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Lubricating Oil Condition Monitoring Based on Genetic Algorithm Optimized Back Propagation Algorithm
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tration, Shandong Normal University, Jinan 250300, China)

Abstract: Lubricating oil condition monitoring and analysis is an important means of aeroengine condition monitoring and fault diagno-
sis. In order to solve the problems of previously proposed prediction algorithms for the metal mass fraction of lubricating oil as local in opti-
mization, slow in convergence, large prediction error, etc., a Genetic Algorithm (GA) optimized Back Propagation (BP) neural network al-
gorithm was proposed. Taking advantages GA’ s fast convergence and robustness, the BP algorithm was optimized through GA parameter
optimization and was applied to the prediction of metal mass fraction of engine lubricating oil. Because the state parameters of lubricating
oil are unable to be used to determine whether the component is faulty or not, Bayesian decision rules were used to calculate the error rate
of diagnosis. The proposed method was applied to predict the mass fraction of lubricating iron in an aeroengine. The results show that the
BP neural network optimized by GA is more accurate for the prediction. The maximum prediction error is less than 6%, and the average pre-
diction error is 1.7%. The measured data fit well with the original data. Diagnosis result analyzed using Bayes decision rules is more con-
vincing in judging whether the component is faulty or not.
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