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Abstract: Damage prevention from the local storms and typhoons in Korea, the development of a
rainfall-runoff model reflecting local geological, meteorological and physical characteristics is nec-
essary. The accuracy of the rainfall-runoff model is influenced by the various uncertainty factors
that can occur in the modeling processes, including input data, model parameters, modeling sim-
plification, and so on. Thus, the objectives of this study are (1) to estimate runoff for two rainfall
events using Grid Rainfall-Runoff Model (GRM); (2) to quantify the uncertainty of the GRM model
using the Generalized Likelihood Uncertainty Estimation (GLUE) method, and (3) to assess the un-
certainty ranges of the GRM based on different likelihood functions. For this, two rainfall events
were implemented to the GRM in the Cheongmicheon watershed, and informal likelihood functions
(LNSE, LPBIAS, LRSR, and LLOG) based on the fitness indices (NSE, PBIAS, RSR, and Log-normal)
were used for uncertainty analysis and quantification using GLUE method. As a result, the GRM
parameters varied according to the different rainfall patterns even in the same watershed. In addi-
tion, among the GRM parameters, the CRC (Channel Roughness Coefficient) and CSHC (Correction
factor for Soil Hydraulic Conductivity) characteristics are the most sensitive. Moreover, this study
showed that the uncertainty range of the GRM model can be changed with the subjective selection
of likelihood functions and thresholds. The GRM model is open source and has good accessibility.
Especially, this open-source model allows various approaches to disaster prevention plans such as
flood forecasting and flood insurance policies. In addition, if the parameter range of GRM is quan-
tified and standardized at domestic watersheds, it is expected that the reliability of the rainfall-
runoff simulation can be increased by the reduction of the uncertainty factors.

Keywords: GRM,; likelihood; GLUE; rainfall-runoff; uncertainty

1. Introduction

Unpredictable changes in weather have frequently occurred in recent years due to
climate change. These abnormalities have led to numerous of natural disasters world-
wide, indicating an urgent need to reduce and mitigate such disasters. Recent cases of
natural disasters, such as flooding, in South Korea have exhibited damage patterns differ-
ent from the long-lasting monsoons of the past, resulting in enormous damage due to
localized heavy rainfall. Predicting damage due to runoff from localized heavy rainfall is
challenging. Since there is an increasing risk of this runoff worldwide, however, numer-
ous studies have been conducted to ensure the accuracy of predictions regarding short-
term rainfall runoff [1-5].

Various hydrological models are used to predict the short-term rainfall-runoff pro-
cess. Rainfall-runoff models, which reflect the runoff characteristics of watersheds, are
widely used. These runoff characteristics can be conceptually or physically represented,
and recent developments in geographic information systems have enabled the frequent
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application of physical models. In particular, despite various interpretations depending
on its grid size, a distribution model can represent the runoff characteristics of an entire
watershed by combining grids, as each grid (corresponding to a certain part of the water-
shed) includes runoff characteristics. If the combination of grids in a physical model ac-
curately reproduces the actual hydrological phenomenon of the watershed by using the
governing equation, and the parameters constituting the governing equation perfectly re-
flect the physical hydrological characteristics of the watershed, such a model could accu-
rately predict short-term runoff without calibration or validation. However, the governing
equation includes many uncertainties, as it interprets hydrological phenomena through pa-
rameters, simplifying natural phenomena in the process. Thus, more accurate prediction
could be ensured by analyzing the uncertainty of the employed parameters [6-8].

In an event-based rainfall-runoff model, the parameters constituting the model depend
on the type of rainfall. For example, the parameter reflecting the initial saturation of soil is
greatly affected by the type of rainfall, which in turn affects the prediction of runoff [9,10].
It is difficult to perform calibration and validation for the model, as the rainfall, which pro-
vides the input data, continuously changes over time. However, the parameters that have
been calibrated are frequently applied to predict other rainfall events [11]. A parameter cor-
rected for one event may deviate from the adjusted confidence interval in its application to
another rainfall event, so it may be a cause of uncertainty [12]. Thus, we can seek under-
standing of the uncertainties in parameters depending on the model prediction results by
applying various types of rainfall to the model to secure its reliability [13].

Various methods have been used to analyze the uncertainties in rainfall-runoff mod-
els: Monte Carlo simulation (MCS) [6,14], Latin hypercube sampling [15,16], state-space
filtering [17,18], and first-order second-moment [19,20]. In particular, uncertainty analysis
of these models has been widely conducted by utilizing the various likelihood estimators,
in which the relationship between model results and observations by parameter combi-
nations is defined as a Bayesian-based function [21].

Compared to other uncertainty analyses, generalized likelihood uncertainty estima-
tion (GLUE) [6] is a flexible and simple uncertainty analysis technique that can apply both
formal and informal likelihood. For this reason, it is among the most widely used methods
for uncertainty analysis in many rainfall-runoff models [22]. The parameters of a rainfall-
runoff model generated from the prior distribution in a GLUE simulation process based
on Bayes's theorem can be utilized to form a posterior distribution in the uncertainty anal-
ysis process by the critical point for the likelihood, which is obtained from the relationship
between the model results and the observation values. The posterior distribution of these
parameters provides important information that can accurately link rainfall, which is the
input data, and runoff, which is the model prediction value. However, this posterior dis-
tribution may vary depending on the type and threshold of likelihood, and this subjective
selection may become a negative factor in ensuring consistent analysis of uncertainty in a
rainfall-runoff model. Thus, for a smooth uncertainty analysis, it is important to find a
likelihood that can best reflect the error characteristics between the predicted value and
the observed value of the rainfall-runoff model by the combination of parameters [21].
There has been controversy over the use of formal and informal likelihood in the selection
of likelihood for the analysis of uncertainty in rainfall-runoff models [18,23,24]. Typically,
formal likelihood is applicable to the uncertainty analysis, in which the statistical structure
of error is established. However, because it is difficult to quantify the individual errors
that may occur in the input data and the model structure, informal likelihood can be use-
fully applied to uncertainty analysis, in that uncertainty analysis is frequently conducted
after combining these individual errors into a total error term [25].

Uncertainty may occur when predicting runoff by applying the parameters of the
grid-based rainfall-runoff model (GRM) corrected for one rainfall event to another rainfall
event. Furthermore, the results of uncertainty analysis may vary depending on subjective
selection of likelihood. Thus, this study evaluated how the type of rainfall and the selec-
tion of likelihood affect the parameters of the GRM. For this purpose, an uncertainty
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analysis of parameters in a rainfall-runoff model using GLUE was conducted to compare
and analyze the posterior distribution of parameters for two rainfall events. In addition,
this study conducted uncertainty analysis utilizing three values of informal likelihood,
aiming to determine their effect on the model results.

2. Materials and Methods
2.1. Study Area

The Cheongmicheon Watershed is part of the Han River water system in South Ko-
rea, which is an important basin supplying water to Seoul and Incheon. It is located up-
stream of the Namhan River. The watershed is showed in Figure 1. In addition, the
Cheongmicheon Watershed is a test basin selected by the International Hydrological Pro-
gram to explore the hydrological water cycle in South Korea. In this regard, various hy-
drological and water-quality studies have been conducted because the hydrological and
topographical data on the Cheongmicheon Watershed have been well established over a
relatively long term.
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Figure 1. Hydrologic network of Study area.

2.2. Grid-Based Rainfall-Runoff Model (GRM) Definition

The GRM was developed as a physically based distribution model to simulate runoff
for rainfall events [26]. The GRM can be utilized to predict surface and lateral runoff, in-
filtration, and subsurface flow due to rainfall events, and to evaluate the effect of rainfall
on the flow rate adjusted by artificial structures at the watershed. Moreover, the GRM is
designed to visualize a watershed by using geospatial data composed of a grid format,
and to use average rainfall or distributed rainfall data in grid format. In the GRM, the
kinetic wave equation is applied to analyze surface and lateral flow, and infiltration is
calculated through the Green-Ampt model. Each grid constituting the watershed is set as
a control volume, and the finite volume method is applied to perform a runoff simulation.
The governing equations of the GRM are represented as Equations (1)—-(3) [27].

oh o
—+—q:r—f+i (1)
ot Ox Ay
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In the equations, / is flow depth, g is flow rate per unit width, r is rainfall intensity, f
is infiltration rate, gr is return flow, Ay is the width of control volume, A is cross-sectional
area, (Q is discharge, q. is lateral flow, gs is subsurface flow, qv is baseflow, So is surface
slope, and Sis friction slope.

The GRM is an event-based rainfall-runoff model. It simulates overland flow, chan-
nel flow, infiltration, subsurface flow, percolation, and baseflow (Figure 2) [26].

Rainfall
Land surface
Infiltration excess flow Overland
Saturation excess flow flow
Loyt v Return flow
Infiltration Streamflow
Subsurface flow

LayerB

Percolation Baseflow

Channel
Figure 2. Schematic of the grid-based rainfall-runoff model (GRM).

2.3. Rainfall-Runoff Analysis

A rainfall-runoff simulation using the GRM requires rainfall data and a map spatially
representing land use, soil type, and elevation. Furthermore, observational runoff data are
needed for calibration and validation of the GRM model. This study utilized 90 m * 90 m
Digital Elevation Model of the National Geographic Information Institute
(https://www.ngii.go.kr; accessed on 10 February 2022), as well as the precise soil map
and soil depth data of the Rural Development Administration (http://www.naas.go.kr;
accessed on 10 February 2022), and the large classification land use map in the Environ-
mental Geographic Information System of the Ministry of Environment (ME,
http://www.me.go.kr; accessed on 10 February 2022), as shown in Figure 3.
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Figure 3. Spatial data of study site (a) Digital Elevation Model; (b) Land cover map; Attributes 1 to
7 represent city/dry area, agricultural area, forest area, meadow, wetland, bare land, and water; (c)
Land cover map; Attributes 1 to 8 represent silty clay loam, silt loam, sandy loam, sand, clay loam,
clay, loamy sand, loam, respectively; (d) Soil depth map; Attributes 1 to 4 represent very shallow,
shallow, moderately deeper, deep, respectively.

In addition, this study used the meteorological data of 11 meteorological stations of
the ME located near the target area of this study: Beopcheon, Samjuk, Seolseong,
Saenggeuk, Anseong, Yeoju Bridge (Yeoju), Oryu, Wonsam, and Eumseong, Namgok,
and Geumdang Elementary School (Taepyeong) stations. To consider the spatial influence
on meteorological data, this simulation was performed by calculating the Thyssen weights
through the Thiessen network depending on the location of the station and utilizing the
average rainfall of the corresponding area. The general formula for obtaining the Thiessen
network is shown in Equation (4).

_ N P.A. A
P:#ZZP._[ 4
A LA @

N N
i=1

where P , N, Ai, and Pirefer to the average rainfall in the watershed, the number of stations,

the effect area for each station, and the measured precipitation for each point, respectively.

The highest Thiessen weight was 26.13% at the Samjuk Meteorological Station, ex-
hibiting the greatest influence. The ratios of weights for each station are ranked in the
order of Samjuk, Taepyeong, Beopcheon, Yeoju, Wonsan, Seolseong, Saenggeuk, Eum-
seong, Namgok, Angseong, and Oryu. Table 1 summarizes the weights of each station
affecting the Cheongmicheon Watershed.

Table 1. Rainfall Station and Thiessen Weight.

Rainfall Station Location

Rainfall Station Name Latitude Longitude Station Weight (%)

Samjuk 37°4'36.36" N 127°22'7.03" E 26.13
Geumdang Elementary School =~ 37°12'3.45" N 127°36'21.74" E 17.51
Beopcheon 37°12'16.31" N 127°44'52.87" E 15.78
Yeoju Bridge 37°17'43.27" N 127°38'31.92" E 14.03
Wonsam 37°10'6.32" N 127°18'15.06" E 9.01
Seolseong 37°8'45.33" N 127°31'17.97" E 7.24
Saenggeu 37°2'437"N  127°36'3.93" E 4.56
Eumseong 36°56'13.82" N 127°41'32.14" E 2.18
Namgok 37°13'53.30" N 127°16'41.07" E 1.71
Angseong 37°511.35" N 127°44'43.87" E 1.50

Oryu 36°58'21.40" N 127°28'40.99" E 0.35
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The rainfall events applied in this study had rainfall higher than 35.6 mm, which was
the hourly rainfall of the Cheongmicheon Watershed for 50 years. For the validation of
the GRM model, this study utilized the data on the flow rate per 10 min from Janghowon
Bridge of the Han River Flood Control Office of the ME, a flow observation station in the
Cheongmicheon Watershed. In addition, the flow data for validation were collected dur-
ing the period until the flow rate analyzed in the model returned to the normal flow rate.
Furthermore, regarding each period and event, data were collected; the comparative val-
idation periods are presented in Table 2.

Table 2. Duration of Rainfall Event.

Num NAME Start Date End Date
1 Event 1 29 June 2011 (10:00:00) 1 July 2011 (17:30:00)
2 Event 2 31 July 2017 (3:00:00) 1 August 2012 (07:30:00)

2.4. Uncertainty Analysis Using Generalized Likelihood Uncertified Estimation (GLUE)

The method for uncertainty analysis using GLUE is based on the Hornberger-Spear-
Young global sensitivity analysis [28,29], and a combination of random variables, which
are generated from a specific probability density function (PDF) within the feasible range,
is applied to the MCS. In GLUE, it is essential to select a behavioral model that matches
the combination of random variables. The results from the MCS using the combination of
random variables are weighted by a likelihood measure. Typically, a likelihood measure
is employed to determine how well a simulated result fits an observation. The concept of
GLUE is based on the Bayesian equation (Equation (5)), and an informal likelihood func-
tion can be utilized to estimate the likelihood measure used in GLUE [30].

P[6]0]=c-L[¢|6]-P[6] )

where 0, ¢, and c refer to the parameter combination, the error between the observed value
(O) and the simulated value, and the scaling constant, respectively. P[0|0], P[], and P[6]
refer to the posterior PDF, likelihood, and prior PDF, respectively.

A likelihood measure represents the goodness of fit (GoF) between observed values
and model values, and typically, high likelihood measures indicate high GoF. A likelihood
measure is divided into a behavioral model (or accepted dataset) and a nonbehavioral
model (or non-accepted dataset), depending on the threshold value. A behavioral model
refers to a combination of variables, in which the likelihood measure satisfies the thresh-
old value. Here, a combination of variables refers to a combination of parameters in the
model randomly selected within a given range, and the uncertainty calculation generates
a cumulative density function (CDF) by weighting only the likelihood measure derived
by the behavioral model. The median of the CDF is typically utilized as a representative
value of the model’s predicted results, and the uncertainty is quantified by a 90% confi-
dence interval selected with 5% and 95% confidence levels [6,24,31].

The GLUE method is utilized to analyze uncertainty using MCS based on Bayesian
theory (Equation (6)). The likelihood used in GLUE can be determined by several likeli-
hood functions. This study selected three GoF indicators, namely Nash-Sutcliffe efficiency
(NSE), PBIAS, and rank-sum ratio (RSR), which are formal likelihood estimators, to cal-
culate the likelihood function, as well as a log-normal index, which is the informal likeli-
hood.

PM/y) = — XDy ip oy ©
J L(y/M)P(M)dM
where M, y, P(M), P(M1y), and L(y|M) are a combination of model parameters, a set of
observed values, a prior distribution of the model, posterior distribution, and likelihood
by model evaluation, respectively.
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The purposes of the GLUE method are to classify a behavioral model among the com-
binations of random variables, weight the results from MCS using the combinations of
random variables by likelihood, and determine how suitable the simulated results are for
the observed values.

NSE is Nash-Sutcliffe model efficiency coefficient that determines the relative mag-
nitude of residual variance (“noise”) in comparison to the variance of the measured data
(“information”) [32]. NSE is calculated as shown in Equation (7).

N 2
NSE =1-— 1N=1(0t Fx) 7)
i=1(0r — 0)?

where N refers to the number of observations, O and P: refer to the actual and predicted

flow at time f, and O refers to the average value of the actual flow.

Percent bias (PBIAS) refers to the average trend of simulated data and the degree to
which itis larger or smaller than that of the observed data [33]. The optimal value of PBIAS
is 0.0, and low values indicate that the model simulation is accurate. Positive values cor-
respond to underestimation bias in the model, whereas negative values correspond to
overestimation bias in the model, which are represented as shown in Equation (8).

Iivzl(YtODS _ Ytsim) %100
Zivzl(YtODS)

where N refers to the number of data, and Y% and Y™ refer to the actual and pre-
dicted flow at time t.

The RSR (RMSE-observations standard deviation ratio) standardizes the root mean
square error (RMSE) by utilizing the observed standard deviation [34] and combines ad-
ditional information with the error index recommended by Legates and McCabe [35].
Simply, this means we constrained the values between 0-1. The RSR is calculated as the
ratio of the RMSE to the standard deviation of the measured data, as shown in Equation

9).

PBLAS =

(8)

RMSE [\/Z?]:L‘(Yt()bs _ Ytsim)zl

STDEYV,
obs [\/Zévzi(YtObS _ Ymean)zl

where N refers to the number of data, Y’ and Y™ refer to the actual and predicted
flow at time f, and Y™¢*" refers to the average value of the actual flow.

Log-normal (log-likelihood function) is the log of the likelihood function, measuring
the GoF between model parameters and observed data through the natural logarithm, for
convenience in calculating the maximum likelihood estimate. Since the behavioral model
can be determined by selecting a part of the upper values if there is no criterion for the
threshold, as in log-normal, this study has assumed that the upper 30% values represent
the behavioral model [6,36]. Log-normal is shown in Equation (10).

RSR

N

N N N
Log —normal = —Eln(Zn) — iln 0% — Ea 2 x Z £(0,)? (10)

i=1

where N refers to the number of observed values, o2 refers to the variance of the simulated
and observed values, as shown in Equation (11), and €i® refers to the vector value of the
residual, which corresponds to the difference between the simulated and observed values
at time ¢, as indicated in Equation (12).
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_ MLiP—0)*

2
d N

(11)

ei(B) = Pi - Oi i=123...N (12)

The likelihood measure was analyzed by utilizing the previously described four GoF
indices: NSE, PBIAS, RSR, and log-normal. Typically, as the likelihood value becomes
higher, the GoF is determined to be higher. Thus, this study, to calculate the likelihood
measure, conducted an analysis by applying Equation (13) corresponding to NSE, Equa-
tion (14) corresponding to an inverse of absolute value of PBIAS, Equation (15), a formal
likelihood function corresponding to a reciprocal of the RSR, and Equation (16), an infor-
mal likelihood function corresponding to log-normal (log-likelihood function).

Lysg = NSE (13)
Lppias = m (14)
Lrsg = $ (15)
Lio¢c = Log —normal (16)

The analysis proceeded by dividing into nonbehavioral models and behavioral mod-
els according to the likelihood measure values obtained by using Equation (13) through
(16) [24,31]. Here, the behavioral model refers to a combination of variables randomly se-
lected within the given range, and the uncertainty calculation is performed by using the
behavioral model, in which a CDF is generated by utilizing weights for each likelihood.
A quantitative analysis was conducted with a 90% confidence interval by using the 5%
and 95% confidence interval analysis utilizing the CDF [31].

2.5. Automation Analysis and Parameter Setting of the GRM

To evaluate the uncertainty of GRM parameters, a combination of random parame-
ters was generated through MCS within each range for eight parameters out of nine in the
GRM. Automated coding using Python was applied to the analysis in the order of rainfall-
runoff simulation using the GRM, likelihood calculation for uncertainty analysis, and se-
lection and evaluation of the behavioral model; a flowchart is provided in Figure 4.

@ Parameter Uncertainty Evalua@

Generate random Parameters

A

! >

E

=1

o

Rainfall-Runcff simulation using GRM =)
=

o

l 5

Likelihood estimation for uncertainty analysis

Behavioral Model Selection and Uncertainty Evaluation

Figure 4. GRM parameter uncertainty estimation method.
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The applied parameters were IniSaturation, MinSlopeOF, ChRoughness, CalCoefL-
CRoughness, CalCoefSoilDepth, CalCoefPorosity, CalCoefWFSuctionHead, and CalCoef-
HydraulicK, and the range for each parameter was determined by setting the minimum
and maximum ratios for each GRM parameter [27]. The range and definition of each pa-
rameter are presented in Table 3. In addition, regarding the target watershed, simulations
were performed 10,000 times for each of the two events, and additional simulations on the
primary analysis results were performed 5000 times within the range that satisfied the
likelihood. Table 3 shows the allowable range for parameters.

Table 3. GRM Parameters Description and Range.

Range Change Range

N P t D ipti
um arameters escription Lower Upper Lower Upper
1 IniSaturation (ISSR) Initial soil saturation ratio 0 1 0 0.5
2 MinSlopeOF (MSLS) ~ Minimum slope of land surface 0.0001 0.01  0.0001 0.007
3 ChRoughness (CRC)  Channel roughness coefficient 0.008 0.2  0.008 0.14
CalCoefLCRoughness  Correction factor for land cover
4 (CLCRC) roughness coefficient 06 13 06 13
5 CalCoefSoilDepth (CSD) Correction factor for soil depth 0.8 1.2 0.9 1.1
6  CalCoefPorosity (CSP) crrection fad;:; forsoilporos- 5 11 025 4
CalCoefWFSuctionHead Correction factor for soil wetting
7 (CSWS) front suction head 0-25 4 0.05 8
CalCoefHydraulicK Correction factor for soil hy-
8 (CSHCQC) draulic conductivity 0.05 20 08 12
3. Results

3.1. Distribution of Parameters According to Likelihood

Analyzing the distribution of the formal likelihood calculated through the log-nor-
mal function, and the informal likelihood depending on the three types of NSE, PBIAS,
and RSR, behavioral models were determined with the threshold values of the upper 30%
for formal likelihood, and with the cases where the NSE value was 0.65 or higher [37],
PBIAS < 1251, and RSR < 0.7 [34].

3.1.1. Event 1 Dotty Plot

Figure 5 presents the result of dot plot analysis on Event 1. LNSE was represented by
a blue circle, and CRC was sensitive. LPBIAS was represented by an orange circle, and
ISSR and CRC were sensitive. LRSR was represented by a yellow circle, and ISSR and CRC
were sensitive. LLOG was represented by a green circle, and ISSR and CRC were sensitive.
In particular, CRC exhibited a tendency of satisfaction within a specific range for all like-
lihood estimators. Thus, the sensitivity of each parameter varied in the parameter sensi-

tivity analysis for each likelihood, showing that the sensitive range of each parameter type
differed.

1 Y 1 5 s - 1 o 1
09 IRk 0.9 &NES G
0.8 3 TR < 0.8 AR LA 0.8 PAOA 0.8
07 w07 TS p! w07 X w 0.7 G
06 Z o6 E ZSo6 T Z o6
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0.
o
0.4 04 ® 0.4 ™04
03 & o3 & o3 & 03
0.2 0.2 02 0.2
0.1 0.1 0.1 0.
0 0 0
0 0.25 05 0.0001 0.00355 0.007 0.008 0.074 0.14 06 095 13
Parameter Range Parameter Range Parameter Range Parameter Range

(al-1) ISSR (a1-2) MSLS (a1-3) CRC (al-4) CLCRC
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Figure 5. Event 1 Dotty plot of behavioral parameters based on formal and informal likelihood. (al-

1-a1-8) LNSE results; (b1-1-b1-8) LPBIAS results; (c1-1-c1-8) LRSR results; (d1-1-d1-8) LLOG re-
sults.

3.1.2. Event 2 Dotty Plot

Figure 6 shows the results of the dot plot analysis on Event 2. LNSE was indicated by
a blue circle, and CRC and CSHC were sensitive. LPBIAS was indicated by an orange
circle, and all parameters exhibited a uniform distribution. LRSR was indicated by a yel-
low circle, and ISSR, CRC, and CSHC were sensitive. LLOG was indicated by a green
circle, and ISSR, CRC, and CSHC were sensitive. In particular, CRC exhibited a tendency
of satisfaction within a specific range.
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Figure 6. Event 2 dotty plot of behavioral parameters based on formal and informal likelihood. (a2-
1-a2-8) LNSE results; (b2-1-b2-8) LPBIAS results; (c2-1-¢2-8) LRSR results; (d2-1-d2-8) LLOG re-
sults.

The sensitive parameters revealed by the dot plot analysis of the two rainfall events
were determined to be ISSR, CRC, and CSHC. In particular, CRC exhibited a tendency of
satisfaction within a specific range. The behavioral model of the selected parameters is
skewed to one side, meaning that the parameters are sensitive to the GRM result. In con-
trast, the likelihood for the remaining four parameters, including MSLS, is evenly distrib-
uted in the range of the given parameter. This phenomenon could be attributed to the
random generation of the parameters in a uniform distribution, as well as their insignifi-
cant effect on the GRM results.

3.2. Posterior Distribution of GRM Parameters

The posterior distributions of the GRM parameters for each likelihood were visual-
ized as histograms (Figure 6). The posterior distribution of a parameter is obtained by a
product of likelihood and prior distribution. Since the prior distribution is a uniform dis-
tribution, the posterior distribution can be considered to have the same shape as the like-
lihood. Thus, this study utilized the CDF, rather than the PDF, according to the value of
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each parameter for the histograms to enhance understanding. In addition, to present the
results by likelihood, LNSE, LPBIAS, LRSR, and LLOG were represented in blue, red,
green, and brown, respectively.

3.2.1. Event 1 Parameter Sensitivity

According to Figure 7, LNSE showed the better results. As the value of ISSR in-
creased, CRC indicated good results only in a specific range on the left side, and CSHC
showed the better results as the value of ISSR decreased. LPBIAS, the second likelihood,
became more sensitive as the value of ISSR increased. CRC indicated a tendency of being
highly sensitive in a specific range on the left side, and CSHC became sensitive in the
range where the value of ISSR was low. LRSR, the third likelihood, became more sensitive
as the value of ISSR increased. CRC showed good results only in a specific range on the
left side, and CSHC indicated the better results as the value of ISSR decreased. Lastly,
LLOG displayed better results as the value of ISSR increased. CRC indicated good results
only in a specific range on the left side, and CSHC showed better results in a range where
the value of ISSR was relatively low.
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Figure 7. Event 1 parameter sensitivity (histogram/CDF). (a3-1-a3-8) LNSE results; (b3-1-b3-8)
LPBIAS results; (c3-1-¢3-8) LRSR results; (d3-1-d3-8) LLOG results.

3.2.2. Event 2 Parameter Sensitivity

According to Figure 8. LNSE showed better results as the value of ISSR increased;
CRC indicated good results only in a specific range on the left side, CSP displayed rela-
tively better results as the value of ISSR decreased, and CSHC indicated good results in a
range on the left center. LPBIAS, the second likelihood, showed better results as the value
of ISSR decreased, while CRC indicated better results as the value of ISSR increased; CSP
showed better results as the value of ISSR became relatively lower, and CSHC indicated
good results in a range on the left center. LRSR, the third likelihood, exhibited better re-
sults as the value of ISSR decreased; CRC indicated good results only in a specific range,
CSP showed better results as the value of ISS became relatively lower, and CSHC indi-
cated good results in a range on the left center. Lastly, LLOG displayed better results as
the value of ISSR decreased; CRC showed good results only in a specific range, CSP
showed better results as the value of ISS became relatively lower, and CSHC indicated
good results in a range on the left center.
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Figure 8. Event 2 parameter sensitivity (histogram/CDF). (a4-1-a4-8) LNSE results; (b4-1-b4-8)
LPBIAS results; (c4-1-c4-8) LRSR results; (d4-1-d4-8) LLOG results.

As shown in the point distribution, regarding the posterior distribution for each like-
lihood, the lateral tidal coefficient had a concentrated probability in a certain range. The
probability for hydraulic conductivity and soil wetting front became higher as their values
decreased, as did the probability for initial saturation profile. In contrast, the posterior
distribution of the remaining four parameters, which are insensitive, showed a uniform
distribution shape similar to that of the prior distribution. This study found similar pos-
terior distributions according to the four likelihood estimators. However, some parame-
ters showed a similar trend of LPBIAS, whereas some parameters indicated different
ranges of CRC parameters.

3.3. Quantied Uncertainty in the GRM Model

This study applied formal likelihood (NSE, RSR, PBIAS) and informal likelihood
(log—normal) to evaluate the uncertainty of the GRM. Despite the application of different
types of likelihood, there was a similar trend in the uncertainty range of the runoff by the
GRM between LNSE and LRSR in the case of Event 1 (Figure 9). Moreover, there was a
similar trend in the uncertainty range of the runoff by the GRM among the likelihood in
the case of Event 2, except for LPBIAS (Figure 10). Figures 9 and 10 show the uncertainty
range of the GRM depending on likelihood. Here, the uncertainty range refers to 95PPU
(percent prediction uncertainty), which is the difference between the cumulative distribu-
tions of 2.5% and 97.5%.
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Figure 9. Event 1 95PPU. (el-1) LNSE results; (e1-2) LPBIAS results; (el1-3) LRSR results; (e1-4)
LLOG results.
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Figure 10. Event 2 95PPU. (e2-1) LNSE results; (e2-2) LPBIAS results; (e2-3) LRSR results; (e2-4)
LLOG results.

3.3.1. Event 1 95PPU

Based on the analysis results for Event 1, the number of behavioral models satisfying
the threshold for each likelihood was determined to be 406, 1136, and 533 for LNSE,
LPBIAS, and LRSR, respectively. Furthermore, the results satisfying the threshold for like-
lihood were utilized to construct a CDF of each hourly flow rate in conducting 95PPU
analysis.

Regarding the 95PPU analysis results for each likelihood in the case of Event 1, there
was a significant similarity in shape and range between the 95PPU ranges of LNSE and
LRSR, whereas LPBIAS and LLOG showed different uncertainty distributions. In partic-
ular, the uncertainty distribution curves in the rising interval are located in the middle of
the range of the observed values in the case of LNSE and LRSR, whereas the uncertainty
distribution curves are located in the upper part of the uncertainty range in the case of
LPBIAS and LLOG. This result suggests that the simulated flow rate in the rising interval
may be slightly underestimated when LPBIAS and LLOLG are used as GoF indices. In
contrast, the observed values are located in the lower part of uncertainty range for all
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likelihood values in the descending interval. These results suggest that the simulated flow
rate for all likelihood values can be overestimated in the descending interval. Moreover,
these results suggest that a high value of one likelihood with a certain combination of
parameters does not necessarily lead to the high values of other likelihood estimates. In
this regard, the combination of parameters with the highest LNSE value does not result in
that the high values of LPBIAS, LRSR, and LLOG.

In the uncertainty analysis using LPBIAS, the simulated flow rate was determined to
be highly similar to the observed flow rate. In addition, 95PPU included the observed flow
rate. In this case, the highest value of the calculated LNSE was found to be 0.98. However,
when different likelihood values were calculated with a combination of parameters with
an LNSE of 0.98, the likelihood values were determined as follows: LBIAS: 5.95, LRSR:
6.56, and LLOG: -1546. The 95PPU for the uncertainty constructed with LNSE is repre-
sented by the green area, as shown in Figure 9, and the flow rate simulated with a combi-
nation of parameters with an LNSE of 0.98 is indicated by a red dotted line, as shown in
Figure 9, which corresponds to the optimal value at 95PPU.

3.3.2. Event 2 95PPU

Based on the analysis results for Event 2, the number of behavioral models satisfying
the threshold for each likelihood was determined to be 752, 3721, and 1007 for LNSE,
LPBIAS, and LRSR, respectively. Furthermore, the results satisfying the threshold for like-
lihood were utilized to construct a CDF of each hourly flow rate in conducting 95PPU
analysis.

Regarding the 95PPU analysis results for each likelihood in the case of Event 2, there
was a significant similarity in shape and range between the 95PPU ranges of LNSE, LRSR,
and LLOG, whereas LPBIAS showed different uncertainty distributions. In particular, the
uncertainty distribution curves in the rising interval were located in the middle of the
range of the observed values in the case of LNSE and LRSR, whereas the uncertainty dis-
tribution curves were located in the upper part of the uncertainty range in the case of
LPBIAS. This result suggests that the simulated flow rate in the rising interval may be
slightly underestimated when LPBIAS is used as the GoF index. In contrast, the observed
values were located in the lower part of the uncertainty range for all likelihood estimators
in the descending interval. These results suggest that the simulated flow rate for all like-
lihood models can be overestimated in the descending interval.

In the uncertainty analysis using LNSE, the simulated flow rate was determined to
be highly similar than the observed flow rate. In addition, 95PPU included the observed
flow rate. In this case, the highest value of the calculated LNSE was found to be 0.97.
However, when different likelihood estimates were calculated with a combination of pa-
rameters with an LNSE of 0.97, the values were determined as follows: LBIAS: 67.25,
LRSR: 5.43, and LLOG: -1215. The 95PPU for the uncertainty constructed with LNSE is
represented in the green area, as shown in Figure 10, and the flow rate simulated with a
combination of parameters with an LNSE of 0.97 is indicated by a red dotted line, as
shown in Figure 10, which corresponds to the optimal value at 95PPU.

4. Discussion

This study used the GRM model developed in South Korea, rather than conventional
models, to apply a rainfall-runoff model to flood prediction and model validation, quan-
tify the uncertainty of the domestic model for rainfall-runoff analysis, and evaluate its
applicability and reliability. Log-normal formal likelihood was available for this study
because a statistical structure for simulation error was established by performing flood
case analysis for the same target watershed. Moreover, the uncertainty of parameters in
the GRM model was quantified by utilizing informal likelihood estimators such as NSE,
RSR, and PBIAS. However, this selection of likelihood estimators resulted in the calcula-
tion of different uncertainty ranges, which suggests the intervention of subjective factors.
The GoF of models using NSE, RSR, and PBIAS has been discussed in copious literature.
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In particular, Moriasi [34] stated the reliability of the hydrologic model by classifying
thresholds for various GoF indicators, including NSE, and proposed the NSE value of 0.5
or higher as the level satisfying the GoF of the model. However, there has been no previ-
ous study on the log-normal threshold for the reliability of the GRM model based on
log—normal likelihood. Since the range of log—normal likelihood is from 0 to -, it is diffi-
cult to select a threshold. Considering this issue, in the case of informal likelihood, this
study analyzed the GRM uncertainty for log-normal likelihood by selecting an upper 30%
value based on the high likelihood value, as in the method proposed by Beven [36,38]. In
this study, there were similar results regarding the distribution of parameters by the be-
havioral model selected by the threshold for both formal and informal likelihood. How-
ever, there is debate that different outcomes can be calculated according to subjective se-
lection of likelihood and threshold [39,40]. This study has revealed the difference between
the point distribution and the posterior distribution for each parameter. Since the prior
distribution is uniform, if the posterior distribution is not uniform and is distorted, the
parameter can be considered sensitive to the simulation results of the GRM model in this
distorted portion. In addition, if the posterior distribution of the parameter is utilized to
adjust the range of its prior distribution and the uncertainty analysis is repeated, the un-
certainty range of a more robust GRM can be specified. Furthermore, rainfall-runoff anal-
ysis using commercial models has low financial accessibility, while models developed
outside Korea may exhibit low utility due to data that do not fit domestic circumstances.
In this respect, the GRM model, which has been domestically developed as open source,
provides good accessibility and usability for analyzing domestic rainfall runoff. If users
upgrade the GRM model and closely share related information with other users, this
model will greatly contribute to the establishment of various disaster prevention plans
and policies, such as those involving flood analysis, hydrologic curve analysis, and flood
forecasting.

5. Conclusions

This study identified the effect of GRM parameters on simulated rainfall-runoff re-
sults for the Cheongmicheon Watershed, and quantified (95PPU) the uncertainty of the
runoff values, which are the simulated results of the GRM, for the observed values. In
particular, because in the uncertainty analysis using GLUE the uncertainty range can vary
depending on the effect of the likelihood function, this study used formal and informal
likelihood to calculate the uncertainty of the parameters, and conducted a comparative
analysis. All eight parameters constituting the GRM model were selected for both formal
and informal likelihood. This study revealed that the commonly sensitive parameters
among the GRM parameters were CRC and CSHC, thereby identifying the ranges show-
ing good results. Although the prior distributions of parameters were uniform, behavioral
models were determined with the threshold values of the upper 30% for formal likelihood,
and with the cases where the NSE value was 0.65 or higher, PBIAS < 1251, and RSR < 0.7,
as proposed by Moriasi [34]. Behavioral models generated from both formal and in formal
likelihood showed a skewed distribution to the left (CRC), or the left center (CSHC) in the
posterior distribution. For LNSE, LRSR, and LLOG, there was a skewed distribution to
the left in both CRC and hydraulic conductivity, while for PBAIS, there was a skewed
distribution to the right (CRC), or to the left (CSHC). Uncertainties were quantified by
using three types of informal likelihood —LNSE, LPBIAS, and LRSR—and formal likeli-
hood —LLOG. Despite the difference in sensitivity across the parameters for each likeli-
hood, there was a similar distribution in the likelihood values for the ranges according to
the LNSE, LRSR, and LLOG parameters. In addition, the uncertainty range revealed
through the 95PPU analysis indicated a similar shape. In contrast, the distribution of the
behavioral model in LPBIAS differed from that of other likelihoods, suggesting that the
observed value was not included in 95PPU. The change of parameters for each rainfall
pattern varied, showing a different runoff depending on circumstances. Furthermore,
based on the results of evaluation using LNSE, LRSR, LPBIAS, and LLOG, it was
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confirmed that uncertainty for each parameter can be differently calculated depending on
likelihood. According to the results from the 95PPU analysis under the likelihood condi-
tions given in this study, LNSE and LRSR likelihood, rather than LPBIAS, estimators were
determined to be appropriate for evaluation via runoff model. In addition, if the range of
LLOG can be defined, evaluation of uncertainty using formal likelihood becomes appro-
priate. However, these results suggest that it is important to secure consistency in the un-
certainty range by applying various likelihood estimates and thresholds.
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