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A Comparison between Bayes Method and Robust Bounded B. M.
Huber Method to Estimate The Generilized Autoregressive Conditional
Heteroscedastic GARCH (1,1) be using Special Simulation Program
Abstract
In this paper a comparison between (bayes) method and robust bounded
B. M. Huber method was done to estimate the Generilized Autoregressive
Conditional Heteroscedastic GARCH(1,1) , The comparison between the two
methods will be using MSE criterion using special simulation program
prepared for this purpose and then display the results in tables to illustrate the
comparison process.
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i) alaa g oy ol G g Claleall 2 (35 a8l (33l phal 3lSlaall peilisd (yoal yeiisl oLl
il das sie (oo 3ILEN Al ey g o g sl
(1) a8 Joa>
a9l A 9 =10 Ladie A g ydall Cilalral) ad g cilisal) alaal die padil) 3kl MSE ad

0%
ROPR) 00=0.5 ;04 -0.5 0005 a,-0.2 $-0.6 ap=0.067 a; -0.063 p-0.92
n=500 n=1000 | n=1500 | n=500 | n=1000 | n=1500 | n=500 | n=1000 | n=1500
Bayes 0.07927 | 0.07715 | 0.07870 | 0.0500 | 0.0497 | 0.0488 | 0.0912 | 0.0890 | 0.0873
74 85 63 76 69 12 57 48 59
BM.Hub | 0.11933 | 0.11869 | 0.11791 | 0.0534 | 0.0534 | 0.0532 | 0.0985 | 0.0966 | 0.0963
er 18 76 76 73 51 08 93 04 12
(2) a2, Jy>
dpui s =10 Latie Auugpdal) cilalaal) o g lisal) plaa) die a3l (i)l MSE pof
1090 & olil)
Gl a0=05 a;-0.4 p-0.5 0005 a;-0.2 f-0.6 ap=0.067 a;-0.063 f-0.92
n=500 n=1000 | n=1500 | n=500 | n=1000 | n=1500 | n=500 | n=1000 | n=1500
Bayes 0.33938 | 0.33005 | 0.34862 | 0.32778 | 0.25782 | 0.27397 | 0.26345 | 0.30963 | 0.28419
5 92 1 6 6 6 0 8 2
BM.Hub | 0.22691 | 0.21892 | 0.21427 | 0.16046 | 0.15795 | 0.15630 | 0.20370 | 0.20455 | 0.20238
er 6 2 9 7 9 1 6 1 6
(3) p2, Jya
4o 9 d=10 Ledic 4y jial) Cilalral) ad g clinl) alaal e i) 36l k! MSE ad
15%0 & olil)
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