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Probabilistic Fatigue Life Prediction of Aircraft Turbine Disk Based on Bayes Theory
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[ABSTRACT]
and uncertainty from life prediction results by using the

According to the sources of error

deterministic models, a new probabilistic fatigue life pre-
diction method for aircraft turbine disk is proposed based
on Bayes theory. Through using the Bayes factor as the
model selection strategy to determine the optimal model,
the parameter type of probability density function in the
best model can be obtained by using Bayes inference tech-
nique. Combination of Monte Carlo simulation, the prob-
ability density function of fatigue life can be predicted by
using the probabilistic method.
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Fig.3 Sampling trace,prior and posterior distributions of PSED model parameters
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