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Abstract
Estimation of parameters of a probability

distribution function is one of the major tasks in
statistical inference. The estimation can be divided
into two parts, point estimation and interval
estimation. There are many point estimation
methods and one of these methods is the
Bayesian method. The Bayesian method is
one of the widely used methods, but in some
cases the method is very difficult to find the
Bayes estimators or Bayes estimates through
the analytical methods such as calculus and
linear algebra. So, for the hard problem, we
frequently use approximation methods such as
numerical method and simulation method to
find out the approximate Bayes estimates.
This article presents an approximation method
called the Monte Carlo simulation using the
Gibbs sampling which is a well-known method
in the Markov chain Monte Carlo (MCMC)
methods.

Keywords: estimation, Bayes estimator, loss
function, Monte Carlo simulation, Gibbs
sampling.

1. ∫∑π”

°“√Õπÿ¡“π‡™‘ß ∂‘µ‘¥â«¬«‘∏’°“√¢Õß‡∫ å¡’·π«§‘¥
µà“ß®“°«‘∏’°“√ ∂‘µ‘·∫∫©∫—∫∑—Ë«‰ª §◊Õ æ‘®“√≥“æ“√“
¡‘‡µÕ√å∑’Ë∑”°“√Õπÿ¡“π‡ªìπµ—«·ª√ ÿà¡ ‡æ√“–©–π—Èπ
æ“√“¡‘‡µÕ√å¡’°“√·®°·®ß§«“¡πà“®–‡ªìπ ´÷ËßÕ“®°”Àπ¥
¢÷Èπ‚¥¬ª√– ∫°“√≥å §«“¡‡™◊ËÕ À√◊Õ¢âÕ¡Ÿ≈¢â“ß‡§’¬ß
°“√·®°·®ß∑’Ë°”Àπ¥π’ÈÕ“®¬—ß‰¡à‡À¡“– ¡∑’Ë®–„™âª√–‚¬™πå
¥—ßπ—Èπ ®–„™â¢âÕ¡Ÿ≈À√◊Õ§à“ —ß‡°µ„À¡à∑’Ë ‰¥â¡“ª√—∫·°â
°“√·®°·®ß·√°‡√‘Ë¡¢â“ßµâπ ‰¥â°“√·®°·®ß¿“¬À≈—ß·≈–
„™âª√–‚¬™πåµàÕ‰ª„π°“√Õπÿ¡“π‡™‘ß ∂‘µ‘ ‡™àπ °“√
ª√–¡“≥§à“¢Õßæ“√“¡‘‡µÕ√å ·≈–°“√∑¥ Õ∫ ¡¡µ‘∞“π
‡™‘ß ∂‘µ‘  ”À√—∫„π∫∑§«“¡π’È °≈à“«∂÷ß°“√Õπÿ¡“π‡™‘ß
 ∂‘µ‘„π‡√◊ËÕß°“√ª√–¡“≥§à“¢Õßæ“√“¡‘‡µÕ√å∑’Ë‡ªìπ°“√
ª√–¡“≥§à“·∫∫®ÿ¥¥â«¬«‘∏’°“√‡∫ å „π°√≥’Õ¬à“ßßà“¬
·≈–°√≥’Õ¬à“ß¬“°´÷Ëß„π°√≥’π’È®–„™â«‘∏’°“√®”≈Õß„π°“√
À“§à“ª√–¡“≥‡∫ å

2. µ—«ª√–¡“≥‡∫ å

„Àâ X ‡ªìπµ—«·ª√ ÿà¡ª√–‡¿∑µàÕ‡π◊ËÕßÀ√◊Õ‰¡à
µàÕ‡π◊ËÕß ‚¥¬¡’ θ ‡ªìπæ“√“¡‘‡µÕ√å „πøíß°å™—π°“√
·®°·®ß¢Õß X ·≈– θ  ‡ªìπ§à“‡ªìπ‰ª‰¥â¢Õßæ“√“¡‘‡µÕ√å
 ÿà ¡ Θ (ª√–‡¿∑µàÕ‡π◊ËÕßÀ√◊Õ‰¡àµàÕ‡π◊ËÕß π—Ëπ§◊Õ
æ“√“¡‘‡µÕ√å„π°“√·®°·®ß‡ªìπµ—«·ª√ ÿà¡) ‡æ√“–©–π—Èπ
°“√·®°·®ß§«“¡πà“®–‡ªìπ¢Õß X ‡ªìπ°“√·®°·®ß
·∫∫¡’‡ß◊ËÕπ‰¢  ¡¡µ‘                          ·≈–
 ¡¡µ‘  Θ   ¡’øíß°å™—π§«“¡Àπ“·πàπ (density function)

     „Àâ   X
1
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   ‡ªìπµ—«Õ¬à“ß ÿà¡®“°

 ‡æ√“–©–π—Èπ ‰¥âøíß°å™—π§«“¡
Àπ“·πàπ√à«¡
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        1   2,2  

2  49.00 61.25 76.56 95.70 119.63 149.54 

ˆ  19.61 19.52 19.39 19.24 19.04 18.79 

   

        2   2,492  

 2.00 2.50 3.13 3.91 4.89 6.11 

ˆ  19.61 19.59 19.56 19.51 19.48 19.44 

 

  1  2  2  
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