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Floods are natural occurrences that pose serious risks to human life and the environment, including significant
property and infrastructure damage and subsequent socioeconomic challenges. Recent floods in Cheongju
County, South Korea have been linked to river overflow. In this study, we created flood susceptibility maps of

S;'SFM Cheongju, South Korea using machine learning techniques including support vector regression (SVR), boosted
SVR tree (BOOST), and long short-term memory (LSTM) algorithms, based on environmental factors. Potentially

influential variables were selected based on flood data gathered through field surveys; these included the slope,
aspect, length-slope factor, wind exposition index, terrain wetness index, plan curvature, normalized difference
water index, geology, soil drainage, soil depth, soil texture, land use type, and forest density. To improve the
robustness of the flood susceptibility model, the most influential factors were identified using the frequency ratio
method. Implementing machine learning techniques like SVR and BOOST produced encouraging outcomes,
achieving the area under the curve (AUC) of 83.16% and 86.70% for training, and 81.65% and 86.43% for
testing, respectively. While, the LSTM algorithm showed superior flood susceptibility mapping performance,
with an AUC value of 87.01% for training and 86.91% for testing, demonstrating its robust performance and
reliability in accurately assessing flood susceptibility. The results of this study enhance our understanding of
flood susceptibility in South Korea and demonstrate the potential of the proposed approach for informing and
guiding crucial regional policy decisions, contributing to a more resilient and prepared future.

Boosted tree

1. Introduction

Floods have devastating consequences in terms of their destruction
to infrastructure and economies (Allaire, 2018) and loss of human life
(Jonkman, 2005; Yin and Li, 2001), and these effects are experienced on
a global scale. Furthermore, floods are more frequent than natural di-
sasters including drought, aualanches, and landslide (Hussain et al.,
2023). Flooding has increased globally because of natural or modified
drainage systems failing to manage water after heavy rainfall or

long-term precipitation events (Pour et al., 2020). Although some fac-
tors that contribute to floods could be uncontrollable, the powerful
techniques thoroughly depth studies for flood management and the
implementation of land use management rules show potential in
reducing flood hazards. The rising frequency and severity of these nat-
ural disasters have highlighted the need for disaster management stra-
tegies (Rana et al., 2021). Acknowledging the imperatives of proactive
risk reduction and heightened disaster preparedness, the global com-
munity has increasingly embraced advanced technologies as critical
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guidance in these endeavors (Khan et al., 2020). Flood susceptibility
mapping provides a sophisticated, data-driven approach for assessing
possible flood risks and implementing proper mitigation measures (Chen
et al., 2020).

Natural disasters are frequent in Korea. Notably, Cheongju County is
prone to flooding, particularly in the monsoon season, which exhibits
increased heavy rainfall frequency. In July 2023, an intense rainfall
resulted in river overflow and significant flooding. The damage caused
by this overflow led to the inundation of a tunnel, which caused the loss
of life of several trapped individuals. The Korea Meteorological
Administration (KMA) had issued heavy rain warnings during this event,
reporting a maximum hourly rainfall of 33.5 mm that lasted for three
days, until July 16, 2023.

Developing a comprehensive strategy for understanding flood dy-
namics necessitates the consideration of various factors influencing
flood susceptibility (Tehrany et al., 2015). The ability to predict intricate
relationships within extensive datasets offers a promising approach for
incorporating diverse parameters, encompassing elements such as
topography, land use, rainfall, soil characteristics, and geology (Tehrany
et al., 2015). Multidimensional analysis enables a more nuanced un-
derstanding of the interactions among these variables and their impact
on flood susceptibility.

The integration of geospatial technology with remote sensing (RS),
geographic information system (GIS), and Global Positioning System
(GPS) data has emerged as an effective approach for flood management
(Mondal and Sahoo, 2022) and provides decision makers with essential
information supporting a comprehensive approach to resilience and
adaptation in the face of evolving challenges (Albano and Sole, 2018). A
GIS can be used to gather and analyze spatial data to allow for more
informed decision-making regarding disaster mitigation and rapid
response, thereby enhancing overall resilience and preparedness
(Graymore et al., 2009). GIS technology encompasses various tech-
niques, including statistics (Machiwal et al., 2018) and machine learning
(Du et al., 2020). Statistical methods, such as the frequency ratio (FR)
technique, expand the analytical potential of GIS (Arshad et al., 2020)).
Previous studies of the effectiveness of FR models in groundwater po-
tential mapping using GIS have shown that FR models provide higher
accuracy than analytical hierarchy models. Thus, FR models are capable
of handling spatial correlations among variables and offer several ad-
vantages for spatial data analysis (Lee and Sambath, 2006).

The application of machine learning algorithm techniques further
enhances the capability of GISs in complex and adaptive spatial analyses
such as flood susceptibility mapping (Islam et al., 2021). Advanced
machine learning methods allow for sophisticated analyses of diverse
and intricate factors influencing flood risk (Dodangeh et al., 2020).
Machine learning algorithms, including Naive Bayes tree, alternating
decision tree, random forest methods (Chen et al., 2020), artificial
neural networks (Priscillia et al., 2021), and support vector machine
(Dodangeh et al., 2020) algorithms can identify intricate patterns in
large datasets, leading to more accurate predictions of disaster suscep-
tibility. Thus, the integration of machine learning algorithms allows for
more complex evaluation of the interplay between flood occurrences
and various factors such as topography, land use, and rainfall (Islam
et al., 2021), leading to the development of highly precise and reliable
flood susceptibility maps. For example, dagging and random subspace
models coupled with an artificial neural network, random forest, or
support vector machine algorithm were applied to assess flood suscep-
tibility, with an area under the receiver operating characteristic curve
(AUROC) consistently exceeding 0.80 for all models (Islam et al., 2021).

Previous studies have utilized various machine learning models to
assess and generate flood susceptibility maps. SVR is a type of machine
learning algorithm categorized under supervised learning, which aims
to find the best-fitting line or hyperplane to predict outcomes accurately
(Dodangeh et al., 2020). For instance, a previous study employed Sup-
port Vector Regression (SVR) as part of supervised machine learning to
map flood susceptibility, achieving an AUC of 83% for the training
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dataset and 82% for the testing dataset (Rezaie et al., 2022). Another
study utilized the Boosted Tree algorithm, a form of ensemble learning
(Chen et al., 2021), to map flood susceptibility in the Seoul metropolitan
city area of South Korea. This analysis yielded validation accuracies of
77.55% and 77.26% for the regression and classification algorithms,
respectively (Lee et al., 2017). On the other hand, deep learning, a
subset of machine learning, has emerged as a powerful approach for
processing complex data efficiently. Within the realm of deep learning,
recurrent neural networks (RNNs) play in sequence modeling, with long
short-term memory (LSTM) networks being a specialized architecture
within RNNs (Konget al., 2019). A previous study applied LSTM for
landslide susceptibility mapping, a validated AUC value of 0.832 was
obtained (Hamedi et al., 2022).

The objective of this study was to employ machine learning algo-
rithms, specifically support vector regression (SVR), boosted tree
(BOOST), and long short-term memory (LSTM) algorithms, to create
flood susceptibility maps that will enhance our understanding and
prediction of flood susceptibility. In contrast to conventional techniques,
this study leverages state-of-the-art technologies to generate flood sus-
ceptibility maps of accuracy and reliability. The utilization of machine
learning algorithms signifies a progressive step forward in the assess-
ment of flood risk, thereby enhancing disaster preparedness and
response initiatives in regions susceptible to flooding. Moreover,
contributing factors such as soil characteristics, vegetation, land cover,
and topographic, hydrological, and geological factors were considered
by the algorithms in flood risk assessments. Through their capacity to
discern complex relationships within vast datasets, these algorithms
provided a more nuanced and dynamic assessment of flood risk. This
information is invaluable for urban planning, infrastructure develop-
ment, and disaster management strategies, to empower communities
and authorities with actionable insights and enable the implementation
of targeted measures for flood mitigation in vulnerable regions.

2. Materials and methods
2.1. Study area

This study was conducted within an area of 984 km? in Chungju
County, Chungcheongbuk-do, South Korea (Fig. 1). Cheongju County is
located on a large alluvial plain bounded by two rivers and includes
infrastructure such as the Chungju Dam. The landscape in the eastern
region tends to be mountainous, featuring the Uam, Gunyeo, and San-
dang Mountains. The rainy season in Cheongju City is from June to
September, with the peak occurring in July. The annual precipitation
exceeds 1500 mm. The climate is temperate, with warm, humid weather
during the summer season. In July 2023, the KMA recorded the highest
rainfall amount of 33.5 mm over a span of three days in Cheongju
County.

Spatial modeling of flood susceptibility necessitates a foundational
flood inventory map delineating flood occurrence. In this study, the
flood inventory map was created utilizing 3115 flood points, identified
through existing reports, and further validated through field surveys
(Fig. 1). Subsequently, these points were randomly divided into separate
categories for testing and training. Based on the previous studies, it was
determined that an equitable distribution, with 50% of the points allo-
cated for model training and an equivalent 50% for model testing
(Nurwatik et al., 2022; Arabameri et al., 2020).

Flood occurrence is influenced by numerous factors including topo-
graphic (Khosravi et al., 2018), hydrological (Sharma et al., 2014), and
geological (Pradhan et al., 2023) factors, as well as soil characteristics,
vegetation, and land cover (Niehoff et al., 2002). The selection of vari-
ables for susceptibility modeling relies on the specific region under
consideration and the available data. Several studies have adopted
diverse sets of variables, and numerous review articles offer compre-
hensive analyses of their selection (Dodangeh et al., 2020; Fang et al.,
2021; Pradhan et al., 2023). In this study, several influencing factors
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Fig. 1. Study site (red boundary) within Cheongju County, Chungcheongbuk Province, South Korea. The colors of orange and blue indicate past flood occurrences.
(For interpretation of the references to color in this figure legend, the reader is referred to the Web version of this article.)

were considered using frequency ratio methods for generating flood
susceptibility maps using machine learning algorithms (Table 1).
Topographic factors (Fig. 2 (a)-2 (f)) used in flood susceptibility
mapping have included the slope (Bajabaa et al., 2014), aspect,
length-slope (LS) factor, wind exposure index, terrain wetness index
(TWI), and plan curvature. The slope of a terrain affects the speed and
direction of surface water runoff, impacting flood potential. The LS
factor, which is derived from both slope length and angle, provides in-
formation about terrain steepness (Popa et al., 2019). Aspect refers to
the direction faced by a slope; it affects the solar radiation distribution
and subsequently impacts surface runoff and water accumulation. Wind
exposure plays a role in altering surface water flow patterns and influ-
encing flood susceptibility in specific areas. TWI reflects the wetness of

Table 1
Factors that impact the prediction of flood susceptibility maps in Cheongju
County utilizing machine learning algorithms.

Data sources Type of factors Factors

Ministry of Land, Infrastructure and
Transport (MOLIT), Korea

Topographic Factors  Slope
Aspect
LS Factor
Wind
Exposition
TWI
Plan curvature

Sentinel-2 sattelite imagery Hydrological Factors ~ NDWI

Korea Institute of Geoscience and Mineral ~ Geological Factors Material
Resources (KIGAM), Korea Geology
National Institute of Agricultural Soil Characteristics Soil drainage
Sciences, Korea Soil depth
Deep soil
texture
Surface soil
texture

Ministry of Environment, Korea Vegetation and Land
Forest Service, Korea Cover

Land use type
Forest density

the terrain, affecting water movement. Plan curvature indicates the
curvature of the terrain, and contributes to an understanding of how
water flows across the landscape.

Hydrological parameters play a key role in determining flood sus-
ceptibility. One of the main hydrological parameters is the normalized
difference water index (NDWI) (Sharma et al., 2014). Enhanced indices
were related to water bodies were modeled using Google Earth Engine.
Various combinations of spectral bands were employed to identify water
body features in the study area. The NDWI map of Cheongju County
(Fig. 2 (g)). We classified the NDWI values throughout the research re-
gion into five groups using quantile classification. This technique was
used to enhance the efficiency of interpretation and analysis.

Geological factors (Fig. 2 (h)-2 (i)) such as material and lithology can
also influence flood occurrence. The type and composition of geological
materials in an area impacts how water interacts with the terrain and
affects drainage patterns and flooding susceptibility. For example, some
lithological formations may be more prone to water retention or infil-
tration, influencing the overall hydrological dynamics of the region
(Ferreira et al., 2015). Understanding the effects of geological charac-
teristics such as rock type and soil composition on flooding is essential
for comprehensive flood susceptibility mapping.

Soil-based parameters (Fig. 2 (j)-2 (m)) such as soil drainage, soil
depth, surface soil texture, and deep soil texture were obtained from the
National Institute of Agricultural Sciences, South Korea. Soil depth was
divided into five classes: <20, 20-50, 50-100, >100 cm, and no soil.
Deep soil texture was divided into six classes: sand, sandy loam, silt
loam, clay loam, silty clay loam, and clay. Surface soil texture was
divided into 10 classes: loamy coarse sand, loamy fine sand, loamy sand,
fine sandy loam, sandy loam, loam, clay loam, silt loam, silty clay loam,
and other. Different soil types have distinct hydrological characteristics
that affect the infiltration rate and surface runoff patterns (Hiimann
et al., 2011). Soil drainage conditions were categorized as very good,
good, slightly good, slightly poor, poor, very poor, or other. Soil
drainage is crucial for understanding flood occurrence, as it directly
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Fig. 2. Flood related factors (a) Slope, (b) Aspect, (c) LS factor (d) Wind exposure, (e) TWI (f) Plan curvature, (g) NDWI, (h) Lithology, (i) Material, (j) Drainage, (k)
Soil depth, (1) Deep soil texture, (m) Surface soil texture, Forest densities, and (o) Land cover.

influences water movement and soil absorption capacity (Kaur et al.,
2020).

Variables related to vegetation (Fig. 2 (n)-2 (0)) considered in the
flood susceptibility models included land cover type and density, which
tend to have great influence over flood risk (Tehrany et al., 2015). Forest

density was divided into four coverage categories: 50%, 51-70%, >71%,
and non-vegetation (i.e., no coverage). These categories represent
different stages of forest growth, with varying degrees of impact on soil
stability and water absorption. The intricate relationship between land
use and flood occurrence is rooted in the condition and health of the
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Fig. 2. (continued).
natural landscape. Specific land use types, e.g., urbanization, agricul- 2.2. Methodology
ture, and forestry, can have significant impacts on hydrological pro-
cesses, altering water flow patterns, infiltration rates, and runoff In this study, potentially influential variables were evaluated using
characteristics (Alexakis et al., 2014). the FR method. Flood susceptibility maps were created by applying

three machine learning algorithms: SVR, BOOST, and LSTM. The
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accuracy of the model predictions for each algorithm was assessed ac-
cording to the AUROC of each model.

2.2.1. Impacts of factors influencing flood occurrence

The FR technique is a statistical analysis method for assessing re-
lationships between a phenomenon and its associated variables in a
bivariate context (Lee and Talib, 2005) and is widely used in various
fields including landslide susceptibility mapping (Ding et al., 2016),
flood mapping (Tehrany et al., 2019), and urban planning (Park et al.,
2012). In this study, FR values were calculated for each category of
factors based on their correlation with flood susceptibility. The FR was
calculated by dividing the area of the occurrence related to the flood
variable subclass by the total study area within that subclass, as follows
(Addis, 2023a):

_Ngy/Nisy

FR ,
N /N

(€8]

where Nz, is the number of flood occurrence pixels in subclass i of the
influencing factor; N(s, is the total number of pixels in subclass i; N(p) is
the overall distribution of flood occurrence for the influencing factor,
and N(7) is the number of pixels of the total area. An FR value of 1 in-
dicates an average relationship between the influencing factor and the
flood variable, and FR > 1 indicates a strong relationship between
environmental conditions and the flood variable, whereas FR < 1 in-
dicates a weak relationship.

2.2.2. Support vector regression algorithm

The SVR technique, which is frequently employed in machine
learning applications, was developed based on principles proposed
(Cortes and Vapnik, 1995). The SVR method uses structural risk
reduction, allowing for adjustment of the training data size to the clas-
sifier’s potential, thereby enhancing generalization performance. In this
study, we adopted a radial basic function (RBF) kernel, also known as a
Gaussian kernel, as a crucial component of SVR for handling nonlinear
relationships between the input features and the target variable
(Dodangeh et al., 2020), by transforming the input features into a
higher-dimensional space where a linear relationship can be established.
The RBF kernel is particularly effective in capturing complex patterns
and relationships that may not be linearly separable in the original
feature space (Ruiz and Lopez-de-Teruel, 2001). SVR is widely used in
predicting natural occurrences such as landslides (Balogun et al., 2021),
flood susceptibility map (Rezaie et al., 2022; Saha et al., 2021) and
groundwater potential mapping (Panahi et al., 2020). Previous study in
flood susceptibility mapping, SVR uses digital elevation model,
sentinel-2 image, rainfall, soil type data to identify flood prone regions
(Saha et al., 2021).

2.2.3. Boosted tree algorithm

The BOOST algorithm is a machine learning method that utilizes
ensemble learning (Chen et al., 2021), and is widely used for stochastic
gradient boosting. The BOOST algorithm was developed based on
TreeNet, a main numerical tool of deterministic-gradient boosting (Oh
and Lee, 2017). The purpose of this sequential technique is to improve
the performance of the model by correcting errors committed in previ-
ous iterations. The technique utilizes a binary tree structure, imple-
menting a comprehensive classification and regression tree model. The
data are then partitioned into two separate samples at each split node,
enabling a thorough examination of the feature space. Each split node
has a vital function in determining the best location to divide the data,
strategically computing observed deviations and residuals for each
partition. Thorough examination at each stage enhances the algorithm’s
capacity to evaluate intricate connections within the data. The BOOST
algorithm has been shown to effectively perform regression tasks and
predictive modeling by iteratively improving its predictions and
emphasizing the most pertinent features of the dataset. It has been
applied in landslide susceptibility (Kim et al., 2018), flood susceptibility
(Lee et al., 2017), and erosion susceptibility (Chen et al., 2021).

2.2.4. Long short-term memory algorithm

Another category of deep neural network is the recurrent neural
network (RNN), in which the network output is looped back as subse-
quent input (Kong et al., 2019). LSTM is a widely used RNN that is
constructed based on a model or structure designed for sequential data
(Wang et al., 2020). The LSTM design integrates specialized memory
cells with gating mechanisms, enabling the model to retain and update
information over extended sequences without compromising crucial
details. The key components of an LSTM cell include input gates (i,),
forget gates (f;), cells (Z}), output gates (o,), and cell output state (C;)
(Graves, 2012).

The input gate determines how much new information (input data)
should be added to the cell state, as described by Eq. (2). The subsequent
methods involve determining the value for the forget gate, which rep-
resents the activation of the forget gates of memory cells. Forget gate
activation (f) is computed using Eq. (3), by taking the product of the
concatenated previous hidden state (h;_1) and the current input (x;). The

candidate cell state (E‘t) isrepresented in Eq. (4) as new information that
could be added to the cell state (C;) in Eq. (5). Thus, the following
equations define the process by which a layer of memory cells improves
at each time step, denoted as t:

ir=0(Wilhe1,x] + by), )

fe=0(Wylhe1, %] +by), @
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C, = tanh(W, [l 1,%] +b.), Q)

C=f OC1+iOC. 5)

The output gate (o,) in Eq. (6) determines how much of the updated
cell state (C,) should be exposed as the output of the current time step.
By considering the memory cells of the output state (C,), the output gate
(h,) values can be determined using Eq. (7), as follows:

0 =0(W, [he1,x] +bo), ©
h, =0, ( tanh(C,), )

where W (W, W;, W, W,) are the weighted matrices, b (bs,b; b, b,) are
the bias vectors, ¢ is a sigmoid function, x; is the input to the memory
cell layer at time t, (©) is the operation of element-wise multiplication,
and tanh is a hyperbolic tangent function. Several investigations have
indicated that the LSTM method is widely recognized in ecological and
environmental studies, particularly well-suited for modeling sequences
and time series data. For instance, previous study employeda a local
spatial sequential LSTM to forecast flood susceptibility (Fang et al.,
2021), while other studies utilized LSTM method for tasks such as
landslide susceptibility mapping (Hamedi et al., 2022), and forest fire
prediction (Lin et al., 2023; Natekar et al., 2021).
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2.2.5. Model performance validation and comparison

The AUC is an effective indicator for assessing the predictive accu-
racy of machine learning frameworks (Oh and Lee, 2017). The model
results must be validated using data not applied during the training
phase to ensure the scientific reliability of the outcomes (Panahi et al.,
2020). The AUC is calculated on both training and testing datasets to
determine the success and prediction rates, respectively. The success
rate indicates the model’s ability to faithfully depict the data collected;
the prediction rate curve illustrates the model’s efficacy in producing
accurate predictions (Arora et al., 2021a).

3. Results
3.1. Relationships between flooding occurrence and related factors

The FR model was employed to evaluate the relationship between
the incidence of floods and the characteristics of contributing factors.
The distribution of flood occurrences was examined through FR meth-
odologies to identify the impact of potentially influential variables.
Topographic factors that affected flood occurrence included slope,
aspect, LS factor, wind exposure, TWI, and plan curvature (Fig. 3).
Additionally, (Table S1) provides a detailed description of the weighting
for the FR. Previous study has demonstrated the correlation between
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slopes and surface water runoff, thereby considerably increasing the risk
of floods. Meanwhile, aspect is attributed to hydrodynamics, influencing
flow patterns and flood (Yariyan et al., 2020). This study reveals a
notable susceptibility in areas categorized as flat-class and low slope. For
the slope factor, class 0 had the greatest influence on flood occurrence,
with an FR value of 2.356. Specifically, flooding occurred on flat terrain,
with FR values for aspect and plan curvature of 2.952 and 1.459,
respectively. The LS factor exhibited a notable influence, particularly in
class 0-1.89, where it attained an FR value of 2.082. A previous study
unveiled the correlation between wind-driven surface currents, and
circulation patterns within water bodies (Sakai et al., 2009). Meanwhile,
the TWI emerges as a factor in hydrological analyses (Sgrensen et al.,
2006). Similarly, wind exposure strongly influenced the 0.78-0.91 class,
with an FR value of 2.995. TWI played a crucial role in flood occurrence,
particularly in class 11.94-22.41, with an FR value of 2.925.

NDWI can effectively differentiate between water and non-water
features, informing wet areas (high NDWI) and contributing to the
comprehension of hydrological processes, including water availability,

distribution, and movement within a landscape (Teng et al., 2021). The
hydrological factors influencing flood occurrence (Fig. 3), where the
impact was identified using the NDWI. NDWI values in high the range of
—0.57 to —0.39 were strongly related to flood occurrence, as indicated
by an FR value of 2.625.

The geological factors can influencing flood occurrence (Fig. 3).
Notably, quaternary rock exerted an impact on flood occurrence, with
an FR value of 4.175. Additionally, flood occurrences in the Cheongju
region are most prevalent in the Qa area (Fig. 3), showcasing FR values
of 1.986 (Table S1). Geological characteristics and dynamic processes
during the Quaternary period could impact flood occurrence, attribut-
able to factors such as loose sediment composition and historical glacial
activity (Panin et al., 2020; Zhang et al., 2024).

Soil characteristics emerged as key factors influencing flood occur-
rence (Fig. 3). Slightly good soil drainage conditions exhibited the
highest FR value of 4.291. The FR value for the <20 cm soil depth class
was 2.488. Deep soil texture significantly impacted flood susceptibility,
particularly in the silt loam class, which had an FR value of 8.994. Fine
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sandy loam surface soil had an FR value of 5.325. The impact of land use
and forest density on flood occurrence (Fig. 3). Residential plantations
strongly influenced flood occurrence, with an FR value of 7.897. Forest
density, particularly on non-forested land, also influenced flood occur-
rence, with an FR value of 1.800. The findings indicate a correlation
between flood occurrences and paddy fields, indicating that these areas
frequently function as flood-prone reservoirs (Okazawa et al., 2011).
While the forested areas demonstrate greater soil stability and water
absorption capacity, thereby reducing susceptibility to flooding. In
contrast, non-forested regions exhibit inefficient water absorption,
resulting in heightened runoff and flooding during flood events (Shah
et al., 2022).

Flood susceptibility maps generated using the LSTM, SVR, and
BOOST algorithms divided flood susceptibility into five classes: very
low, low, moderate, high, and very high, using the quantile method
(Fig. 4). The resulting maps demonstrate the efficacy and adaptability of
these algorithms in identifying regions susceptible to flooding.

Our thorough assessment of the precision of the machine learning
models used in this study was based on the AUROC (Fig. 5). In the
training phase, the SVR, BOOST, and LSTM models displayed AUROC
values of 83.16%, 86.70%, and 87.01%, respectively. In the testing
phase, the models demonstrated robust predictive capability, with
AUROC values of 81.65%, 86.43%, and 86.91%, respectively. The pre-
dictive efficacy of the models was categorized within five distinct
AUROC intervals: failed (0.5-0.6), poor (0.6-0.7), fair (0.7-0.8), good
(0.8-0.9), and excellent (0.9-1.0) (Addis, 2023b; Arora et al., 2021a;
Fressard et al., 2014).

4. Discussion

Identifying the factors that impact flood events is a crucial initial
phase in flood susceptibility mapping. It is essential to utilize correlation
tests to assess the multicollinearity among influential factors, as their
relationships significantly influence the outcome of the prediction
model. Increasing the number of potentially influential factors included

in the model increases the intricacy of the data dimensions, resulting in
reduced model performance and compromised generalization ability
(Surbakti et al., 2020). Therefore, an optimal combination of variables
must be determined by eliminating correlated and insignificant factors.
In this study, we investigated 20 factors for flood susceptibility mapping
based on the available data. The results of Pearson correlation analyses
revealed a maximum acceptable linear correlation of 0.7 among the
selected factors (Hong et al., 2018; Tehrany et al., 2019), and identified
15 influential factors (Table 1). To generate flood vulnerability maps, we
conducted Pearson correlation analysis between flood events and these
15 influencing factors. A weak linear correlation was found among the
factors (Fig. S1), indicating a high degree of independence among the
variables, contributing to the robustness of our flood susceptibility
assessment.

This study used information gain ratio (IGR) approaches to identify
factors with significant prediction potential and evaluate linear corre-
lation and multicollinearity among these factors (Chan et al., 2022). The
findings of the IGR analysis indicated that forest density, soil depth, LS
factor, land use type, and slope had a greater capacity to predict the
spatial distribution of flood susceptibility (Fig. 6). Previous studies have
highlighted the potential role of forests in mitigating flood risks,
attributing their impact to the hydrological cycle through reduced
rainfall interception, evapotranspiration, and infiltration, resulting in
increased runoff (Shuster et al., 2005). Previous studies evaluating flood
susceptibility have also emphasized the essential role of soil properties,
including parameters such as soil depth, in controlling water absorption
and runoff (Hiimann et al., 2011). The results of the current study
demonstrate the close relationship between topography and flood sus-
ceptibility by considering the potential risk of soil erosion. The LS factor,
which indicates vulnerability to soil erosion, is a key consideration in the
assessment of flood occurrence (Popa et al., 2019). Our flood suscepti-
bility maps predicted flood occurrence in regions characterized by
paddy fields, business zones, orchards, and residential plantations. The
integration of land use data into flood susceptibility models provides
insights into the hydrological consequences and potential flood hazards
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linked to urbanization (Alexakis et al., 2014). The flood susceptibility
maps revealed higher flood occurrence risk in areas characterized by
low slopes. In a previous study, the consideration of slope as a factor in
flood susceptibility revealed that lower slopes tended to favor flood
occurrence (Bajabaa et al., 2014).

In this study, we used frequency analysis to examine variables
affecting flood susceptibility and their interrelationships, in keeping
with prior flood susceptibility analyses (Arora et al., 2021b; Rahmati
et al., 2016). Flood susceptibility maps were produced based on SVR,
BOOST, and LSTM modeling and showed similar patterns, with AUROC
values of 83.16%, 86.70%, and 87.01%, respectively. The accuracy of
the three hybrid models introduced in this study indicate that they may
be used as references for future research, focusing primarily on evalu-
ating flash flood susceptibility in specific regions. However, some
studies have reported higher AUROC values for hybrid models in flood
susceptibility mapping. For example, a flood susceptibility model based
on an SVR-based genetic algorithm had an AUROC of 75% (Dodangeh
et al., 2020). BOOST is an ensemble learning method that can be
regarded as a subset within the broader category of decision tree algo-
rithms. A BOOST model supported by 12 influential factors applied by
Lee et al. (2017) showed good capability for flood susceptibility map-
ping of Seoul, Korea, with an AUROC of 77.26%. In another study, flood
susceptibility in Shangyou County, China was predicted using an LSTM
algorithm with an optimized local spatial sequence algorithm, obtaining
an AUROC value of 93.75%, indicating excellent prediction perfor-
mance (Fang et al., 2021). Optimization algorithms can enhance the
performance of machine learning models (Arora et al., 2021a; Fang
et al., 2021; Pham et al., 2021). Investigations of machine learning
model performance have revealed that their predictive capacity is
influenced by the ratio of training and testing data (Nguyen et al., 2021;
Nurwatik et al., 2022).

This study demonstrates the utilization of machine learning algo-
rithms for flood susceptibility mapping, highlighting the drawbacks of
current approaches. The limitation is a need for additional methods to
optimize hyperparameters. The results of the current study contribute to
efforts to identify the factors influencing flood susceptibility. Never-
theless, this study had other limitation regarding rainfall distribution
data, which was unavailable for our study region. Additionally, there is a
lack of high-quality current meteorological maps for the area. These
absences may have affected the accuracy of the flood susceptibility
model results. In future studies, it is recommended to explore optimi-
zation algorithms to identify the flood susceptibility models. Recent
developments in machine learning optimization approaches provide
potential to improve predicted accuracy and optimize the model (Jaafari
et al., 2022; Kaveh et al., 2022). Furthermore, the combination of other
geographical data, such as meteorological data and human activity,
might improve flood susceptibility maps. Previous studies have high-
lighted the significance of rainfall in predicting flood occurrence
(Khosravi et al., 2018; Priscillia et al., 2021; Tehrany et al., 2015).

5. Conclusion

This study thoroughly examined the mechanisms underlying flood-
ing occurrence in Cheongju County, South Korea using field survey-
derived flood occurrence data through in-depth analysis of the correla-
tions between flood occurrence and 15 factors: slope, aspect, LS factor,
wind exposition index, TWI, plan curvature, NDWI, material, geology,
soil drainage, soil depth, deep soil texture, surface soil texture, land use
type, and forest density. The SVR, BOOST, and LSTM algorithms effec-
tively created flood susceptibility maps, among which LSTM produced
the most accurate map, as shown by the high AUC values during both
training and testing phases. In the training phase, SVR, BOOST, and
LSTM achieved AUC values of 83.16%, 86.70%, and 87.01%, respec-
tively. In the testing phase, these models demonstrated robust predictive
capabilities, with AUC values of 81.65%, 86.43%, and 86.91%, respec-
tively. The results of this study provide a broad perspective of the factors
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influencing flood susceptibility and highlight the importance of using
advanced techniques to assess flood risks, while offering helpful insights
into the better implementation of appropriate flood risk mitigation
measures, allowing decision-makers to create informed strategies for
faster, more proactive disaster responses, leading to improved
resiliency.
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