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Uncertainty Assessment of Single Event Rainfall-Runoff Model Using
Bayesian Model
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Abstract

The study applies a hydrologic simulation model, HEC-1 developed by Hydrologic Engineering Center to
Daecheong dam watershed for modeling hourly inflows of Daecheong dam. Although the HEC-1 model provides
an automatic optimization technique for some of the parameters, the built-in optimization model is not
sufficient in estimating reliable parameters. In particular, the optimization model often fails to estimate the
parameters when a large number of parameters exist. In this regard, a main objective of this study is to
develop Bayesian Markov Chain Monte Carlo simulation based HEC-1 model (BHEC-1). The Clark IUH
method for transformation of precipitation excess to runoff and the soil conservation service runoff curve
method for abstractions were used in Bayesian Monte Carlo simulation. Simulations of runoff at the
Daecheong station in the HEC-1 model under Bayesian optimization scheme allow the posterior probability
distributions of the hydrograph thus providing uncertainties in rainfall-runoff process. The proposed model
showed a powerful performance in terms of estimating model parameters and deriving full uncertainties
so that the model can be applied to various hydrologic problems such as frequency curve derivation, dam
risk analysis and climate change study.

Keywords : HEC-1 model, Bayesian, parameters, uncertainty

L=2 X|
3 Aol A Sl A] WS L gl TGS BEQ) ]S vhe] HAC-1 RS ol g3le] tlgY fe]
AZ ASHE IS FHOR B-5F RSSO, RS A A4 dAR AT FUFS
7% AR AASTE HEC1 Rl ilasE Ao A45A7): e agde] Upgslo] gloit 1 el
ogRIat ol thre] 2f o] gl A%, WANME FAA AR F AR FHEA Rehn a2k
sglom, AEaael 2455 o) AsE BAS wairh HebA ojeld HRC-1 24e) vifite] 234448 m2le
7] 913+ Wieko 2 Bayesian =8-S HEC-15380)] dsAl#A &8sl om, 71 HEC-1 7= 28 X848 4+ J&=

O
WA A8 9 e AREE 98] HEC-1 49-%% 28 wl/lass SCS 170, Clark ©91% 2712 Bayesian
MOMC 719 A 83} nj/iuisqt AR 852 Lol Bae 3 5 Bayesian O 2HE 7} vl juse] AFes
o 7o) wiASe] BAA AaE FAST X ATE F

¥
28
g,
]
=N
5
g
£
Q
2
llt
o
o2l
ol
£
>~
>
L
S
K

*AAR, AN EEF T} 204 (e-mail: hkwon@jbnu.ac.kr)
Corresponding Author, Assistant Professor, Department of Civil Engineering, Chonbuk National University
AN EEFET A7 (e-mail: kjk2388@jbnu.ac.kr)
Department of Civil Engineering, Chonbuk National University
oo S S FoAehE A1)
Adjunct Research Scientist, College of Engineering, Chonbuk National University
ek LA AFAL RAFA AT FAFRA (e-mail: nbk08@kwater.or.kr)
General Manager, Korea Water Resources Corporation, Bohyunsandam Construction Office

454 5N 20124F 54 505



BHEC-1 Ef‘é% Eﬂ’bi EH

u&
é

A 20| : HEC-12&, Bayesian, Oi7itis =[xsl £

2 APl disliA B3] A3 Hrre A9 71 F99 21709
]’*0}93‘\‘3} ShA, Bayeﬂan B 2710 2 517 ujio] HE=d A

[s]
9 SRR /s Bale 2e

&
M
o
riot
k4
oX
tlo
o
lo
_OL
N,
©
:%
)
o O
og
o

—1‘0 oflt
o
e
b
o
fu

2 ooE o)
N
T
> 0
rr I
i
N\ i
1, O
ol
o
b dm L
= B Mg ox oft
do A ¥ W ogo o Mo

3
Q
2
f{rl
O
m
%
Q
=
-
=
3
S
<
o2l
- mlo
off
o
>

N
i
td
ot
rlo
Al
=
)
o
it r
]
0
e
RO
=)
O
z &
ok

A3 s ge 43

o

Jd
o,
3!
1o,
ol
o
o N,
i
S
2
> }:o
-
i)

N

_Q 2
r
o4
3:

¥ g
Ir
Ho
e
e FE

\

w5 vl EE Aol

o
of
i)
k)
&

e > & or &
o
ot
2
lo
g
o
% %
o X

rlI. Hu é

232 W

e+
e
o
ik
o,
mlo o,
ox
o
o
_0|L
S
>
>T“~ 0
rlo
-
offf Ant
7
£
92
X
ki
o
N

o |o

AYE RN (posterior distribution)

2 55 Z 3 (probability density

279 oﬂ:rL/\]-i'lﬂ = e Ef’q Melching (1995)-2- Monte
Carlo Simulation (VICS) (Binley et al., 1991; Beven and Birley,
1992), Latin Hypercube Sampling (LHS) (Melching, 1992
a,b; Kwon et al., 2007), Mean First Order Second Moment
(MFOSM), Advanced Mean First Order Second Moment
(AFOSM) ¢} Rosenbruth’s Point Estimation Method
(RPEM), Harr's Point Estimation Method (HPEM) & 3
ok e Yo ohdsk AEAd A 7S A
3HATE o]} tlEo] W2 AFAELS gt 2= 4
el ARl e Es vl HESSITHMelching,
1992a,b; Bates and Townley, 1933, Lei and Schiling, 1993;
Garen and Burges, 1981; Binley et al., 1991). Melching

506

(19%)2 =

2
o] HPEM7} LHS71% & F-d 3151t

oz

o] sl MCS LHS,RPE HPEMQ] A=A

9T Yu et al, 2001).

FHe) AT E Ao

bt

71

A4

£ Bayesian 71 ¥} Sacramento 37|55 2

o
=
Bayesian Sacramento %388 7jske] k7l

A7)

[
M7 skl e el

< Hrisksi e Kwon et al. (2007)

== Ea 7<4 LHS= o]

ol-gste] F—FE BP ] B A &

& ST A7 TSI AT S(2008)

= Ao BEEAAS HISTk Kwon et al

QIDE 71 FHse] e §5F WEA B S5l

£

Sacramento B35 o]-&3Fth $HH, 49—

o]

S} LHSE 288 A7k ArhA @49 a8, 1
oleldt el & 7ol F5 BAe il o

[e]
A Downscaling 7'} 9158 4 3= Bayesian
1

)
o
A2 ke Aol Tig By 2

Ao o] &Y= HEC-1 GU-AMY B3y As5d &

%1+ Bayesian Markov Chain Monte Carlo (MCMC) 7]

Hke] Bayesian HEC-1 (BHEC-1) 5% 29S8 7dsl=
o

Ao|t}, ¥ Q7o) BHEC-1 2.3

ARl b e Flck

2)

7]& HEC-1 & oﬂH AHEEE A8 7Y
o] F9S oz vjyhis 2438} g=8)o]
7z =

At =, ol o 7l

flo
B E o

2 B oo Q

&

_ﬁ
9
3

(o3
Jo
19
ro,
o,
o
2
ki
o,
£

BEKERBEMNE



3

PN
T4

=
=

(R)7} Jth

)

At} (Hydrologic Engineering Center, 1990)

n]-ZH ko] HEC-1 FLOOD Package Code
T2 74 SCSHH 2] CN.No, Clark $=7FH$] =

22 5 (CN No.)

SCS =

o

L

"R N N AR
WﬁﬂHﬂLﬂA_lWW_mT
R
o]ﬁﬂwﬂoAuooa
FE o= B o
R0 MW%E&%
[\ N T o= N o=
Ew T
RS R
= %AA&EO#EQ gy g
= 2w ww L
ST = TR e g 5
S RELTEL m :
100 W%.ﬁ_é‘ 2 ¢
_uu_ Wﬂﬂﬂm_!_u‘._ﬂ% s
WS N e °
0 B oo Ao E
i
| o &L w4 %
b TR o
N o,_ugﬂﬁnnm%ﬂt
o o 9 B U ey o
N R0 B o H TR
oo NR N e
W E o I M T RE TR E® T
M oS F BPEx T e g Xg | &F
o M o B3 o o o
I T Mo B IR g g oa o g
_.E‘.WIEWX\JM ol Lﬁa .zT o = N o | 0 ‘._,_m07 FL 123
ol = w 8 ol J o WO N T X 2
o ox ® W g A o U T T R s S O A
oL o AT T T Hw S QX N ook g B xS
mORN oy - | s < 5= B do o+
X Mo W
wE 3= oy T w e La
ER W F0 o RWHg Mol Ty
o o U - % oFm oo LE W LT wn WoT e
o o — T NN = X 30
do X0 L m.__ ar W@ﬂ%ﬁﬂ%ﬁ%%%%@%
,O|,ﬂ| ATNMH ()] I mumo o | Hr ) ‘_tﬂl o
LE oz il 0 W om R oopour o o No 22 g I N
P® BT =T o ()= 7o A o . ) ~cd
W N __.m wﬂii:mﬂw“ﬁqi%@a_Mm
N < T o < FFF BN e g W
Yegny T T w2 o
o ) OB . 1
Ho N o I N = O h
g = = o il Mﬂﬂhﬂlﬂodﬁoouﬂ‘_ﬁaow!w.w%né
SHITTR &g miﬂm%w%mﬂﬂﬂo}nmﬂm
T T oo ThEod D g™ g N 5
= X I N 0 KO o) =
N L e I R
FE G D N FE R e TR oy T
) ) — o — B — o ,aﬂLleLIJLdﬂdl
oS N R ET se T T
LN X N Njo BN X N o
B AR oF wE B R W RN B

507

0.02420
0.00420
0.00855
0.00487
0.00431
0.00600

Slope (m/m)
0.01921

Watershed

Fig. 1. A Map Showing Daecheong
28.488
58.274
68.551
72.260
72.060
28.667
81.654

Flow Length (km)

Area (km?)
129.04
464.46
704.17
672.75
957.42
11751
668.54

Basin Name
Yongdam Dam Basin
Namdae—-cheon Basin

Chogang Basin
Bocheong—-cheon Basin
Daecheong Dam Upstream Basin
Daecheong Dam Basin

Youngdong-cheon Basin
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Table 1. Watershed Characteristics using the ArcGIS
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Table 2. Thiessen Weighting Factor by Estimating Areal Rainfall
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Fig. 2. Weather Stations Used in this Study
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Table 3. A Range of Rainfall-runoff Parameters Used in this Study
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Basin Name

Minimum | Average | Maximum | Minimum | Average | Maximum | Minimum | Average | Maximum

Yongdam Dam Basin 2.45 3.14 3.92 2.67 3.22 3.92 81.2 88.3 945

Namdae-cheon Basin 4.15 5.87 7.34 4.46 6.33 7.60 81.4 86.0 98.4

Youngdong-cheon Basin| 4.95 6.89 8.48 5.25 6.57 8.59 80.6 84.1 99.1

Chogang Basin 3.76 5.78 6.93 4.24 5.84 7.65 80.2 84.1 97.3

Bocheong-cheon Basin 4.63 6.13 8.29 465 6.81 9.75 81.4 85.6 99.1

Daccheong Dam Upstream | o | 9 19 | 53 188 | 300 | 418 | 8.2 | 84 | 977

Basin
Daecheong Dam Basin 4.28 6.46 10.86 4.89 5.99 7.83 81.4 87.7 97.3
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Table 5. A Comparison through Statistical Assessment between Observed and Simulated Discharge

2003 (Year) 2006 (Year) 2007 (Year) 2009 (Year)
Statistics (Estimation)
Nelder | Bayesian | Nelder | Bayesian | Nelder | Bayesian | Nelder | Bayesian
R 0.96 091 0.91 0.98 091 0.98 0.79 0.93
COE 0.62 0.81 0.68 0.85 0.59 091 055 0.85
ToA 0.86 0.95 0.92 0.97 0.86 0.98 0.84 0.96
Bias 5A119 | 17554 | 41744 | 27371 | 47832 | 25739 | 24643 | 7718
RMSE 81068 | 58079 | 60111 | 41145 | 70367 | 33395 | 65041 | 37658
Median (Obs.) 1,216.60 1,799.34 112851 1,082.40
Median (Sim.) 67541 | 104106 | 138190 | 152563 | 65019 | 87112 | 83597 | 100522
SD (Obs.) 137351 107251 110363 975.77
SD (Sim.) 80602 | 120875 | 99936 | 128379 | 77068 | 117300 | 66548 | 101493
Cv (Obs.) 113 0.60 0.98 0.90
Cv (Sim.) 19 | 125 072 | o 19 | 13 080 | 101
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