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Al Techniques for Applications of Equipment Remaining Useful Life Prediction
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Abstract: This paper introduces how latest artificial intelligence technologies can be used for prediction of equipment remaining use-
ful life, which has widespread applications. Based on some standard approaches, we introduce three new research directions. First,
in order to improve the prediction accuracy, how to build a model that is able to better learn the feature representation from time se-
ries sensor signals, as well as how to integrate features extracted by deep learning and manually curated features based on domain
knowledge. Second, we elaborate how to leverage knowledge distillation to transfer the knowledge from big LSTM network to
smaller yet accurate CNN network, to facilitate its usefulness at computing resource limited edge device. Finally, we study how to
build a cross-domain model to leverage the training data from source domain so that it can perform well in the unlabelled target do-
main.

Key words: equipment remaining useful life prediction; long short-tem memory; convolutional neural network; deep learning; gener-

ative adversarial network; domain adaption
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Fig. 1 Time-series sensor signal changes over time
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Fig.2 The diagram of frequency domain analysis
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Fig. 3 Feature fusion framework to integrate automatically

learned features and manually designed features
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