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Abstract: Aiming at accurately predicting the remaining useful life of the rotating machinery with
a small size of samples, a digital twin driven method for health index construction and remaining
useful life prediction for rotating machinery was proposed. The degradation behavior model was
constructed by combining convolutional autoencoder and Weibull distribution theory. Firstly, the
convolutional autoencoder was trained with the early degradation signal of the rotating machinery
to learn the early degradation signal pattern. Then, the convolutional autoencoder was used to
reconstruct the test signal and calculate the reconstruction error, which was mapped into the [0, 1]

interval as the health index. Finally, the Weibull reliability function was fitted according to the
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health index to predict the remaining useful life of the rotating machinery. The above steps were

repeated during the continuous operation of the rotating machinery based on real-time data. The

validation results of PHM2012 public data set show that the proposed method can predict the re-

maining useful life of bearings without the failure degradation signal, and the predicted results are

significantly superior to those predicted by existing methods, with the root mean square error of

938. 8 and the mean absolute percentage error of 42. 62%. The application of this method in an

automated test system digital twin predictive maintenance platform of BASF Advanced Chemicals

Co. , Ltd. demonstrated the feasibility of the proposed method for few-shot life prediction of ro-

tating machinery in practical industrial scenarios.

Keywords: digital twin; convolutional autoencoder; Weibull distribution; rotating machinery;

remaining useful life prediction
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Fig. 10 Iterative RUL prediction result of 1_3 bearing sample
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Fig. 13 Torque signals of coupling in automatic test system
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