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Abstract

Seasonality of hydrologic extreme variable is a significant element from a water resources manage-
mental point of view. It is closely related with various fields such as dam operation, flood control, irrigation
water management, and so on. Hydrological frequency analysis conjunction with partial duration series
rather than block maxima, offers benefits that include data expansion, analysis of seasonality and
occurrence. In this study, nonstationary frequency analysis based on the Bayesian model has been
suggested which effectively linked with advantage of POT (peaks over threshold) analysis that contains
seasonality information. A selected threshold that the value of upper 98% among the 24 hours duration
rainfall was applied to extract POT series at Seoul station, and goodness—fit-test of selected GEV
distribution has been examined through graphical representation. Seasonal variation of location and scale
parameter (1 and o) of GEV distribution were represented by Fourier series, and the posterior distributions
were estimated by Bayesian Markov Chain Monte Carlo simulation. The design rainfall estimated by GEV
quantile function and derived posterior distribution for the Fourier coefficients, were illustrated with a wide
range of return periods. The nonstationary frequency analysis considering seasonality can reasonably
reproduce underlying extreme distribution and simultaneously provide a full annual cycle of the design
rainfall as well.

Keywords : hydrologic extreme variable, peaks over threshold, seasonality, nonstationary, bayesian model,
fourier analysis
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Fig. 1. Daily Rainfall Time Series at Seoul Station
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Fig. 2. Annual Distribution of Precipitation at Seoul Station. A Strong Seasonal Cycle is ldentified.
The Void Circle Indicates Outlier while the Filled Circle Indicates Median Value
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Fig. 3. Peaks Over Threshold Time Series at Seoul Station.
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Fig. 8. Model Parameters of Fourier Series in Nonstationary Frequency Analysis Considering Seasonality
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Table 1. Posterior Density of Parameters and Associated Uncertainty Bounds

Parameters Mean SD 2.5% Median 97.5%

o 59.12 1.72 56.12 59.18 62.41

ay -2.57 1.68 -6.07 -2.44 0.45

Qy -2.16 2.05 -6.28 -2.10 1.50

Bo 2.56 0.11 2.35 2.56 2.78

By -0.20 0.12 -0.39 -0.21 0.03

By -0.21 0.14 -0.54 -0.20 0.05

I 61.68 1.65 58.63 61.72 65.11

o 16.37 1.79 13.19 16.43 19.82

¢ 0.61 0.08 0.46 0.61 0.77
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Fig. 9. POT Distribution and the Estimated 50-year Design Rainfall Cycle. The Design Rainfall Cycle is
Interpolated with Estimated Posterior Distributions of Fourier Model Parameters
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Table 2. Design Rainfall Estimates by Nonstationary Frequency Analysis Considering Seasonality

Return Period 2 yr 4 yr 5 yr 10 yr 20 yr 30 yr 50 yr 100 yr
Stationary 68.10 91.66 101.24 140.23 199.31 247.42 327.94 487.12
Jan. 60.15 74.35 80.08 103.26 138.03 166.15 212.92 304.60
Feb. 60.00 74.13 79.84 102.90 137.50 165.48 212.01 303.24
Mar. 61.02 76.18 82.30 107.05 144.19 174.21 224.15 322.06
Apr. 62.98 80.20 87.15 115.26 157.44 191.55 248.27 359.48
Nomn- May 65.42 85.43 93.51 126.17 175.17 214.79 280.69 409.88
stationary | Jun. 67.73 90.56 99.78 137.06 193.00 238.23 313.44 460.92
Quantile | Jul. 69.20 93.92 103.90 144.25 204.81 253.76 335.19 494.83
Aug. 69.36 94.21 104.23 144.79 205.64 254.85 336.68 497.12
Sep. 68.16 91.31 100.66 138.44 195.15 240.99 317.24 466.74
Oct. 66.00 86.38 94.61 127.88 177.80 218.17 285.30 416.92
Nov. 63.54 81.08 88.16 116.80 159.77 194.52 252.30 365.60
Dec. 61.42 76.79 83.00 108.08 145.73 176.17 226.79 326.04
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Fig. 11. Comparison of Design Rainfall Between Stationary and Nonstationary Frequency Analysis.
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