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engine RUL based on improved CNN-BiGRU-A

Dong Hai'
(1. School of Applied Technology. Shenyang University, Shenyang 110044, China;

Wu Yuetong®
2. School of Mechanical Engineering, Shenyang University, Shenyang 110044, China)

Abstract: Aiming at the problem that modern industrial systems tend to focus on their predictive performance while paying
little attention to equipment maintenance decision-making, a data-driven dynamic predictive maintenance method is proposed to
avoid sudden system failures and ensure safe operation. First, the health status of the turbofan engine is monitored in real-time
to obtain operating data, which is used to establish a turbofan engine remaining useful life model based on a convolutional
neural networks-bidirectional gated recurrent unit-attention mechanism. The hyperparameters of the CNN-BIGRU-A are
optimized using the black hawk optimization algorithm; second, the monitored data is input into the trained integrated
network, and a dynamic predictive maintenance strategy with uncertain system task cycle is proposed based on the predicted

remaining useful life; finally, the proposed method is verified by using the C-MAPSS data set to show that it can improve

equipment predictive performance and perform good predictive maintenance afterward.
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Fig.1 Dynamic predictive maintenance strategy framework
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Table 3 Performance comparison of different

approaches on FD001
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RMSE Score
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Table 4 Dynamic predictive maintenance strategy

with mission cycle At =3.77
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120 14 13.731 3 1 0 0
125 9 7.032 1 1 0 0
130 4 2. 408 0 1 1 1
W & ZhHL ID9O(L=147)
125 22 15. 068 3 1 0 0
130 17 14. 375 3 1 0 0
135 12 7. 500 1 1 0 0
140 7 2. 452 0 1 0 1
145 2 1.190 0 1 1 1
W &L 1DI2(L=151)
130 21 17.575 4 1 0 0
135 16 10. 214 2 1 0 0
140 11 7.756 2 1 0 0
145 6 5.236 1 1 0 1
150 1 1.162 0 1 1 1
W R ESHL 1IDIS(L=148)
125 23 23.535 6 1 0 0
130 18 19. 433 5 1 0 0
135 13 15. 013 3 1 0 0
140 8 9.998 2 1 0 0
145 3 6. 809 1 1 1 0

RUL prediction results for four turbofan engines
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Table 5 Reliability of the turbofan engine on its last mission

i 5 4 B AL v
1D82 0. 865
1D90 0. 989
1D92 0. 389
1D98 0. 806
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