basis. In addition,
it can perform non-linear encoding faster than conventional approaches, and also avoid over-fitting problem.
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