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A Proposal of Remaining Useful Life Prediction Model for Turbofan
Engine based on k-Nearest Neighbor
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Abstract The maintenance industry is mainly progressing based on condition-based maintenance after
corrective maintenance and preventive maintenance. In condition-based maintenance, maintenance is
performed at the optimum time based on the condition of equipment. In order to find the optimal
maintenance point, it is important to accurately understand the condition of the equipment, especially
the remaining useful life. Thus, using simulation data (C-MAPSS), a prediction model is proposed to
predict the remaining useful life of a turbofan engine. For the modeling process, a C-MAPSS dataset was
preprocessed, transformed, and predicted. Data pre-processing was performed through piecewise RUL,
moving average filters, and standardization. The remaining useful life was predicted using principal
component analysis and the k-NN method. In order to derive the optimal performance, the number of
principal components and the number of neighbor data for the k-NN method were determined through
5-fold cross validation. The validity of the prediction results was analyzed through a scoring function
while considering the usefulness of prior prediction and the incompatibility of post prediction. In
addition, the usefulness of the RUL prediction model was proven through comparison with the

prediction performance of other neural network-based algorithms.
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Table 2. Column names of dataset[12]
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2 Time, in cycles
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Fig. 3. Data structure of C-MAPSS dataset
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Table 3. Sensor measurement[12]

Description Units

Total temperature at fan inlet ‘R
Total temperature at LPC outlet ‘R
Total temperature at HPC outlet ‘R
Total temperature at LPT outlet ‘R
Pressure at fan inlet psia
Total pressure in bypass-duct psia
Total pressure at HPC outlet psia
Physical fan speed rpm
Physical core speed rpm

Engine pressure ratio -

Static pressure at HPC outlet psia
Ratio of fuel flow to Ps30 pps/psi
Corrected fan speed rpm
Corrected core speed rpm
Bypass Ratio -
Burner fuel-air ratio -
Bleed Enthalpy --
Demanded fan speed rpm
Demanded corrected fan speed rpm
HPT coolant bleed lbm/s
LPT coolant bleed lbm/s
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Table 6. Score of various methods[6]

Data Set Dataset #1 Dataset #2

RUL Prediction Model 8.11 x 10 1.09 x 10*
CNN 1.29 x 10° 136 x 10*

RVR 150 x 10° 1.74 x 10*

SVR 1.38 x 10° 590 x 10°

MLP 1.79 x 10* 7.80 x 10°
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Fig. 15. Score of various methods
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