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Rocket Engine Fault Detection with Attention based Recurrent Neural
Networks
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(Beijing Aerospace Propulsion Institute, Beijing, 100076)

Abstract: Focusing on the main working phase of liquid rocket engine, with the aid of multivariate non-linear time series
analysis, and based on Dual Stage Attention Based Recurrent Neural Networks (DA-RNN), a new time series analysis tool,
Convolutional Dual Stage Attention Based Recurrent Neural Networks (CDA-RNN), is proposed, by which a fault trend prediction
model is established. Compared with LSTM, DA-RNN, etc, this model shows higher prediction accuracy. Combined with
autocorrelation analysis of the prediction residual, a quantitative basis of fault detection is proposed after introducing failure
confidence probability. Using hot test data with weak fault to validate the model, result shows that the CDA-RNN model enables
robust weak fault muti-parameter detection in unsteady working process. This strategy is so effective that it calls for direct engineering
application.
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