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In usual limit checking on telemetry sensor data of a spacecraft, normal ranges of sensor values are defined

by only one pair of upper and lower bounds.

It can lead to too optimistic results or a high false alarm rate

since it does not consider multimodal behavior and temporal patterns of sensor values. For more precise anomaly

detection, normal ranges should be predicted adaptively according to spacecraft’s states.

The proposed method

consists of two phases, one in which regression trees are used to extract temporal information and one in which a
quantile regression forest is used to predict target normal range nonparametrically. We apply this method to actual
telemetry data with simulated anomalies and confirmed that it can detect temporal anomalies with less false alarm

rate than limit checking.
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