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Abstract 

Small streams exhibit rapid and nonlinear flood responses due to steep slopes, short flow paths, and 
limited storage capacity, making real-time flood prediction challenging under both computational 
and data constraints. This study proposes an integrated, measurement-based flood prediction 
framework that enables real-time estimation of flood discharge and flood depth in small-stream 
basins. Unlike conventional approaches that rely on either computationally intensive hydrodynamic 
models or standalone data-driven methods, the proposed framework combines high-frequency 
monitoring data, rainfall nowcasting, and nonlinear regression-based hydraulic relationships into a 
unified system. Rainfall–discharge nomographs and depth–discharge rating curves were developed 
using a nonlinear four-parameter logistic (4PL) regression model based on long-term observations 
from twelve representative basins in Korea. Forecast rainfall from the Korea Meteorological 
Administration MAPLE nowcasting system was used to estimate discharge, which was subsequently 
transformed into flood depth through calibrated rating curves. To extend prediction capability 
beyond monitoring locations, additional depth–discharge relationships were derived for ungauged 
reaches using hybrid approaches based on HEC-RAS scenario simulations and the Manning 
equation. Validation against major flood events showed strong agreement between observed and 
predicted values, with mean prediction accuracies of approximately 89% for discharge and 90% for 
flood depth. The proposed framework effectively captures nonlinear rainfall–runoff behavior while 
significantly reducing computational complexity compared with conventional hydrodynamic 
models. These results demonstrate that the framework provides a practical and scalable solution for 
real-time flood prediction and early warning in small-stream environments, particularly by enabling 
spatially continuous flood-depth estimation across both gauged and ungauged reaches. 

Keywords: real-time flood prediction; small streams; rainfall–discharge nomograph; depth–
discharge rating curve; flood early warning 
 

1. Introduction 

Localized extreme rainfall has intensified in both magnitude and occurrence in recent years, 
increasing flood damage in small-stream basins. Because these streams are generally located in 
upstream areas, they commonly have steep bed slopes, short flow paths, narrow channel sections, 
and rapidly varying hydraulic conditions. Such characteristics accelerate flood-wave propagation 
and increase exposure to sweep-out accidents, thereby contributing to a high proportion of flood-
related casualties. Recent studies have highlighted the seriousness of flood hazards in small streams. 
Cheong, et al. [1] reported that approximately 42.3% of flood-related fatalities within river basins in 
Korea occurred in small streams. In addition, economic losses of about USD 193 million were 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 25 March 2026 doi:10.20944/preprints202603.1977.v1

Disclaimer/Publisher’s Note: The statements, opinions, and data contained in all publications are solely those of the individual author(s) and
contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to people or property resulting from
any ideas, methods, instructions, or products referred to in the content.

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202603.1977.v1
http://creativecommons.org/licenses/by/4.0/


 2 of 23 

 

recorded in 5013 small streams between 2020 and 2024, accounting for 22.7% of the national total. 
Despite these growing risks, operational flood forecasting and warning systems have historically 
focused on larger downstream rivers, leaving small-stream basins relatively underrepresented. 

Flood forecasting has traditionally relied on numerical hydraulic models; however, their direct 
application to small streams remains challenging. Irregular channel geometry and steep longitudinal 
slopes increase sensitivity to model parameters and boundary conditions during flood events, which 
can reduce numerical stability and simulation reliability [2–5]. In addition, discharge and flow 
velocity in these basins can change abruptly over short time scales. Accurate simulation of such 
behavior requires fine spatial discretization and short computational time steps [6], which limits the 
practicality of real-time forecasting and rapid emergency response under fast-changing hydrological 
conditions [7–9]. These limitations highlight the need for alternative flood prediction approaches that 
can simultaneously achieve computational efficiency, predictive accuracy, and real-time applicability 
in small-stream environments. In this context, measurement-based flood forecasting methods have 
emerged as promising alternatives or complements to conventional numerical modeling by directly 
utilizing real-time observational data. 

These constraints indicate the need for alternative forecasting methods that can provide both 
computational efficiency and acceptable predictive accuracy in small-stream environments. In this 
regard, measurement-based and data-driven approaches have emerged as promising complements 
to conventional hydrodynamic modeling because they directly utilize real-time observations. A 
practical measurement-based forecasting system requires three key elements: (i) prediction models 
that are sufficiently accurate while remaining computationally efficient for operational use; (ii) 
seamless linkage between these models and real-time monitoring systems for rapid data assimilation; 
and (iii) a stable platform for data collection, storage, and management. Long-term monitoring data 
are particularly important in small-stream basins, where rainfall–runoff behavior often exhibits 
pronounced temporal and spatial variability. Continuous observations covering seasonal conditions, 
and a wide range of rainfall intensities can improve model robustness and predictive reliability 
[10,11]. On this basis, to address these limitations, this study proposes an integrated, measurement-
based flood prediction framework that links real-time observations, rainfall nowcasting, and 
nonlinear hydraulic relationships to enable rapid and spatially continuous flood prediction in small-
stream basins. 

2. Materials and Methods 

2.1. Selection of Test-Bed Small-Streams 

To support the development and validation of the flood prediction model, the research used 
real-time observational data collected from the Small-stream Smart Monitoring and Management 
System (SMMS). Unlike conventional in situ measurement methods, the SMMS uses image- and 
radar-based non-contact techniques to continuously monitor surface velocity distributions and to 
automatically estimate discharge in real time [7,12–14]. The measured flood depth and discharge data 
were incorporated directly into the prediction framework for calibration and validation, thereby 
improving forecasting reliability [1,15–17]. Previous studies have shown that observation-based flood 
forecasting can provide rapid and accurate estimates of flood-wave propagation and inundation 
potential in river systems [10,18,19]. 

At the time of this study, the Ministry of the Interior and Safety and local governments in Korea 
had deployed the SMMS at approximately 880 locations, with a long-term plan to install the system 
in about 2,200 small streams, corresponding to roughly 10% of the 22,300 small streams nationwide. 
For model development and evaluation, twelve test-bed small streams with observational records 
longer than three years were selected. Flood depth and discharge were available at 2 min intervals 
for all selected sites. The test-bed streams were Insu, Neungmac, Bekam, Songnam, Balmak, 
Jungdong, Jumsil, Gumanri, Daemi, Gwangdong, Jungsunpil, and Sunjang. The average longitudinal 
slope of the twelve streams was 0.029, indicating relatively steep hydraulic conditions. Their mean 
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channel length was 2.34 km, which reflects the short spatial scale typical of small streams. Channel 
width ranged from 6.80 to 24.0 m, with an average of 15.62 m, confirming the narrow-channel 
characteristics of the study sites. 

Rainfall input data were obtained from the Automated Weather Station (AWS) network 
operated by the Korea Meteorological Administration (KMA). More than 510 AWS stations are 
operated nationwide to provide continuous meteorological observations for disaster prevention and 
early warning. These stations offer detailed temporal and spatial information on rainfall distribution, 
thereby supporting rainfall-based forecasting systems [20]. In this study, minute-scale rainfall data 
from the AWS station nearest to each SMMS-equipped stream were selected and incorporated into 
the modeling framework. The monitoring locations, SMMS installation information, basin area (𝐴௕), 
channel length (𝐿௖ ), channel width (𝑊 ), channel slope (𝑆 ), roughness coefficient (𝑛 ), designed 
discharge (𝑄ௗ), designed depth (𝐷ௗ), and the distance between each stream and the nearest AWS 
station (𝐷௦) are summarized in Table 1. 

Table 1. Basin and channel characteristics of the twelve test-bed small streams, together with SMMS and AWS 
information used for model development and evaluation. 

Small 
Stream 

SMMS 𝑨𝒃 
(𝒌𝒎𝟐) 

𝑳𝒄 
(km) 

𝑾 
(m) 𝑺 𝒏 𝑸𝒅 

(𝒎𝟑/𝒔) 

𝑫𝒅 
(El.m

) 

AWS 

Lat. Lon. 
Start  
Year 

Name 𝑫𝒔 
(km) 

Insu 37.6671 
127.009

7  
2020 3.66  3.12  17.1  0.025 0.040 71 140.8 Uijungbu 10.4 

Neungmac 37.2418 
127.196

0  2018 2.41  3.09  9.45  0.054 0.035 30 119.0 Yongin 5.83 

Bekam 36.1891 127.388
7  

2021 3.44  3.51  13.5  0.014 0.035 50 119.9 Ohworld 11.4 

Songnam 35.2734 
126.448

2  2022 1.61  1.49  18.5  0.008 0.030 45 5.800 Yeumsan 10.1 

Balmak 35.3703 
126.489

2  2022 0.59  0.53  6.80  0.028 0.035 14 7.700 Sangha 8.00 

Jungdong 34.8337 126.346
4  

2023 0.50  0.60  15.0  0.004 0.030 13 17.30 Abhaedo 6.81 

Jumsil 37.3914 
127.931

9  
2021 2.59  1.29  12.6  0.019 0.030 57 105.1 Chiaksan 10.8 

Gumanri 37.7204 
127.712

4  
2022 5.00  2.69  24.0  0.026 0.035 108 86.47 Palbong 3.94 

Daemi 37.4659 
128.320

5  
2020 12.8  4.48  22.4  0.033 0.033 226 529.9 

Pyungchan
g 

11.8 

Gwangdo
ng 

37.0919 127.967
5  

2022 6.36  2.95  11.6  0.048 0.030 96 105.8 Umjung 6.04 

Jungsunpil 35.6558 
129.124

9  
2016 5.09  3.18  14.0  0.096 0.033 181 287.3 Dooseo 4.23 

Sunjang 35.4012 
128.930

3  2017 13.6  2.14  33.5  0.093 0.035 258 113.5 Yangsan 9.86 

As shown in Figure 1, watershed areas and channel lengths were delineated from satellite 
imagery by defining the upstream and downstream boundaries of each stream. GIS tools were then 
used to derive watershed slope and topographic characteristics to ensure that basin geometry was 
represented consistently. 
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Figure 1. Locations of the twelve test-bed small-stream basins and their corresponding AWS stations: ① Insu, 

②  Neungmac, ③ Bekam, ④ Songnam, ⑤ Balmak, ⑥ Jungdong, ⑦ Jumsil, ⑧ Gumanri, ⑨ Daemi, ⑩ 

Gwangdong, ⑪ Jungsunpil, and ⑫ Sunjang. 

In addition to observation quality, the reliability of forecast rainfall was also critical for accurate 
flood prediction in small streams, as emphasized in recent studies on short-term rainfall forecasting 
for flood modeling and early warning [1,21,22]. The KMA estimates short-term rainfall movement 
and variability using AWS observations and weather radar data, which have been shown to improve 
nowcasting performance in hydrological applications [23]. Based on this system, the KMA provides 
gridded rainfall forecasts nationwide at 10 min intervals with lead times of up to 6 h. In this study, 
these forecast rainfall data were used to support proactive flood response in small-stream watersheds 
[24,25]. 

For model development and validation, flood depth, discharge, and rainfall data were collected 
from the SMMS and AWS networks from 2016, when the first monitoring system was installed, 
through 2025. Summary statistics of the collected data are presented in Table 2. Because the selected 
streams are largely ephemeral during dry periods, minimum values were excluded to focus on 
hydrologically meaningful conditions relevant to flood analysis and model evaluation [1,26]. Across 
the test-bed watersheds, mean annual rainfall ranged from 1180.1 to 1588.2 mm. Rainfall was 
concentrated mainly during the summer season from June to September, consistent with recent 
analyses of sub-daily heavy rainfall characteristics in Korea based on dense surface observations [27]. 

Table 2. Mean and maximum observed rainfall, depth, and discharge for the twelve test-bed small streams. 

Small Stream 
Rainfall (mm/h) Depth (m) Discharge (𝒎𝟑/s) 

Mean Max. Mean Max. Mean Max. 
Insu 0.30 62.5 0.23 2.52 0.24 68.88 

Neungmac 0.17 56.7 0.18 1.74 0.15 14.41 
Bekam 4.80 53.5 0.26 0.79 3.66 22.60 

Songnam 5.28 52.0 0.22 0.83 1.32 11.89 
Balmak 5.60 54.0 0.16 0.46 1.03 5.270 

Jungdong 5.79 51.5 0.20 0.58 0.80 4.980 
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Jumsil 5.87 33.5 0.42 0.83 2.93 11.25 
Gumanri 5.52 41.0 0.26 0.67 3.87 19.20 

Daemi 4.77 45.5 0.68 1.70 10.7 77.41 
Gwangdong 5.34 70.0 0.33 1.32 5.76 68.94 
Jungsunpil 0.16 80.0 0.24 1.98 0.83 35.93 

Sunjang 0.19 95.8 0.40 2.45 1.32 210.3 

As shown in Table 2, the maximum 1-h rainfall intensity varied substantially among the study 
streams, ranging from 33.5 𝑚𝑚/ℎ at Jumsil stream to 95.8 𝑚𝑚/ℎ at Sunjang stream. This pattern is 
consistent with previous findings that short-duration extreme rainfall in Korea exhibits marked 
regional and seasonal heterogeneity [28]. Peak discharge, which is commonly used to characterize 
rainfall–runoff behavior in small basins, ranged from 4.98 𝑚³/𝑠 at Jungdong stream to 210.3 𝑚³/𝑠 
at Sunjang stream. This wide range reflects the rapid and highly nonlinear hydrologic and hydraulic 
responses typical of small streams and further supports the need for data-driven, real-time 
forecasting frameworks based on high-frequency monitoring data [10]. 

A similarly wide range was observed for peak flow depth, from 0.46 m at Balmak stream to 2.45 
m at Sunjang stream. These results underscore the importance of site-specific early warning strategies 
supported by observed hydraulic data. Overall, the mean and maximum values summarized in Table 
2 provide useful baseline information for interpreting flood magnitude and flow regime 
characteristics in the test-bed streams and for supporting event-scale model calibration and 
validation [1]. 

2.2. Data Collection and Analysis 

To make effective use of high-frequency monitoring data, this study developed a Flood Early 
Warning Platform (FEWP) that automatically collected rainfall, water level, and discharge data from 
the SMMS and AWS networks and stored them in a structured database for integrated analysis and 
operational flood forecasting [29,30]. Previous studies have shown that real-time integration of sensor 
networks with hydrometeorological monitoring systems is essential for operational early warning 
because it reduces data latency and improves forecast performance [31,32]. 

An AI-assisted flood prediction module was developed and integrated into the FEWP to 
establish a unified operational workflow linking real-time observational data streams with predictive 
analytics. This integration enabled faster dissemination of forecast information on flood occurrence 
and potential impacts to decision-makers and stakeholders [29,33]. AI-based prediction frameworks 
have been reported to improve early warning capability by assimilating heterogeneous real-time 
datasets and by capturing nonlinear hydrological responses through machine-learning algorithms 
[33]. Accordingly, the FEWP was designed to support rapid flood detection, forecasting, and 
information delivery under increasingly severe hydrological and climatic conditions. Real-time data 
assimilation combined with predictive analytics has become a key component of next-generation 
flood early warning systems, particularly in monitoring environments characterized by dense, high-
frequency observations [29,32]. 

3. Flood Prediction Methods and Procedure 

Flood forecasting in small streams requires rapid model execution to provide actionable lead 
time despite short watershed response times and high flow velocities [10,34]. To estimate both 
discharge and flood depth, this study developed separate but linked procedures for gauged and 
ungauged reaches, as illustrated in Figure 2. 
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Figure 2. Schematic diagram of the flood prediction framework for small streams. 

For gauged reaches, the relationship between peak rainfall intensity observed at nearby AWS 
stations and peak discharge measured by the SMMS was analyzed. Based on this relationship, a four-
parameter rainfall–discharge nomograph was established as expressed in Equation (1). 𝑄 ൌ 𝑚1 ൅ ௠2ି௠1ሺ1ାோ ௠3⁄ ሻ೘4

, (1)

in which 𝑄 denotes observed flood discharge, 𝑅 denotes observed rainfall intensity, and 𝑚ଵ, 𝑚ଶ , 𝑚ଷ , and 𝑚ସ are parameters estimated using a nonlinear optimization technique. A 60 min 
rainfall intensity was adopted because the time of concentration for many small streams is 
approximately one-hour [7]. 

The observed rainfall and discharge records were separated into individual flood events, and 
the temporal distribution of each event was examined. For each event, the peak rainfall intensity and 
corresponding peak discharge were extracted and treated as one rainfall–discharge pair. Repeating 
this procedure for all identified events produced the dataset required to calibrate the rainfall–
discharge nomograph through nonlinear optimization. Similar relationships have long been used as 
practical tools for converting hydrological input into discharge estimates [2,7,35–37]. 

3.1. Method for Gauged Reaches 

Flood depth at gauged reaches was estimated using a four-parameter depth–discharge rating 
curve, as expressed in Equation (2), developed from the relationship between observed peak 
discharge and peak flood depth. 𝐷 ൌ 𝑛1 ൅ ௡2ି௡1ሺ1ାொ ௡3⁄ ሻ೙4

, (2)

in which 𝐷 is the observed flood depth, and 𝑛ଵ , 𝑛ଶ , 𝑛ଷ , and 𝑛ସ  are parameters estimated 
using a nonlinear optimization technique. To construct this relationship, the observed discharge and 
water-depth records were also separated into individual flood events, and the peak discharge and 
corresponding peak depth were extracted for each event. These peak pairs were then used in 
nonlinear regression to derive the depth–discharge rating curve. Such rating curves provide a concise 
representation of hydraulic response and are widely used to estimate flood depth from discharge 
[1,2,38,39]. 

To estimate discharge and depth using the nomograph and rating curve, an objective function 
was defined to minimize the difference between observed and predicted values, as expressed in 
Equation (3). 

Fሺxሻ ൌ ∑ ൫yt െ ytෝ൯2
t , (3)

in which F(x) denotes the optimal predicted value, y୲ represents the observed value at time 𝑡, 
and y୲ෝ  indicates the predicted value at time 𝑡. Real-time forecast rainfall from the KMA MAPLE 
nowcasting system was used as the input for the rainfall–discharge nomograph. Forecast rainfall 
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intensities were extracted from the same grid cells corresponding to the AWS locations used during 
model calibration. The resulting predicted discharge was then converted into flood depth through 
the depth–discharge rating curve. 

During prediction, simulated values were iteratively compared with observations until the 
prediction error reached a minimum. In each iteration, the predicted discharge and depth were used 
to update the rainfall–discharge nomograph and the depth–discharge rating curve, as shown in 
Figure 3. These updated relationships were then carried forward to the next iteration. This sequential 
updating process improved the final estimates of flood discharge and flood depth. 

 

Figure 3. Conceptual diagram of the iterative optimization process used to update the nomograph and rating 
curve and to estimate discharge and depth at gauged reaches. 

The nonlinear least-squares problem was solved using the Levenberg–Marquardt (LM) method, 
which is widely known for numerical stability and rapid convergence [40–43]. The LM method is 
commonly used for nonlinear optimization problems such as Equation (3) and can be interpreted as 
a damped variant of the Newton–Raphson method, as expressed in Equation (4). 

x௞ା1 ൌ x௞ ൅ Hሺx௞ሻି1∇Fሺx௞ሻ, (4)

in which x௞ denotes the parameter vector at the k-th iteration, and 𝐻 is the Hessian matrix, 
representing the second-order partial derivatives of the objective function. Optimization methods 
that directly compute the Hessian may suffer from divergence and can be computationally expensive. 
The LM method avoids this difficulty by locally approximating the objective function with a linear 
form. Under this assumption, the parameter update is obtained from Equation (5). 

Fሺx ൅ hሻ ൌ 1
2

fTf൅ hTJTf ൅ 1
2

hTJTJh, (5)

in which J denotes the Jacobian matrix of the residual vector with respect to the parameter vector 𝑥. The term J୘J serves as an approximation of the Hessian matrix 𝐻. Thus, the LM method estimates 
values close to the optimum by repeatedly computing the update vector ℎ at each iteration. In the 
present framework, the update vector for discharge and depth estimation is expressed by Equation 
(6). 

h ൌ െ൫JTwJ ൅ 𝜇௞diagሺJTwJሻ൯ି1 ൈ JTw൫Yെ Y෡൯, (6)
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in which diagሺJ୘wJሻ is the diagonal matrix of J୘wJ, and 𝜇௞ is the damping parameter at the k-
th iteration, which is determined by the gain ratio 𝜌 as defined below. 𝜌 ൌ FሺxሻିFሺxାhሻ

Lሺ0ሻିLሺhሻ , (7)

in which Lሺhሻ is the objective function locally approximated around 𝑥. The initial damping 
parameter μ଴ was initially set to maxሺJ୘Jሻ, and the damping value was updated at each iteration 
following the adaptive strategy proposed by Marquardt [41]. 𝜇௞ ൌ ൜ 2𝜇௞ି1,          𝜌 ൏ 0.25

0.33𝜇௞ି1,     𝜌 ൐ 0.25 , (8)

The flood depth predicted through this process was limited to the gauged reaches within the 
entire river network; therefore, additional methods were required to estimate flood depth in 
ungauged reaches. 

3.2. Method for Ungauged Reaches 

To estimate flood depth in ungauged reaches, this study used depth–discharge relationships 
derived from both the Manning equation and HEC-RAS simulations, as illustrated in Figure 4. Flood 
depth predicted at gauged locations reflects hydraulic conditions only at monitoring points and 
therefore does not fully represent flood risk along the entire stream reach. In reaches with low levee 
elevations or structural vulnerability, depth predictions at a single gauged location may be 
insufficient to assess overflow and inundation risk. Consequently, reliable depth estimation across 
the full stream length is needed for practical flood-risk identification, as frequently requested by local 
practitioners responsible for small-stream management. 

    

(a) Insu (b) Neungmac (c) Bekam (d) Songnam 
    

    

(e) Balmak (f) Jungdong (g) Jumsil (h) Gumanri 
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(i) Daemi (j) Gwangdong (k) Jungsunpil (l) Sunjang 

Figure 4. Comparison of the twelve test-bed small-stream basins, including the number of surveyed cross-
sections. 

The applicability of HEC-RAS for ungauged small-stream reaches was first examined. The 
analysis indicated that steep slopes and short flow lengths can limit the ability of HEC-RAS to 
reproduce hydraulic variability adequately under real-time conditions [1,44–46]. Direct real-time 
application was therefore considered susceptible to numerical instability. To address this limitation, 
scenario-based simulations were conducted in advance, and peak discharge–depth pairs were 
generated under different upstream discharge and downstream water-level boundary conditions. 
According to HEC-RAS guidance from the U.S. Army Corps of Engineers, shallow-water simulations 
can become unstable in reaches with slopes greater than 1%. Recommended measures include 
reducing the computational time step or increasing Manning’s roughness coefficient 𝑛 . These 
measures were considered in the scenario design used in this study. 

For this purpose, detailed cross-sectional survey data were collected for each pilot stream reach. 
These data were used to represent channel geometry, levee configuration, bed slope, hydraulic radius, 
and variations in flow depth. Fine-resolution measurements of horizontal spacing and elevation 
across each section enabled accurate representation of cross-sectional area and effective flow width. 
Based on the simulated peak discharge and depth values, depth–discharge relationships were 
developed for each reach using the same procedure adopted for gauged reaches. Predicted discharge 
was then used as input to estimate flood depth along ungauged reaches. In doing so, discharge was 
assumed to remain constant along the stream due to the absence of tributary inflow. This assumption 
is considered reasonable because most of the selected small streams in Korea do not receive 
substantial tributary inflow. 

A second ungauged-reach approach was based on the Manning equation. The Manning 
equation estimates flow depth and velocity from discharge, channel slope, roughness coefficient, and 
hydraulic geometry, allowing continuous reach-wise prediction of flood depth [47,48]. However, 
because this method treats each reach independently, it may underestimate depth in steep channels 
[33,49,50]. Previous studies have reported that direct estimation of Manning’s roughness coefficient 
using deep-learning models trained on flume data can reduce errors in simulated flood depth and 
inundation extent in one-dimensional flood models [49]. It has also been shown that combining 
remote sensing information, such as synthetic aperture radar data, with terrain information and 
machine learning can further improve depth estimation by refining the estimation of Manning’s 𝑛 
[51,52]. 

In this study, optimal roughness coefficients for the Manning-based calculations were 
determined through field surveys, and the resulting values are listed in Table 1. Cross-sectional 
survey data were also collected for each test-bed stream reach, and the corresponding cross-sectional 
area and hydraulic radius were calculated. Reach-scale geometric characteristics are presented in 
Figure 4. 

4. Development of Flood Prediction Methods 

4.1. Prediction Method for Gauged Reaches 

Rainfall–discharge nomographs and depth–discharge rating curves are practical statistical and 
hydraulic relationships used to estimate discharge and flow depth from rainfall intensity and 
discharge, respectively [10,53,54]. In this study, both relationships were represented using a 
nonlinear four-parameter logistic (4PL) regression model, as defined by Equations (1) and (2). The 
4PL model is well suited to nonlinear phenomena and is particularly effective for representing curved 
relationships commonly observed in hydraulic and hydrological datasets [55,56]. The 4PL model was 
selected due to its ability to represent nonlinear asymptotic behavior. 
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To construct the rainfall–discharge nomographs, 1-min rainfall records measured from 2022 to 
2025 at the AWS stations nearest to the twelve study streams were converted into 60 min accumulated 
rainfall intensity series. These rainfall series were analyzed together with the 2-min discharge data 
measured by the SMMS. For each flood event, the peak rainfall intensity and corresponding peak 
discharge were extracted. To derive the depth–discharge rating curves, peak flood depth and the 
corresponding peak discharge were similarly extracted from the observed depth and discharge 
records. Repeating this procedure for each event in each of the twelve streams produced datasets of 
rainfall intensity–discharge pairs and discharge–depth pairs. These datasets were then used in 
nonlinear 4PL regression to derive the rainfall–discharge nomographs and depth–discharge rating 
curves. The resulting parameter estimates and coefficients of determination are summarized in Table 
3. In all cases, the fitted relationships showed high coefficients of determination, approaching 0.99. 

Table 3. Optimal parameter estimates and coefficients of determination for the rainfall–discharge nomographs 
and depth–discharge rating curves obtained using nonlinear 4PL regression. 

Small 
Stream 

Rainfall-discharge Nomograph Rainfall-discharge Nomograph 𝒎𝟏 𝒎𝟐 𝒎𝟑 𝒎𝟒 𝑹𝟐 𝒏𝟏 𝒏𝟐 𝒏𝟑 𝒏𝟒 𝑹𝟐 
Insu 157.68 1.5100 41.492 7.6568 0.99 5.1104 0.2030 78.743 0.7266  0.99 

Neungmac 39.417 0.6845 62.477 2.3113 0.99 3.0009 0.1162 3.8577 1.2360 0.99 
Bekam 27.745 2.4519 23.573 2.3076 0.99 1.1325  0.0678  14.117 1.0735  0.99 

Songnam 44.583 0.2286 118.98 1.2037 0.99 1.7342  0.0780  16.799 0.8224  0.99 
Balmak 128.03 0.5922 1269.9 1.0451 0.99 1.5943  0.0353  17.225 0.8506  0.99 

Jungdong 7.3403 0.6125 40.357 2.4766 0.99 1.9308  0.0720  15.396 0.8627  0.99 
Jumsil 16.922 1.6994 25.577 1.8267 0.99 1.5999  0.1809  13.412 0.9977  0.99 

Gumanri 25.609 2.3083 26.894 2.2040 0.99 1.0657  0.0211  13.057 0.8941  0.99 
Daemi 185.00 1.4335 68.874 1.0803 0.99 2.2656  0.1526  33.238 0.7767  0.99 

Gwangdon
g 299.25 1.9188 140.87 1.2460 0.99 3.0874  0.1047  115.68 0.7843  0.99 

Jungsunpil 48.276 0.0012 39.327 2.4306 0.99 5.1949 0.1618 42.943 0.8858  0.99 
Sunjang 296.39 1.5606 48.431 2.4886 0.99 178.80 0.2490 115290 0.5167  0.99 

To evaluate the goodness of fit, scatter plots of peak rainfall intensity versus peak discharge and 
peak depth versus peak discharge were compared with the fitted 4PL curves, as illustrated in Figure 
5. Although watershed characteristics such as drainage area, land use, and surface cover varied 
among the twelve streams, the fitted relationships showed consistent patterns across the monitored 
basins. This suggests that the developed relationships are not restricted to only one specific site but 
may be applicable to small streams that fall within a similar range of watershed characteristics. 

McCuen [54] noted that a single empirical equation may be insufficient to represent the 
combined effects of rainfall–runoff response, infiltration, and topographic controls. To reduce the 
uncertainty associated with simple empirical formulas, this study used multivariate calibration based 
on more than four years of observed rainfall, discharge, and depth data. This framework was 
designed to account simultaneously for spatiotemporal rainfall–runoff variability and watershed 
properties such as slope, land cover, and channel alignment. As a result, the calibrated relationships 
showed very strong agreement with measured discharge and depth and reduced statistical error 
relative to simpler regression-based estimation methods. 

  
(a) Insu (b) Neungmac 
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(c) Bekam (d) Songnam 

  

(e) Balmak (f) Jungdong 

  

(g) Jumsil (h) Gumanri 

  

(i) Daemi (j) Gwangdong 

  

(k) Jungsunpil (l) Sunjang 

Figure 5. Paired scatter plots for the twelve test-bed small streams: (a–l) each show (left) peak rainfall intensity 
versus peak discharge and (right) peak depth versus peak discharge, together with the fitted nonlinear 4PL 
regression curves. 

4.2. Prediction Method for Ungauged Reaches 

For ungauged reaches, peak discharge–depth pairs were generated using HEC-RAS steady-flow 
scenario simulations, and depth–discharge rating curves were subsequently fitted using the same 
4PL regression approach applied to gauged reaches. These relationships provide a practical basis for 
estimating flood depth in ungauged reaches from discharge predicted at gauged locations. Depth–
discharge rating curves derived from the HEC-RAS scenarios were developed for all ungauged 
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reaches in the twelve test-bed streams. However, because of space limitations, only the fitted 
parameters and coefficients of determination for Jungdong stream, which has the shortest channel 
length among the study streams, are presented in Table 4. 

Table 4. Optimal parameter estimates (𝑢𝑛1, 𝑢𝑛ଶ, 𝑢𝑛ଷ, and 𝑢𝑛ସ) and coefficients of determination for the depth–
discharge rating curves derived for ungauged reaches of Jungdong stream, where  𝐿஽  is the length from 
downstream section. 𝑳𝑫 (km) 𝒖𝒏𝟏 𝒖𝒏𝟐 𝒖𝒏𝟑 𝒖𝒏𝟒 𝑹𝟐 

0.100 1.6562 0.07675 12.679 0.98823 0.999 
0.150 1.7492 0.10649 11.590 0.91619 0.998 
0.200 2.0556 0.18570 7.5799 0.89316 0.998 
0.250 3.6477 0.22136 12.230 0.81036 0.996 
0.300 3.2137 0.28001 9.6464 0.86710 0.998 
0.350 3.4521 0.35612 15.332 0.46564 0.995 
0.400 4.0110 0.24921 6.1755 0.49375 0.993 
0.450 7.5371 0.64369 43.344 0.57611 0.997 
0.500 5.2424 0.96051 12.314 0.84141 0.998 
0.550 5.1864 1.69520 9.4436 2.41860 0.987 
0.579 3.5411 2.41650 3.5198 1.04710 0.994 

Application of the nonlinear 4PL regression model to the simulated data produced very high 
coefficients of determination for the ungauged reach rating curves, ranging from 0.987 to 0.999, as 
shown in Table 4. To illustrate the fit, the scatter plot of simulated peak depth versus peak discharge 
for Jungdong stream was compared with the corresponding fitted curve in Figure 6. 

 

Figure 6. Scatter plot of simulated peak water-surface elevation versus peak discharge for Jungdong stream, 
together with the fitted nonlinear 4PL regression curve. 

As shown in Figure 6, the ungauged-reach depth–discharge relationships reproduced the 
simulated depth–discharge patterns with very strong agreement. This result indicates that 
regression-based calibration of scenario outputs can provide an efficient approximation of hydraulic 
behavior while reducing statistical error relative to simpler predictive approaches. 
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4.3. Application of Forecast Rainfall 

Forecast rainfall used for small-stream prediction was obtained from the KMA MAPLE 
nowcasting system. MAPLE provides gridded rainfall forecasts at a spatial resolution of 1 km and 
generates 36 forecast fields at 10-min intervals, allowing lead times of up to 6- h. In this study, rainfall 
values were extracted from the grid cells containing the AWS locations for each of the twelve streams 
and used as forecast rainfall input. 

To examine the influence of lead time on forecast performance, the largest flood event for each 
of the twelve streams was selected. The maximum events occurred on 9 August 2022 for Insu stream; 
5 September 2023 for Neungmac, Jungsunpil, and Sunjang streams; 13 July 2023 for Daemi and Jumsil 
streams; 20 September 2023 for Bekam stream; 26 June 2023 for Gwangdong stream; 17 July 2023 for 
Balmak stream; 14 July 2023 for Songnam stream; 23 July 2023 for Jungdong stream; and 21 June 2023 
for Gumanri stream. To evaluate forecast applicability, differences between observed and forecast 
peak rainfall intensity were analyzed for lead times from 10 min to 6 h. The results are presented in 
Figure 7. 

 

Figure 7. Comparison of relative errors between predicted and measured rainfall by leading time. 

In general, forecast accuracy tends to decrease, or at best remain similar, as lead time increases 
[57,58]. However, the present results indicate that forecast rainfall could be either underestimated or 
overestimated relative to observations, and the magnitude of the error did not increase monotonically 
with lead time. Instead, the error fluctuated as lead time increased. Based on these results, the 1-h 
ahead forecast was selected for discharge prediction because it showed relatively high accuracy and 
was consistent with the short response time of small streams. Therefore, a 1-h forecast horizon was 
considered appropriate for real-time flood prediction in the study basins [59]. 

5. Application of Flood Prediction Methods 

5.1. Application of Prediction Method for Gauged Reaches 

To validate the developed framework, predicted discharge and flood depth were compared with 
the corresponding observations measured by the SMMS at the twelve test-bed streams. Major flood 
events occurring in 2022 and 2023 were selected for evaluation. As shown in Figure 8, the model 
reproduced the temporal variation of both discharge and depth with good agreement. 
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(a) Insu (b) Neungmac 

  
(c) Bekam (d) Songnam 

  

(e) Balmak (f) Jungdong 

  

(g) Jumsil (h) Gumanri 

  
(i) Daemi (j) Gwangdong 

  

(k) Jungsunpil (l) Sunjang 

Figure 8. Comparison between predicted and observed values for the twelve test-bed small streams: (a–l) each 
consist of two panels showing (left) discharge and (right) flood depth. 

The validation results indicate that the calibrated rainfall–discharge nomographs and depth–
discharge rating curves can represent the hydrological and hydraulic response characteristics of the 
study streams effectively, thereby improving prediction performance [60,61]. In the present study, 60 
min accumulated rainfall intensity was used to construct the rainfall–discharge nomograph because 
hourly rainfall best reproduced the observed discharge variation in the selected small streams and 
has also been recognized as a useful indicator of flood occurrence in both urban and rural watersheds 
[53,62]. 

The depth–discharge rating curve was calibrated using peak discharge and peak depth data, 
enabling the model to reproduce observed peak water levels with relatively small error. These results 
suggest that the proposed approach can be used not only to estimate discharge but also to track flood-
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stage variation during event periods. To quantify the difference between observed and predicted 
values, a discrepancy ratio was defined as follows: 𝐷ோ = 𝑙𝑛 ஽ು஽ಾ, (9)

in which 𝐷ோ  is discrepancy ratio, 𝐷௉  is predicted values and 𝐷ெ  is measured values. To 
compare the distribution of discrepancy ratios for predicted discharge and flood depth at each stream, 
the values were grouped into intervals of 0.01 within the range of −0.05 to 0.05, intervals of 0.05 up to 
0.1, and intervals of 0.1 up to 0.2. The frequencies in each interval were then converted to percentages 
and presented as histograms in Figures 9 and 10. 

  

Figure 9. Distribution of discrepancy ratios for discharge prediction at the twelve test-bed small streams. 

  

Figure 10. Distribution of discrepancy ratios for water-depth prediction at the twelve test-bed small streams. 

The validation results show that discrepancy ratios for both discharge and depth generally 
followed a near-normal distribution. For all twelve streams, the ratios ranged from −0.2 to 0.2, with 
the highest frequency occurring within −0.01 to 0.01. To compare performance among sites, 
prediction accuracy was defined as the proportion of discrepancy ratios falling within −0.01 to 0.01. 
The resulting accuracy values for discharge and depth are summarized in Table 5. 

For discharge prediction, the highest accuracy, 100%, was obtained for Insu, Bekam, and 
Jungsunpil streams, whereas the lowest value, 73.92%, was found for Gumanri stream. For water-
depth prediction, the highest accuracy, 100%, was achieved for Insu, Gwangdong, Jungsunpil, and 
Sunjang streams, whereas the lowest value, 74.86%, again occurred at Gumanri stream. Overall, the 
mean accuracy of water-depth prediction was slightly higher than that of discharge prediction, 
indicating that the proposed framework estimated flood depth somewhat more reliably than 
discharge. Streams with discharge prediction accuracy below the overall mean included Songnam, 
Jungdong, Gumanri, Gwangdong, and Sunjang, whereas Neungmac, Songnam, Jungdong, Gumanri, 
and Daemi showed below-average performance in water-depth prediction. 
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Table 5. Prediction accuracy and root mean square error (RMSE) for discharge and flood depth at the twelve 
test-bed small streams. 

Small Stream 
Rainfall (mm/h) Depth (m) 

Mean Max. Mean Max. 
Insu 100.0 100.0 0.0003 0.0080 

Neungmac 93.20 77.41 0.0003 0.0336 
Bekam 100.0 99.96 0.1924 0.0164 

Songnam 77.45 76.79 0.1764 0.0089 
Balmak 100.0 93.34 0.1071 0.0185 

Jungdong 77.45 76.39 0.0482 0.0137 
Jumsil 97.96 95.31 0.1147 0.0244 

Gumanri 73.92 74.86 0.2715 0.0236 
Daemi 97.96 85.15 1.1534 0.0518 

Gwangdong 74.25 100.0 0.9340 0.0193 
Jungsunpil 100.0 100.0 0.6306 0.0003 

Sunjang 76.79 100.0 0.0004 0.0006 
Mean 89.08 89.93 0.3024 0.0183 

To further quantify prediction performance, RMSE was also calculated and is summarized in 
Table 5. For discharge prediction, the smallest RMSE values were observed at Insu and Neungmac 
streams (0.0003 𝑚³/𝑠), whereas the largest was found at Daemi stream (1.1534 𝑚³/𝑠). For water-
depth prediction, the smallest RMSE was recorded at Jungsunpil stream (0.0003 𝑚), while the largest 
occurred again at Daemi stream (0.0518 𝑚). On average, RMSE was lower for flood depth than for 
discharge, further supporting the conclusion that the present framework reproduces flood depth 
more accurately than discharge in the selected basins. 

5.2. Application to Ungauged Reaches 

The observation-based prediction framework was successfully applied at gauged reaches 
equipped with the SMMS, allowing proactive response based on predicted flood conditions. 
However, monitoring devices are not available along all stream segments, and inundation can occur 
in ungauged reaches. The twelve streams considered in this study range in length from 0.5 to 13.63 
km, which means that substantial portions of the channels remain ungauged. For this reason, an 
additional flood-depth estimation procedure was developed for ungauged reaches. This need has 
also been consistently emphasized by local government officials responsible for small-stream disaster 
management. 

To support practical emergency response, the ungauged-reach model was designed to identify 
hazardous reaches in advance and to assist evacuation and warning decisions. Detailed cross-
sectional geometry for major channel sections was obtained from Comprehensive Small Stream 
Maintenance Plan reports prepared by local governments at ten-year intervals. Using these data, 
flood depth along ungauged reaches was estimated through section-specific depth–discharge rating 
curves derived from HEC-RAS scenarios and from the Manning equation. The discharge used in 
these calculations was obtained from the gauged reaches through the rainfall–discharge nomograph, 
and tributary inflow was assumed to be negligible so that discharge remained constant along the 
stream. Figure 11 compares flood depths predicted using the Manning equation with those estimated 
using HEC-RAS-based rating curves. 
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(d) Songnam (e) Balmak (f) Jungdong 

   
(g) Jumsil (h) Gumanri (i) Daemi 

   
(j) Gwangdong (k) Jungsunpil (l) Sunjang 

Figure 11. Comparison of predicted flood depths in ungauged reaches obtained using the Manning equation 
and depth–discharge rating curves derived from HEC-RAS simulations. 

The results for the twelve streams indicate that flood depths predicted by the Manning equation 
generally followed trends like those produced by the HEC-RAS scenario-based approach. However, 
in coastal streams such as Songnam and Jungdong, flood depths estimated from the HEC-RAS-based 
rating curves were slightly lower than those calculated using the Manning equation. Tidal river 
reaches are ideally analyzed using unsteady-flow models to estimate design flood depth [63]. In this 
study, however, steady gradually varied flow simulations were used because convergence problems 
occurred frequently in small streams, which may partly explain the observed differences. 

To evaluate practical applicability, predicted flood depths based on the Manning equation were 
compared with levee-crest elevations to assess overtopping potential, as shown in Figure 12. No 
overtopping was predicted for any of the twelve streams, which is consistent with field observations 
indicating that no overtopping occurred during the study period. These findings support the 
applicability of the proposed model for real-time flood-depth estimation in ungauged reaches. Flood 
depths estimated from the HEC-RAS-based rating curves were also calculated, but these results were 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 25 March 2026 doi:10.20944/preprints202603.1977.v1

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202603.1977.v1
http://creativecommons.org/licenses/by/4.0/


 18 of 23 

 

not plotted separately because they were nearly identical to those derived from the Manning equation 
and could not be easily distinguished graphically. 

From an operational perspective, the Manning-based approach was advantageous for 
preliminary forecasting because of its simple structure and short computation time. However, its 
results were sensitive to uncertainties in bed slope and roughness estimation, which means that field 
survey and parameter calibration remain essential before practical application. Recent studies have 
also shown that spatiotemporal variability in Manning’s roughness coefficient is a major source of 
uncertainty in flood-level and inundation estimation [64,65]. 

   
(a) Insu (b) Neungmac (c) Bekam 

  
(d) Songnam (e) Balmak (f) Jungdong 

   
(g) Jumsil (h) Gumanri (i) Daemi 

   
(j) Gwangdong (k) Jungsunpil (l) Sunjang 

Figure 12. Comparison between predicted water levels in ungauged reaches based on the Manning equation 
and levee-crest elevations. 

As illustrated in Figures 11 and 12, simplified Manning-based calculations can produce 
discontinuities in estimated flood depth between adjacent reaches or abrupt reductions in depth in 
steep channels because they do not fully account for hydraulic interactions such as upstream–
downstream connectivity, backwater effects, hydraulic structures, and rapidly varied flow. Reach-
by-reach computations may therefore underestimate flood levels when these controls are significant 
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[66]. In steep small streams, the rapid propagation of flood waves and complex channel geometries 
required the application of hydrodynamic models based on the Saint-Venant equations rather than 
simplified empirical formulations [17,18]. However, although these models provide superior 
physical realism, they often require substantial computation time and operational complexity, which 
limits their usefulness in real-time forecasting [67–70]. 

By contrast, depth–discharge rating curves derived in advance from HEC-RAS scenarios require 
significant effort only during the initial setup stage. Once established, they allow rapid water-depth 
estimation during operational forecasting while preserving the dominant hydraulic characteristics of 
the flow system [71,72]. This approach reduces the unrealistic discontinuities that may arise in 
simplified methods and therefore offers a practical balance between hydraulic realism and 
computational efficiency. For this reason, the proposed framework is considered well suited to real-
time flood-depth prediction in ungauged reaches of small streams and may serve as a useful basis 
for customized flood forecasting and warning systems [68,73]. 

6. Conclusions 

This study proposed a measurement-based flood prediction framework for small streams by 
integrating real-time monitoring data with rainfall–discharge nomographs and depth–discharge 
rating curves. The framework was designed to address the limitations of conventional hydrodynamic 
models, which often require substantial computational effort and complex configuration and are 
therefore difficult to apply operationally in steep, short-response small-stream basins. By combining 
high-frequency monitoring data from the SMMS with rainfall observations and forecasts from the 
AWS network, the proposed framework provided a data-driven means of rapidly estimating both 
flood discharge and flood depth during event periods. 

Using long-term observations from twelve test-bed small streams, rainfall–discharge 
nomographs and depth–discharge rating curves were developed through nonlinear four-parameter 
logistic regression. Because these relationships were derived directly from observed hydrological and 
hydraulic data, they were able to capture the nonlinear rainfall–runoff response characteristics of the 
monitored basins. The resulting framework enabled rapid transformation of forecast rainfall into 
flood discharge and subsequent conversion of discharge into flood depth while maintaining high 
computational efficiency. 

Validation against major flood events showed that the proposed framework reproduced the 
temporal variation of both discharge and depth with good agreement. Mean prediction accuracy was 
approximately 89% for discharge and 90% for flood depth across the twelve streams. These results 
indicate that the calibrated relationships effectively represent the hydrological and hydraulic 
behavior of the monitored small streams and can reduce prediction error relative to simpler 
regression-based methods. 

To extend the framework beyond gauged monitoring locations, additional flood-depth 
estimation procedures were developed for ungauged reaches using HEC-RAS-based scenario rating 
curves and the Manning equation. Both approaches produced broadly similar depth patterns, 
although the simplified Manning-based approach tended to underestimate depth in steep reaches 
because it does not fully account for hydraulic interactions such as backwater effects, rapidly varied 
flow, and channel-geometry changes. In contrast, the HEC-RAS-based scenario curves provided 
more consistent depth estimates by embedding reach-specific hydraulic characteristics into pre-
established relationships. Comparison of predicted water levels with levee-crest elevations further 
showed that overtopping did not occur in any of the twelve streams during the analyzed events, 
consistent with field observations. 

Overall, the proposed framework offers a practical and computationally efficient approach for 
real-time flood prediction in small streams. By linking real-time observations, rainfall forecasts, and 
calibrated hydraulic relationships, it provides sufficiently accurate information for operational 
decision-making while also enabling flood-depth estimation in ungauged reaches. This capability is 
particularly important for local governments responsible for small-stream disaster management. The 
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framework can therefore support earlier identification of flood-prone reaches, improve evacuation 
planning, and enhance warning dissemination. Future work should examine broader regional 
transferability and incorporate more complex hydraulic boundary conditions to improve 
applicability in streams influenced by tributary inflow, tidal effects, or hydraulic structures. 
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