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Fault diagnosis of spacecraft attitude control under

sample imbalance conditions

ZHAN Mingyao, MENG Yunhe
School of Artificial Intelligence, Sun Yat-sen University, Zhuhai 519082, China

Abstract: To address the performance degradation of fault diagnosis in spacecraft attitude control
systems under conditions of scarce fault samples and imbalanced data distribution, this paper proposes
a fault diagnosis method integrating time-series image encoding and deep learning. First, a Wasserstein
Generative Adversarial Network with gradient penalty (WGAN-GP) is employed to augment fault
time-series samples and balance the training set distribution. Subsequently, three encoding methods—
Gramian Angular Summation Field, Markov Transition Field, and Recurrence Plot—are utilized to
convert time-series signals into two-dimensional images. Then, a two-dimensional convolutional
neural network is constructed to extract and classify fault features. Experimental results demonstrate
that the proposed method significantly improves diagnostic accuracy under varying sample imbalance
ratios, validating its effectiveness and robustness in imbalanced sample scenarios.
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Fig. 1 Spacecraft attitude control system
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100:1 13.81 12.79 13.81 14.36
200:1 30. 67 20. 44 30. 67 28.42
500:1 48.33 39.10 48.33 50. 12
1000:1 22.04 28.31 22.04 24. 65
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Fig. 10 Feature space visualization of generated samples by T-SNE
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