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Abstract: Aiming at the problem that most of the existing aero—engine remaining useful life (RUL) predic-
tions are based on single—point prediction models, and the confidence interval of the prediction results cannot be
accurately given, a probability distribution prediction model based on stacked autoencoder (SAE) and DeepAR
model is proposed. First, the SAE extracts the features of engine monitoring data through unsupervised deep
learning, and constructs health index (HI) reflecting performance degradation, the DeepAR prediction model is
constructed based on bi—directional long—short term memory (BiLSTM) network, and the extracted HI sequence
is input into the DeepAR model, the prediction model learns the hidden relationship between HI sequence and
service time globally, and outputs the probability distribution parameters of engine RUL. The effectiveness of the
proposed method is verified by experiments on C=MPASS turbofan engine degradation dataset. The results show
that compared with other methods, the prediction method proposed in this paper has better monitoring data fusion

effect, the performance of the model is improved by 6.4%, and the actual RUL is basically within the 95% confi-
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Fig. 1 Network structure of autoencoder
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Fig. 3 Diagram of DeepAR network
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Fig. 4 Network structure of LSTM
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Fig. 5 Diagram of BiLSTM network
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Fig. 6 Flowchart of the proposed RUL prediction method
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Fig. 8 Preprocessed engine monitoring data
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Table 1 SAE network parameters

Ttem Hidden size Max echos
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Fig. 9 RUL label setting
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Table 2 Performance comparison with other feature

extraction methods

Method PCA CDBN SAE
C 0.8670 0.9527 0.9685
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Table 3 DeepAR network parameters

Hyperparameter Value
Number of hidden units in BiLSTM layer 90
Number of hidden units in fully connected layer 60
Probability property of dropout layer 0.5
Initial learn rate 0.08
Gradient threshold 1
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Fig. 10 Prediction results of different training methods
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Table 4 Performance comparison with other neural

network methods

Method RMSE Score Prediction type
DLSTM 18.33 655 \
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Fig. 13 Engine RUL prediction process
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