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A Development of Hourly Rainfall Simulation Technique Based on
Bayesian MBLRP Model

ABSTRACT

Stochastic rainfall generators or stochastic simulation have been widely employed to generate synthetic rainfall sequences which can
be used in hydrologic models as inputs. The calibration of Poisson cluster stochastic rainfall generator (e.g. Modified Bartlett-Lewis
Rectangular Pulse, MBLRP) is seriously affected by local minima that is usually estimated from the local optimization algorithm. In
this regard, global optimization techniques such as particle swarm optimization and shuffled complex evolution algorithm have been
proposed to better estimate the parameters. Although the global search algorithm is designed to avoid the local minima, reliable
parameter estimation of MBLRP model is not always feasible especially in a limited parameter space. In addition, uncertainty
associated with parameters in the MBLRP rainfall generator has not been properly addressed yet. In this sense, this study aims to
develop and test a Bayesian model based parameter estimation method for the MBLRP rainfall generator that allow us to derive the
posterior distribution of the model parameters. It was found that the HBM based MBLRP model showed better performance in terms
of reproducing rainfall statistic and underlying distribution of hourly rainfall series.
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FrAtEE FEshEobl 71RAQ AY AmEHA F2H

e AAIEe] FElR ol g Wt | Bt e
A= FH o R AR o] g AR QI8 4=
FARAAIE 5o o]t Wheater et al., 2006). o]&]3F
AIE 7Wdsk7] S5k i S 7P Q] RS o)z
ol&3h= Aotk Zd=riLel7 o] 71 sl ke IRt
o] FAEAS aabe o s BAT o glojof shi Tkt 71Vt
= T3 HAsH 2e)E 9 ¢JojoF 3(Boughton and
Droop, 2003).

Frre] A QA olake] ARE FReME FEEARY
(Rectangular Pulses Model) 7|5ke] 7=Ro] utdo 2 ghg-
HaL glom, ol FHRE] ZRAIX 7I9ke] A TR
Bartlet-Lewis Rectangular Pulse (BLRP) F3&o] thigz]o
o]g-=ar Jrk BLRP E&2 F3de] o Aol tish A&AIRKE
FrRPoR du] B deg] olet ARE gFEe SASAES
A=t fr83h, TRk ARE TR tiste] tite] BAS
J& vjad A AdshE Aoz dEA glti(Rodriguez-
Tturbe et al., 1987). L&t} 5735717 zero depth period)<]
HEE-S s AfdskA] ke 2AE A€ vl glow, o]k
FAE d143E] Y34 Rodriguez-Iturbe et al. (1988)2 7]&
28 mi7fHSE 7] vl 3718 Modified Bartlet-Lewis
Rectangular Pulse (MBLRP) 23S #|AJ}F3ch

MBLRP E8& 5345k dore] 22 S8 A4 7=
= 7k} groeA ward A ol npEse ek Ao
Y e A SAe B0 2 BT 5 gl AHE 2
SIEKOnof et al, 2000). 58] $efehs 4402 27] do]
ofale) A7} AT sloh ARK) 735 e B4 A 4124
o] Aejeh= wlo] Slrk olefet 21014 MBLRP 44mel e
Qe4] ofste] izl vl A2 Sl VzAeE AE
omH AR ofsh BE AE} 2 AR IR EoE
BB & & e Aoz ek T2} MBLRP 23S 7535}
=t Sl 7R ofehd 312 miiiviss 3] A edths Foltk
53], 71 A5k R A HAsvt aEA ol R
H7Ha 400 Aufishs AL wekon, o] npiHaEo
W) whSehe 59 EAIZF At Verhoest et al., 1997).

FZolle olst EAIRS 7idsk] 918k =20 & Downhill
Simplex Method (DSM), Simplex-Simulated Annealing (SSA),
Particle Swarm Optimization (PSO), Shuffled Complex Evolution
developed at The University of Arizona (SCE-UA) & T3t
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v} Qlti(Vanhaute et al., 2012). Z2v} Z3ake] 1, 23} BHE
oo TAA SA4S FHH R AHsHA] FshaL AT
HEFk) Hlsl @Al I TR AR odE] Holsd
Rk ofuet e wipfHaEol] Zhal e EedAd 3l
AT oF] 23] =ouA stk

o] Fols STl 7Nk Aol B e
U5 2tk Kim and Yoo (2008)2 #=7d52] AREH 54
< A Adal F= ArEEs A flske] ok
7o) 243 RPPM3} NS-RPPM Z 24|~ 28-S v|wgh v}
ALk Kyoung et al. (2008)& 7122 o2& H83)] Wi AES
AR Akm = Fefstalont SRk 8- IR T e 2A
& AH8I3ltE Kim et al. (2013)2 373 2 289 949
RS A/dEh7] Slsii MBLRP 2@S &85k v} 9lon,
FSAPEe] FA FAHEE AR QlE A e T

Fo] oleleS A=t gk

°

a
-

y

o

S8 ofg} SAARe] FAA 54
MBLRP R3] ulpldg=E5o] 2kl Q= B s Adow
ksl 98k WHo 2 Bayesian 7S 948 Bayesian
MBLRP E&-& AQkslaz} shct £ ¢I7ellx] | A8k Bayesian
MBLRP 23&9o] 5 Ex.8 67} 7] ALSHEE(posterior
distribution)Z A Fgte 2 wsgre] BEAAYS HukHo g
B8 4= glon, =45 AREE I 2HE] Monte Carlo Fo]&
B3N ikt ARY TR SEPEl tigh Al EdE Sish
sh=d 9l

B =] AL theat Zrh 27894 Bayesian 7H3}
AAISE MBLRPRE S| o] 24 wid& AN 33 olx=
AR ARE B AA5E 2831 AAE EEY] Ads
B7yetank niREke 2 4ol AT AR 9 FTATEE
A STk

lo

2. ¢l

2.1 MBLRP Model

FARH BN 7P BAAEH BS ATAAIEY A
Ao EAZR] AR o3l 24 ). Rodriguez-Tturbe et al.
(1987)2 olefst A& arefate] Aol A 54S 5709 vl
A, k, p,, ¢, m)E F3) Bartlett-Lewis Rectangular Pulse
(BLRP) &S 7idetdey: 23] myisiss A& Foks H8E
2 ] EEAREE ARE) v ok RS Ee
Ae] EerRhE At Ao dol+ p, & Wik RE 2+

Aol sl A=, g Al Aol AlEEE A



7S ol ofsf A ek Zzte] A dolEL nE TR
Zh= AR R FREH, 73H HolE ffal, wiziH v
B k=p/n, ¢=n/n= T4} gk Tt} BLRP ZH2
st AREA L] giste] AR AEsEe] $gk o) 5|
TR vlE-E& A AdskA] Rahke A7 Adxick
ol2jdt BAIE 8)45}l7] $Jal Rodriguez-Iturbe et al. (1988)2
71& 2d| mHSE SR} ¢ 3718k Modified Bartlet-Lewis
Rectangular Pulse (MBLRP) 23S #|¢k}sich

MBLRP E&x A doj= T ol nE WiRlsE 2k
AR EZRE FHakx] ¢k dAkelA)(shape factor) o &} =41
Al(scale factor) 1/vE Z¥= ZniRz e AYA) webd vy
& e WS a9t 1/v 2 giAEe] FERo s o) vpiis:
A, ky g1y, &, o, 1/v)0 2J3l 28o] A 28] SAXR=
F/dA P H(aggregated time) Y, 2k, AFARE 591 A7 [ER
2 IR HIEE T Egs. (1), (2), (3) and (4a)~(4d)<}
Zo] B3ETE oM, pE A T A F HEFeR
p,=1+k/p2 BIAFT)E c= 5 B AY $= gnjEt 7=
P FAAAIRI)AL s+ AAAIECR LRk o 2 (o] ARg-Hrh
e k3t ky= Egs. (Sa)~(5b)o} o] wii7irs} soirk

Mean = )\/tfuca—il T 9]
Variance 2)
B ANV
T oa—2 Lo (a—2)(a—3) \™ ¢2
2 o B2 o
+m(kl(T+V)3 —?(QSTﬁ’I/)g )
Autocovariance (lag—s) 3)
— kl
~ (@—2)(a—3)
{(T(s—l) +u)P T (T(s+1)+v)> 2 —2(Ts +u)37“}
k,

T a—2)(a—3)

{2(0Ts+0)* = (3 T(s—1)+v)* = (6T (s +1) +v)> "}

P(zero rain) :e(ﬂTifJ Tt (4a)
£ :ﬁ 1+¢(k+§)—i¢(k+¢)(k+4¢) (4b)
N o (k+ o) (4k> +27kd +724%)
72

_ v 3 K
fo= (k+¢)(a—1) (17k7¢+5¢k+¢2+?) (40

v
LR s | Py

v )(l*l
vt T(k+ o)

LR
Akl 8
[ Ak ( v )

SHH 2 ool FIREe) Blgdl] tigk 218 Rodriguez-
Tturbe et al. (1988)2] A& = Q183K ¢al f o] BEHH
A 7o) pake el A Polg ARSIl FhEE
wise) 4o % Al dole] ZKe T o S AN
2 AFHA] o, Aemtare] g FEQl kiR E Ay
o &) F&ol| Slo] RS sl stk
2.2 Bayesian Modeling

Bayesian 8-5-& AbEEHE(prior probability)S 750 2 A&
9] F7Yol| ofsiM] BRI} 7N HFH o2 AR vl
A&3RE(posterior probability)g F33H= o]t} Bayes A
2](Bayes's rule)= Thomas Bayes(%3=, 1702~1761)°] 23] 7}
ol AElon, T & W4 27F-E(conditional
probability)#} 3 8E(marginal probability) Ato]e] FAS 1}
Ehli= el e, 2HEEe] Bayesian sf4o] wew Aj2e 710
7|Rkste] I o] FRE FIATIAY gL & 5 o
(Gelman et al., 2003).

FoRl gER 09k y7t ke, T FENTEe] 2gEET
¥(joint probability distribution)= Eq. (6)3} 2] AR (prior
distribution) p () 9} ¢-=(likelihood) p(y|0) 2] Foz TS
= Utk Bayes Ajelr] EA 09} yo] 20NEN TS
o] A= Eq. (Neh 2om, Eq. 8y 2 p(0 | y) = A5EES
Vel AbdREel 9% (0 | y) o] Foz FAE 5

p(0, y) =p(0)p(yl6) (©6)
v _p6y) _ p@)pyle)

p(Oly) = ply)  py) 7

p(01y) o< 1(01y)p(0) ®)
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o7 p(0) & 02 ARIEkE w= 737 Sgoln, ARolel=
ouji= AR yol] A3k 71EAR] ARE onjgkct p(f ly) = y7t
Fole w 02 27 BES W, yo] 54 gholl 28l s
7] vl ARgEtEolelals Bk p(ylo) & 071 Foi3E
o yo] 205 FES Teh, ply) & yo] FHISEEH s}

Wl dge dek

2.3 Markov Chain Monte Cado T9|

712]¢] 523 (probability density function, PDF) Z5-E]
329 S Mo 2 ARgoht Azkh 58 sk W
© 2 Monte Carlo Simulation (MCS) 7He] 2t} MCS 7[H&
FoRl FEHEEHE] FUSH HrE w=r 2dE=31(Independent
and Identical) H<r5 7] 9l 28t} Tefu} TR EEE
(Multivariate Probability Density Function, MPDF)2] 74-¢-of|:=
71E MCSE FalA wwks o3t 5= glow, o]z 5535
75l thefir] 28 713k WhHo & Markov Chain Monte Carlo
(MCMC) 7Ie] o-&HaL Sitk

MCMC 7'§& MPDF7} E#ste] Astshess A3ks] a1dls)
o] RoJap] ofet: 7ol A8shs WHORE ME SH FHie
17 j2lol] Markov Chaing w2y WS 420 2 F5310
AR&3It}: Markov Chaing F3l4 2719 F25 W= Aes}
Al FoiFl FEREE HEAE FAT A5 Bo)E B3
w8k ARte] 324 =W 78t e s drk
MCMC 7I¥e 235 MPDFE 2= 29 mjp7jeis
ALSHE- 3 (posterior distribution)E S==(inference)s}l7] $|3F ¥
o2 GeEr), 53] AR/} SEET A HRL 7]
STl 3] ARgho] 1€ 7bAok shevl, olela ShaREe)
A3 2] N ASRES] B 5 Aate] Rl
9402 syl Bk T} chle o] ARg S8k
2 FAY FEE 3k AL ETFSIIEE o]Hdk A9l
7P 2A% WHo 24 MCMC 7ol &-&-drk

2 ol MBLRP w3e] 67]) wiplidee] chilek 2
Egsle] iRl F9219] Altolut 7 miyaSel gk 1
E-¥(marginal distribution)2] Ate] Wl o2 MCMC7 ]
& 831200k MCMC 7o) tiAs) ol v mge) s
3|28 &are]E(Metropolis-Hastings algorithm)¥} 71~ EH
(Gibbs Sampling) 5o] JoH, & GrelAe= 2t ]S o185}
Sk AT EHS Aok oA SERT A did (independent
identically distributed) 3-8 FE3= Slo] EFsAL dalgt
785 o} kst WPHORA 9] WirE 2= TR SEREE
ol-gate] drgebd thaat 2tk

A, 370e] MGE 2= o FEUEE £(6,,0,.05) 2

p

=

g |l

o2
b

-
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T o, AFEEe SRUEReRiy Y BRE 539
S glot Z7fe] Wirge] el T T widse] Fols

f(6, 1 65,65) C)
f((-)2 | 6, 6';)
f((')s I 0, 92)

ok

(1) A el o 271 ko000 ol
@ A d e (6),67),65 )7k Fole Wl 141
O wEE T e AR BE FEUt
® 0/ ~ Flo) 65,65
@ 92t+1 ~f(92‘ 9(1H1>79:(3t))
B 93t+1 Nf(e;g‘ 9§l+1)’€(21+1))

(3) 9ol e FEI) WD F 27]0) YRR W4E
AAG olF] WEE olgdh oleld AATNRE
Burningo]2}al 3} Bayesian 3o A Q3+ FAICH
o]ti(George and McCulloch, 1993).
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A

\

-

7871 LdarefEat o] AATENLS 233 B 2o
2 FoPrl= wirae] 3k gl vk Fxde] el okl
ghEo] ARk wEp 2317 2o 2 el oK

X2 ~ t5)

X1~ Gamma(2.1)

W

Fig. 1. Concept of Correlated Random Number Generation Based
on t and Gamma Distribution




Aol mhes Ao Foldl Thi SRR E A3 mat
7 S A v e W T 1] 4 a0

HFo] Htt Fig. 12 tAEE ¥} GammadtEEEE
23| dislix B A8k Aikaa] 27)9] Wt A2
S 7 BoHA Qi AE ER1E 4 itk

<
=

2.4 Bayesian MBLRP Z239| ODf7{tH4= FX{HbH
v e] ARRAEE AL s mi ] AR
E5 7Pgeof gtk - AgtoME 4wt EelA jiSlE
IHE 4 & Truncated FFEEE vipllae] ARREERZ
7Pk wiplHal tigk AslelEdws== Eq. (10) 2o
1, Bayes z|o] 2]3h v7Hre] AFREE Eq. (11)3 20

B39

p(\, k, > &y O, 1/v)ecl (10)

_ p(e,M) o) . (A

p(© | M) —W“P(ﬂ/f\ e) - p(o) (11

A7 O =\ k, s ¢, o, 1/v] = ZAAPPETES] JF
< YepdiH, p(0) & Wi iSEe] ARIEEE on|dh M
ARV E)S) AR AR 2, B, B4, 13 A
A FAEES R =3 p(M | ©)+= Eq. (12)

o} 2 11 ARVES] AARES LRI, wise) AR
BEE Eq (13)7 o] vehdl 2 gl

parie)= 11 NNk p,d00") (12)
t=1,3,12,24
p(M1| O)oc H N(]M | )\,k,um,qﬁ,a,fl) .

t=1,3,12,24
N(/jA, (TA) . N(/"w (Tf) . ]\/'(,u,u’7 (7/2‘,) . N(/j,(’ﬁ, (T(ZP) .

Mg 02) « N, v %)

(13)

Eq. (13)& 2E npfide] tist ARe 23 Agdon =4
ke 2t 27Fssie & i 9 JEE MCMCE
=5t IS ASETE Ss] H) B S
253171 984 3709) Chaing SH4 o
2 AJ8&te] Samplingo] &340 2 E8Hmixing) ¥ =S 315]
ok s mPig 3RS 9% 543 Eq. (143 2on
(Cowpertwait et al., 2007), A7}z o 2 Eq. (14)2] ko] 43}

2w 24 vppasTt Ak

E3&e] Convergences &

2 Af,’ 2
SREE 9
o mfE FAE FAAE vERiY
o 2HE FHE SAXE 2= k=6719]

3.1 Bayesian MBLRP Z&°| Oj7H#H4 SXZin}

£ AFoHe AFAEE Ao R s1%leH Bayesian
MCMC 78< 58] MBLRP 28] v\, 1/v, a, p,,
¢, k)] AFEES S viivre] FHHsh ¥ b
T FA8] 98k Bayesian 23 752 MBLRP 239

I\
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0.02!
%100
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f(X)

>< 0.01
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X 0.015
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)

= =
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1 0()

6
’ 4
=
&
)
0 0 0 .
k

Fig. 2. Posterior Distribution of MBLRP Parameters

200

Table 1. The Estimated Optimal Parameter Using SCE-UA Algorithm
in Jeonju Station

Parameters July August
A 0.0178 0.0194
v 39.0616 31.9035
a 39.0261 70.6537
Hy, 6.3874 7.1972
1) 0.0614 0.0675
k 0.1660 0.4170
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EAAe] $=35 JERE Eq. (13)7) 24345 Jehjl=
Eq. (14 o833tk sl A RE 348 93 275k
SCE-UA ¢gl=o 21E B4 HZ3)S 0835150 m(Table

3.2 Bayesian MBLRP Z&{9| Xlicis= LIt
FARH WA e d5wke] A 2olgk
o] AR AR 7t ¢ Uk ©]& $I3 Bayesian

1), BAz3e 05E SCE-UA Yugj&o

TREEELE

FHl) 2u)71A) A7gEoin SRS 20,0000 AJs¥sislor, vzl

o o=
EL_/\]—ZSV:'\I:

E 540l olg 3k itk SR AR Ag e Foke

BTREEES AL S ERIE 5 slew, 7 vt

Astekgueiles kAo 2 Aaly

2 and Table 2).

5o o
= 2

o) 2=

T AthFig.

MBLRP ®&& F3l 344 vi7iwige] AR-EE 25 H Monte
Carlo X015 B34 thre] A5AIES ek BAIE S5t
ek Aol M AfE= TP Akst A 7P 4047t

(1973~2012\d) ARV ARE o831, Bl

5 397

b 87, 898 o ARSI AREY W 9%
B B 1 AR
1, 3, 12, 24~k 2 35t

AR A=) AAPARPE

RS
gRlEeln ARk

Table 2. Statistics of Posterior Distribution Associated with MBLRP Model Parameters

Month Parameters Mean Standard Deviation | Probability (2.50% Median Probability (97.50%
ty ty
A 0.019 0.002 0.015 0.019 0.023
v 39.100 17.250 6.927 38.950 72.490
| «a 53.610 22.620 11.560 53.310 99.070
Ju
Y My 6.888 0.664 5.731 6.843 8.309
[0} 0.062 0.009 0.044 0.062 0.081
k 0.231 0.062 0.122 0.227 0.360
A 0.019 0.002 0.015 0.019 0.023
v 40.310 15.180 15.250 38.890 72.250
@ 76.310 25.170 31.030 75.610 128.100
August
. y 7.189 0.931 5.601 7.110 9.203
19} 0.077 0.015 0.050 0.077 0.108
k 0.405 0.086 0.243 0.401 0.582
’é‘ ‘ Il Observed Ml Bayesian [ SCE-UA‘
10 : 500 :
£ -
= 8 £ 400
& g
S 6 5 300
< Q
(a7 % 200
D) =
%ﬁ 2 8 100
5 >
<>: 0 1 Hour . 3 Hour 12 I.—Iour 24 Hour 0 1 Hour i 3 Hour 12 %—Iour 24 Hour
Rainfall Duration(hr) Rainfall Duration(hr)
—_
i n
%00,5 % 1 —
04t M os
=
S [
g 03 A 0.6
O o2l S S gal
g 02 5 04
§ 0.1F H % 02}
S 0 [
< 1 Hour . 3 Hour 121:101.1! 24 Hour 1 Hour X 3 Hour 12 %—Iour 24 Hour
Rainfall Duration(hr) Rainfall Duration(hr)

Fig. 3. Comparison of Performance in Terms of Reproducing Rainfall Statistic on July
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Fig. 4. Probability Density Function of Annual Maximum Rainfall Estimated from Bayesian MBLRP Model on July
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Fig. 5. Comparison of Performance in Terms of Reproducing Rainfall Statistic on August

B ATl Ak wH Ae B 98 95w
wipRElE 5 S Hole Ao Uikl SCEUA A3}
7]H(Duan et al., 1994)& o]-g3t BojAfe} vlul FAI51Th

1 43} Bayesian X.2]gko] SCE-UA &o|gkoll H]gl] #=gke]

BARA Aol 935 o2 YeRJti(Figs. 3~6 and Table
3). 38U (Figs. 4 and 6)2 )32 3 Bayesian 30|
F=ko] SR T o) B} SARBH Reoluw 318} 2
AL 53], FETES] Taile] #so] 4J3e] FAkkAl 2o

0]o o
= =1
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Fig. 6. Probability Density Function of Annual Maximum Rainfall Estimated from Bayesian MBLRP Model on August

Table 3. Comparison of Rainfall Statistics Between Observation, Bayesian Model and SCE-UA Algorithm Over Different Aggregation Time in
July and August

Month Statistics Aggregation Time Observation Bayesian Simulation SCE-UA Simulation
lhour 0.39 0.39 0.32
3hour 1.18 1.16 0.96
Mean
12hour 4.71 4.62 3.84
24hour 9.42 9.24 7.68
Thour 4.80 4.15 3.17
3hour 25.54 22.67 16.52
Variance
12hour 181.83 164.92 104.51
24hour 432.85 426.85 250.23
July
Thour 0.45 0.46 0.43
. 3hour 0.38 0.37 0.28
Autocorrelation
12hour 0.21 0.28 0.19
24hour 0.19 0.26 0.17
lThour 0.87 0.91 0.92
Zero Depth 3hour 0.80 0.82 0.83
Probability 12hour 0.64 0.63 0.62
24hour 0.49 0.50 0.48
Thour 0.37 0.38 0.38
3hour 1.12 1.14 1.14
August Mean
12hour 4.49 4.56 4.55
24hour 8.98 9.11 9.10
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Table 3. Comparison of Rainfall Statistics between Observation, Bayesian Model and SCE-UA Algorithm Over Different Aggregation Time in
July and August (continue)

Lhour 4.85 4.24 3.88
3hour 26.50 21.84 16.97
Variance
12hour 198.63 159.31 121.04
24hour 471.99 409.54 303.74
Lhour 0.45 0.39 0.25
3hour 0.40 0.37 0.35
August | Autocorrelation
12hour 0.20 0.26 0.25
24hour 0.14 0.22 0.14
lhour 0.89 0.91 0.90
Zero Depth 3hour 0.82 0.84 0.83
Probability 12hour 0.66 0.69 0.69
24hour 0.51 0.55 0.54

Table 4. Comparison of Design Rainfall between Observation, Bayesian Model and SCE-UA Algorithm Over Different Aggregation Time in

July and August
Month | Aggregation Time Method Design Rainfall according to Return Period(mm)

2yr Syr 10yr 20yr 30yr 50yr 100yr 200yr

Observation 29.1 40.6 483 55.6 59.8 65.1 722 79.3

Thour Bayesian 26.3 343 39.6 44.7 47.6 513 56.2 61.2

SCE-UA 20.0 27.0 31.6 36.0 38.6 41.8 46.1 50.3

Observation 41.6 58.0 68.8 79.1 85.1 92.5 102.6 112.6

3hour Bayesian 40.9 60.5 73.4 85.9 93.1 102.0 114.1 126.1

SCE-UA 324 46.7 56.2 65.3 70.5 77.1 85.9 94.7

uly Observation 62.9 90.9 109.4 127.1 137.3 150.1 167.3 184.5
12hour Bayesian 63.1 96.6 118.8 140.1 152.4 167.7 188.3 208.9

SCE-UA 46.4 68.7 83.5 97.6 105.8 116.0 129.7 143.4

Observation 75.3 111.6 135.7 158.8 172.0 188.6 211.0 2333

24hour Bayesian 79.1 123.0 152.1 180.0 196.0 216.1 2432 270.2

SCE-UA 54.7 80.5 97.5 113.9 1233 135.0 150.9 166.7

Observation 27.0 374 443 50.9 54.7 59.5 65.9 72.3

Thour Bayesian 27.7 37.7 442 50.5 54.1 58.7 64.8 70.8

SCE-UA 23.7 31.4 36.5 413 44.1 47.6 52.4 57.1

Observation 40.6 59.0 71.1 82.8 89.5 97.9 109.2 120.5

3hour Bayesian 44.1 64.1 77.4 90.1 97.4 106.6 118.9 131.2

August SCE-UA 315 42.5 49.7 56.7 60.7 65.7 72.5 79.2
Observation 66.9 102.4 1259 148.5 161.4 1777 199.5 2213

12hour Bayesian 68.3 101.4 123.3 144.3 156.4 171.5 191.9 2122

SCE-UA 493 66.9 78.5 89.7 96.1 104.2 115.0 125.8

Observation 71.7 119.2 146.7 173.1 188.3 207.3 2329 2585

24hour Bayesian 86.6 127.0 153.8 179.5 194.2 212.7 237.6 2624

SCE-UA 62.3 85.3 100.5 115.0 123.4 133.9 148.1 162.1
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