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Flood events have the potential to impact every aspect of life, economic loss and
casualties can quickly be coupled with damages to agricultural land, infrastructure,
and water quality. Creating flood susceptibility maps is an effective manner that
equips communities with valuable information to help them prepare for and
cope with the impacts of potential floods. Flood indexing and forecasting are
nonetheless complex because multiple external parameters influence flooding.
Accordingly, this study explores the potential of utilizing artificial intelligence
(Al) techniques, including clustering and neural networks, to develop a flooding
susceptibility index (namely, NeuralFlood) that considers multiple factors that are
not generally considered otherwise. By comparing four different sub-indices, we
aim to create a comprehensive index that captures unique characteristics not
found in existing methods. The use of clustering algorithms, model tuning, and
multiple neural layers produced insightful outcomes for county-level data. Overall,
the four sub-indices’ models yielded accurate results for lower classes (accuracy of
0.87), but higher classes had reduced true positive rates (overall average accuracy
of 0.68 for all classes). Our findings aid decision-makers in effectively allocating
resources and identifying high-risk areas for mitigation.

KEYWORDS

Al-driven index, Artificial Neural Network (ANN), clustering, deep learning, flood
susceptibility index

1. Introduction and motivation

The dangers of flooding are widespread and can leave communities vulnerable within
a few hours of occurrence (Smith, 2023). In the United States alone, $177.9 billion has
been lost to inland flooding events that exceed $1 billion in cost from 1980 to 2022 (Smith,
2023). These statistics disregard the costs of less severe floods that can still cause harm to
human health and infrastructure (Environmental Protection Agency, 2022). Every aspect
of a community’s lifestyle is at risk during flooding events. On agricultural land, flooding
can cause the loss of crops, equipment, and valuable soil quality (Warner et al., 2017). In
urban settings, household items, electrical utilities, and public transportation services can
be damaged or destroyed (Micu, 2022). The sediment, bacteria, and pesticides captured
inside cities can be transported to neighboring water-bodies and ecosystems, potentially
carrying pollution to water with both anthropogenic and natural uses. On a societal level,
besides causing fatalities, flooding can introduce high-stress levels among individuals that
continue after the disaster (Stanke et al., 2012). Relationships and welfare suffer even after
the water recedes.

In recent years, flood events have experienced changes in frequency and severity. In
the United States, river and stream flooding have grown in magnitude in the Northeast
and Midwest regions (Mallakpour and Villarini, 2015). Similarly, the Northeast, Pacific
Northwest, and Northern Great Plains have experienced more frequent large floods. Other
regions, such as the West, southern Appalachia, and northern Michigan, have had less
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flooding frequencies, thus further bolstering the coincidence of
floods fluctuations with changes in heavy rainfall events. Overall,
flooding disasters have increased by 134% since 2000 compared
to the two previous decades (World Meteorological Organization,
2021). The dangers of climate change are evident-flood risks are
predicted to increase with each degree of global warming (IPCC,
2021). If these trends continue, communities will require novel
strategies for preparing for flooding disasters.

Flood susceptibility maps can be invaluable tools for
understanding an individual’s possibility of experiencing a
flood event based on their geographic location. Most flood maps
(i.e., indices) that are readily available to the public will show
“risk” zones and indicate that risk from “low” to “high,” such
as the National Risk Index (NRI) from the Federal Emergency
Management Agency (FEMA, 2023). Some maps consider the
effects of climate change on disaster events, like the First Street
Foundation Flood Model (Bates et al., 2021). However, the issue
stands that these maps can take monumental effort, time, and
funding. As the public searches for accurate (and data-driven)
flood risk maps, confusion can grow about which source presents
the most accurate results. Each published mapping system utilizes
different qualities and quantities of data, as well as different
modeling strategies. Maps can utilize only hydrological data,
including Digital Elevation Models (DEMs), river hydrology
networks, and land cover, or they can also include community
data, like population density and wealth factors. The final challenge
lies in accurately analyzing the numerous data.

1.1. The need for Al

The power of artificial intelligence (AI) has proven invaluable
as the technology has advanced (Batarseh and Freeman, 2022). As
emphasized by Batarseh and Kulkarni, integrating explainable AI
into the water sector is crucial. In contrast to other models, Al
models can (1) use increasing amounts of data (i.e., big data) and
(2) identify patterns and correlations between data where humans
cannot. Many researchers have agreed and even experienced the
difficulties of using Al for the geo-sciences. Mainly, data collection
and validity limitations create obstacles (Batarseh and Freeman,
2022). Nevertheless, as data improve and grow, the discovery of
geo-science data relationships using Al technologies could have
significant results. Al has already begun to establish a foothold in
designing flood susceptibility maps (Tien Bui et al., 2016; Rahman
et al., 2019; Priscillia et al., 2021). This study applies an Artificial
Neural Network (ANN) to three hydrologically independent states
in the United States: Kansas, Nevada, and Virginia; to produce
a flood susceptibility index map. By considering locations with
three different geographies, land uses, hydrology networks, and
population densities, the model is tested for its ability to transfer
classification accurately. In previous literature, AI was mainly
applied to case studies, generally a watershed or sub-watershed.
In doing so, the data collected must be more detailed and, thus,
generally more time-consuming to collect and clean. In contrast,
the data collected for this study are on a county-level scale
to expedite the data collection rate and examine how coarser
data will affect the output susceptibility map results. Although

Frontiersin Water

10.3389/frwa.2023.1291305

precise susceptibility maps ideally require data and information
obtained at spatial resolutions finer than that of counties, our
model operates based on data availability (public sources). Given
the accessibility of county-level data, the model is designed to
leverage this information for its data-driven approach. Given the
input boundaries, the outputs were determined within counties.
The output flood susceptibility map was then presented as an
index using the historical flood events. During validation, the
results were analyzed against the NRI riverine flooding risk indices
due to FEMASs quality of methodology and ability to reach
the public.

1.2. Flooding indices

In the past decades, the introduction of remote sensing (RS),
GIS, and data-driven tools technology have created an irreplaceable
set of tools in analyzing flood susceptibility and modeling
(Hapuarachchi et al., 2011). Using open-source data, researchers
have used RS and GIS to study natural disasters. According to Duan
et al. (2022) studies of flood susceptibility assessments experienced
an upward trend beginning in 2007. Many of the same variables
used in this study were included in these models, such as land
use, precipitation, and slope. Nevertheless, difficulties arose in the
validity of the data and the appropriate statistical model to use for
accurate results (Collier, 2007). As RS capabilities have improved
with machine learning (ML) assistance and aerospace technology
advancement, various statistical methods for producing flood
susceptibility maps have emerged (Wu et al., 2019). After discussing
the literature that utilizes statistical probability strategies, models
that use Al are presented.

A wide range of statistical models have been developed to
produce flood susceptibility maps. Rahmati et al. (2016) proposed
a flood hazard zoning technique that used multi-criteria decision
analysis. A case study of a river basin was again used, but only
four parameters were included-distance to channels, land use,
elevation, and slope. Hydrologists reclassified and weighted the
four factors, producing a normalized rate based on the sum of rates.
This normalized rate resulted in a flood hazard map. Additionally,
the Hydrologic Engineering Center River Analysis System (HEC-
RAS) was used with the DEM to produce 50- and 100-year floods.
Thus, validation was performed by visually overlaying the flood
hazard map with the flood inundation maps from HEC-RAS. The
results from validation indicated a similarity between the flood
hazard map and the inundation maps, indicating that the four
factors included in the model hold significance. However, both the
constraints of a case study and the absence of numerical validation
are to be considered.

In contrast to case studying, Sampson et al. (2015) produced
a global flood hazard model. Using globally available data at
90-kilometer spatial resolution, a near-automated model using
regression-based GIS functions was used to merge the results
from the hydraulic engine to create a flood hazard map. The
results were validated using performance metrics of Hit Rate, False
Alarm Ratio, and Critical Success Index. Given the flood extents
from benchmark Canada and United Kingdom (UK) datasets,
the model captured 66-75% of the area at risk. Also, as data

frontiersin.org


https://doi.org/10.3389/frwa.2023.1291305
https://www.frontiersin.org/journals/water
https://www.frontiersin.org

Lin et al.

resolution increased, the success rates increased significantly. Given
the success rates of the study, factors such as land cover, hydrology
networks, and community factors (i.e., population density) were
established as critical variables in considering flood susceptibility.
Nonetheless, the processing time for a 100 x 100 grid was estimated
to reach 2,000 hours if using a conventional CPU processor (not a
GPU). Other concerns include the coarseness of data used and the
validation techniques that only considered climates within Canada
and the UK.

Cao et al. (2016) introduced a flood susceptibility mapping
approach using frequency ratio (FR) and statistical index (SI)
methods in 2016 that similarly used geographic data in a case
study. However, additional factors such as stream power index
(SPI), topographic wetness index (TWI), and heavy rain events
were included in the parameters. FR and SI used 70% of the flooding
locations in the study area for training, while the other 30% was
used for validation. Based on the validation techniques, the FR
model was more appropriate for the study area, presumably because
the FR method better reflected the geographic anomalies of the
area. Since the classification of each parameter was used, as in
the previously mentioned literature, the researchers considered the
benefits of each classification method, concluding that the natural
break method reduced variance within classes and between classes.
In 2018, the Chicago Metropolitan Agency for Planning (CMAP)
developed a regional flooding susceptibility index to evaluate urban
and river flooding in Illinois. After carefully evaluating various
methodologies, CMAP chose the frequency ratio approach as the
most suitable statistical model (Chicago Metropolitan Agency for
Planning, 2018). This approach allows for examining relationships
between the distribution of flooding sites and relevant factors
contributing to flooding. Once the index was formulated, CMAP
conducted tests using a random sample of reported flood locations.
The results demonstrated a strong correlation between the highest
index levels and the actual occurrence of flooding in those locations,
indicating the potential effectiveness of the developed index.

In 2020, a publicly available flood susceptibility map was
released by Bates et al. The First Street Foundation Flood
Model (FSF-FM) resulted from a combined model of fluvial,
pluvial, and coastal flood risks, considering the present and
future climate changes. The FSF-FM’s arrival was coupled with
multiple flood modeling innovations. First, researchers used
the flood frequency analysis method rather than rainfall-driven
hydrological models. In doing so, it was possible to use
regionalization methods to predict the characteristics of un-gauged
locations. Second, the modifications of flooding events caused by
anthropogenic infrastructure were modeled through “gray” and
“green” infrastructure. The “gray” infrastructure simulated levees,
dams, ditches, etc., while the “green” infrastructure simulated
constructed wetlands, living shorelines, etc. The categorization
of flood adaptation infrastructure allowed for more accurate
infiltration and flow rates. Finally, the FSF-FM used cumulative
statistics that combined the fluvial and pluvial hazard layers with
weights unique to each basin based on historical analysis. Given the
amount of incoming data and computational layers in the study,
not every hazard layer could be specifically calculated. Thus, a
non-linear logarithmic relationship was applied to the given data.
Although the FSF-FM yielded Critical Success Index values of

Frontiersin Water

10.3389/frwa.2023.1291305

0.69-0.82 when compared to other high-quality models, the project
again required a large team of experts, without considering multiple
geographical areas (such as the difference between coasts, cities, and
rural towns).

1.3. Using Al for flood indices—A brief
review

The potential benefits of applying AI to the water sector
have grown immensely (Batarseh and Kulkarni, 2023). In 2016,
an Al algorithm based on a neural fuzzy inference system and
metaheuristic optimization was designed for flood susceptibility
modeling (Tien Bui et al, 2016). In the case study, Tien Bui
et al. examined the Tuong Duong district of Vietnam, an area
with a consistent tropical cyclone season. Ten variables were
chosen as data inputs which were all compiled in a GIS database,
including slope, elevation, rainfall, and other hydrologic factors.
The model consisted of a five-layered feed-forward neural fuzzy
network. Evolutionary Genetic optimization and Particle Swarm
optimization were then used to search for the best values of
antecedent and consequent parameters in the network. The
Pearson correlation with a 10-fold cross-validation process was
also used to analyze the predictive power of the ten variables,
resulting in elevation producing the highest predictive power and
curvature producing the lowest predictive power. By combining
the neural fuzzy network and the two optimization algorithms, a
relatively accurate flood susceptibility map was constructed with
high statistical success. Nonetheless, the drawbacks of the case
study are evident and the validation techniques did not include
a comparison against other flood maps, and the method only
considers one data source.

A different technique using ML and multi-criteria decision
analysis was proposed by Rahman et al. (2019). The flood-
independent variables-DEM, soil tract map, and land use map-
were collected for the country of Bangladesh. Unlike the previously
mentioned model, flood-dependent variables were included by
calculating flood inundation maps using RS data. The study
compared the application of an ANN, analytical hierarchy process
(AHP), logistic regression (LR), and frequency ratio (FR). Since
weak points have been observed in individual models, an integrated
model was also designed based on the validation results of the prior
methods. Overall, the LR model produced the highest prediction
rate, followed by the FR model. Eleven integrated model maps were
created and generally presented better predictions. As in Tien Bui et
al.’s research, the value of integrated models is emphasized. Further
testing using the highest-performing model in different locations
could identify any need for optimization.

Though the power of integrated models was demonstrated
by Rahman et al, the efficacy of an individual ANN model in
flood susceptibility assessments was later exhibited by Priscillia et
al. The study compares three models: ANN, k-Nearest Neighbors
(k-NN), and Support Vector Machines (SVM). As in previous
works, hydrologic inputs such as elevation, slope, land cover, soil
type, and precipitation are used. After training the models, the
validation process involved using environmental factors alongside
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satellite imagery to back-predict historical flood events. The
Synthetic Minority Oversampling Technique (SMOTE) balanced
both flooded and non-flooded conditions due to the infrequency
of flooded events (Chawla et al., 2002). Validation was evaluated
through classifiers using Precision, Recall, and the Fl1-score to
account for the shortage of flood instances.

Based on the validation techniques, the ANN model performed
the highest. Despite the ANN model performing the best, the
imbalanced dataset produced poor results. Since the researchers
were basing success on the ability of the susceptibility assessment
to predict which villages would be affected by a flood event in
the next month, factors such as position in the monsoon cycle
may have affected the results. Overall, the study emphasized
the importance of rebalancing the dataset but failed to consider
multiple geographical locations or include multiple external factors,
as we present in the models built into the NeuralFlood index.

1.4. Research questions

Our contribution via this study incorporates numerous novel
factors (twelve) and variables (thirty) into AI models. We leverage
clustering and deep learning to create flooding susceptibility indices
that provide insight for helping policy and decision-making,
emergency response, and identifying high-risk geographical areas
and watersheds.

In this study, the following research questions are formulated:

e RQ#1: How do multiple factors of flooding events contribute
to a neural networks-based flooding susceptibility index?

e RQ#2: Will neural network model(s) have accurate flood
indexing results when applied between three hydrological
unique study areas (i.e., geographical contexts)?

Those two questions are answered via the NeuralFlood
workflow; the experimental design and data used for evaluation are
introduced next.

2. Experimental setup

This section presents the empirical process that we used to
evaluate NeuralFlood.

2.1. Data sources and descriptions

The data collected for the AI model resulted in 11 variables
used as inputs (independent variables). All data are publicly
available (i.e., open access) in the United States. Data used in this
study were collected from the National Oceanic and Atmospheric
Administration (NOAA), the United States Geological Survey
(USGS), and the United States Department of Agriculture (USDA).
Although most of the inputs were geographic data, some factors,
including population density, were societal data. For data that
are not time-bound, such as elevation, slope degree, and so on,
the most recent available source was used. The earliest data are
from 2019. For time-bound data, collections ranged from 2010
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to 2022. Each impact factor includes monthly data, average (i),
standard deviation (std), range, 90th percentile (Pct90), total (sum),
anomalies (anomaly), and county ranking (rank), density and
area. Table | illustrates the factors inputted into the model, the
description, the source, and the data format. Regarding the data
format, spatial and non-spatial data distinguish between data
derived from a raster or GIS file vs. a flat, 2-dimensional source.

The DEMs are downloaded from USGS; they are provided by
the 3D Elevation Program (3DEP). 3DEP data serves as an elevation
dataset that consists of seamless layers and a high-resolution
layer that scientists use for hydrologic modeling. The USGS data
download website is open access and available to all users.! A
1-arc second-resolution, ~30-meter-resolution, is used, for dates
between 2019 to 2022. Data manipulations applied to the original
DEM files included: merging and trimming datasets to fit their
respective states. Slope degree, curvature, and flow accumulation
were derived from the DEMs using ArcGIS Pro. All spatial data
were stored as raster files that are then analyzed. The county
boundary shapefiles were downloaded from the 2023 TIGER/Line
dataset available through the Census Bureau.? The shapefiles
represent the 118th Congressional District legal boundaries. Since
spatial data are provided in a format intended for GIS use,
all spatial data are first processed using ArcGIS Pro and its
respective functions. After processing in ArcGIS Pro, spatial data
are converted into a tabular CSV format with county-level numeric
values to be later fed to the model.

2.2. Data preprocessing

Data preprocessing involves the utilization of three primary
techniques: correlation analysis, resampling, and scaling.

2.2.1. Pearson correlation

In this analysis, the p-value is employed to assess the
significance of the relationship between variables, particularly in
the context of flood vulnerability. Utilizing a significance level
of 0.05, the p-value helps determine whether the link between
factors like topography, soil type, land use, precipitation, and
flood susceptibility is statistically significant. By calculating the
Pearson correlation coefficient and examining the associated p-
value for each factor, the analysis gauges the strength of these
relationships. A lower p-value indicates stronger evidence of a
meaningful association. In building index models, any variable with
a p-value below 0.05 is excluded from consideration as an input for
that specific index model.

2.2.2. Imbalanced datasets

Imbalanced datasets can pose a challenge for machine learning
models since they tend to favor the majority class, leading to
poor performance in predicting the minority class. In the case of
flooding, a model may be effective at classifying non-flood events

1 https://apps.nationalmap.gov/downloader/

2 https://www.census.gov/data.html
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TABLE 1 NeuralFlood variables (used for modeling) with corresponding descriptions.

Factor

Elevation? (m)

Description

The height above a reference datum. Lower areas are more prone
to flooding due to their proximity to water bodies and natural
drainage patterns.

10.3389/frwa.2023.1291305

Data

I, std, min, max, range, sum, Pct90

Slope degree “ (°)

The measure of terrain steepness represents the first derivative of
the terrain model, indicating the rate of elevation change.
Controls the flow velocity.

1L, 0, min, max, range, sum, Pct90

Curvature® (rad/m)

The measurement of terrain curvature, representing the second
derivative of the terrain model. It characterizes geomorphic
qualities, including flat, concave, and convex shapes.

I, 0, min, max, range, sum, Pct90

Flow accumulation®

The accumulated weight of all land flows moving downslope.
Dictates the direction of water flow.

I, 0, min, max, range, sum, Pct90

Precipitationh'c (inches)

Monthly precipitation record from 2010 to 2022. Increased
precipitation can lead to increased flooding.

PCP, rank, anomaly, ju (from 1901
to 2000)

Temperature”“ (°F)

Monthly temperature record from 2010 to 2022. Temperature
changes can alter precipitation and soil moisture levels.

T(min, max, j), rank(min, max, jv), anomaly(min, max, )

Population density? (persons/km?) The total number of persons in an area divided by the land areain | density
km?. Higher density is prone to more flood risk.

Drought intensity®¢ Categorical percentages for DO to D4 indicate drought severity, DO (0-100%)
ranging from the least to the most intense. It is further evaluated D1 (0-100%)
using the Drought Severity and Coverage Index (DSCI), a D2 (0-100%)
weighted sum of the percentages in DO through D4. D3 (0-100%)

D4 (0-100%)
DSCI (0-500)

Land area? (km?)

The total area of land in km? within a jurisdiction.

area

Water area (km?)

The total water area in km? within a jurisdiction.

area

Housing density? (house unit/km?)

The total number of house units in an area divided by the land

density

impervious cover.

area in km?. More housing, higher flood risk, increased

Historical flooding® (model output)

frequency, and location.

The recorded measurements of flooding concerning duration,

FTD, FFTD, FOC, FFOC

2U.S. Geological Survey.
PNCEL

‘NOAA.

4U.S. Census Bureau.
€USDA.

(class 0) but not as effective at classifying flood events (class 1). A
flooding index should be developed in a manner that can identify
all ranges and variations of floods. To address this issue, we use
both oversampling and undersampling techniques to balance the
dataset, recognizing that larger-scale floods are relatively infrequent
compared to smaller ones (Chawla et al., 2002). We consider this
aspect in our experimental design.

2.2.3. Standardization scaling

All data are normalized using standardization before feeding
to the ANN model. Standardization assists in removing the
effects of different data scales. When features in a dataset have
different scales, the model may give more weight to features with
larger values. This can cause biased predictions and inaccurate
results. Standardizing the data ensures that each feature has equal
importance when feeding the model.

The objective standardization scaling function is:

xX—
o

z=

Here, u is set to 0 and o is set to 1. This ensures that each data
point, denoted as x, is scaled to have both a zero mean and unit
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variance. The next section presents this paper’s main contribution,
NeuralFlood.

3. Methodology: NeuralFlood

The diagram in Figure 1 illustrates the high-level procedural
overview of the methodology. NeuralFlood consists of three main
pillars: data-driven indexing, using clustering for labeling, and
deep learning. NeuralFlood consists of four sub-indices, two for
regular and flash flood time durations (FTD and FFTD), and two
for regular and flash flood occurrence counts (FOC and FFOC).
We adopt the definitions the National Weather Service (NWS)
described: floods last longer than flash floods. Flooding can go on
for days or even weeks. On the other hand, a flash flood occurs
when there is a high volume of heavy rain in a short span, usually
<6 h (National Weather Service, n.d).

3.1. Flood susceptibility indexing

The flood history, often referred to as the disaster experience,
suggests that areas with a significant flood history possess a certain
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FIGURE 1
Procedural pipeline for NeuralFlood.

level of adaptation capacity. As a result, these areas also exhibit a
higher probability of experiencing future flood events (Zong and
Tooley, 2003; Chang and Chen, 2016). In this study, the number of
flood occurrences and total duration in minutes within a month are
used to label flood susceptibility using K-means clustering.

Previous research in the study areas exclusively employed
binary variables (Bui et al., 2018; Darabi et al., 2019) to determine
the presence or absence of floods as dependent variables. In
contrast, our study deviates from this approach by employing the
number of flooding occurrences and the total duration of flooding
to determine the flood susceptibility index.

3.2. K-means clustering

The K-means clustering method is advantageous in identifying
regions with similar flood patterns and duration (Zhang, 2022).

Frontiersin Water
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By pinpointing these areas, we can prioritize flood prevention
measures and allocate resources to the most vulnerable regions.
Once the k-means clustering has been performed, we can use
the resulting clusters (as labels) to create a Flood Susceptibility
Index. An effective method could include assigning each cluster a
score based on the frequency or severity of flood occurrences in
that cluster.
The objective K-means clustering function is:

m K

J=Y > walld — el

i=1 k=1

where wy = 1 for datapoint x' if it belongs to cluster k. wy
is otherwise equal to 0. The centroid of the cluster is (. The
technique involves minimizing J with respect to the other variables,
assigning the data point x' to the closest cluster based on its sum of
squared distance from the cluster’s centroid.
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—e— Flood Occurrence Count
—o— Flash Flood Occurrence Count

4 6 8 10
Number of Clusters

N A

FIGURE 2
Two elbow diagrams: (left) occurrence count and (right) total duration.

lel0

2.0 —e— Flood Total Duration (Minutes)
—e— Flash Flood Total Duration (Minutes)

Number of Clusters

TABLE 2 Flood and flash flood susceptibility index based on total
duration (FTD, FFTD).

FTD Total duration FFTD Total duration
(minutes) (minutes)

1 0-1,170 1 0-1,650

2 1,186-3,972 2 1,665-6,000

3 4,320-12,770 3 6,214-15,280

4 17,535-27,359 4 23,039-29,009

5 43,119-45,419 5 43,199-54,718

3.3. ANN for flooding indices

ANNs are a type of deep learning algorithm that are well-
suited for modeling complex, nonlinear relationships between
variables, such as the case at hand (Mijwel, 2018). In the context
of flooding, in our study, ANN is used to create a flood index
by predicting the likelihood of flooding based on the listed 12
factors. The indices range from 1 to 7 (occurrence count) and 1
to 5 (total duration). Additionally, ANN can be trained on large
datasets and can incorporate new data or features as they become
available, allowing for continuous improvement of the flooding
index over time.

To use ANN for finding a flooding index, we first need to gather
data on the variables that affect flood occurrences (Khoirunisa et al.,
2021). These data are used to train the ANN, which involves feeding
the algorithm a set of input data along with the corresponding
output, the flood susceptibility index. The ANN then learns to map
the input data to the output, adjusting its parameters in response to
the training data. Once the ANN has been trained, it can be used to
classify unseen data.

However, there are some potential challenges to using ANN for
finding a flood index (Bentivoglio et al.,, 2022). One challenge is
that the algorithm may overfit the training data, meaning that it
performs well on the training data but poorly on new data.
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TABLE 3 Flash flood and flood susceptibility index based on occurrence
count (FOC, FFOC).

FOC Occurrence count

FFOC Occurrence count ‘

1 0 1 0

2 1 2 1

3 2 3 2-3

4 3-4 4 4-6

5 5-7 5 7-10
6 8-12 6 11-18
7 14-20 7 20-31

TABLE 4 NeuralFlood ANN model results.

Index Accuracy Precision Recall F1 score
FTD 0.7914 0.3656 03256 03249
FFTD 0.8697 03112 03003 03052
FOC 0507 03039 03163 03049
FFOC 0.5348 0.3542 03127 0.3216

4. Experimental results

This section presents the outcomes of our NeuralFlood study.
Each index demonstrates distinct and strong correlations with
specific factors, leading to the inclusion or exclusion of different
sets of factors in each index.

Before performing k-means clustering on the number of
occurrences and total flood duration, we used an elbow diagram
to determine the suitable number of clusters for the dataset. In the
elbow diagram, the inertia represents the sum of squared distances
of samples to their closest cluster center. It is a measure of how
compact the clusters are. A lower inertia indicates better clustering.
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FIGURE 3

Receiver operating characteristic curves—per index: (A) FTD, (B) FFTD, (C) FOC, and (D) FFOC.

We used a logarithmic scale instead of a normal scale for the elbow
diagram to better visualize the differences in inertia scores.

The results of the elbow diagrams in Figure 2, indicated that
having seven clusters achieved the best score for the flooding
susceptibility index using the occurrence count, while having five
clusters yielded the best score for the flooding susceptibility index
using the total flood duration. The k-means algorithm silhouette
scores are as follows: 0.7667 for FTD, 0.7991 for FFTD, 0.9426
FOC, and 0.9 for FFOC. To further analyze the results, we created
tables that define the range of the number of occurrences and
total flood duration falling into each flooding susceptibility index.
Tables 2, 3 provide a clear understanding of how the different
indices are categorized.

The four index models vary in architecture performance.
FTD model utilized five layers with varying units (416, 160, 96,
192, and 320) alongside a rectified linear unit (relu) activation
function and a learning rate of 0.01. FOC model, with five
layers and units distributed as (192, 256, 352, 320, and 64), also
employed a relu activation function and a learning rate of 0.01.
FFTD Model, comprising three layers with units (256, 32, and
32), utilized a relu function and a lower learning rate of 0.001.

Frontiersin Water

Lastly, FFOC model featured five layers with units (288, 32,
512, 416, and 128) while using a relu function and a learning
rate of 0.001. Therefore, the FTD and FFID indices ranged
from Indices 1 to 5. The FOC and FFOC indices ranged from
Indices 1 to 7.

Furthermore, we evaluated the performance of the four
flooding susceptibility indices using metrics such as accuracy,
precision, recall, and F1 score. It was observed that the index
utilizing the number of occurrences for flash floods outperformed
the others in terms of precision and recall (see Table 4).

The ROC graph in Figure3 was plotted to assess the
performance of the flood susceptibility indices. For FID, it
performs moderately well for indices 1, 2, and 3, with AUC values
ranging from 0.67 to 0.78. However, index 4 lacks an AUC value
(nan), making its performance interpretation impossible. Index
5 exhibits a comparatively lower AUC value of 0.57, indicating
weaker discrimination ability compared to the other indices.

As for FFID, it consistently performs well across all
indices, achieving AUC values ranging from 0.73 to 0.96.
All indices demonstrate strong discrimination ability with
high AUC values. Notably, indices 4 and 5 stand out with
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FIGURE 4
Confusion matrices—per index: (A) FTD, (B) FFTD, (C) FOC, and (D) FFOC.

exceptionally high AUC values of 0.95 and 0.96, signifying excellent
classification performance.

In the case of FOC, its performance varies across different
indices. Indices 1, 5, and 7 showcase relatively higher AUC values,
ranging from 0.78 to 0.96, indicative of strong discrimination
ability. Conversely, indices 2, 3, 4, and 6 exhibit AUC values
ranging from 0.60 to 0.69, suggesting weaker performance in
classification tasks.

Similarly, for FFOC, performance varies across different
indices. Indices 1, 5, 6, and 7 demonstrate relatively higher
AUC values, ranging from 0.76 to 0.90, indicating effective
discrimination ability. Conversely, indices 2, 3, and 4 display AUC
values ranging from 0.61 to 0.68, suggesting weaker performance in
classification tasks.

In the context of the flood susceptibility index, the confusion
matrix would display the distribution of true positives (TP),
true negatives (TN), false positives (FP), and false negatives
(FN) for each of the five classes. According to Figure 4, the
first two classes appear to have a good number of true
positives, while the remaining classes show relatively lower true
positive rates.
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It is important to note that the goal of NeuralFlood is not to
predict floods, rather to be able to classify flooding maps/indices in
a more accurate manner. In consideration of multiple contextual
factors (pointing back to RQ#1), deep learning can provide a viable
solution. The occurrence of a flood, or a high susceptibility score,
is considered to be an outlier since floods are not statistically
common, even in commonly flooding regions. Additionally, if one
observes the performance of the ANN across different sub-indices,
the variety is a strong indicator that not all flood indices should be
created equal, especially when applied across different geographical
contexts (pointing back to RQ#2).

Overall, the results of the NeuralFlood experiment provide
insightful information about the flood susceptibility index.
The research highlights the effectiveness of certain variables
and clustering techniques in assessing flood-prone areas in a
data-driven manner.

5. Conclusion and discussions

In this study, we explored the potential use of AI methods in
developing a flooding susceptibility index. We employed various

frontiersin.org


https://doi.org/10.3389/frwa.2023.1291305
https://www.frontiersin.org/journals/water
https://www.frontiersin.org

Lin et al.

techniques, including clustering and deep learning, and provided
four different sub-indices. Our motivation for using AI was rooted
in the fact that it is a data-driven approach capable of extracting
patterns and relationships from large datasets. We present an
index (NeuralFlood) that has distinct characteristics not present
in existing indices. To implement our approach, we increased the
number of variables and utilized clustering technique and multiple
layers in ANN while fine-tuning parameters through a trial-and-
error process. We also incorporated the total duration time and
the number of occurrences of flooding as key factors for creating
the indices.

By selecting three U.S. states with different geographical aspects
(VA, KS, NV), we leveraged the high variability in our deep learning
model. This approach allowed us to capture the diverse factors
contributing to flooding susceptibility in each state. While other
indices are more geographically specific, our index is intended
to provide more general insights, making it a helpful tool for
decision support at the federal level, standardized across the
country (Huang et al., 2021). Furthermore, we believe that our
findings can be extended to other regions, such as the west
and east coasts, by considering their unique characteristics. For
instance, we can draw examples from the flooding challenges
faced by cities like Miami, FL, where rising sea levels pose a
significant threat.

Nonetheless, the analysis of our study indicates that the
application of Al techniques in developing flooding susceptibility
indices still requires further improvement. For instance, it
seems the first two classes (Index values 1 and 2) in the
four developed sub-indices (FTD, FFTD, FOC, and FFOC)
have a good number of true positives while the remaining
classes (high susceptibility; 3 through 7) show relatively lower
true positive rates. Accordingly, collecting more data from
highly flood-prone areas is expected to improve the quality
of NeuralFlood. Furthermore, carefully validating the model on
independent datasets and using techniques such as regularization
can mitigate overfitting or underfitting. Additional sensors in
different locations, alternative AI models, and more variables
can be also tested to increase the overall robustness of
Al-driven indexing.

In conclusion, our study showcased the effectiveness
of employing AI techniques, including clustering and deep
learning, to create a flooding susceptibility index. NeuralFlood
can assist in comprehending and mitigating flooding risks.
Additionally, our findings can be extended to other regions,
considering their unique geographical aspects. Rising sea
levels pose challenges not only to land-based infrastructure
but also to maritime assets, pointing to the importance of
incorporating such factors into comprehensive and universal
Al-driven flooding susceptibility models. Flooding has both
immediate and long-term economic implications, as it can
disrupt infrastructure and property while also stimulating
economic activity through reconstruction efforts. This index
enables first responders to identify vulnerable areas and
allocate resources more effectively, enhancing overall readiness
and resilience.
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5.1. Future work

As part of future work, exploring the variation in results across
different states would be valuable. Research advances could involve
a comprehensive analysis of how the outcomes differed between
states, potentially uncovering patterns or trends that might not be
evident at a broader level of analysis. Surveying relevant experts and
operators might aid in providing outcomes in a more translatable
manner; additionally, experimenting with other AI models and
investigating the impact of aggregating spatial data into county-
level resolutions could provide further insights. Understanding the
implications of this aggregation could contribute to more nuanced
interpretations of the dataset and its overall significance. Lastly,
further experimentation with Al assurance (Batarseh and Freeman,
2022), such as building explainability (i.e., XAI) measures could
increase NeuralFlood’s user adoption and overall trustworthiness.
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