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Abstract Reliability analysis of mechanical systems requires statistical modeling of input random variables such as
distribution function types and statistical parameters that affect the performance of the mechanical systems. Some
random variables are correlated, but considered as independent variables or wrong assumptions on input random
variables have been used. In this paper, joint distributions were modeled using copulas and Bayesian method from
limited number of data. To verify the proposed method, statistical simulation tests were carried out for various number
of samples and correlation coefficients. As a result, the Bayesian method selected the most probable copula types
among candidate copulas even though the candidate copula shapes are similar for low correlations or the number of
data is limited. The most probable copulas also yielded similar reliabilities with the true reliability obtained from a
true copula, so that it can be concluded that the Bayesian method provides accurate statistical modeling for the

reliability analysis.
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[Fig. 1] Sum of normalized weights for 1=0.2
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[Fig. 2] Sum of normalized weights for 1=0.5

Fig. 1 - Fig. 32 Clayton('%h), Gaussian(Z3}), Joe
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[Fig. 4] Joint PDF contours for 1=0.2, 0.5, 0.7
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[Fig. 5] Mathematical Example

[Table 1] Reliabilities of the mathematical example

Copulas 7=0.2 =05 7=0.7
Clayton 0.8126 0.8766 09171
AMH 0.8067 - -
Gumbel 0.8016 0.8462 0.8320
Frank 0.8046 0.8452 0.8751
Al2 0.8226 0.8657 0.9024
Al4 0.8288 0.8603 0.8911
FGM 0.8013 0.8235 0.8193
Gaussian 0.8023 0.8490 0.8921
Joe 0.7939 0.8374 0.8622
Independent 0.7826 0.7819 0.7806
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[Table 2] Normalized weights of candidate copulas

Copulas 0} & b
Frank 0.3341 0.9991

0.6658 0.0009
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[Fig. 6] Paired data for 950X Steel and PDF contours
of Gaussian copula and Frank copula
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[Table 3] Reliabilities of the fatigue example

N=7,000
0.878
0.806
0.59

N:=8,000
0.830
0.768
0577

Cases
Gau-Frank
Frank-Frank
Ind-Ind
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