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Flood Frequency Analysis using SIR Algorithm

Moon, Kiho / Kyoung, Minsoo / Kim, Duckgil / Kawk, Jaewon / Kim, Hungsoo™****
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Abstract : Generally, stationary is considered as a basic assumption in frequency analysis. However, rainfall and
flood discharge are changing due to the climate change and climate variability. Therefore, there is a new opinion
that changing pattern of rainfall and flood discharge must be considered in frequency analysis. This study suggests
the flood frequency analysis methodology using SIR algorithm which was developed from bootstrap could be used
for considering climate change. Than is, SIR algorithm is selected for resampling method considering changing
pattern of flood discharge and it has been used for resampling method with likelihood function. Resampled flood
discharge data considering the increase of flood discharge pattern are used for parametric flood frequency analysis
and this results are compared with frequency analysis results by Bootstrap and original observations. As the results,
SIR algorithm shows the greatest flood discharge than other methods in all frequencies and this may reflect the
increasing pattern of flood discharge due to the climate change and climate variability.

Keywords : Bootstrap, SIR Algorithm, Flood discharge, Frequency analysis
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Fig. 3. Flood discharge at Moosung station

Table 1. Statistical characteristics of
Observation data
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Goodness of Fit Test

Distribution AD P-value

Lognormal 0.326 0.461

Maximum Likelihood Estimates
of Distribution Parameters

Distribution Location Shape Scale

Lognormal 6.15967 0.79402
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Table 5. The results of flood discharge

frequency analysis  (Unit : cms)
Fr?}?:;egcy Bootstrap SIR Observation
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80 2,020 2,255 1,959
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200 2,363 2,788 2,589
300 2,518 3,047 2,912
500 2,716 3,395 3,363
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histogram by SIR algorithm
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