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Abstract

Recently, the impact of floods and droughts has intensified due to climate change, highlighting the growing
importance of hydrological design for extreme events. In hydrological design, design flood is estimated through
frequency analysis of hydrological data, including precipitation and streamflow. To conduct frequency analysis, it is
essential to first clearly identify the characteristics of the hydrological data and then select an appropriate probability
distribution model. In this study, daily streamflow data from the past 20 years were collected from eight hydrological
stations in the Nakdong river basin. Basic statistical analyses were performed on the annual maximum, minimum,
and mean streamflow values. Additionally, parameters for six probability distribution models were estimated using
the maximum likelihood method, and the most suitable probability distribution models were identified based on
goodness—of—fit tests and information criteria. As a result, Lognormal, Normal, Weibull, Gamma, and Gumbel
distributions were determined to be the most appropriate probability distribution models for the Nakdong River
basin. The findings of this study are expected to serve as fundamental data to estimate hydrologic design quantity for
continuous river management and the development of strategies to mitigate natural disasters.
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Table 1. General description of the probability distribution function and its range
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Fig. 1. Nakdong river basin and locations of 8 streamflow stations
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Statinn

Mungyeongsi (Gimyongri)

Yecheongun (Gopyeonggyo)

issonaoun MWiunar)

Andongsi (Mokgyegyo)

Hamyanggun (Hwachonri)

Uiryeonggun (Jeongamgyo)

Table 2. Annual maximum, minimum, and mean streamflows (m?®/s)

b
Gyeongjusi (Gangdongdaegyo)

K2 ARE Bokn
BEAERH o Ao, i, BRIl o
Hghe AAske] Table 26 rehgich. sld £ g2
AMRRA, $57 K] A, Ak, B 43 PR

Z¥zZy oF 28 961m?/sec, 135m®/sec, 1,454m?/seco=2

Year Maximum streamflow (m?/s) Minimum streamflow (m?/s) Mean streamflow (m?®/s)
2000 1985.64 7.56 104.38
2001 1146.04 5.08 50.24
2002 2414.67 6.52 117.11
2003 2237.48 15.27 178.48
2004 1715.19 11.73 108.82
2005 965.90 8.05 59.58
2006 2307.37 7.06 87.55
2007 1670.05 9.83 86.26
2008 842.79 6.99 38.14
2009 1035.42 4.96 41.04
2010 1094.43 6.42 68.57
2011 2330.83 2.46 89.01
2012 2401.64 1.40 78.08
2013 980.75 11.11 52.74
2014 1066.82 4.69 55.85
2015 425.87 10.07 34.46
2016 960.71 1.77 55.76
2017 336.98 2.82 31.55
2018 1263.46 6.75 64.19
2019 1788.98 4.06 51.10
Average 1448.55 6.73 72.65
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Cullen and Frey(1999)= Hxet =& &
Exo] FHE FAS 5 U= PHS Actordoh T3
Bootstrap -2 Efron(1979)¢] o) AAElomH, Fo13]
BES VMo r FAFY AEE A5k 7IHe R, BTt
TAE 23S et BA Al A= o] grh(Kwak.,
2012). 53, w29 AY=E F71ed o Bootstrap 71
B0 BhgE He-dx 2xE d

= 240l 7tEstth & dFelde &

Cullen and Frey graph

® Obsenation Theoretical distributions.
bootstrapped values * normal
ol é R

=== gamma
(Weibullis cose to gamma and lognarmal)

kurtosis

o -
o | .
T T T T = T
0 1 2 3 4
square of skewness
(a) Maximum streamflow
Cullen and Frey graph
A ® Obsenvation Theoretical distributions
bootstrapped values * normal
~ 4
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© o O beta
" lognormal
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© 4
o - TR
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(b) Minimum streamflow

Cullen and Frey graph

® Obsenation Theoretical distributions
o~ A bootstrapped values * normal
A unif
© o ok @ exponential
P + logist

beta
" lognormal

m
(Weibul s close to gamma snd lognormal)

kurtosis

square of skewness

(c) Mean streamflow

Fig. 2. Description of (a) maximum streamflow, (b) minimum
streamflow, (c) mean streamflow samples from
distribution with uncertainty on skewness and kurtosis
estimated by bootstrap

Table 3. Basic statistics of daily streamflow (2000-2019) for Andongsi city station

Statistic Maximum streamflow Minimum streamflow Mean streamflow

Minimum (m?/s) 48.86 0.01 1.88
Maximum (m?/s) 454.45 0.44 18.71
Median (m?/s) 242.02 0.14 5.43
Mean (m?/s) 254.37 0.15 6.24
Standard deviation (m?/s) 115.94 0.13 4.25
Skewness 0.05 0.67 1.81

Kurtosis 2.07 2.58 5.80
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Table 4. Possible probability distributions for daliy maximum, minimum, and mean streamflows in Cullen and Frey graphs for Andongsi

city station

Classification

Possible probability distribution

Maximum Streamflow

Gamma, Lognormal, Weibull

Minimum Streamflow

Gamma, Lognormal, Weibull

Mean Streamflow

Gamma, Lognormal, Weibull

Table 5. Selection of appropriate probability distribution by PDFs of daliy maximum, minimum, and mean streamflows for Andongsi

city station

Classification

Appropriate probability distribution

Maximum Streamflow

Lognormal, Gamma, Weibull

Minimum Streamflow

Lognormal, Normal, Gumbel

Mean Streamflow

Lognormal, Gamma, GEV
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Fig. 3. Empirical and theoretical PDFs for daily (a) maximum
streamflow, (b) minimum streamflow, and (c) mean
streamflow at Andongsi city station

o A= Lognormal Gamma, GE Hazt Agst A
%7}Q%’E}(Table 5).
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Table 6. The obtained probability distribution by PP and Q-Q plots
Classification P-P Plot Q-Q Plot
Maximum Streamflow Lognormal Lognormal
Minimum Streamflow Normal Normal
Mean Streamflow Weibull Gamma
(a) Maximum streamflow
P-P plot Q-Q plot
£ o 5 3 °
£ © = Weibull R © Weibul
2 — fognormal g o - lognormal
EL - © gamma - o © gamma
T o gev = . gev
= B @ normal £ o4 ;E::baell
£ o gumbel Rl T T T T T
D : ‘ : : : : 0 2 4 6 8 10
0.0 0.2 04 0.6 08 1.0
Theoretical quantiles
Theoretical probabilities
(b) Minimum streamflow
P-P plot Q-Q plot
2 e .
= @ | 2
5 © % Weibull £ m © Weibull
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= 4 gamma = © gamma
_S (=T gev 2 gev
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Theoretical probabilities Theoretical quantiles
(c) Mean streamflow
P-P plot Q-Q plot
2 [=g
E ® ) g
E = = Weibull = i
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5 normal s N gev
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w . . LT gumbel
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Fig. 4. P-P and Q-Q plots of daily

streamflows
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Table 7. Distribution sample estimates, standard errors, and correlation matrix of parameter shape and scale values estimated using
the MLE method at Andongsi city station

Maximum streamflow

Standard error

Correlation matrix

DiEEbran Sample estimate Standard error Shape Scale
Gamma shape 4.07 1.24 1.00 0.94
(Pearson type 3) scale 1.60 0.51 0.94 1.00
L | shape 0.81 0.12 1.00 0.00
ognorma scale 0.55 0.09 0.00 1.00
. shape 2.43 0.44 1.00 0.31
Weibull scale 2.87 0.28 0.31 1.00
shape 2.19 0.30 1.00 0.10
GEV scale 1.14 0.23 0.10 1.00
shape 1.97 0.28 1.00 0.00
Gumbel scale 1.57 0.35 0.00 1.00
Normal shape 2.54 0.25 1.00 0.00
scale 1.13 0.18 0.00 1.00

Minimum streamflow

Distribution

Standard error

Correlation matrix

Sample estimate Standard error Shape Scale
Gamma shape 1.14 0.32 1.00 0.80
(Pearson type 3) scale 7.33 2.57 0.80 1.00
Loenormal shape - 236 0.26 1.00 0.00
& scale 118 0.19 0.00 1.00
. shape 1.13 0.21 1.00 0.31
Weibull scale 0.16 0.03 0.31 1.00
shape 0.09 0.03 1.00 0.73
GEV scale 0.09 0.02 0.73 1.00
shape 0.15 0.22 1.00 0.00
Gumbel scale 1.01 0.23 0.00 1.00
Normmal shape 0.16 0.03 1.00 0.00
orma scale 0.12 0.02 0.00 1.00

Mean streamflow

Distribution

Standard error

Correlation matrix

Sample estimate Standard error Shape Scale
Gamma shape 3.02 0.91 1.00 0.92
(Pearson type 3) scale 0.48 0.16 0.92 1.00
Lognormal shape 1.66 0.13 1.00 0.00
& scale 0.58 0.09 0.00 1.00
. shape 1.66 0.26 1.00 0.34
Weibull scale 7.05 1.00 0.34 1.00
shape 4.21 0.58 1.00 0.65
GEV scale 2.18 0.48 0.65 1.00
shape 3.65 0.42 1.00 0.00
Gumbel scale 3.58 0.80 0.00 1.00
N | shape 6.24 0.93 1.00 0.00
orma scale 4.15 0.66 0.00 1.00
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Fig. 4. Cumulative distribution functions (CDF) of the six selected
(a) maximum streamflow, (b)
minimum streamflow, and (c) mean streamflow at

distribution models:
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Table 8. Fitted distributions to streamflow data by MLE and comparison of goodness—of—fit statistics

Sh= Zo® UEhgh

2 AHHH K-S AAgALE o
A% AAIZE 0.205175ct ZoF Normal E2E7F 713

Aom Uehgon, 4 9 HiGFolM= GEV

P Aget Aoz ZAEIIH. CVM HAolA+=

¢ Weibull 2327}, HagFe

w27t 7P ARRt Aew

Lognormal

Maximum streamflow

L Kolmogorov=Smirnov (Critical value at 0.05 = 0.20517)
Distribution o
Statistic Rank

Gamma (Pearson type 3) 0.1153 4
Lognormal 0.1448 5
Weibull 0.0977 2
GEV 0.1051 3
Gumbel 0.2604 6
Normal 0.0965 1

Distribution

Cramer—von Mises (Critical value at 0.05 = 0.221)

Statistic Rank
Gamma (Pearson type 3) 0.0443 4
Lognormal 0.0738 5
Weibull 0.0296 1
GEV 0.0355 3
Gumbel 0.4037 6
Normal 0.0331 2
T Anderson—Darling (Critical value at 0.05 = 2.5018)
Distribution —
Statistic Rank
Gamma (Pearson type 3) 0.3110 4
Lognormal 0.4975 5
Weibull 0.2218 1
GEV 0.2458 3
Gumbel 2.0647 6
Normal 0.2321 2
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Table 8. Continued

N
>

44 4

N

H1

7] HF

H

o whet tha Fpol7} gl

o,z

4, Faboll wet Az e B2t 7 Age
Z59lt} wretd, 92 golge ge

Minimum streamflow

Kolmogorov—Smirnov (Critical value at 0.05 = 0.20517

Distribution Statistic Rank
Gamma (Pearson type 3) 0.1844 3
Lognormal 0.1644 2
Weibull 0.2110 4
GEV 0.1412 1
Gumbel 0.6029 6
Normal 0.2652 5
o Cramer—von Mises (Critical value at 0.05 = 0.221)
Distribution —
Statistic Rank
Gamma (Pearson type 3) 0.0905 3
Lognormal 0.0706 1
Weibull 0.1311 4
GEV 0.0797 2
Gumbel 2.4944 6
Normal 0.2513 5
o Anderson—Darling (Critical value at 0.05 = 2.5018)
Distribution —
Statistic Rank
Gamma (Pearson type 3) 0.6353 3
Lognormal 0.4626 1
Weibull 0.8540 4
GEV 0.4698 2
Gumbel 23.2647 6
Normal 1.5706 5
Mean streamflow
. Kolmogorov=Smirnov (Critical value at 0.05 = 0.20517
Distribution —
Statistic Rank
Gamma (Pearson type 3) 0.1839 4
Lognormal 0.2324 5
Weibull 0.1735 2
GEV 0.1703 1
Gumbel 0.5233 6
Normal 0.1776 3
o Cramer—von Mises (Critical value at 0.05 = 0.221)
Distribution —
Statistic Rank
Gamma (Pearson type 3) 0.0799 2
Lognormal 0.1314 5
Weibull 0.0779 1
GEV 0.0952 4
Gumbel 1.5258 6
Normal 0.0836 3
o Anderson—Darling (Critical value at 0.05 = 2.5018)
Distribution —
Statistic Rank
Gamma (Pearson type 3) 0.4840 1
Lognormal 0.8553 5
Weibull 0.4905 2
GEV 0.5516 3
Gumbel 7.1054 6
Normal 0.5919 4
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Table 9. Goodness of fit information criteria (AIC, BIC)

Distribution Maximum Streamflow
AIC BIC
Gamma (Pearson type 3) 66.6 68.6
Lognormal 69.3 71.3
Weibull 64.9 66.9
GEV 66.9 69.9
Gumbel 62.1 64.1
Normal 65.6 67.6
Distribution Minimum Streamflow
AIC BIC
Gamma (Pearson type 3) -30.8 -28.8
Lognormal -27.2 -25.2
Weibull -30.9 -28.9
GEV -24.3 -21.3
Gumbel 443 46.3
Normal -22.6 -20.6
Distribution Mean Streamflow
AIC BIC
Gamma (Pearson type 3) 107.1 109.1
Lognormal 104.9 106.9
Weibull 109.6 111.6
GEV 106.8 109.8
Gumbel 95.1 97.1
Normal 117.6 119.6

Table 10. Selection of appropriate distribution by AIC and BIC for daily streamflows from 8 stations

Station Maximum Streamflow Minimum Streamflow Mean Streamflow
Andongsi (Mokgyegyo) Gumbel. Weibull Gumbel.
Gyeongjusi (Gangdongdaegyo) Gumbel. Weibull Gumbel.
Mungyeongsi (Gimyongri) Gumbel. Gamma, Weibull Gumbel.
Yecheongun (Gopyeonggyo) Gumbel. Gamma Weibull
Uiryeonggun (Jeongamgyo) Gumbel. Gumbel. Weibull
Uiseonggun (Wijungri) Gumbel. Lognormal Gumbel.
Hamangun (Gyenaeri) Gumbel. Lognormal Gumbel.
Hamyanggun (Hwachonri) Gumbel. Lognormal Gumbel.
o S A Wl Sk ofel B8 SRR ool ALRPAAE Vel B} A2 a2
nefste] Mo BRBFE Aelt Ao] Baskhn VY Awdch Ee, BEIAE Gumbel BEI 14 4
otsleh. 3t goz UrE}‘i{E}. olF 7 PEA U fapE AA
I R=R=vs: kel =]
- SLEH XYL Table 109 AAISHAH.
3.4.2 AICS} BIC| %8 U XA HELTYH MY 0 ”
2 AFolAe Aedet Bxny HAAstaa JH7E 4. 2 2
. —_
P.ﬁ‘(AIC 3 BIC)E &8stlen, 11 A¥E Table 99
AASHEE. AICE F5 RERY 7 HluE g8 54 2 ApolHe FRAADS f& £42 BstA Y5
A5F Abgetgen, BRIIEREAS ARk HAES z]?—r 9 asho] AT 8 HFVEAE Qo 22
EgetA ot o714, AIC @& T1ECR ol A& 09(2000~20199)9] & 9] §5F A2E FHoHglch
5 AHe ZERYOR S, B, BIC= on A A, M, FAgFe] 7|2 5AFL Agstglon,
e 7Ner BRAEPE AHstE 7o, nixirt HSEH(MLE)S #gsto] gEEE 2o uifuss
A7 o 22 e 7= 2E7F HlolH 7P AeR A E3 FtE HAK-S A4, CVM A4, AD
Aoz BUSIAL, u/1ERd 44 ATE AHER, 493 gu/ZRAA0 BOS FEe] 7 2Enge
el A Gumbel 327} 71 A3t Ao veyd vl 2 Frfshge)
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