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Economic Design of Bayesian Acceptance Sampling
Plans for Dependent Production Process

Wan Seon Shin : Dae Joong Kim
Dept. of Industrial Engineering, Sung Kyun Kwan University

Abstract

This article studies the design of Bayesian single attribute acceptance sampling
plans under dependent production processes. An economic model is constructed
by extending the mathematical model developed for non-Bayesian cases for
Bayesian cases. The mathematical structure of the model is analyzed and it is
used to prove that optimization of the model can be achieved by applying the
solution method developed for non-Bayesian models directly. The effect of
dependence patterns and the types of prior distributions on the design of sampling
plans is also investigated through a computational study.
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