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A Method of Predicting Aero-Engines Remaining Useful Life Based on Two-Channel
Deep Convolutional Neural Network
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(Equipment Management and Unmanned Aerial Vehicle Engineering School,

Air Force Engineering University, Xi’an 710051, China)

Abstract A two-channel deep convolutional neural network-based method is proposed to predict the remai-
ning useful life of aero-engines. The method is to utilize maximal information coefficient for reducing data
dimensionality noise, and Kalman filter for reducing data noise on the traditional convolution neural net-
work. The realization of data reconstruction is subjected by data slicing and setting the data slice label as
the remaining useful life of the last cycle. The segmented and linear remaining useful life decay models are
introduced and a method to judge the starting point of life decay is given. The two features before and dur-
ing life decay as the input of the two-channel network model are used. The results of testing on NASA tur-
bofan Engine Simulation Data Set (C-MAPSS) show that the relevant indexes of this method are signifi-
cantly better than that of other algorithms when the test data range is large. And this method has signifi-
cant advantages in the remaining useful life prediction of aero-engines.
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