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Abstract

The Weibull distribution is a crucial model in reliability engineering for characterizing product
lifespan features, where accurate parameter estimation directly impacts the reliability of lifespan
prediction and maintenance decisions. Under the assumption of a known shape parameter, this study
systematically investigates Bayesian estimation methods for the scale parameter of the Weibull

XEFIH: PE MEART Weibull 25455000 - ih TR 7L 0). Giih24 5 R, 2026, 15(8): 232-238.
DOI: 10.12677/5a.2026.158193


https://www.hanspub.org/journal/sa
https://doi.org/10.12677/sa.2026.158193
https://doi.org/10.12677/sa.2026.158193
https://www.hanspub.org/

BB

distribution. First, the maximum likelihood estimation of the scale parameter is derived. Second,
analytical expressions for Bayesian estimation are obtained under both non-informative and con-
jugate priors, combined with the squared error loss function. Finally, Monte Carlo simulations are
employed to compare the mean squared error and bias of three estimation methods under different
sample sizes and true parameter values. The results indicate that Bayesian estimation under non-
informative priors is fully equivalent to maximum likelihood estimation in point estimation; conju-
gate priors, by incorporating reasonable prior information, can significantly reduce the mean squared
error and bias of estimation with small samples, and the improvement becomes more pronounced
as the sample size decreases.
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Table 1. Maximum likelihood estimation of the scaling parameter, Bayesian estimation without information prior, and Bayes-
ian estimation with conjugate prior (Scenario A)
# 1. RESHIRKMARMGTT. TEREETHINHE#EIT, £IEAERTHRHGEITEER A)

A= VR MLE Bayes, J Bayes
5 MSE 800.68 800.68 553.85
5 Bias 0.78 0.78 0.49
10 MSE 387.15 387.15 319.93
10 Bias -0.44 -0.44 —-0.43
20 MSE 195.04 195.04 176.88
20 Bias -0.35 -0.35 -0.33

Table 2. Maximum likelihood estimation of the scaling parameter, Bayesian estimation without information prior, and Bayes-
ian estimation with conjugate prior (Scenario B)
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FEA IR LN MLE Bayes, J Bayes
5 MSE 461.70 461.70 313.16
5 Bias —2.78 —2.78 -1.96
10 MSE 241.8 241.8 198.42
10 Bias -0.78 -0.78 -0.61
20 MSE 122.6 122.6 111.06
20 Bias -0.37 -0.37 -0.33
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