Bayesian MCMCE 0|&2¢ XN 5& & BT 24:

[ ==
I. AMNZEZe HE4H vl

At-site Low Flow Frequency Analysis Using Bayesian MCMC:
I . Comparative study for construction of Prior distribution

LA, olZM s, BZ A
Sang Ug Kim, Kil Seong Lee, Kyungshin Park

AeE(low flow analysis)2 FALF oA FQ3 FoF F slueln, 53] AFH HE=iA(low
flow frequency analysis)9] A& AF(rAK)E&=5e] A7, & #5748, 2%
HES fgt 5 A9 Al F83HA AHE ng 2
HERA S Fastglon], 53] Rl glojA
O ARE 7)E AREEE BEAA S I v asgith 14
¥ (prior distribution)®} $%E3<(likelihood function)®] E#Ado] A¥gle] AAle]l 7}s3+ Bayesian
MCMC(Bayesian Markov Chain Monte Carlo) ¥ 3} Metropolis—Hastings &a8] &S AFE37] 93 of g
4 o] o] 23 w|A T Bayesian WHA M F8% QA AHATEE FFH3A olF Bl B FULSIS
oo E AR RS ARl 7INkehA e AP IS Apel] 7w i
o] Metropolis—Hastings &i1g8]&S 38t 1 A3} 3 =
AARetgt. e dugZe] A A Bad AR E(proposal distribution)E 2] £-8}
o] A&XS A8 E(acceptance rate)S 243l AF8] BT APHEES] #4] 4
A xdd oA 5T AAE A
As AT + A3, AYES ol &3 dngF 284 A V& AFAEC] AAFRE w2
2 XAAE AHEEE B A2 IHAA Bayesian MCMC
AR sl 22k AP S o]l &% H

L rin
( ﬂ.l'lE N

dot

>,

oX,

HAME0 @ ANFH M "TEM, 284N, Bayesian MCMC, Metropolis—Hastings 12| &,
MEBRE, 2 FHUH, 2X ZAMH
1. A &

A4 (Low flow analysis)e FFTFx2E9 A, std4e B3 9 AE-IFH-5FE5e AHe
ATE AT HAx 7 B, 299 WA T FEHH FEY BEd F88HA AFEET ey A
F71EHAE, B A4 FUAE T 73 T8 7] AgE xR A A (Deterministic) #THS
o]-g3te] FHE I glon, WiERA AR BaAAS wedet &5 4 (Probabilistic) #te] o]&%= Ag
& grolry] e oE B Oig A2 FE53 @4 B g Asbiie] d4dS AgE
Hked etz Bgo M MERA Aze] FEgAe| tigh A=) e Ao sQletha & 4 gk B34
S geh) gaA AFe) AL AbEake] dEAel AF TS Abgela o] RiE HAZsle] B3l
e ERRILA s AT/t AW o Aok TEd BN AT AT AAEE 38 REGS

* M3l - MSOistw BK21 SIR AFAEH EHALS: A7 - E-mail : plethor! @snu.ac.kr
#+ M3 - M2tfetn Zujthsr AMetAZSHE WS - E-mail : kilselee7@snu.ac.kr
e M SOt Zoch st AL A SR MALEEY - E-mail © diploma@snu.ac.kr

1121



o] R4S AATR 9loj A AAFA (Normality), H"%‘é(Lmeanty) 59 71A4o] Hastng E3AAS ALH
Sholl doiA mlAdAA A ge Y Al FAYE A9 de Aem gl dth(Reis Jr. and
Stedinger, 2005). A& AFE3E B0 kA4 F AW S tAlete] Bayesian H WS AREEE B
92 B3] Fo] F=alE 4 Qv Bayesian WS AMS AMESY] Sk 7 Zdo] AaskA o
7] WZel 53] B8-S xdske H oA A S AREE iR 593 4 dth Bayesian
S AFE37] YA = AFAR E(Prior distribution) 2 5-E] AF3-% Z (Posterior distribution)S A4 dfof &=
o], ol& Atslr] QA E AR AV ofee AEIEe] xFE M. YR A 27V
AF A A A= FAXA R Z(Conjugated prior distribution)S A &8l AMERIE HA Aoz T3}
o B4y 9 EBIAHAS Yehzzr st dF7F JdE dvb Adth(Vicens et al, 19755 Wood and

Rodriguez-Iturbe, 1975a, b). 28t &N ALHAEFEES A}83F Bayesian 3 W9 524 Fstozo A
22 A58 FYHor TdT 5 Jv APHEEE AFESA HA Edhe A 971 %ol Bayesian WHE
) Vs
%

A7) fle Al 51 glojuA 2 & doke =R o 3F e HEEA Rt A2 5
LA AN I AA AN g dagse] HEe 5P°4 90t FHHRE ThA] WA Eof,
7}

/\
~§EEPe WAy Pok Hol #us Agda ek 1 9
23k

A
[e)
o
i Bayesian WPH ALgete] A5 MERHS Sl
o}

2. Bayesian MCMC$¢} Metropolis-Hastings &¢18&
o]zl A E A% FFIYE5(Probability density function)® YERNH #o]=¢] A= A (1)}
Zol " F 9

f(,10) - f(z,/0)7 (6)
701z, Tgyeo ) = — . @
[ 1) 1@ o)r(0)a0
0
2 (DM 28 w(flzy, gy T,)E AHFEZ(Posterior distribution), $-# #xke] ()%=
*E(Prior distribution)@} WHEw, $He] RFHEE AFRA FHEE(Marginal distribution)e] i, $-# 9]
A9 Flz,l0) - f(z,)0) = 2D $H4=(Likelihood function)e]t}. 12
vg A(DEFYH ARFEEE $E38F
vetd ¢ e gEEEdy 4
to gy AFRERREH FEULdse R4S FE5a By BEA4S 9T
A

21} Bayesian WY& o] &35t0] AIFEIEE Al

&
i
td
(I
)
ofr
ox
o
k!
v
o
4o
k1

noi‘ mlm

©
oM o} S Bayesian HH

Oﬁ“/\]-zj—ErE(Comugated prior distribution)& °]-&3l+= A-$-7F wokth 1

SRREE TR PYRSS ! WAy FH FER 3o HHo] Qe Metropolis—Hastings &
112], Gibbs sampling &¢18&, % 1(Importance sampling) €125 3 2 Bayesian MCMC W ol
Y7gk Bayesian AXPEHO] A EQojREe] o g Qlte] FAAAELEE ARESHA Fotke A (1)9
Axto]l 7hssiAl HomA AE AFe AFARESE Zo] T Eo] FAYUTE ol AE thA] 3
Hgw i e AAolt}. Bayesian MCMCHHHol& a2 A (Markov chain)¥ ZH7IEE 2 E(Monte

carlo integration)& o] &3ste] AAZE IR RE] HFE &5 A3 EAXNE AXstsE ot = v
IE AHE o] gt BFTte] BAE FASIL olFE AdEE & U HkEsE EHIER @%7]%%

|3t HFHor o TAY 5SS Hdste el o] 7HXA| Bayesian Al4F WY FAlA 7H
guts] AlgE T e daElES Metropolis-Hastings dazlE oz 7[EH<el 7/1dS Metropolis et

al.(1953)¢ll oJsto] wh5ojA] FH So] &rs] o] &¥al Ut

1122



m
=~
oA AlgE = 8P =3+ Nathan and McMahon(1990), Onoz and Bayazit(2001)e] #4=
43 vk Qe 2R Weibull #3224 oo gt ¢=84= 2(2)9F 2
n_ |

s~ (5T T[] oo 515

714, av FAE5(Shape parameter)©]il ¥ %2 X9 (Scale parameter)©]|t}.

3.2 Ao 7)ukelR] & AFAEE: Prior I
Aol Wk R APIRE F dEAR] APAREE TR AR

M ol= ZAF A} S kol T

AARERE ZA7te] B fale] et 2 FARINS Hgdla F FARII} MR EAHOR FYHoldt

744 sl AEHor n(a, B)

3.3 A5 716kt APHERE: Prior I
Atgell 7INbeE APAREE FASIA} et 2ol 37| AkRuh ARSARe] Aol ZIwkek FakEQl dttel] o5
TE5E T Aok ey AR A ket FEA APHEEE AREALY] A9 B¥s=
AolA AFshrh FEo] ol o] Utk E AgellA= Amel 7Rk APREEE 5Eh] flste] ol2a
(Ergodic)7Hg& ol&ste] Y57 frefol 1370 A3 <] 7QARE ol&ate] zlsoxe] Apzme] 7ukek AbAd
J 9

e

Fagch 18 19149 105 AFL AGF ol 1374 Aol AR S92 A5 ARl 134319] B
4 5479 QA3 ’ el 70 ARREE TED

2
& d 5 3L, o258 exFel te A=
«

AR B tiste] FEHEoA ok slng, WA EAHS Alele 13

i
o

Eato] B Ao M AMEH O X = 285 Weibull B9 FARSF a9b FHES [o] tigh ApARELe] $58 el
U o A3 g2
(o) =exp(— \a) 4
b—1 b
n(B) = E(Q) exp|— ﬁ) ] 5)
al\a

Figure 1. Concept for Prior T <714 A, a, b Sl Z+zt 34+ 0.98, 27.15, 1.920]t}.
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Figure 5. Comparison with PDFs of Weibull distribution:
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