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Spline Empirical Bayes Estimation for Parameters of Exponential Reliability

Li Rong
(Department of Automatic Control, NU DT, Changsha, 410073)

Abstract T he empirical Bayes estimation is derived for the failure rate parameter and the reliability function in the
exponential distribution by considering a spline density estimation. Therefore, numerical example is introduced to conpare
the performance of this estimation with the classical Bayes estim ation using Gamma prior distribution. T he results of the
simulation show the algorithm is effective.
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Tab.1 Point estimates and the associated posterior posterior risks
, [as b Aws Varx 106 Ru(10)
2 [ 0.0049, 0. 0126] 0.01014 1.21950 0.90123
3 [ 0.0045,0.0130] 0.01014 1.21013 0.90123
4 [0.0042,0.0133] 0.01014 1. 21061 0.9123
5 [0.0039, 0.0136] 0.01014 1.21074 0.90123
6 [ 0.0036,0.0139] 0.01014 1.21076 0.90123
7 [0.0034,0.0141] 0.01014 1.21078 0.90123
8 [ 0.0030, 0.0145] 0.01014 1.21079 0.90123
9 [ 0.0028, 0.0147] 0.01014 1. 21080 0.90123
10 [0.0026, 0. 0149] 0.01014 1. 21080 0.90123
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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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