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Abstract: To address the issues of insufficient data analysis capabilities of machine learning algorithms and poor convergence speed
and ineffectiveness of deep learning algorithms prone to overfitting in aeroengine gas path fault diagnosis, a gas path fault diagnosis model
based on bayesian optimization(BO) optimised bidirectional long and short—term memory (BiLSTM) network combined with radial basis
function (RBF) neural network was established. BO was used to optimise the initial learning rate and L2 regularisation coefficient of the
BiLSTM network, and the optimised BiLSTM network was employed to extract features from the aeroengine gas path data, and the RBF
neural network was used to identify and classify the extracted abstract features for fault diagnosis. The results show that the BO-BiLSTM~-
RBF model achieves an accuracy rate of 95.88%, and its generalization ability, interference resistance, and robustness outperform models
such as BiLSTM-RBF network, BiLSTM network, support vector machine (SVM), RBF neural network, and Back Propagation (BP) neural
network. It can effectively diagnose both single and compound faults in the aeroengine, providing a novel approach for aeroengine fault
diagnosis.
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