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Abstract

The statistical analysis to the torrential rainfall data that is defined as a rainfall amount more than 80 mm/day is performed with Daegu and
Busan rainfall data which is collected during 384 months. The number of occurrence of the torrential rainfall events can be simulated usually
using Poisson distribution. However, the Poisson distribution can be frequently failed to simulate the statistical characteristics of the observed
value when the observed data is zero-inflated. Therefore, in this study, Generalized Poisson distribution (GPD), Zero-Inflated Poisson
distribution (ZIP), Zero-Inflated Generalized Poisson distribution (ZIGP), and Bayesian ZIGP model were used to resolve the zero-inflated
problem in the torrential rainfall data. Especially, in Bayesian ZIGP model, a informative prior distribution was used to increase the accuracy
of that model. Finally, it was suggested that POI and GPD model should be discouraged to fit the frequency of the torrential rainfall data. Also,
Bayesian ZIGP model using informative prior provided the most accurate results. Additionally, it was recommended that ZIP model could be
alternative choice on the practical aspect since the Bayesian approach of this study was considerably complex.
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Table 1. Information of the selected 12 rainfall gauges

Fig. 1. Selected 12 rainfall gauges

The number of

Rainfall Latitude Longitude Elevation Annual mean rainfall torrential rainfall Number of zeros
gauges (EL,m) (32 years, mm) (384 months) (384 months)
Daegu 35.885 128.619 64.1 1,087 75 309
Busan 35.105 129.032 69.6 1,344 109 275
Yeongju 36.872 128.517 210.8 1,125 89 295
Mungyeong 36.627 128.149 170.6 1,095 87 297
Uiseong 36.356 128.689 81.8 1,039 73 311
Gumi 36.131 128.321 48.9 1,104 73 311
Yeongcheon 35.977 128.951 93.6 1,074 56 328
Geochang 35.671 127911 221.0 1,334 129 255
Hapcheon 35.565 128.170 33.1 1,317 124 260
Milyang 35.491 128.744 11.2 1,249 117 267
Pohang 36.033 129.380 2.3 1,274 103 281
Ulsan 35.560 129.320 34.6 1,287 107 277
Table 2. Frequency table of the occurrence of torrential rainfalls
Rainfall gauges 0 1 2 3 4 5 6 Total
Daegu 309 53 18 2 2 0 0 384
Busan 275 67 32 5 4 0 1 384
Yeongju 295 60 25 1 1 1 1 384
Mungyeong 297 57 22 3 2 2 1 384
Uiseong 324 42 14 3 1 0 0 384
Gumi 311 50 15 4 2 1 1 384
Yeongcheon 328 49 6 1 0 0 0 384
Geochang 255 80 35 8 4 1 1 384
Hapcheon 260 87 32 4 1 0 0 384
Milyang 267 81 27 4 3 1 1 384
Pohang 281 69 29 2 2 0 1 384
Ulsan 277 78 24 2 2 1 0 384
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Shi= 21210 AR 371} T el ol Slole] 9 4
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Hg3te] 15 A, BE FEE Z2t0] 79 pae] tht
a, N, w2 FGA] a, A, ws AHg5}e] Table 39 FERH ALY

A=A 2] Bayes 7198 T 394 =A4H o, ), wS 2By
slo] 7 mao) 24418 71 2 Uehe shgRmel 1
o] BB ARRSH=f] o] & _%EE—'—(hyper-parameter)ﬂ' oF
t} A& 50l 25 19] aol tigh 2245 Aol Sleial=
WA O, 9%, £, o9, 7o, G A B9 E42) 67 7]
o] thet 2] o (Table 391141 0.023992- 0.0527967+

A] 67H)°ﬂ oiet 217 SHE S Al 1 o] BaE FT
oH ;;gg %1‘4— ]7¥2_L}-Z-1 o /\oﬂol—oﬂ 0101 XJZ—] _QJ—

?__rl“% = 7] fleiA 2 Aol x*-El2E, Kolmog

orov-Smirnov H|ZAE, Cramer Von E|AE 9 Probability
Plot Correlation Coefficient (PPCC) HIAEE 15 13429
ool 285t ™ 71 ZA¥HE Table 42 Table 501 LFERA 2
o {A 1F 10 tigh 24871 Table 4914 o= 2524
Log-normal £3%&, A2} w224 Weibull 227} 71 24
grzlo= Uepiton, 15 20] theh 4127121 Table 50141
a @t A= 254 Weibull X2, w=254* Log-normal &3 7}
74 A5 A0 2 Lhehge.
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Fig. 2. Classification of homogeneous two groups

Table 3. Estimates of ZIGP model to construct prior distribution

Group 1 o A w
Daegu 0.023992 0.675029 0.614373
Yeongju 0.066584 0.897875 0.626508
Mungyeong 0.117776 1.140179 0.688344
Uiseong 0.038740 0.674795 0.678778
Gumi 0.127569 1.129153 0.737419
Yeongcheon 0.052796 0.257250 0.395497

Group 2 a A W
Busan 0.066026 0.999810 0.579964
Geochang 0.057089 1.050627 0.501002
Hapcheon 0.073083 0.574802 0.261814
Milyang 0.049425 0.940706 0.529185
Pohang 0.032599 0.819537 0.534272
Ulsan 0.136015 0.693241 0.461623

Table 4. Selection of probability distribution for calculation of hyper-parameter: Group 1

Distribution 7 test Decision K-S test Decision CVM test Decision MRS Decision
cal. | Table

NOR 5.67 rejected 0.25 accepted 0.18 accepted 0.91 0.92 rejected
LNQ) 3.00 accepted 0.20 accepted 0.13 accepted 0.93 0.92 accepted
GEV 5.75 rejected 0.25 accepted 0.18 accepted 0.92 0.92 rejected
WBU(2) 3.00 accepted 0.25 accepted 0.17 accepted 0.64 0.65 rejected
NOR 3.33 accepted 0.25 accepted 0.15 accepted 0.90 0.92 rejected
LN(Q2) 1.67 accepted 0.25 accepted 0.21 accepted 0.90 0.92 rejected
GEV 6.08 rejected 0.23 accepted 0.15 accepted 0.92 0.00 rejected
WBU(2) 3.33 accepted 0.25 accepted 0.17 accepted 0.89 0.65 accepted
NOR 1.00 accepted 0.25 accepted 0.18 accepted 0.89 0.92 rejected
LN(Q2) 1.00 accepted 0.25 accepted 0.23 accepted 0.89 0.93 rejected
GEV 6.00 rejected 0.24 accepted 0.16 accepted 0.91 0.00 rejected
WBU(2) 1.00 accepted 0.26 accepted 0.17 accepted 0.89 0.65 accepted
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Table 5. Selection of probability distribution for calculation of hyper-parameter: Group 2

Distribution 7 test Decision K-S test Decision CVM test Decision (0L e Decision
cal. | Table
NOR 1.00 accepted 0.20 accepted 0.16 accepted 0.90 0.92 rejected
LN(2) 1.33 accepted 0.23 accepted 0.13 accepted 0.90 0.93 rejected
GEV 7.00 rejected 0.17 accepted 0.13 accepted 0.90 0.91 rejected
WBU(2) 2.00 accepted 0.16 accepted 0.11 accepted 0.91 0.65 accepted
NOR 1.67 accepted 0.20 accepted 0.09 accepted 0.90 0.92 rejected
LN(Q2) 1.67 accepted 0.19 accepted 0.08 accepted 0.91 0.93 rejected
GEV 8.42 rejected 0.18 accepted 0.08 accepted 0.90 0.91 rejected
WBU(2) 1.67 accepted 0.23 accepted 0.11 accepted 0.95 0.65 accepted
NOR 6.00 rejected 0.21 accepted 0.19 accepted 0.85 0.92 rejected
LNQ2) 2.12 accepted 0.23 accepted 0.23 accepted 0.93 0.92 accepted
GEV 14.08 rejected 0.27 accepted 0.12 accepted 0.92 0.93 rejected
WBU(2) - rejected - rejected - rejected - - rejected
Table 6. Results of hyper-parameters in Bayesian ZIGP model
Group 1
Parameters Selected distribution Hyper-parameter Hyper-parameter

a LN 2 = 2653 Gu= 0.542

A WBU 2 K= 0.842 B = 2.080

o WBU 2 = 0.651 B,= 5.139

Group 2
Parameters Selected distribution Hyper-parameter Hyper-parameter

a WBU 2 .= 0.086 Bi= 1724

2 WBU 2 K7 = 0.859 b= 6.634

o LN 2 = 20731 .= 0.166

15 2:

Table 49} Table 55 5ol 278 27 &R o] A7}
oM E 22 o-8-5tod s -‘?—i—t/] s FAst
Al =™ o] Fho] 2 R4g ARGt 27t
TE 725t Table 60 LFEFU STt o5 501 215 101 o
3t Bayesian ZIGP model 2] ® 4= o= 2% <= Log-normal &£
£ w}2r, o] ©ff Bayesian ZIGP R 2] ZE42 AR H
Log-normal £3L] W /1 =2.6530] 1L W2} 5. =0.5422 A}
£ % 982 4 Ak Telm gre) 9 Bl 245
02 279H 2 Bayes 7140l 18 18 1 2 18 29]
APIRE = 747 A (10)0 4] (1) = e 4= 9lo ], o] AF

HAEIELE Bayesian 7574 78-S e+ 4] (8)0] 48
SHH 715 13} 7155 200 et Z42Fe] | E A9 BB =4
T ek &, FF AR EE SRl Qlof 247t B
o, \ we A2 FAR S 2 S oleh= 7ol AME QI

F

15 1:

wlas \w) = LN2 (i, 00) X WBU2 (i), B\) X WBU2 (5, 35) (10)

e\ w) = WBU2 (12, ) x WBU2 (%, Bh) < IN2 (32, 60)  (11)

4. Metropolis-Hastings 2112|=0| el Al e
B
Metropolis-Hastings 12| &2 E4 S EEEZZ HE &
A0 21} o] FA 0 = A 7 o] FF0| of Bl A1
T gaAo]al oFy A o = BAQAQl B3 FES= R
2191 MCMC (Markov Chain Monter Carlo) |5t darel&
6 2 Z]T Bayesian AFSEEZ 2 HE] B FET0f Qlof

713 wo] AREE] 31 Q)T (Bate and Campbell 2011; Chib and
Greenberg, 1995; Marshall et al., 2004). 0] @11 8]&2 o]&
sfo] QP He) B2k S FEP] SIAAT LA AN
4 92 AESHEL Ael] 18 AEE o( +) 9] 47
8 Aok ) B Aol Wl AF a0 oo, g A T



S. U. Kim and H. B. Kim. / Journal of Korea Water Resources Association 49(6) 481-493 489
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S W A5H] $15Hd Gelman & Rubin A| 3 (Gelman
and Rubin, 1992), Raftery & Lewis Z] 3 (Raftery and Lewis,
1992), Geweke 2] 3 (1992)7} -89 4= QIt}. o] A HEL
R B T ez EAA 7HFEAA (statistical
hypothesis test)& 7|24 o[22 & sto] 7de 7oz
Gelman & Rubin | E= 19 717+24~&, Raftery & Lewis
A 3= 55 AR 25, Geweke A H+=95% A1 =77
ol ZAsto]of HFY ARl FZo] 0| HaE S-S o]
Rt} Table 7-2 tht 9540 it 24249 o, 0y, 0, ©1l
oigh 3712 2| ;o) 4 Ax 9 2 A9 HEFE 8879
W A7E YepH Zlolth Table 72 B o, 0y, 0, 710.01,
02,0152 4% 390 RE A3/ AR 252 2

= R
O3S B A AT S AL St] ARG AR
o w4 FEosch

Table 7. Results of 3 quantitative methods and decision of
algorithm convergence

Table 8. Results of estimated parameters in 5 different probability

models

Distributions

POI GPD

Z1P

ZIGP

Bayesian
ZIGP

Cases Ge}l{rgg?n & Ra{?v?ils & Geweke Decision
0,=0.10 1.2584 5.84 -2.125 Poor
0,=0.01 1.0104 1.05 -1.654 Good
0,=2.00 1.3548 4.98 -2.001 Poor
0, =0.20 1.1120 2.01 -1.451 Good
c,=1.50 1.1586 4.48 -2.748 Poor
0,=0.15 1.0001 1.05 -1.889 Good

5, 3 Eo|Anlo| MM Y MsEA

AN A
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Poisson Distribution, GPD), 0-2+%] Poisson 2583 (Zero-
Inflated Poisson distribution, ZIP), 0-2+%) &¥3} Poisson &
EE I (Zero-Inflated Generalized Poisson distribution,
ZIGP), Bayesian 0-7}%] 25t8} Poisson &+ I (Bayesian
Zero-Inflated Generaized Poission distribution), Bayesian
ZIGP)7} AF&EQlth. Table 8& POI, GPD, ZIP, ZIGP,
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Table 9. Comparative results between 5 different probability

models
Bayesian
Models |Observed] POI | GPD | ZIP ZIGP 7IGP
Daegu
0 309 294 296 310 311 309
1 53 79 72 51 50 52
2 18 11 14 18 18 18
3 2 1 1 4 4 4
4 2 0 1 1 1 1
5 0 0 0 0 0 0
6 0 0 0 0 0 0
Total 384 384 384 384 384 384
Busan
0 275 248 250 279 290 275
1 67 108 99 60 52 67
2 32 24 25 31 27 31
3 5 4 8 11 10 7
4 4 0 3 3 4 3
5 0 0 1 1 1 1
6 1 0 0 0 0 0
Total 384 384 384 384 384 384
POI 2 GPD 2&0] 0 2 18] HF 59 G742 rojof
Ao, 05190 B T 4 e A
2 123 xo] Q)= ZIP, ZIGP, Baysian ZIGP 23820 ¥ 18]
UFES WA 20 5] Dol e st 2 4
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