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Turbofan Engine Remaining Useful Life Prediction Model based
on Ensemble Learning
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Abstract: In order to solve the difficulties in predicting the remaining useful life (RUL) of turbofan en-
gine caused by the high dimension and long time span of the monitoring data of the turbofan engine, this
paper proposes an engine life prediction system based on the integrated neural network model , which uses
the stacking method in ensemble learning to integrate the single learner to predict the RUL of turbofan en-
gine. The model is validated by an experimental test of engine useful life prediction on the NASA public
data set Commercial Modular Aero-Propulsion System Simulation ( C-MAPSS) , compared with common
machine learning method and single neural network. The experimental results show that the model has op-
timum performance in a variety of evaluation methods and does well in prediction ahead of time.
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