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Bayesian Estimation of k-th Erlang Distribution Parameter under
Compound Mlinex Loss Function

JI Haibo
(School of Liberal and Science, Sugian College, Sugian Jiangsu 223800, China)

Abstract : The compound Mlinex symmetric loss function is defined on the basis of the Mlinex loss function. Under the compound

Mlinex symmetric loss function, the Bayes estimation, E-Bayes estimation and multilayer Bayes estimation of the k-th Erlang dis-

tribution parameters are studied by using the Bayes estimation method. And its admissibility is proved. Finally, the rationality

and

superiority of the three kinds of Bayesian estimation of parameters are verified by Matlab simulation.

Keywords : k-th Erlang distribution; compound Mlinex loss function; Bayes estimates; admissibility
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