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Abstract: To address the issue of imbalanced fault samples in training machine learning models for gas turbine
gas path faults, a data augmentation method based on Time-Series Generative Adversarial Networks (TimeGAN)
is proposed. First, transient operational data from actual gas turbine gas path faults are cleaned, standardized,
processed through feature engineering, and reduced using PCA to preserve critical fault features. Next, a
TimeGAN model comprising embedding, generation, discrimination, and reconstruction modules is constructed,
and Bayesian optimization is performed using the Optuna hyperparameter optimization tool to determine the
optimal hyperparameters. Finally, the quality of the generated data is comprehensively evaluated through
prediction metrics, classification metrics (based on a posterior RNN discriminator), and visualization metrics
(PCA and t-SNE). The results demonstrate that data generated by TimeGAN achieve a mean absolute error of
4.47% in prediction tasks, exhibiting high similarity to real data in terms of statistical features and latent
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representation space, making it difficult for the discriminator to distinguish between the two. Visualization
analysis further confirms that the clustering patterns and distribution trends of the generated data closely resemble

those of the real data.
Key words:
augmentation; fault diagnosis
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1 LSTM #H42 4% 88 JT 454
Fig.1 LSTM network unit structure
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Fig.3 Process of building the TimeGAN model for
generating simulated fault data
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Fig.4 Heavy-duty gas turbine operating principle
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Tab.1 Input parameters of gas path fault data augmentation
model
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Fig.6 Comparison of PCA results between original and
generated data
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