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School of Aerospace and Mechanical Engineering, Korea Aerospace University

ABSTRACT

By using the failure information and the cumulative test execution time obtained by
performing the reliability growth test, it is possible to estimate the parameter of the reliability
growth model, and the Mean Time Between Failure (MTBF) of the product can be predicted
through the parameter estimation. However the failure information could be acquired
periodically or the number of sample data of the obtained failure information could be small.
Because there are various constraints such as the cost and time of test or the characteristics of
the product. This may cause the error of the parameter estimation of the reliability growth
model to increase. In this study, the Bayesian method is applied to estimating the parameters
of the reliability growth model when the number of sample data for the fault information is
small. Simulation results show that the estimation accuracy of Bayesian method is more
accurate than that of Maximum Likelihood Estimation (MLE) respectively in estimation the
parameters of the reliability growth model.
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Table 1. Related Equations of Duane Model
and AMSAA model
Duane AMSAA
Average(Cumulative) u 41
Failure Rate KT AT
Cumulative Failure l—a 3
Number KT AT
Instantaneous —a 4-1
Failure Rate (1-a)KT ABT
Cumulative MTBF (KT —)~! (AT A-1H)~1
Instantaneous B —on—1 B—1y—1
\ITBE (1=a)KT )71 | (\gT77)
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Table 2. MSE of estimation for each parameter

Bayesian MLE
a ¢ a B
3 | 06768 | 0.1772 | 1.1623 | 0.5462
6 | 04564 | 0.0802 | 0.6354 | 0.0847
Number
of 9 | 03446 | 0.0305 | 0.8814 | 0.0477
sample | oy | 03188 | 0.0112 | 0.8614 | 0.0164
data
30 | 03112 | 0.0068 | 0.8122 | 0.0091
50 | 02623 | 0.0042 | 0.6208 | 0.0049
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