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Abstract

With the rapid advancement of space technology, the complexity of spacecraft in-orbit operations
has significantly increased, making real-time health monitoring and anomaly diagnosis crucial for
mission success. Telemetry data, as a direct reflection of spacecraft operational status, contains rich
system information. However, the massive volume of multi-source heterogeneous telemetry data
poses significant challenges to traditional anomaly detection methods. This paper addresses the
characteristics of spacecraft telemetry data, including its multivariate, temporal, nonlinear, and
complex potential anomaly patterns, by proposing a deep learning-based Adaptive Spatio-Tem-
poral Recurrent Attention Network (ASTRA-Net) model for precise anomaly detection. The ASTRA-
Net model innovatively integrates the strengths of Convolutional Neural Networks (CNN) in local
feature extraction, Bidirectional Gated Recurrent Units (BiGRU) in temporal dependency modeling,
and Attention Mechanisms in weighting critical information. The CNN layer effectively captures lo-
cal correlations and spatial features within multivariate telemetry data; the BiGRU layer further
learns bidirectional dependencies in the temporal dimension, enhancing the understanding of tem-
poral patterns; and the introduction of the Attention Mechanism enables the model to adaptively
focus on features and time steps that are more discriminative for anomaly detection, thereby im-
proving prediction accuracy and detection sensitivity. Building upon this, a dynamic threshold is
constructed by combining the predicted mean sequence with an improved Generalized Autoregres-
sive Conditional Heteroskedasticity (GARCH) model, achieving accurate identification and localiza-
tion of telemetry data anomalies. Through case studies using simulated spacecraft telemetry data,
experimental results demonstrate that the ASTRA-Net model exhibits excellent performance in
both prediction accuracy and anomaly detection, significantly outperforming traditional methods,
thus providing a new technical approach for in-orbit health management and fault diagnosis of
spacecraft.
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Figure 1. The architecture diagram of the ASTRA-Net model
[ 1. ASTRA-Net &R 2 )[E|
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Figure 2. Model training and anomaly detection process
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Figure 3. Abnormal detection results of spacecraft telemetry data
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