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LASSO based variable selection for similarity remaining useful life
prediction of aero-engine
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Abstract: Due to the large number of aero-engine monitoring variables, the variables with obvious
performance degradation trend were directly selected by traditional method for the life prediction, so a
variable selection method based on LASSO (least absolute shrinkage and selection operator) was proposed,
which combined with the similarity life prediction method to effectively improve the prediction accuracy.
Based on K-means clustering, different working conditions were distinguished, and multiple monitoring
variables of aero-engine were transformed according to the clustering results. The optimal sensor variables
were selected based on the LASSO method. The remaining useful life of aero-engine was predicted based
on similarity method. The results of remaining useful life prediction based on the variable selection method
by LASSO and the traditional selection method by the degradation trend were compared. The results
showed that the standard deviation of the similarity life prediction error based on the variables selected by

LASSO decreased by about 1.84, 3.46 and 4.23 under three operating cycles.
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