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ABSTRACT yakiuimad | .1

In this paper an estimator of reliability function for the pareto dist. Of the
first kind has been derived and then a simulation approach by Monte-Calro
method was made to compare the Bayers estimator of reliability function and the
maximum likelihood estimator for this function. It has been found that the
Bayes. estimator was better than maximum likelihood estimator for all sample
sizes using Integral mean square error(IMSE).
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Model n ML Bayes Best
I 10 0.010879 0.008733 Bayes
30 0.0103115 0.002885 Bayes
=1 50 0.001952 0.001876 Bayes
k=1 100 0.000935 0.000920 Bayes
Il 10 0.016453 0.011344 Bayes
30 0.004086 0.003608 Bayes
=1 50 0.002479 0.002303 Bayes
k=1.5 100 0.001160 0.001179 ML
Il 10 0.005433 0.005049 Bayes
30 0.001484 0.001467 Bayes
«=2.7 50 0.000930 0.000932 ML
k=1 100 0.000443 0.000446 ML
v 10 0.10978 0.008671 Bayes
30 0.003007 0.002783 Bayes
a=2.7 50 0.001871 0.001796 Bayes
k=1.5 100 0.000891 0.000876 Bayes




