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Abstract: In practical aeroengine engineering applications, engines are not allowed to operate with faults, resulting in a scarcity of
fault samples. This sample imbalance significantly degrades the accuracy and stability of data—driven bearing fault diagnosis models, neces-
sitating a reduction in reliance on bearing fault data. To address these issues, this paper proposes a bearing fault diagnosis method for
aeroengines based on self-attention and an improved auxiliary classifier generative adversarial network (ACGAN). Firstly, the original
input feature dataset is constructed using vibration data and operating condition data, which effectively preserves the characteristics and
operating conditions of the original data. Secondly, a data augmentation model based on self-attention and improved ACGAN is developed
to generate synthetic data. The original and synthetic data are then fused and used as input features to train the Softmax classifier, thereby
establishing the aeroengine bearing fault diagnosis model. Finally, the fused dataset is employed to enhance four types of bearing fault
datasets, and the proposed model is verified. The results show that the model based on self-attention and improved ACGAN achieves a
diagnostic accuracy of 98.9%, precision of 90.59%, recall of 96.25%, and a balanced F-score of 93.33%, demonstrating its ability to
significantly improve the performance of the aeroengine bearing fault diagnosis.
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