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Research Trends on Deep Learning for Anomaly Detection of Aviation Safety
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ABSTRACT

This study reviews application of data-driven anomaly detection techniques to the aviation domain. Recent
advances in deep learning have inspired significant anomaly detection research, and numerous methods have
been proposed. However, some of these advances have not yet been explored in aviation systems. After briefly
introducing aviation safety issues, data-driven anomaly detection models are introduced. Along with traditional
statistical and well-established machine learning models, the state-of-the-art deep learning models for anomaly
detection are reviewed. In particular, the pros and cons of hybrid techniques that incorporate an existing model
and a deep model are reviewed. The characteristics and applications of deep learning models are described, and

the possibility of applying deep learning methods in the aviation field is discussed.
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AE Autoencoder

ADS-B Automatic Dependent Surveillance —

Broadcast

ATM Air Traffic Management

CNN Convolutional Neural Network

DAE Deep Autoencoder
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