Journal of the Korean Society of Safety
Vol. 36, No. 2, pp. 32—38, April 2021
https://doi.org/10.14346/JK0S0S.2021.36.2.32

ISSN 1738-3803 (Print)
ISSN 2383-9953 (Online)
http: //www.kosos.or.kr/jkosos

A A
o= 878

=% *xT
25 - 2N

HE 0|82t IPM2| H|O|R| 2t AI=| &= 7 A+

A Study on Bayesian Reliability Evaluation of IPM using Simple

Information

Dong Cheol Jo* - Jeong Seo Koo™'

TCorresponding Author

Jeong Seo Koo

Tel : +82-2-970-6878

E-mail : koojs@seoultech.ac.kr

Abstract : This paper suggests an approach to evaluate the reliability of an intelligent
power module with information deficiency of prior distribution and the characteristics
of censored data through Bayesian statistics. This approach used a prior distribution
of Bayesian statistics using the lifetime information provided by the manufacturer and

compared and evaluated diffuse prior (vague prior) distributions. To overcome the
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computational complexity of Bayesian posterior distribution, it was computed with
Gibbs sampling in the Monte Carlo simulation method. As a result, the standard
deviation of the prior distribution developed using simple information was smaller

than that of the posterior distribution calculated with the diffuse prior. In addition, it
showed excellent error characteristics on RMSE compared with the Kaplan-Meier

method.
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Fig. 1. Classical versus bayesian statistics,
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Table 1. Proposed prior distribution

Scale(a) Shape(3)
Unknown gamma(0.0001 ,0.0001) unif(0,5)
Known gamma(0.439, 996.7) unif(0,5)
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Table 2. Failure data of the IPM(*Censored, Unit: Years)
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Table 4. Calculation of pont estimate and error

Bayesian Inference
Parameters

Unknown Known
Point value 46.952 38.044

MTTF
Standard error 42.514 12412
Point value 1.936 2.106

Shape
Standard error 0.575 0.385
Point value 50.363 42.704

Scale
Standard error 32.262 13.508
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Table 5. Change in usage time(Failure detection)vs reliability

F(a‘i(le;i;r)ne KM Simple-known unknown

5.8 0.979 0.985 0.985

6 0.958 0.984 0.984
8.7 0.917 0.966 0.967
8.7 0.896 0.966 0.967
9.1 0.875 0.962 0.964
10 0.854 0.954 0.957
13.6 0.833 0914 0.924
16 0.813 0.881 0.897
17.9 0.813 0.852 0.874

Kaplan-Meier estimate with 95% confidence bounds

~— Kaplan-meier
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= Unknown

T T T T
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Fig. 5. Comparison of non—parametric reliability and error,
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Table 6, Comparison of non—parametric reliability and error

Unknown Known
RMSE 0.071 0.065
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