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Abstract

The main objective of this study was to develop a new regional frequency analysis model based on
hierarchical Bayesian model that allows us to better estimate and quantify model parameters as well as
their associated uncertainties. A Monte—carlo experiment procedure has been set up to verify the proposed
regional frequency analysis. It was found that the proposed hierarchical Bayesian model based regional
frequency analysis outperformed the existing L-moment based regional frequency analysis in terms of
reducing biases associated with the model parameters. Especially, the bias is remarkably decreased with
increasing return period. The proposed model was applied to six weather stations in Jeollabuk-do, and
compared with the existing L-moment approach. This study also provided shrinkage process of the model
parameters that is a typical behavior in hierarchical Bayes models. The results of case study show that
the proposed model has the potential to obtain reliable estimates of the parameters and quantitatively provide
their uncertainties.
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Fig. 2. A Comparison of Root Mean Square Error between L-moment Based Regional Frequency
Analysis and Hierarchical Bayesian Based Regional Frequency Analysis Given Different Sample Size
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Table 1. Basic Statistics of Annual Maximum Rainfall Across Six Stations

Mean Stan. Dev. . Minimum | Maximum Period
) (mm) | Showness | Rurtosis () ()
Gunsan 124.8 62.1 1.7 5.3 56.2 310.0
Junju 120.9 46.3 0.8 35 51.3 249.5
Buan 1219 42.7 1.0 3.9 574 250.5 1973~2011
Junguep 117.1 61.8 3.3 16.2 61.5 420.0 (39)
Namwon 116.6 39.0 05 2.7 55.5 218.0
Imsil 116.1 443 12 34 65.3 234.0
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Fig. 4. A Graphical Representation of CDF of GEV Distribution with Empirical CDF
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Table 2. Design Rainfall and Associated Uncertainty Bound Estimated from Posterior Distribution

o, | Return |HBRFA [HBRFA |HBRFA| L- | . |Return |HBRFA |HBRFA |HBRFA| L-
Period | (25%) | (50%) | (97.5%) | moment Period | (25%) | (50%) | (97.5%) | moment
5 1364 | 1514 | 1684 | 1563 5 1325 | 1461 | 1622 | 1466
10 1653 | 1858 | 219 | 1886 10 1569 | 1777 | 2098 | 177
20 1934 | 2239 | 2838 | 2227 20 182 | 2125 | 270 209
222 30 2008 | 2478 | 3206 | 2439 Jgong 30 197 | 2347 | 3129 | 2289
50 | 2309 | 2808 | 3976 | 2719 T80 | 2163 | 2653 | 3737 | 262
100 | 2601 | 3306 | 5138 | 3129 100 | 2438 | 3114 | 4933 | 2937
200 | 2894 | 3%64 | 6629 | 3577 200 | 2717 | 3636 | 6452 | 3357
5 1368 | 1494 | 1649 | 1513 5 1345 | 1468 | 1622 | 146
10 1615 | 1808 | 2091 | 1826 10 | 1558 | 1761 | 203 | 1762
20 1836 | 214 | 2613 | 2157 20 1745 | 2068 | 2504 | 2081
J‘;C’“ 30 1955 | 2346 | 2963 | 2362 \1\)1;1;;1 30 1843 | 2254 | 2831 | 2279
! 50 210 | 2616 | 3458 | 2634 50 1962 | 2503 | 3204 | 234
100 | 2286 | 3017 | 4283 | 3031 100 | 2113 | 2862 | 4012 | 2923
200 | 2469 | 345 | 5269 | 3464 200 | 2248 | 3249 | 4928 | 3342
5 1343 | 1465 | 1609 | 1526 5 1318 | 1456 | 1614 | 1453
10 1576 | 1767 | 2026 | 1841 10 | 1556 | 1765 | 2101 | 1754
20 1792 | 209 | 2536 | 2174 20 | 1792 | 2101 | 2727 | 2071
iﬁ 30 1911 | 2292 | 289 | 2381 ISIE 30 1929 | 2316 | 3175 | 2268
50 206 | 2562 | 3409 | 2655 50 | 2103 | 2609 | 3857 | 2529
100 | 2264 | 2957 | 4258 | 3055 100 234 | 3049 | 5066 | 291.1
200 | 2458 | 3403 | 5315 | 3492 200 | 2584 | 3548 | 6657 | 3327
Uncertity bounds(HBRFA) B3 /1% L-RAlE 7]uke] Al wa e v
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Fig. 7. A comparison of design rainfall between the
L-moment and the HBRFA based regional frequency
analysis. The shaded area indicates 95% confidence
interval estimated from conditional posterior distri—
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