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Performance Degradation Prediction of Aero-Engine
Based on Nonlinear Wiener Process
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Abstract: Aiming at the problem of low accuracy of aero—engine performance degradation prediction based
on linear stochastic process, a nonlinear Wiener process engine performance degradation modeling method with
exponential drift coefficient is proposed, which can predict the performance degradation of aero—engine. Based on
the direct monitoring of engine performance degradation data, the engine performance degradation model was con-
structed, and the probability distribution of remaining life was deduced according to the mathematical properties
of the first threshold time of Wiener process. The likelihood function of unknown parameters in the regression
model is constructed by maximum likelihood estimation, and the off-line estimation of the overall model parame-
ters of the engine is obtained by genetic algorithm. Considering the differences among different engine individu-
als, the Bayesian formula is used to update the random parameters in the model in real time by combining the re-
al-time monitoring data of the engine with the prior distribution of the overall model parameters, so as to update
the residual life prediction of the individual engine in real time. Finally, the commercial aviation engine simula-

tion data set (C—MAPSS) is selected for experimentation. The results show that: for individual engines based on
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the nonlinear stochastic process method, real-time updating of the nonlinear Wiener method can improve the ac-

curacy of the performance degradation prediction of the aircraft engine in the later stage of aero—engine operation,

and provide more reliable preventive maintenance decisions.
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Genetic algorithm; Bayesian update; Performance degradation prediction
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Fig.2 Schematic diagram of the upper half of the C-MAPSS simulation engine
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