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Flight Data Abnormity Detection Method Based on Sparse Auto-encoder
DU Chenfei, QU Jianling, SUN Wenzhu, GAO Feng
(Naval Aeronautical Engineering Institute Qingdao Branch, Qingdao 266041, China)

Abstract: To improve the adverse conditions of flight data manual interpretation such as low efficiency and inevitable errors or omissions,
this paper presents a method based on sparse auto-encoder ( SAE) for flight data abnormity detection. Firstly, we make the basic framework for
SAE. Secondly we generate the training samples in the form of a sliding window. Thirdly, we use normal samples and BP algorithm to fulfill train-
ing and optimization of the entire network so as to get reconstruction error distribution threshold of normal samples. Finally, according to the re-
construction error of test samples we detect typical abnormity in flight data. Experiments show that this computer-based flight data interpretation
method can get reconstruction error threshold distribution of the normal samples in the case of sample imbalance and detect abnormity of flight data
accurately.

Key words: flight data; abnormity detection; sparse auto-encoder; back-propagation algorithm; reconstruction error
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