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Grid Method 7|2 0S8t HI0|XI2} HIHAY SHEZ4 M3
Bayesian Nonstationary Probability Rainfall Estimation using the Grid Method
= T
Kwak, Dohyun / Kim, Gwangseob

Abstract

A Bayesian nonstationary probability rainfall estimation model using the Grid method is developed. A
hierarchical Bayesian framework is consisted with prior and hyper-prior distributions associated with
parameters of the Gumbel distribution which is selected for rainfall extreme data. In this study, the Grid
method is adopted instead of the Matropolis Hastings algorithm for random number generation since it has
advantage that it can provide a thorough sampling of parameter space. This method is good for situations
where the best—fit parameter values are not easily inferred a priori, and where there is a high probability
of false minima. The developed model was applied to estimated target year probability rainfall using hourly
rainfall data of Seoul station from 1973 to 2012. Results demonstrated that the target year estimate using
nonstationary assumption is about 5~8% larger than the estimate using stationary assumption.

Keywords : Nonstationary, Hierarchical Bayesian model, Grid method, Probability rainfall amount
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Likelihood function

Prior distribution
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| Hierarchical Bayesian model

Fig. 1. Schematic Diagram of Hierarchical
Bayesian Model
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Table 1. Results of Simulation about Main Parameters

The number of trials d 0 By By
1 145.7375 0.2062 61.2391 0.0702
2 147.1871 0.2034 61.4803 0.0659
3 147.2707 0.2007 61.5319 0.0653
4 147.0824 0.2034 61.5067 0.0675
5 147.0804 0.2054 61.5581 0.0717
6 146.9354 0.2078 61.4863 0.0656
7 147.0831 0.2051 61.5652 0.0697
8 147.1722 0.2010 61.6075 0.0687
9 147.0967 0.2052 61.4493 0.0714
10 147.1722 0.2042 61.6512 0.0674
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Table 2. Sample Results of 30 Time Simulation

A5 FRSR SN E Bsh, wol ek FAe] g
2 7)ure) B4 RPNl Aol WA BAE
Al QloiA wlel et FA L HEH o WA o
g mo] Ya We] Fite FE AEHT 2 AT
N FEF AZA Mol A RHE £ AFRE 8
A919] B3tat G| o Fol4] 9lom Gibbs samplerE
3 W 5% Al 24 R4S O W FEE7] Ssis
T 58 AR Bokes Hr). o] THe] &3 HAol
A EFEE AYS GFo] o} 2] thre] AaS A
T Felw HEHQ w5 4] AWE WHl o

The number of trials 0o 0q Bo B,

1 145.7375 0.2062 61.2391 0.0702
2 147.1871 0.2034 61.4803 0.0659
3 147.2707 0.2007 61.5319 0.0653
4 147.0824 0.2034 61.5067 0.0675
5 147.0804 0.2054 61.5581 0.0717
6 146.9354 0.2078 61.4863 0.0656
7 147.0831 0.2051 61.5652 0.0697
3 1471722 0.2010 61.6075 0.0687
9 147.0967 0.2052 61.4493 0.0714
10 147.1722 0.2042 61.6512 0.0674
11 147.1155 0.2083 61.5166 0.0675
12 146.9841 0.2060 61.6549 0.0664
13 147.0848 0.2035 61.4627 0.0680
14 147.0248 0.2049 61.6259 0.0688
15 147.1600 0.2069 61.5268 0.0702
16 146.9937 0.2074 61.5601 0.0696
17 147.0990 0.2049 61.5614 0.0688
18 147.0504 0.2091 61.5696 0.0665
19 147.0336 0.2000 61.5864 0.0676
20 147.1798 0.2037 61.6206 0.0681
21 147.0528 0.2047 61.5891 0.0682
22 147.0069 0.2042 61.6362 0.0657
23 147.2168 0.2049 61.4987 0.0674
24 147.1783 0.2033 61.5735 0.0677
25 147.0803 0.2034 61.5244 0.0703
26 147.1359 0.2041 61.6295 0.0655
27 147.0347 0.2087 61.5688 0.0651
28 147.0914 0.2023 61.5268 0.0699
29 147.0311 0.2093 61.5874 0.0696
30 146.9682 0.2062 61.5993 0.0667
The maximum value 147.2707 0.2093 61.6549 0.0717
Round up 147.3000 0.3000 61.7000 0.1000
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e e AR P 2 AAE Folof o= FY SHA ) 1A 30 e AldlE HigkE ARSSHAl
do] Aojxo] 917] wiZo|t). true parameterE 7 &3] o o] 0¥e] Alg 0] W FF 347} ol
& = QAT AAAF o 2N IS 517] HEAE A Aol S eJwghth 1] 3l round ups Sk ©]
A4 HAaFAgL dololsln] o] fd] 1 Fo] A1 fri 309 ] AlE ol S 13| & 7Pdste] T Alstel
4 BA4ES A8} Gumbel 322 T2 FAE w7 < W HNFE round upshd B FLI 25 F49
U7 A-dGS S5 g 2 Yedth o] & o] A= G5 = 7] wiolth o] oAl ofw]ef Fet
oke] A FASlA ol & 4= = 303 ato] Aztale w AAE A FEEE TS ol
g AFE A F, 5z s Huges A = T Atk ey o] & & =il FEIdE 9
st 54 $12914 Round up s &8 F-¢A4S 13} ol A2 FAE] Tt ] AshA FH3len,
i, A FA gk Bk sfAetslth H kS AR 13] Algete] oA E FE3)
Sh= o] AAAId ol 2} 32 AT wolof Al o 9] A S B8l AEE HEAR wE Qv
S FAY F vk FxEY] T e Abaet A4 GEHTEE ol YERITE Gumbel w322] vzl
Table 3. Probable Precipitation Amount about Return Period of Target Year at Seoul (mm)
Return period 2020 2030 2040 2070 2100

10 313.6115 316.0617 318.5120 325.8626 333.2133

50 432.8219 436.2631 439.7043 450.0277 460.3512

100 483.2188 487.0789 490.9390 502.5192 514.0995

200 533.4317 537.7092 541.9867 554.8192 567.6516

Table 4. Probable Precipitation Amount about Return Period of Target Year at Gangneung (mm)

Return period 2020 2030 2040 2070 2100
10 340.6965 343.3718 346.0471 354.0728 362.0986
30 482.5005 486.3318 490.1632 501.6572 513.1513
100 542.4488 546.7689 551.0890 564.0493 577.0096
200 602.1784 606.9855 611.7926 626.2138 640.6350
Table 5. Probable Precipitation Amount about Return Period of Target Year at Daegu (mm)
Return period 2020 2030 2040 2070 2100
10 207.7456 209.9708 212.1960 218.8716 2255471
50 278.1026 281.1536 284.2045 293.3574 302.5103
100 307.8464 311.2464 314.6465 324.8467 335.0470
200 337.4816 341.2295 3449774 356.2211 367.4648
Table 6. Probable Precipitation Amount about Return Period of Target Year at Busan (mm)
Return period 2020 2030 2040 2070 2100
10 294.2581 296.7083 299.1585 306.5092 313.8598
30 397.9437 401.3849 404.8260 415.1495 425.4730
100 441.7774 445.6375 449.4975 461.0778 472.6581
200 485.4511 489.7286 494.0061 506.8385 519.6710
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Fig. 2. Probable Precipitation Amount about Return
Period of Target Year at Seoul (mm)

Probability rainfall{mm;
300 400 500 600
I | 1

200
L

100
1

Year2070
Year2030
Year2020
o - Stationary
T T T T T

0 50 100 150 200

Return period(year)

Fig. 3. Probable Precipitation Amount about Return
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Period of Target Year at Daegu (mm)
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