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Abstract

This study proposes a framework, the RA_WLTE_River model, for quantifying the re-
liability of flood-altering water-level thresholds, considering rainfall and runoff-related
uncertainties. The Keelung River in northern Taiwan is selected as the study area, and asso-
ciated hydrological data from 2008 to 2016 are applied in the development and application
of the model. According to the results from the model development and demonstration,
the average and maximum rainfall intensities, roughness coefficients, and maximum tide
depths exhibit a significant contribution to the reliability quantification of the estimated
water-level thresholds. In addition, empirically based water-level thresholds can achieve
the goal of rainfall-induced flood early warning, with a high likelihood of nearly 0.95.
Additionally, the probabilistically based water-level thresholds derived from the described
reliability can efficiently ensure consistent flood early warning performance at all control
points along the river.

Keywords: water-level threshold; rainfall-induced flood early warning; multivariate Monte
Carlo simulation; reliability quantification

1. Introduction
In recent years, extreme rainfall events have frequently caused severe floods, sig-

nificantly increasing the risk of damage to people’s lives and property. Flood-controlled
hydraulic structures, such as the embankment, pumping station, and reservoir, play an
essential role in flood prevention and mitigation. However, due to climate change, un-
certainties in these structures’ hydrological, hydraulic, and topographical characteristics
increase the risk of failure in flood-controlled performance (e.g., dike overtopping). Never-
theless, their flood-controlled performance can be boosted by rehabilitating the hydraulic
structures; however, while this would incur a large cost, it would hardly achieve the goal
of ultimately reducing the failure risk, as it would considerably increase the variation in
the uncertainties mentioned above.

In general, flood early warning can be implemented using data-derived and model-
created methods [1]. For example, in data-derived methods, floods can be alerted when real-
time observations exceed a desired threshold [2–7]. However, hydraulic factors (e.g., river-
channel roughness coefficient) and topographical features (e.g., riverbed elevation and
cross-section) might significantly affect the estimation of rainfall-induced river runoff and
water levels [4,8–10]. Namely, the reliability and accuracy of flood early warning might
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be affected by various sources of uncertainty in the rainfall–runoff–river process [11–14].
Therefore, by comparing water-level thresholds with observed river stages, flood early
warning can be efficiently achieved. In general, when river stages reach the water-level
thresholds, they exceed the specific target levels after a known time stage (the warning
time), which is commonly the maximum water level for the specified return period [13].
In addition to the above uncertainties, the early altering performance of the flood is more
likely to be influenced by the spatial density of the measurement stations [14].

Concerning the model-created flood warning operation, flood simulation should be
comprehensively accomplished via physically based numerical models, including rainfall–
runoff analysis and river routing, alongside the observed and forecasted hydrological
data (e.g., precipitation, tide depth, and boundary runoff); a flood can be altered based
on the resulting water levels and inundation depths at the target locations [4,15–20]. The
physically based numerical model can provide detailed information on the flood simula-
tion, including runoff, induced water-level hydrographs, and the flooded area; thus, by
comparing the resulting river-stage forecasts with dike heights or water-level thresholds,
early flood warning can be conducted. However, to achieve flood early warning, a variety
of hydrological, hydraulic, and topographical data are required to configure numerical
models; when configured via a physically based numerical model, the resulting flood
simulation should require substantial computational time, depending on its temporal and
spatial resolutions [21–24]. In addition to physically based flood simulation models, which
may be associated with parametric uncertainty and computational complexity, AI-created
models are frequently applied in flood early warning [11,25–29]. Despite AI-created models
being more efficient than physically based models in flood simulation, massive training
datasets and powerful processing capabilities are required during training and validation,
which leads to high computational costs [30–32].

Overall, a group of physically based numerical models has been widely used to forecast
and mitigate flood-induced disasters; nevertheless, data-derived water-level thresholds
are commonly adopted in flood early warning operations and applied immediately, in
comparison to river-stage observations, without incurring expensive computation time or
powerful computing capability. Additionally, by collaborating with AI-generated models
that rapidly forecast river stages, water-level thresholds can enhance the efficiency and
performance of flood early warning systems. Therefore, data-derived water-level thresholds
play an essential role in flood early warning operations, effectively providing primary flood
alerts at specific river locations. However, it is well known that climate change and
induced extreme events can cause significant variations in hydrological and hydraulic data,
leading to uncertainties in the calibrated parameters of physically based and AI-created
models [33]; accordingly, these uncertainties may affect the early warning performance of
river-based water-level thresholds. Therefore, this study aims to model a reliability analysis
to quantify the effects of the above uncertainties on the estimated water-level thresholds at
specific locations along the river (named the RA_WLTE_River model). It is anticipated that
the proposed RA_WLTE_River model can not only assess the reliability of the introduced
water-level thresholds but also provide water-level thresholds with an acceptable likelihood
(probabilistic-based thresholds) at the locations concerned along the river.

2. Methodology
2.1. Model Concept

As mentioned above, the proposed RA_WLTE_River model mainly provides a prob-
abilistically based water-level threshold by coupling a conventional hydraulic–dynamic
numerical model with an uncertainty/reliability analysis, subject to uncertainties in hy-
drological and hydraulic factors. Also, in response to uncertainties in the hydrological
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and hydraulic factors with a correlation in time and space, several uncertainty and risk
analysis methods have been proposed [34–37], which can be grouped into two types:
the analytical approach and approximation methods. The analytical approach (i.e., the
derived distribution method and Laplace and exponential transform techniques) can pro-
vide overall stochastic information on uncertainties in hydrological variables; however,
their corresponding probability functions must be known in advance, which might be
challenging when there are insufficient observations. Also, the functional relationships
between mode outputs and uncertainty factors are necessary. Moreover, the commonly
used approximation methods are the mean- and advanced first-order and second-moment
(MFOSM and AFOSM) methods, Latin Hypercube Sampling (LHS), and Monte Carlo
simulation (MCS). Among the above approximation methods, the advanced first-order
second-moment (AFOSM) method primarily focuses on uncertainty and risk assessment
under failure conditions; therefore, it is more appropriate for the safety assessment of flood-
proofing systems [34]. Thus, the proposed RA_WLTE_River model allows for configuring
the AFOSM to quantify and evaluate the reliability of water-level thresholds. In addition,
using the AFOSM method, a relationship must be established between the uncertainty
factors and the resulting model outputs [34]. Therefore, this study employs the correlated
multivariate Monte Carlo simulation (MMCS) method [35] to reproduce a considerable
number of uncertainty factors. After that, a significant number of water-level thresholds at
specific locations along the river can be emulated via the hydraulic–dynamic numerical
model with the generated uncertainty factors. Eventually, the reliability of the resulting
water-level thresholds can be quantified in terms of exceedance probabilities using the
uncertainty/reliability approach, incorporating the statistical properties of the hydrological
and hydraulic factors. To efficiently proceed with the above reliability quantification, the
exceedance-probability calculation equations are derived from logistic regression analysis
using the relevant water-level thresholds and known uncertainty factors. The detailed
methods and concepts applied in the development of the proposed RA_WLTE_River model
are introduced as follows:

2.2. Estimation of River-Based Water-Level Thresholds

In general, river stages exhibit a high correlation in both time and space; thus, the
determination of the current river stage should be influenced by the water levels at pre-
vious time steps during a rainfall-induced flood. Therefore, the flood-related water-level
thresholds can be estimated by subscribing a target level (HT), equal to the water level
of a desired return period, from the expected stage at the control section, equal to the
typical rising rate of the river stage ( ∆H

∆t ) multiplied by a particular warning time tW via the
following equation [36]:

HtW
W = HT −

(
∆H
∆t

)
T
× tW (1)

The corresponding maximum water level at the time step (called the time-to-peak,
tP) to the control point is commonly defined as the typical one (HT); also, the resulting
rising rate

(
∆H
∆t

)
T

can be obtained from the difference between the maximum water level
at the time-to-peak (tP) and at the time step (tP−tW) divided by the warning time (tW).
The above-described process for estimating the water-level threshold for a warning using
Equation (1) is illustrated in Figure 1.
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Figure 1. Schematic illustration of estimating the water-level threshold.

2.3. Simulation of Rainfall-Induced River Stages

In this study, to quantify the uncertainty of rainfall in time and space, a significant
number of the rainstorms corresponding to sub-basins should be simulated. These sub-
basin-based rainstorms can be achieved by combining the simulated rainfall characteristics
at all grids in the study area via the stochastic model for generating the short-term rainfall
(SM_GSTR) model [31]. Within the SM_GSTR mode, the sub-basin-based rainstorms should
be characterized in advance into three rainfall characteristics: the rainfall duration, sub-
basin rainfall depths (regarded as the spatial variates), and sub-basin storm patterns. The
storm patterns comprise the dimensionless rainfalls at the various dimensionless times
(treated as the spatio-temporal correlated variates). Using the SM_GSTR model, the sub-
basin-based rainfall characteristics should be emulated via the Monte Carlo simulation
with the correlated non-normal multivariate (MMCS) method [35], which is described in
detail in Wu’s study [31].

After generating the sub-basin-based rainstorms, the simulation of the river-based
water-level thresholds can be implemented by coupling the river routing adapted in the
hydraulic–dynamic numerical (SOBEK) model with the above-generated rainstorms. The
SOBEK model is a sophisticated one-dimensional open-channel dynamic-flow and two-
dimensional overland-flow modeling system (Sobek 1D-2D hydrodynamic model) [37].
Within the SOBEK model, the Sacramento Soil Moisture Accounting (SAC-SMA) model
is used to estimate runoff based on boundary and lateral conditions. The SCA-SMA is a
deterministic and semi-distributed hydrologic model with 18 hydrologic and soil-moisture-
related parameters. Wu et al. [38] indicated that the SAC-SMA parameters, UZTWM,
UZFWM, UZK, PCTIM, ADIMP, ZPERC, REXP, LZTWM, DF_L, and DF_P (see Table 1),
which are calibrated via the modified genetic algorithm (called the GA-SA algorithm),
contribute more sensitivity to the runoff estimation [38].

https://doi.org/10.3390/hydrology13010030

https://doi.org/10.3390/hydrology13010030


Hydrology 2026, 13, 30 5 of 28

Table 1. Description of parameters of the SAC-SMA model [38].

Parameters Description

UZTWM Upper-zone tension water capacity (mm)
UZFWM Upper-zone free water capacity (mm)

UZK Upper-zone recession coefficient
PCTIM Percent of impervious area
ADIMP Percent of additional impervious area
ZPERC Minimum percolation rate coefficient
REXP Percolation equation exponent

LZTWM Lower-zone tension water capacity (mm)
DF_L Period of runoff distribution function
DF_P Maximum ratio of the runoff distribution function

Overall, within the SOBEK model, the parameters used to estimate river runoff and
stages should be reproduced by the MMCS method. Hence, using the generated rainstorms,
a considerable number of the rainfall-induced river stages at concerned cross-sections can
be obtained via the SOBEK model with the generated channel-based roughness coefficients
at different cross-sections and inflow-based conditions, as well as the tide depths at the
estuary. Eventually, a considerable number of simulated river-based water-level thresholds
are attributed to the generated rainfall-related and runoff-related factors.

2.4. Identification of Uncertainty Factors Subject to River-Based Water-Level Thresholds

While conducting the reliability analysis, the uncertainty variables that may cause
variations in the model outputs should be identified in advance [34,39]. In general, the
runoff-induced water levels can be estimated using river routing and rainfall–runoff analy-
sis, particularly during rainstorms. Consequently, the corresponding uncertainty factors
for the water-level thresholds can be derived from these analyses. Therefore, in addition to
the rainfall-related uncertainty factors, the parameters of the rainfall–runoff modeling (i.e.,
the SAC-SMA model) and the river-channel roughness coefficient are regarded as runoff-
related factors. Moreover, the tide depth is commonly used as the downstream condition
in river routing; therefore, it should be treated as an uncertainty factor. In summary, the
relevant uncertainty factors for the estimated water-level thresholds are listed in Table 2.

Table 2. The uncertainty factors relying on the estimation of runoff and water level adopted in the
proposed RA_WLTE_River model.

Hydrological
Analysis Adopted Uncertainty Factor Definition

Rainfall–runoff and
1D river-stage routing

Rainfall-related factor
Rainfall duration
Rainfall depth
Storm pattern

Runoff-related factor

Parameters of the rainfall–runoff
(SAC-SAM) model
Tide depth
Riverbed roughness coefficient

2.5. Reliability Quantification of River-Based Water-Level Thresholds

Following the identification of uncertainty factors, reliability quantification should
be achieved using the uncertainty–risk method, with a considerable number of estimated
water-level thresholds for various warning times, considering the different combinations of
the generated uncertainty factors [39]. Referring to Equation (1), the river-based water-level
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thresholds are determined based on the dike height; an overestimated water-level threshold
might cause the overtopping risk in terms of the exceedance probability as follows:

Exceedance probability = Pr
(

HtW
W > hw

)
(2)

where HtW
W and hw serve as the estimated water-level threshold and the potential threshold

regarding a desired warning time tW . Therefore, within the proposed RA_WLTE_River
model, the reliability of the estimated water-level thresholds can be defined as

Reliabilty = Pr
(

HtW
W ≤ hw

)
= 1 − Pr

(
HtW

W > hw

)
(3)

2.5.1. Advanced First-Order and Second-Moment AFOSM

To quantify the reliability of the above water-level threshold, the risk/uncertainty
analysis (i.e., the advanced first-order and second-moment approach, AFOSM) is adopted.
AFOSM is a well-known method used in hydrological and water resource reliability analy-
sis [40–43]. Quantified via the AFOSM approach using the standard normal distribution
with the first two statistical moments (mean and variance) of the desired uncertainty fac-
tors, the safety of structural components and systems can be evaluated from the resulting
exceedance probability [44]. Hence, this study employs the AFOSM method to calcu-
late the exceedance probabilities (Pr

(
HtW

W > hw

)
) and to quantify the reliabilities of the

river-based water-level thresholds of the warning time (HtW
W ) (see Equation (5)) via the

following equation:

Reliability = 1 − Pr
(

HtW
W > hw

)
= 1 − Pr[ZH > 0] = 1 − Φ(−β)

ZH = HtW
W − hw, β =

E(ZH)

sZH

(4)

where ZH stands for the standardized variable of the water-level threshold, with mean
E(ZH) and standard deviation sZH ; and Φ(·) and β serve as the standard normal distribu-
tion and the reliability index, respectively. Using the AFSOM method, E(ZH) and sZH can
be calculated through the following equations:

E(ZH) = HW,θ∗ + ∑m
i=1

∣∣∣∣∣∂HtW
W

∂θi

∣∣∣∣∣
θ∗

(
µθi − θ∗i

)
− HtW

W

sZH =

√√√√∑m
i=1

(
∂HtW

W
∂θi

)2

σ2
θ∗i

(5)

where θ∗ stands for the failure points of the ith uncertainty factor if the standardized variate
ZH = 0; µθi and σθ∗i

are the mean and standard deviation of the ith uncertainty factor,
respectively; HW,θ∗ accounts for the water-level threshold estimated with the uncertainty
factors’ failure points; and HW is the sensitivity coefficient of the ith uncertainty factor.

To proceed with risk quantification via the AFOSM method, a functional relationship
between the model outputs and inputs is required in advance [34,43]. Thus, in this study,
a functional relationship of the estimated water-level threshold of the warning time with
the corresponding rainfall-related and runoff-related uncertainty factors can be defined
as follows:

HtW
W = f

(
θRain, θRuno f f

)
(6)

https://doi.org/10.3390/hydrology13010030

https://doi.org/10.3390/hydrology13010030


Hydrology 2026, 13, 30 7 of 28

where HtW
W denotes the water-level thresholds of the warning time (tW), and θRain and

θRuno f f serve as the rainfall-related and runoff-related factors, respectively. To calibrate the
coefficients of the uncertainty factors in Equation (6), multivariate regression analysis is
employed using a large number of corresponding estimated water-level thresholds for the
generated uncertainty factors.

2.5.2. Logistic Regression Equation

In this study, by combining the AFOSM method with the above Multivariate Monte
Carlo Simulation (MMCS) method, the reliability of the estimated water-level thresholds
can be quantified using a large number of rainfall- and runoff-related factors; however, this
approach would require substantial computational time. Therefore, to effectively quantify
the reliability of water-level thresholds of the warning time (tW), a logistic regression
equation is configured within the proposed RA_WLTE_River model for calculating the
exceedance probability (Pr

[
HtW

W > hw

]
). The logistic regression analysis is widely used in

hydrological and water resources analysis to derive a functional relationship between the
occurrence probability of a dependent variable and a set of independent variables [44,45].
Accordingly, Equation (7) is derived from the logistic regression analysis under the specified
magnitudes of the rainfall- and runoff-related uncertainty factors.

ln

 Pr
[

HtW
W > hw

]
1 − Pr

[
HtW

W > hw

]
 = α0 + α

H
tW
W

HtW
W + αθRain θRain + βθRuno f f θRuno f f (7)

where θRain and θRuno f f denote the rainfall- and runoff-related factors with the corre-
sponding regression coefficients, αθRain and βθRuno f f , respectively, and α

H
tW
W

stands for the

regression coefficient of the water-level thresholds of the warning time tW . Also, the
exceedance-probability calculation equation can be utilized to estimate the probabilistically
based water-level thresholds by rewriting Equation (7) as

HtW
W =

1
α

H
tW
W

ln

 Pr
[

HtW
W > hw

]
1 − Pr

[
HtW

W > hw

]
−

(
α0 + αθRain θRain + βθRuno f f θRuno f f

) (8)

2.6. Model Framework

In total, the proposed risk analysis for the river-based water-level thresholds (named
RA_WLTE_River) is developed by coupling the uncertainty/reliability method (AFOSM)
and a logistic regression equation with the hydraulic–dynamic model (SOBEK), using a
set of generated rainfall- and runoff-related factors to account for their uncertainties. The
detailed frameworks of the model development and application, referred to in Figure 1, are
expressed below.

2.6.1. Model Development

Step (1): Collect the historical hydrological data (rainfall, runoff, and tide depth),
topographical features (roughness coefficient and cross-section), and information on the
hydraulic structures in the study area.

Step (2): Create the hydraulic–dynamic numerical (SOBEK) model based on the
hydrological and topographical data, as well as the hydraulic structures, in which the
parameters of the rainfall–runoff (SAC-SMA) model can be calibrated with the historical
rainfall-induced runoff.

Step (3): Extract the observations of the rainfall- and runoff-related factors to calculate
their statistical properties.
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Step (4): Simulate a considerable number of rainfall- and runoff-related factors based
on their statistical properties.

Step (5): Using the SOBEK model and the generated uncertainty factors in Step
(4), achieve a significant number of river-stage hydrographs at various locations in the
study area.

Step (6): Estimate the water-level thresholds of various warning times using Equa-
tion (1) with a noticeable number of river-stage hydrographs at multiple locations in the
study area.

Step (7): Perform an uncertainty/reliability analysis to quantify the exceedance prob-
ability of the estimated water-level threshold using the AFOSM methods, considering a
range of simulated water-level thresholds and their corresponding uncertainty factors.

Step (8): Derive the exceedance-probability calculation equations for quantifying the
reliability of the estimated water-level thresholds via the logistic regression analysis.

2.6.2. Model Application

Within the proposed RA_WLTE_River model, the corresponding reliability to the
specified water-level threshold can be quantified and evaluated using the exceedance-
probability calculation equation, Equation (7), under the various combinations of the
uncertainty factors concerned. In addition, the probabilistically based water-level thresh-
olds can be determined using Equation (8) to achieve the desired reliability. The above
application framework of the proposed RA_WLTE_River model is expressed below:

Step (1): Determine the uncertainty factors related to rainfall and runoff characteristics,
considering the water-level thresholds for the desired warning times.

Step (2): Calculate the exceedance probabilities of the specific water-level thresholds at
the different cross-sections subject to conditions of the sensitive rainfall- and runoff-related
factors given using Equation (8).

Step (3): Evaluate the impact of the variation in the sensitive rainfall- and runoff-
related factors on the estimated water-level thresholds based on the resulting exceedance
probabilities from the change in the sensitive uncertainty factors.

Step (4): Estimate the probabilistically based water-level thresholds at various lo-
cations using Equation (8) with a given reliability. The frameworks of the above model
development and application are shown in Figure 2.
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Figure 2. Development and application framework of the proposed RA_WLTE_River model.

3. Materials
3.1. Study Area

To introduce the development and demonstration of the proposed RA_WLTE_River
model, the Keeling River watershed in north Taiwan, a branch of the Danshuei River
that is associated with a variety of flood-controlled hydraulic structures and hydrological
measurement gauges (12 water-level stations and 5 automatic rain gauges), was selected as
the study area, as shown in Figure 3. The Keelung River starts in Jingtong Mountain and
diverts the Danshuei River in the Kwantu area across the Ping-Shi township and Taipei
County; the corresponding river length—and consequently the size of the study area—
is around 86.4 km and 491 km2, respectively. The flood-controlled hydraulic structures,
including the Yuanshanzi flood diversion; the construction of dikes, water gates, and
pumping stations; and the reconstruction of bank protection bridges, were designed and
built in response to flood induced by a 200-year rainstorm. In addition, to estimate the
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runoff hydrograph in the Keelung River, elevations at 128 cross-sections were surveyed,
and 12 water-level gauge cross-sections were selected as control points. Their empirically
based water-level thresholds were determined from the elevations of the left and proper
levees for flood prevention and protection relative to historical flood-induced river stages,
as shown in Figure 4.

Figure 3. Keelung River watershed and neighboring basins [34].

(a) Rainfall gauges 
(b) Water-level gauge 

 
(c) Riverbed elevations at control points 

Figure 4. Locations of hydrological measurement sites and topographical features in the study area,
the Keelung River.

3.2. Study Data
3.2.1. Rainfall-Related Factors

While configuring the proposed RA_WLTE_River model, a significant number of
rainstorms should be generated by the SM_GSTR model with the statistical properties of
rainfall characteristics. In the study area (the Keelung River watershed), the sub-basin
rainfall characteristics are extracted from the areal-average rainfall series of 10 historical

https://doi.org/10.3390/hydrology13010030
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typhoon events recorded at water-level gauges that had recently caused severe floods in the
study area. For example, at the WLG5 gauge (see Figure 5), the maximum rainfall intensity,
on average, ranges from 40 mm/hr to 90 mm/h over durations of 60 to 120 h. Hence, the
spatial and temporal uncertainties in the rainstorms should be considered when estimating
the river-based water-level threshold.

 
(a) EV1(Typhoon Sinlaku):   

2008/9/12 00:00~2008/9/18 20:00 

 
(b) EV2 (Typhoon Jangmi):   

2008/9/26 09:00~2008/9/30 18:00 

 
(c) EV3 (Typhoon Fung-wong): 2014/9/19 

08:00~2014/9/22 18:00  (d) EV4 (Typhoon Morakot): 2009/8/7 

00:00~2009/8/10 22:00 

 
(e) EV5 (Typhoon Parma):   

2009/10/2 00:00~2009/10/7 23:00 

 
(f) EV6 (Typhoon Megi): 

2010/10/21 02:00~2010/10/24 16:00 

 
(g) EV7 (Typhoon Saola): 2012/7/29 

09:00~2012/8/3 20:00 

(h) EV8 (Typhoon Fung-wong): 2014/9/19 

08:00~2014/9/22 18:00 

Figure 5. Cont.
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(i) EV9 (Typhoon Soudelor): 2015/8/7 

12:00~2015/8/9 23:00 

(j) EV10 (Typhoon Dujuan): 2015/9/27 

12:00~2015/9/28 08:00 

Figure 5. Historical hyetographs and corresponding runoffs of the ten typhoon events at the water-
level gauge (WG5).

3.2.2. Runoff-Related Factors

The proposed RA_WLTE_River model includes the rainfall–runoff (SAC-SMA) model
parameters, river-channel roughness coefficients, and tide depths. The data collection and
analysis of the above runoff-related factors are briefly expressed in the following:

(1) SAC-SMA parameters

In the runoff estimation, the 11 parameters of the rainfall–runoff model (SAC-SMA)
(see Table 1) should be calibrated to develop the proposed RA_WLTE_River model. Figure 5
illustrates that the modified GA algorithm, GA-SA, calibrated the SAC-SMA parameters
using the areal-average rainfall and the corresponding runoff hydrograph recorded at the
upstream water-level gauge WLG5, with high-quality observations, as listed in Table 3.
Regarding Figure 4, the calibrated SAC-SMA parameters (see Table 3) accurately and
reasonably capture the temporal variation in rainfall–runoff characteristics within the
study area, with a high Nash–Sutcliffe coefficient (nearly 0.9) and a low ratio of difference
between the estimated and the observed peak discharges (about 0.2). Moreover, the SAC-
SMA parameters vary noticeably with rainstorms, with a coefficient of variation ranging
from 0.23 to 1.07. This implies that the temporal uncertainties in the SAC-SMA parameters
should be considered in the reliability quantification of water-level thresholds. Moreover,
among the above 11 SAC-SMA parameters, UZTWM, UZK, PCTIM, ADIMP, LZTWM,
DF_L, and DF_P considerably contribute to the estimation of peak discharge [46], which
significantly impacts the estimated water-level threshold (see Equation (1)). Therefore, the
above 7 SAC-SMA parameters are considered as runoff-related factors in the proposed
RA_WLTE_River model.

(2) River-channel roughness

Generally, riverbed elevation and roughness play essential roles in 1D river routing,
as they primarily determine the runoff that moves along a river. Figure 6a illustrates the
river-channel roughness coefficients used in estimating the river stage in this study area,
indicating that the roughness coefficient increases significantly with a higher distance from
the estuary, from 0.01 to 0.006. Nevertheless, when separated into six elements at the
128 cross-sections, the roughness coefficients were emulated at each cross-section in the
study area.
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Table 3. Summary of calibrated SAC-SMA parameters for the ten typhoon events at the water-level
gauge WLG5.

Event
SAC-SMA Parameters

UZTWM UZFWM UZK PCTIM ADIMP ZPERC LZTWM LZFSM LZSK DF_L DF_P

EV1 73.55 138.71 0.18 0.53 0.24 49.52 553.65 88.79 0.17 19.00 0.11
EV2 151.62 136.86 0.93 0.08 0.39 40.48 225.73 172.83 0.18 9.00 0.22
EV3 152.32 357.82 0.69 0.12 0.18 55.32 104.02 112.70 0.14 11.00 0.18
EV4 61.90 284.41 0.96 0.29 0.10 97.79 75.61 306.53 0.15 26.00 0.08
EV5 128.19 252.18 0.32 0.25 0.04 19.79 79.47 297.79 0.07 7.00 0.29
EV6 41.48 80.45 0.64 0.14 0.30 14.27 151.70 445.03 0.15 8.00 0.25
EV7 190.57 93.23 0.26 0.29 0.20 35.60 263.63 188.17 0.17 9.00 0.22
EV8 248.88 99.20 0.32 0.25 0.44 35.17 1077.26 104.38 0.18 30.00 0.07
EV9 372.60 99.11 0.20 0.31 0.11 61.92 204.29 55.07 0.20 13.00 0.15

EV10 263.15 226.99 0.93 0.26 0.13 33.03 154.76 375.92 0.16 8.00 0.25
Mean 168.43 176.90 0.54 0.25 0.21 44.29 289.01 214.72 0.16 14.00 0.18

Standard 103.41 96.56 0.32 0.12 0.13 23.86 309.79 133.64 0.04 8.21 0.08
Coefficient of

variance 0.61 0.55 0.59 0.50 0.62 0.54 1.07 0.62 0.23 0.59 0.43

(3) Tide depth

In addition to the lateral runoffs from the sub-basins and upstream areas that are
required as boundary conditions in river routing, the tide depth near the estuary is needed
as the downstream boundary, which mainly contributes to the estimated river runoff and
stage. Figure 6b shows the tide-depth hydrographs of 10 typhoons for 120 h, indicating
that the tide depths commonly range from −1.5 m to 2.0 m, with a considerable variation
in time. Therefore, to effectively respond to the impact of tide depth uncertainty on the
water-level threshold, the uncertainty in tide depth is quantified using historical typhoon
events and used to develop the proposed RA_WLTE_River model.

(a) Roughness coefficients at various cross-sections 

Figure 6. Cont.
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(b) Historical tide-depth hydrographs during ten typhoon events 

Figure 6. Historical data of riverbed roughness and tide depths in the study area.

4. Results and Discussion
4.1. Simulation and Evaluation of the First and Second Water-Level Thresholds

Before proceeding with the simulation of river stages at various cross-sections using the
SOBEK model, 1000 simulations of rainfall- and runoff-related factors should be reproduced
to assess the effect of their uncertainties on the estimated water-level thresholds. In Taiwan,
the warning times for river-based water-level thresholds are commonly 2 h and 5 h [36];
thus, in this study, these were defined as the first and second water-level thresholds,
respectively, which can be then estimated through Equation (1) subject to the levee heights
at the 12 water-level gauges (i.e., control points) (see Figure 5a) treated as the typical
one (HT). In addition, when calculating the rising rate

(
∆H
∆t

)
T

for the first and second
water-level thresholds, the differences in time (∆t) are equal to (tP-2) and (tP-5), respectively.
Figure 7a,b illustrate ten resulting river-stage hydrographs of the first simulated event
at the 12 water-level gauges (i.e., control points) and the corresponding first and second
water-level thresholds, respectively.

Additionally, concerning the water-level thresholds, the first and second water-level
thresholds at the 12 control points significantly increase from the downstream to the
upstream under a simulated event, in which the first water-level thresholds markedly
exceed the second thresholds. For example, also under the first simulated event, the first
water-level thresholds markedly drop from 50.6 m (WLG1) to 8.9 m (WLG12), with the
same varying trend for the second water-level thresholds, ranging from 45 m to 8 m. To
quantify the variation in the first and second estimated water-level thresholds due to the
uncertainties in the rainfall- and runoff-related factors, the statistical properties (i.e., mean,
standard deviation, and 95% confidence interval) are calculated, as shown in Figure 8,
indicating that the average first and second water-level thresholds gradually decrease
from 53 m to 8 m, with standard deviations of 0.7 m and 1.5 m. This implies that the first
and second water-level thresholds are affected by the above uncertainty factors, with a
considerable dispersion of nearly 1 m. Notably, these factors contribute more variation to
the second water-level thresholds than to the first. Therefore, the reliability of the first and
second water-level thresholds must be quantified, considering uncertainties in rainfall- and
runoff-related factors.
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(a) River-stage hydrograph at 12 control points 

 
(b) Water-level thresholds 

Figure 7. Generated river-stage hydrograph and corresponding first and second water-level thresh-
olds for the first simulated case.

4.2. Derivation of the Proposed RA_WLTE_River Model
4.2.1. Establishment of the Water-Level Threshold Relationship with Uncertainty Factors

It is well known that the nonlinear equation is comprehensively adopted to describe
the model outputs and inputs regarding hydrological and water resources analysis [34,43].
By doing so, Equation (8) should be rewritten as

ln
(

HtW
W

)
= α + ∑NUF

i=1 βiln(θi) (9)

where HtW
W and NUF serve as the estimated water-level thresholds of the warning time

(tW) and the number of sensitive uncertainty factors, respectively; θi accounts for the
uncertainty factors concerned; and α and βi are the associated regression coefficients. As for
the proposed RA_WLTE_River model, 14 rainfall- and runoff-related factors are considered,
which may lead to inconsistent estimates of water-level thresholds.
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(a) Mean 

(b) Standard deviation 

Figure 8. Statistical properties of the first and second water-level thresholds.

Regarding rainfall-related factors, the maximum river stage and its rising ratio with
respect to warning time play an important role in estimating water-level thresholds using
Equation (1); also, the maximum water level is mainly determined by the average rainfall
and the maximum rainfall intensity [4]. Thereby, the average and maximum rainfall
intensities are treated as the rainfall-related factors used in Equation (9). Additionally, the
varying trend of the rainfall is probably in response to the temporal change in the river stage
and runoff to the peak [46]; hence, the relative ratio of the rainfall intensity at the time step

tp − tw to the maximum intensity Rtp at the time step tp, (
Rtp−tw

Rtp
), is defined as the rainfall-

related factor in this study. In addition to rainfall-related factors, runoff-related factors are
the primary contributors to river stage estimations. Indeed, the river-channel roughness
coefficient and SAC-SMA parameters are required in the 1D river routing configured in
the SOBEK model, indicating that these roughness coefficients and SAC-SMA should be
treated as runoff-related factors. Alternatively, the maximum tide depth and the relative

ratio of tide depth at the time step
TDtP−tW

TDtP
, in which TDtP accounts for the maximum tide
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depth at the time step tP, are comparable to the rainfall; the relative tide depth ratio
TDtP−tW

TDtP
should be treated as a runoff-related factor.

Overall, by improving Equation (9) with the above-identified uncertainty factor, the
resulting nonlinear relationship of the estimated water-level threshold can be derived via
the multivariate regression analysis as

ln
(

HtW
W

)
= β0 + β1ln(θ1) + β2ln(θ2) + β3ln(θ3) + β4ln(θ4) + β5ln(θ5) + β6ln(θ6) + β7ln(θ7) + ∑14

i=8 βiln(θi) (10)

where θ1, θ2, and θ3 denote the average rainfall intensity, maximum rainfall intensity, and

relevant ratio of rainfall intensity
Rtp−tw

Rtp
, respectively; θ4 denotes the river-channel rough-

ness coefficient; θ5, θ6, and θ7 denote the maximum tide depth and relative ratio of tide

depth
TDtp−tw

TDtp
, respectively; and θ8 − θ14 serve as the parameters of the SAC-SMA model.

Table 3 shows the regression coefficients of the selected uncertainty factors, which estimate
the first and second water-level thresholds at the 12 cross-sections (i.e., control points) and
corresponding statistical properties (mean and standard deviation).

As shown in Table 4, among the uncertainty factors relying on rainfall-related factors
(β1–β3), the average and maximum rainfall intensities exhibit a more pronounced contribu-
tion to the estimated water-level thresholds, with regression coefficients (0.02 and −0.059)
that are, on average, more significant than the rising ratio (0.01). This implies that the
heavier absolute values of the average and maximum rainfall intensities possibly result
in the larger maximum river stage and the associated rising ratio, which induce a lower
water-level threshold via Equation (1). As a result, the average and maximum rainfall
intensities are positively and negatively related to the estimated water-level threshold.

Table 4. Regression coefficients of uncertainty factors used to estimate the water-level thresholds.

Control
Point

Threshold
Number β0 β1 β2 β3 β4 β5 β6 β7 β8 β9 β10 β11 β12 β13 β14

WLG1
First 45.912 −0.002 −0.006 0 −0.013 0.002 0.005 0.003 −0.015 −0.012 0.007 0.016 0.006 −0.005 −0.001

Second 35.731 0.005 −0.012 0.001 −0.018 0.011 0 0.01 −0.028 −0.029 0.011 0.038 0.019 −0.005 −0.006

WLG2
First 43.943 −0.003 −0.005 0 −0.012 0.003 0.003 0.003 −0.015 −0.012 0.006 0.017 0.005 −0.004 0.001

Second 33.326 0.002 −0.011 0.001 −0.019 0.013 0.001 0.01 −0.031 −0.03 0.011 0.041 0.018 −0.005 −0.002

WLG3
First 21.159 −0.012 −0.005 −0.001 −0.037 −0.001 0.004 0.004 −0.023 −0.017 0.005 0.022 −0.007 −0.008 0.009

Second 12.361 0.007 −0.042 0.001 −0.034 0.006 0.013 0.011 −0.088 −0.058 0.032 0.094 −0.035 −0.057 0.106

WLG4
First 18.65 0.001 −0.024 0.003 −0.006 0.004 −0.005 0.005 −0.022 −0.014 0 0.017 0.007 0.007 −0.004

Second 11.204 0.053 −0.091 0 −0.09 0.013 0.002 0.023 −0.078 −0.062 0.042 0.094 −0.01 −0.053 0.048

WLG5
First 18.104 0.009 −0.03 0 0.002 0.003 −0.004 0.011 −0.003 −0.013 −0.007 0.013 0.007 0.008 −0.013

Second 10.424 0.064 −0.118 0 −0.03 −0.01 0.01 0.023 −0.054 −0.056 −0.002 0.07 0.032 0.001 −0.012

WLG6
First 13.251 0.01 −0.043 0.004 −0.002 −0.001 0 0.008 0 −0.015 −0.012 0.006 0.01 0.023 −0.012

Second 7.788 0.087 −0.179 −0.001 −0.084 −0.037 0.011 0.02 −0.031 −0.038 −0.032 0.046 0.059 0.047 −0.051

WLG7
First 11.715 0.014 −0.047 0.007 −0.005 −0.004 −0.001 0.006 −0.01 −0.017 −0.009 0.01 0.01 0.021 −0.005

Second 7.518 0.112 −0.211 −0.003 −0.078 −0.028 0.017 0.025 −0.038 −0.049 −0.024 0.058 0.058 0.036 −0.044

WLG8
First 12.661 0.01 −0.046 0.004 0.008 −0.004 0.004 0.007 −0.007 −0.016 −0.007 0.009 0.011 0.014 −0.014

Second 7.61 0.106 −0.22 −0.001 −0.021 −0.038 0.017 0.022 −0.053 −0.051 −0.021 0.061 0.058 0.038 −0.038

WLG9
First 11.973 −0.005 −0.03 0.002 0.009 −0.007 −0.007 0.007 −0.01 −0.014 −0.002 0.011 0.009 0.01 −0.012

Second 6.549 0.068 −0.139 0 −0.023 −0.026 −0.004 0.027 −0.04 −0.048 −0.025 0.055 0.064 0.049 −0.068

WLG10
First 11.588 −0.011 −0.011 0.002 0.028 −0.055 −0.003 −0.002 −0.019 −0.008 0.012 0.012 −0.009 −0.011 0.017

Second 10.863 0.008 −0.072 0 0.031 −0.095 0.008 0.006 −0.04 −0.044 0.047 0.067 −0.023 −0.055 0.046

WLG11
First 13.189 −0.004 −0.008 0.002 0.038 −0.068 −0.028 −0.003 −0.002 0 0.006 0.003 −0.006 −0.012 0.012

Second 19.959 0 −0.03 −0.001 0.087 −0.116 −0.01 −0.003 0.003 −0.012 0.044 0.029 −0.04 −0.062 0.037

WLG12
First 10.712 −0.014 −0.008 0.002 0.034 −0.066 −0.024 −0.004 −0.013 −0.002 0.009 0.005 −0.006 −0.005 0.02

Second 15.108 −0.02 −0.031 0 0.076 −0.106 −0.017 −0.008 −0.018 −0.015 0.051 0.032 −0.044 −0.055 0.053

Mean
First 19.405 −0.001 −0.022 0.002 0.004 −0.016 −0.005 0.004 −0.012 −0.012 0.001 0.012 0.003 0.003 0.000

Second 14.870 0.041 −0.096 0.000 −0.017 −0.034 0.004 0.014 −0.041 −0.041 0.011 0.057 0.013 −0.010 0.006

Stdev
First 12.370 0.009 0.017 0.002 0.022 0.029 0.011 0.005 0.008 0.006 0.008 0.006 0.008 0.012 0.012

Second 9.925 0.046 0.076 0.001 0.057 0.047 0.011 0.011 0.025 0.016 0.032 0.022 0.042 0.045 0.052
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Moreover, regarding the runoff-related factors, the related tide-depth coefficients, the
maximum tide depth (β4), and the corresponding rising ratio (β5) are negative (on average,
−0.007 and −0.025), indicating that they are inversely related to the estimated water-level
thresholds; in particular, the maximum tide with higher coefficients contributes more to
the estimated water-level thresholds, notably near the estuary (e.g., WGL12), where the
backwater effect of tide may lead to the water level rising; therefore, lower warning water-
level thresholds are needed. The remaining runoff-related factors (river-channel roughness
coefficients and SAC-SMA parameters) exhibit positive changes with the estimated water-
level thresholds. Thus, the estimated water-level threshold might be more significantly
impacted by the channel roughness coefficients with higher regression coefficients.

4.2.2. Reliability Quantification and Assessment of Water-Level Thresholds

Using the above nonlinear functional relationships of the 1st and 2nd water-level
thresholds with the uncertainty factors (Equation (10)), the corresponding exceedance
probabilities can then be computed via the AFOSM approach, with the statistical properties
of the uncertainty factors (mean and variance) given in advance. Figure 9 represents
the exceedance probabilities of the specific water-level thresholds, assigned based on the
control elevation (see Figure 1), at the 12 water-level gauges (i.e., control points) in the
study area, indicating that the exceedance probabilities significantly increase with the
cross-sections located from downstream to upstream.

As shown in Figure 9, the exceedance probability of the water-level threshold shows a
marked decrease with the corresponding estimates. For instance, at the control point WGL5,
with the first water-level threshold rising from 8.5 m to 9.5 m, the resulting exceedance
probability drops from 0.99 to 0.11; namely, the reliability significantly increases from 0.11
to 0.99. However, unlike the first water-level thresholds, the corresponding exceedance
probabilities also decrease with the second water-level threshold, but with greater variation.
Also, at WGL5, the water-level threshold noticeably increases from 9 m to 19 m under the
exceedance probability, dropping from 0.999 to 0.003, i.e., the reliability increases from
0.0001 to 0.997. This implies that the uncertainties in the rainfall- and runoff-related factors
influence the reliability of the second water-level threshold estimates in flood early warning
significantly more than those of the first thresholds. Additionally, rising first and second
water-level thresholds can effectively boost the corresponding reliabilities to enhance flood
early warning performance.

 
(a) WGL1  (b) WGL2 

Figure 9. Cont.
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(c) WGL3  (d) WGL4 

 
(e) WGL5 

 
(f) WGL6 

 
(g) WGL7 

 
(h) WGL8 

 
(i) WGL9 

 
(j) WGL10 

 
(k) WGL11  (l) WGL12 

Figure 9. Exceedance probabilities of the water-level thresholds at the 12 control points via the
AFOSM method in the study area.
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4.2.3. Derivation of the Exceedance Probability Calculation

Within the proposed RA_WLTE_River model, to effectively proceed with quantifying
the reliabilities of the water-level thresholds without carrying out the computationally
expensive AFOSM method, the logistic analysis is applied to establish the exceedance-
probability calculation equation (see Equation (9)). By doing so, in this study, the un-
certainty factors are selected among the rainfall- and runoff-related factors with more
sensitivity to the water-level threshold (see Sections 4.2.1 and 4.2.2) to create an exceedance-
probability calculation equation based on the logistic regression equation (see Equation (9))
as follows:

ln

 Pr

(
HtW

W > h∗W
)

1 − Pr

(
HtW

W > h∗W
)
 = α + β1θRavg + β2θRmax + β3θTDmax + β4θRough + β5θh∗W

(11)

where HtW
W accounts for the estimated water-level threshold of the warning time tW ; θRavg

and θRmax denote the average and maximum intensity, respectively; θTDmax and θRough

serve as the maximum tide depth and river-channel roughness coefficient, respectively;
θh∗W

is the specific magnitude of the water-level threshold; and α, β1, β2, β3, β4, and β5

are the regression coefficients as listed in Table 5. Also, the corresponding coefficient
of determination (R2) regarding Equation (11) at various control points can be seen in
Figure 10, indicating that the R2 values of the exceedance-probability calculation equations
for the first and second water-level thresholds increase significantly, on average, reaching
0.83 and 0.89, respectively. It can be concluded that the derived exceedance-calculation
equations are more likely to reasonably quantify the effect of the changes in the uncertainty
factors on the estimated water-level thresholds.

Figure 10. Coefficients of determination of exceedance-probability calculation equations at 12 con-
trol points.

In addition to the quantification of the reliabilities of the specific estimated water-level
thresholds, their probabilistically based magnitudes, i.e., the estimated water-level thresh-
olds under a desired reliability (i.e., 1 − Pr

(
HtW

W > h∗W
)

), can be computed by modifying
Equation (11) as follows:
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h∗W =
1
β5


ln

 Pr

(
HtW

W > h∗W
)

1 − Pr

(
HtW

W > h∗W
)
−

[
α + β1θRavg + β2θRmax + β3θTDmax + β4θRough

] (12)

in which h∗W is defined as the probabilistically based water-level thresholds. Based on the
probabilistic water-level thresholds, it is expected to ensure the likelihood of achieving the
goal of flood early warning at all control points.

Table 5. Regression coefficients of exceedance-probability calculation equations.

Control
Point

Threshold
Number α θRavg θRmax θTDmax θRough θh*

W

WLG1
First 125.483 0.022 −0.026 −19.800 0.001 −2.313

Second 51.523 0.065 −0.007 −10.800 −0.051 −0.968

WLG2
First 117.074 −0.074 −0.022 −17.900 0.009 −2.235

Second 50.015 −0.040 −0.011 −31.630 0.104 −0.946

WLG3
First 50.800 −0.105 −0.014 −31.500 −0.037 −1.805

Second 28.503 −0.028 −0.042 2.700 0.029 −1.090

WLG4
First 39.868 0.093 −0.024 5.400 0.032 −1.818

Second 30.302 0.066 −0.058 −71.600 0.087 −1.228

WLG5
First 96.818 0.061 −0.062 6.200 0.064 −5.145

Second 31.678 0.133 −0.069 −19.500 −0.069 −1.771

WLG6
First 40.464 0.017 −0.025 6.400 0.035 −2.579

Second 32.813 0.251 −0.120 −35.100 −0.256 −2.212

WLG7
First 42.445 0.025 −0.040 5.500 0.098 −2.967

Second 25.119 0.178 −0.119 −20.300 −0.131 −1.761

WLG8
First 62.669 0.011 −0.067 13.400 −0.001 −4.715

Second 24.533 0.021 −0.115 −18.000 −0.150 −1.906

WLG9
First 82.945 −0.072 −0.081 44.600 −0.077 −6.680

Second 33.176 0.170 −0.094 −19.800 −0.089 −2.819

WLG10
First 98.547 −0.089 −0.022 75.600 −1.058 −9.453

Second 33.242 −0.025 −0.057 44.657 −0.511 −3.449

WLG11
First 113.398 −0.060 −0.016 119.100 −1.886 −11.414

Second 35.613 −0.031 −0.014 90.500 −4.712 −2.794

WLG12
First 104.536 −0.208 −0.016 37.000 −1.601 −10.826

Second 45.712 −0.059 −0.023 89.400 −0.938 −5.355

4.3. Application of the Proposed RA_WLTE_River Model on Reliability Quantification of
Water-Level Thresholds

To demonstrate the applicability of the proposed RA_WLTE_River model in the
reliability quantification of the first and second water-level thresholds, two application cases
are given, including the historical and designed data at the upstream (WLG2), midstream
(WLG5), and downstream (WLG10) control points. The detailed conditions for the two
application cases above are provided in Tables 6 and 7. Also, the empirically based first and
second water-level thresholds provided by the Taiwan Water Resources Agency, based on
the three control elevations listed above (see Figure 4c), are adopted in the application cases.
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Table 6. Conditions of rainfall- and runoff-related factors for the reliability quantification of the
empirically based water-level thresholds under two historical typhoon events.

Control
Point

Typhoon in
2016

Average
Rainfall
Intensity
(mm/h)

Maximum
Rainfall
Intensity
(mm/h)

Roughness
Coefficient

Maximum
Tide Depth

(m)

WGL2
Megi 2 35.5 0.05 1.7
Area 1.5 7.5 0.05 1.4

WGL5
Megi 2.7 35 0.04 1.7
Area 1 10 0.04 1.4

WGL10
Megi 2.7 35 0.035 1.7
Area 1 10 0.035 2.9

Table 7. Conditions of the uncertainty factors used in the quantification of the underestimated risk of
the specific water-level thresholds under consideration of the variation in the maximum tide depth.

Control Point

Average
Rainfall
Intensity
(mm/h)

Maximum
Rainfall
Intensity
(mm/h)

Roughness
Coefficient

Maximum
Tide Depth

(m)

WGL2 5 52
0.035 1
0.035 2
0.035 3

WGL5 5 52
0.04 1
0.04 2
0.04 3

WGL10 5 62
0.035 1
0.035 2
0.035 3

4.3.1. Historical Data

The historical data, as shown in Table 6, including the rainfall- (average and maximum
rainfall intensities) and runoff-related factors (maximum tide depth and roughness coeffi-
cient), are mainly extracted from two rainstorm events in 2016, Typhoons Megi and Area.
Then, via the proposed RA_WLTE_River model with the introduced estimated first and
second water-level thresholds at the three control points, the corresponding exceedance
probabilities can be calculated via Equation (11) (see Figure 11).

Regarding Figure 11, at the midstream and downstream control points (WGL5 and
WGL10), the exceedance probabilities of the introduced first and second water-level thresh-
olds are significantly less than 0.01, except for the second threshold at WGL5 for Typhoon
Megi; namely, their reliabilities exceed 0.99. Furthermore, at the upstream control point
WGL2, the exceedance probabilities of the first and second issued water-level thresholds
are, on average, 0.05, with corresponding reliabilities nearly exceeding 0.95. In conclusion,
the proposed RA_WLTE_River model introduces first and second water-level thresholds at
control points (i.e., water-level gauges) in the study area, providing practical information
for flood early warning, with a reliability exceeding 0.9.
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(a) Typhoon Megi 

(b) Typhoon Aere 

Figure 11. Exceedance probabilities of the first and second water-level thresholds for two historical
typhoon events.

4.3.2. Design Data

As well as quantifying the reliability of the officially introduced water-level thresholds,
the proposed RA_WLTE_River model can also be employed to evaluate the effect of the
variations in the uncertainty factors on the reliability of the estimated first and second
water-level thresholds. Therefore, an application case can proceed with the proposed
RA_WLTE_River model to assess the reliability of the specific water-level thresholds by
varying the maximum tide depths under the remaining uncertainty factors listed in Table 6.

Figure 12 represents the exceedance probabilities of the specific first and second water-
level thresholds at the downstream, midstream, and upstream control points for various
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maximum depths. Specifically, at the upstream and midstream control points (WLG2
and WLG5), the corresponding exceedance probabilities to the specific first and second
water-level thresholds nearly remain constant at 0.35–0.56 (i.e., reliability from 0.44 to
0.65) (WLG2) and 0.47–0.49 (i.e., reliability from 0.51 to 0.53) (WLG5). This implies that
the variation in the maximum tide depth merely impacts the reliability of the water-level
thresholds at the upstream and midstream control points. In contrast, the exceedance
probabilities of the water-level thresholds increase significantly with tide depth, from 0.2 to
0.7 (first threshold) and from 0.46 to 0.71 (second threshold) at the downstream control point
(WG10). This indicates that the tide depth likely increases the reliability of the estimated
water-level thresholds (from 0.8 to 0.3 on average). Thereby, variations in tide depths might
reduce the reliability of early flood alerting by 25%. By doing so, introducing the gauged
first and second water-level thresholds should consider the uncertainty of the tide depth,
especially at the control point near the estuary.

Figure 12. Exceedance probabilities of the specific water-level thresholds at 12 control points under
different maximum tide depths.

4.4. Estimation of the Probabilistically Based Water-Level Thresholds

According to the above application results, the officially introduced water-level thresh-
olds can, on average, efficiently alter rainfall-induced floods, with a high reliability of nearly
0.9. However, the reliability of the water-level thresholds varies significantly across control
points, resulting in inconsistent early warning efficiency under conservative thresholds.
To determine the first and second water-level thresholds for a specified reliability level,
probabilistically based water-level thresholds can be estimated using Equation (12), given
the rainfall- and runoff-related factors of interest.

Figure 13 exhibits the estimated first and second water-level thresholds with a re-
liability of 0.8 under a given average and maximum rainfall intensities (20 mm/h and
50 mm/h), roughness coefficients, and maximum tide depth (1 m); note that the rough-
ness coefficients at the 12 control points are assigned based on the measurements (see
Figure 6a), including 0.005 (WGL1-WGL3), 0.04 (WGL4-WGL5), 0.032 (WGL6-WGL9),
and 0.015 (WGL10-WGL12). In Figure 12, the probabilistically based first and second
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water-level thresholds at the 12 control points are clearly lower than the corresponding
control elevations.

Figure 13. Illustration of the probabilistically based first and second water-level thresholds at various
control points via the proposed RA_WLTE_River model with a desired reliability of 0.8.

The proposed RA_WLTE_River model can estimate more realistic water-level thresh-
olds using the derived exceedance-probability calculation equations under a desired relia-
bility for the rainfall- and runoff-related factors considered. Thus, rainfall-induced floods
are more likely to be reliably and efficiently alerted, using probabilistically based water-
level thresholds; thus, the model is advantageous for flood-control hydraulic structures,
especially for levee-created systems.

5. Conclusions
This study aims to develop a risk analysis for river-based water-level thresholds,

accounting for uncertainties in 14 rainfall- and runoff-related factors, referred to as the
RA_WLTE_River model. The model development and demonstration results indicate that
the early alert-based reliability of the introduced water-level thresholds can be reason-
ably and effectively quantified and analyzed using the proposed RA_WLTE_River model
in response to variations in uncertainty factors across various control points. In short,
the channel-based roughness coefficient contributes more significantly to the water-level
estimation than the other uncertainty factors of interest. Also, at downstream control
points, variations in tide depth significantly reduce early alerting efficiency and reliability
by 15%. Nevertheless, the reliabilities in altering the early rainfall-induced flood based
on the officially introduced water-level thresholds in the study area noticeably exceed
0.9, but with a significant spatial change; therefore, to improve the abovementioned in-
consistent flood warning performance due to the conservative water-level thresholds,
probabilistic-based thresholds should be provided via the proposed RA_WLTE_River
model under a desired reliability for all control points along the river. As a result, the
proposed RA_WLTE_River model can efficiently assess the reliability of the introduced
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water-level thresholds and issue water-level thresholds with an acceptable likelihood at the
locations along the river concerned.

Nonetheless, the proposed RA_WLTE_River model can provide probabilistic-based
water-level thresholds to achieve a desired reliability; however, its early warning perfor-
mance should be evaluated by comparing the observed river stages with the estimated
probabilistic-based water-level thresholds during real rainfall-induced floods. In addi-
tion, a group of uncertainty factors is considered in the proposed RA_WLTE_River model.
However, the model development might still need to consider other hydrological and
hydraulic variables related to water-level estimation (e.g., riverbed stability, land use,
and the lag effect of river runoff) [47–49]; it would be helpful to evaluate the impact of
long-term varying trends of the hydrological variables (e.g., precipitation and runoff) [50].
Accordingly, the proposed RA_WLTE_River model may be limited by the absence of the
aforementioned uncertainty factors, which likely affect the reliability of the water-level
threshold. Hence, considering additional uncertainty factors would help improve the
reliability quantification performance of the proposed RA_WLTE_River model. In addition,
within the proposed RA_WLTE_River model, the relationship between the water-level
thresholds and uncertainty factors should be known in advance, which might utilize inap-
propriate functional forms. However, artificial intelligence (AI) techniques are widely used
to model nonlinear relationships in hydrological and hydraulic processes [51,52]. Therefore,
the proposed RA_WLTE_River model would be improved by adopting an AI-derived
water-level threshold estimation equation to provide more realistic thresholds than the
nonlinear regression equation.
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