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Representation of Prior Distribution in Bayesian Testing Analysis

Zhang Jin huai
(Department of Automatic Control, NU DT, Changsha, 410073)
Abstract In this paper, the representation of the prior distribution function is discussed. The bootstrap and random
weighted method are given for determining prior p-d.f.In the same time, we study the multiple sensor fusion estimation
of prior p.d.d. And,the problems ariring in using Bayesian method is also discussed.
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Fig. 1 The r-th spline density estimate and the associated posterior probability density
function when r= 3, 10.
2 Bayes
Tab. 2 T he Bayes risks
r 2 3 4 5 6 10
M PV O (X10- ©) 2.4310 2. 3820 2.3363 2.2270 2.1136 1.7760
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