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Data-model Interactive Remaining Useful Life Prediction Technologies for

Stochastic Degrading Devices With Big Data
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Abstract Focused on the realistic desire to the remaining useful life (RUL) prediction of stochastic degrading
devices with big data, according to the characteristics of the big monitoring data of stochastic degrading devices and
the core issue quantifying the uncertainty in the RUL prediction, this paper provides deep analysis of basic prin-
ciples and advances of classical solution avenues to RUL prediction of stochastic degrading devices with big data
from the data-driven viewpoint. The reviewed methods mainly include hybrid techniques based on physical model
and data, machine learning method based techniques, statistical data-driven techniques, and the combination of ma-
chine learning methods and statistical data-driven methods. At the meanwhile, the limitations and common prob-
lems in existing studies are dissected. As for these limitations, taking the big monitoring data from multi-source
sensors as an example, this paper presents a data-model interaction perspective to solve the RUL prediction prob-
lem for stochastic degrading devices with big data. The application to multi-source monitoring data of aero-engines
preliminarily verifies the feasibility and effectiveness of this presented data-model interaction idea. Finally, inspired
by the presented data-model interaction idea, it will be beneficial to tightly holding the main line of the RUL pre-
diction uncertainty quantification by synthesizing advantages of intelligent methods and statistical data driven
methods. As such, this paper discusses several key scientific issues for RUL prediction of stochastic degrading
devices with big data, including the interactive collaboration idea between deep learning and stochastic degradation
modeling, the mapping mechanism between the big monitoring data and the RUL with the prediction uncertainty
quantification, RUL prediction issues under non-ideal data, etc.
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The methodology of remaining useful life prediction
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Fig.3 Idea and flowchart of data-model interactive remaining useful life prediction with multi-source sensors
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Table 3  Comparative results in the performance of the remaining useful life prediction
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