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In general, fatigue analysis is performed by using deterministic model to estimate

the optimal parameters, However, the deterministic

model is difficult to clearly describe the physical phenomena of fatigue failure that contains many uncertainty factors, With regarc

to this, efforts have been made in this research to compare with the deterministic model and the stochastic models, Firstly, One

deterministic S—N curve was derived from ordinary least squares technique and two P-S—N curves were estimated through

Bayesian—linear regression model and Markov—Chain Monte Carlo simulation, Secondly, the distribution of Long—term fatigue damage

and fatigue life were predicted by using the parameters obtained from the three methodologies and the long—term stress distribution,

Keywords : Long—term fatigue damage(&7| O|2 &AME) Stochastic fatigue life assessment(BEE4 H|2 4 T7}), Probabilistic S—N
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Fig. 1 Linear regression model(1st polynomial)
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Fig. 3 Results of fatigue test

Table 1 Summary of parameters for long-term fatigue

damage

Parameters Value
Ny 1.13%108
B 1
h 1
S 115N/mm?

Table 2 Results gained from OLS

Parameters Value
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Fig. 4 Accepted parameters in MCMC
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