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Abstract: To acquire proper prior-distribution is a key problan in complex system
Bayesian reliability evaluation-Based on the empirical Bayes theory, a gline density fitting
for the prior function of systamn”smission reliability was studied The reliability test data
based on W eibull, exponential and binom ial distribution model w as analyzed, and reliability
evaluation-formula w as presented Finally an example was given to show this method is
simple in calculation and usable for engineering application
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Table 1 The system rebability analysisresult at'different degree k

k [asb] Re Var(x 10 %)
2 [0:857 3,0.964 6] 0.904 77 2.565 25
3 [0.853 2,0.966 9] 0.904 75 2.569 68
4 [0.849 5,0.969 6] 0.904 75 2.568 81
5 [0.846 3,0.972 1] 0.904 75 2.568 80
6 [0.843 3,0.974 6] 0.904 75 2.568 79
7 [0.840 6, 0. 976 9] 0.904 75 2.568 79
8 [0.838 7,0.978 4] 0.904 75 2.568 78
9 [0.8358,0.981 1] 0.904 75 2.568 78
10 [0.834 3,0.982 3] 0.904 75 2.568 78
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