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Bayesian Estimation of  the Logormal Distrbution Mean 

Using Ranked SET Sampling 
 

R. A. Ahmed  
 

Abstract 
       Bayes estimation for Lognormal mean using Ranked Set Sampling RSS                    
is considered in this paper and compared to that using Simple Random Sampling 
SRS . It was show that the RSS  Bayes estimator is better than SRS  Bayes 
estimator  in terms of the Bayes risk. Also the ratio between SRS  Bayes risk 
to RSS  Bayes risk is shown to be always greater than one. 

  
  ريكان عبد العزيز احمد

  قسم الاحصاء/كلية الإدارة والاقتصاد/ جامعة البصرة
  

  الملخص
اينـة         لقد تم تقدير بييز للوسط الحسابي في حالة توزيع اللوغارتمي الطبيعي باستخدام طريقـة المع              

وقد وجد ان تقدير بييز     . SRS ومقارنته بتقدير بييز بطريقة المعاينة العشوائية البسيطة       RSSالمرتبة  

وقـد وجـد ان     . للمعاينة المرتبة أفضل منه للمعاينة العشوائية البسيطة من حيث الخطورة في تقدير بييز            

ييز للمعاينة العشوائية البسيطة الى خطورة بييز للمعاينة المرتبة دائما اكبر من            النسبة بين خطورة تقدير ب    

    .      الواحد

 
Introduction 

      Fei, Sinha and Wu, (1994), investigated the performance of RSS  in the 
estimation of other parameters (not essentially the mean) when the 
population is partially known. The shape and the scale parameter of the two 
parameters Weibull distribution are considered in their study. Stokes (1995) 
considered the location scale family )(

σ
µ−XF with F  known, studied 

MLE  from both SRS and RSS  for two cases, single parameter is 
unknown and both parameters are unknown. Bimal, Sinha and Sumitra 
(1995), investigated some improvements of RSSµ̂ with suitable 
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modifications of RSS  for estimation of µ when )(XF is normal and 
exponential. In this paper we assume that the population under study is a 
Lognormal population with parameter mean θ  unknown and variance 

2σ known, and θ  has a prior density function as )(θπ . As an attempt to 
estimateθ  using Bayesian estimation, a simple random sample )(SRS  of 
size m  is taken from the population, on the other hand, a simple random 
sample of size 2m is also taken from the population to obtain the rank set 
sample )(RSS . For each sample the Bayesian estimator is found with 
respect to the Conjugate and Jeffery priors. The performance of the two 
estimators are compared using their Bayes risks if the two estimators are 
depend on the conjugate prior or compared using their risk function  if the 
two estimators are depend on the Jeffery prior. And note that the squared 
error loss function )(SELF  will be used in this paper that means 

=),( aL θ 2)( aL −θ represent the loss that result from estimator θ  by a .  
 
The Bayes estimators with respect to the Conjugate prior:   
      The conjugate priors have the intuitively appealing feature of allowing 
one to begin with a certain functional form for the prior and end up with a 
posterior of the same functional form, but with updated parameters by the 
sample information (James, O.,Berger). The conjugate prior in this case is 
normal distribution, and without loss of generality we will assume that it is 

)1,0(~)( Nθπ . 
 
The Bayes estimators depend on SRS .   
     Let mXXX ,,, 21 L be a SRS  from ),(log 2σθN  where 

2σ known, then without loss of generality take 12 =σ ,then the probability 
density function is. 
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and the joint density function is. 
     
     
 
and the density function of the conjugate prior is 
 
 
    
The posterior density function of xθ  is  
 
=                                               
 
 
then  
 
 
 
The Bayes estimator of θ  is )()(ˆ xExSRS θθ =  because the Bayes 
estimate with respect to )(SELF is the posterior mean then  
 
 
 

1

log
)(ˆ

+
=
∑

m

x
x

m

i
i

SRSθ                                 and the Bayes risk of the  
 
 
estimator is     
The Bayes estimators depend on RSS . 
      We assume that have m  random samples each of size m  since. 
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where mjiNX ij ,,2,1,,)1,(log~ L=∀θ .  
Now let mYYY ,,, 21 L  be the RSS ,where 

),,,(min 112111 mXXXY L=  , 
),,,(min2 222212 m

nd XXXY L=  
),,,(max,, 21 mmmmm XXXY LL = ,i.e., iY  is the thi −  order 

statistic of the set i . Then the pdf of θiy  is given by. 
 
 
 
where  
 
Using the transformation ii yw log= then )1,(~ θNwi .Then pdf of  

θiy is became as. 
 
   
 
where )( θφ −iw is a pdf of )1,(θN and )( θ−Φ iw is a CDF of 

)1,(θN ,since mww L,1  are independent their  joint density is. 
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Then   
 
 
 
The posterior density function of wθ  is given by. 
 
 
 
 
 
 
 
The Bayes estimator of θ  is )()(ˆ wEwRSS θθ = = θθπθ dw)(∫
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The generalized Bayes estimators with respect to the Jeffrey prior: 
      The Bayesian approach can be used even when no prior information is 
available, in such situations, a non-information prior is used can be called 
Jeffrey prior. The Bayes risk has no meaning here infinite, so we compared 
depend on the risk function. 
 
 
 
 
The generalized Bayes estimators depend on SRS .  
      Let mXXX ,,, 21 L be a SRS  from )1,(log θN , and let the Jeffery 
prior in this case is 1)(~ =θπθ .Because the θ  is allocation parameter 
see (James, O.,Berger) then the posterior density )( xθπ is given by. 
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       Let mYYY ,,, 21 L  be the RSS  from )1,(log θN , and let the Jeffery 
prior in this case is also 1)(~ =θπθ .   
Using the transformation ii yw log=  then )1,(~ θNwi . Then pdf of 

θiy  is became as. 
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Then the joint density function of  w's is   
 
     
 
Then the posterior density )( wθπ is given by.   therefore, 
 
 
 
 
 
 
 
 
 
 
Thus, the generalized Bayes estimator θθπθθ dwwJ
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Let dkdkc =⇒=− θθ then  
 
 
 
 
 
 
 
 
 
 

2) The risk function of J
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Using property one, and let θ−= wk , then  
 
 
 
using the transformation  ii uk −= , and let 1+−= imj ,and using the 
property three we have.  
 
 
rename muu ,,1 L  respectively by 1,, kkm L  then 
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Numerical comparison. 
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is defined by  
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 along with the efficiency for selected values of mr & where r is the 
number of cycles and m  is the set size. 

 
 
 
 
 
 
 
  

Table (1):Bayes risk )},ˆ(),,ˆ({ πθπθ RSSSRS rr and risk function 
)},ˆ(),,ˆ({ θθθθ J

RSS
J
SRS RR and efficiency with respect to the 

conjugate prior and Jeffery prior respectively   
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
Conclusion. 

1. The Bayes risk using RSS  is always less than the Bayes risk using 
SRS  for all the cases we considered. 
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2. The risk function using the generalized Bayes RSS estimator is 
always less than that using the generalized Bayes SRS  estimator. 

3. Both the Bayes risk using RSS  and SRS  decreases as mrn =  
increases. 

4. Both the risks function decreases as mrn =  increases.  
5. The efficiency is always grater than one. 
6. The efficiency is increasing within a cycle, as m  increases.  
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