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Bayes and Empirical Bayes Estimation of Parameter of Generalized Exponential

Distribution Based on Record Values

WANG Qi', HUANG Wen-yi*

(1. Zhongshan Institute, University of Electronic Science and Technology of China, Zhongshan Guangdong 528402;
2. School of Mathematics and Computer Science, Yichun University, Yichun Jiangxi 336000, China)
Abstract: According to the record values from the generalized exponential distribution sample, parameter estimation problem of
generalized exponential distribution is studied. First, the maximum likelihood parameter estimation is given; when the conjugate
prior distribution of parameters for the Berta prior distribution, and the loss function is the squared error loss and LINEX loss func-
tions, Bayes and empirical Bayes estimators of the parameter of the generalized exponential distribution are derived. Finally, a
Monte Carlo numerical simulation is given to compare these estimators presented in this paper. We found in the prior distribution of
the right conditions and experience of the Bayes estimates closer to the true parameters, therefore the maximum likelihood proper
prior distribution of Bayes and empirical Bayes estimators are closer than the maximum likelihood estimator when the prior distribu-
tion is proper. Then Bayes and empirical Bayes estimators are better than the maximum likelihood estimator under proper prior dis-
tribution.

Key words: Bayes and empirical Bayes estimators; squared error loss; LINEX loss; record value
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