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Development of intelligent telemetry monitoring system for small satellites
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Development of monitoring system detecting anomaly for satellites is of a great interest in space engineering. A number of
researches on anomaly detection have been conducted, which utilize a variety of intelligent information technologies. We
proposed a telemetry monitoring system integrating machine learning algorithms for detecting anomalies. We have
implemented two anomaly detection algorithms — SLDS and MPPCA. This system is expected to help us to detect anomaly
and deal with the problem on earlier phase and expands the possibility of satellite operation, however, we have been
confronted with various difficulties on the application of this system. In this paper, we propose one of the solutions for the
difficulties such as anomaly detection using telemetry data with missing values and outliers.
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e Principal Component Analysis (PCA)

e Switching Linear Dynamical System (SLDS)

e Vector Quantized PCA (VQPCA)

e Mixture Probabilistic PCA (MPPCA)
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