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Anomaly detection method of satellite telemetry data based on noise meta
learning technique

GUO Pengfeil, JIN Kai?, CHEN Qifeng®, WEI Caisheng!”
(1. School of Automation, Central South University, Changsha 410083, China; 2. The 54th Research
Institute of CETC, Shijiazhuang 050081, China)

Abstract: Due to the scarcity of prior knowledge in satellite telemetry data, conventional
data-driven anomaly detection methods are difficult to accurately identify abnormal states.
Therefore, this article proposes a satellite anomaly detection algorithm based on meta learning and
dynamic scaling threshold method. Firstly, a set of initial parameters of a long short-term memory
neural network with the ability to quickly adapt to small sample tasks is solved through meta
learning algorithms. And the noise is added to the network weights during the training process to
further improve the model's generalization performance. Secondly, the dynamic scaling threshold
method is used to analyze the prediction error sequence, define the abnormal threshold for
dynamic changes, and mark the index of abnormal points to achieve anomaly detection of satellite
telemetry data. Finally, the effectiveness of the algorithm in improving satellite anomaly detection
performance was verified through examples of telemetry signals from important satellite channels.

Keywords: satellite telemetry data; abnormal detection; long-short term memory network;
meta-learning
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Fig. 7 Comparisons on anomaly detection effects under
different window lengths
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