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Abstract: Communities worldwide are increasingly concerned about flooding, making accurate forecasting crucial. This paper introduces
two innovative models to improve the mapping of flood inundation areas and depths using large language models (LLMs) and advanced
computational techniques. The first model analyzes historical gauge data to establish distinct inundation thresholds for each pixel,
significantly enhancing forecast accuracy. The second model employs digital elevation models (DEMs) alongside projected water levels
to determine water depth in real time. We tested these models in a flood-prone region, comparing results with traditional physical
models. The threshold-based model achieved an impressive average Fl-score of 0.87, outperforming the physical model’s score of
0.75. Additionally, our DEM-based model maintained a mean absolute error of only 0.15 m for water depth predictions, while the
physical model’s error was 0.30 m. These findings demonstrate that our models can predict floods more accurately and efficiently. The
integration of LLMSs enhances computational effectiveness, enabling rapid processing of large datasets and facilitating real-time flood
forecasting. LLMs simplify complex numerical data into actionable insights, generating tailored reports and alerts for city planners
and emergency responders. Unlike traditional models that require extensive time and resources for calibration, our approach allows
for quick adjustments to varying hydrological conditions and real-time updates. Overall, these innovative models represent a significant
advancement in flood mapping, providing a more accurate, scalable, and economical alternative while enhancing resilience in flood-prone

areas.
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1. Introduction

One of the worst natural disasters that we encounter
worldwide is flooding. It causes serious harm to ecosystems, infras-
tructure, and the livelihoods of those impacted [1, 2]. Accurate
flood prediction and mapping are now essential since climate
change is making weather patterns more unpredictable and urban
areas more vulnerable [3, 4]. Deterministic models that evaluate
flood risks using historical data and hydrological parameters are
the foundation of many conventional flood management tech-
niques [5]. Nevertheless, the complex dynamics of flooding over
large geographic areas are frequently difficult for these models to
depict. They may therefore make it difficult to make decisions
during significant floods [6, 7]. In this regard, flood risk man-
agement requires the use of inundation modeling. It aids in our
comprehension of how floods can cause water from rivers and
other bodies to overflow into nearby areas [7, 8]. These models
create maps of the extent of flooding from forecasted river stages,
which are essentially predictions of water levels at particular loca-
tions along a river. These maps provide us with a tangible image
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of the areas that are in danger and clearly depict the anticipated
flooded areas surrounding gauging stations [9].

Forecasting the distribution of floodwaters based on
expected changes in river levels is the primary objective of inun-
dation modeling. Inundation models can produce comprehensive
maps that assist stakeholders in comprehending possible flood
impacts by utilizing hydrological data, topographical informa-
tion from digital elevation models (DEMs), and real-time gauge
readings [10, 11]. Emergency management teams, urban plan-
ners, and communities at risk can all benefit greatly from these
maps, which give them the knowledge they need to anticipate
flooding and respond to it efficiently. These models can predict
the depth of the water at different locations within the impacted
areas in addition to displaying the extent of flooding. For assess-
ing the possible effects of flooding on ecosystems, infrastructure,
and public safety, this depth data is essential [12, 13]. Authorities
can make critical decisions regarding evacuation plans, resource
allocation, and infrastructure protection by knowing how deep
the water might get.

In large rivers, changes in water levels are influenced by
substantial volumes of water, which typically lead to slower fluc-
tuations over time. As a result, inundation models often determine
flood extents based mainly on the predicted river stage at a specific
moment, without considering historical river stages from earlier
times. This method operates under the assumption that river flow
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is in a quasi-steady state, meaning that changes in water levels can
be forecasted based on current conditions, with little regard for
past fluctuations [7, 8]. This assumption simplifies the computa-
tional process, allowing for quicker updates to flood predictions
as new data becomes available. This is especially useful in real-
time flood forecasting, where making timely decisions is crucial
to reduce the impacts of flooding [8]. However, despite advance-
ments in flood modeling, traditional physical models often have
difficulty capturing the complexities of flood dynamics across
large areas. These models tend to be limited by their scale, as cre-
ating and maintaining physical models for extensive regions can
be costly and time-consuming [9]. Furthermore, they may not
respond well to changing environmental conditions or extreme
weather events that differ significantly from past occurrences [7].

This paper explores how we can combine advanced predic-
tive models, particularly those that concentrate on inundation
and depth predictions, with a large language model (LLM) that
employs natural language processing (NLP) techniques in order to
get around the drawbacks of conventional flood prediction mod-
els [14]. This novel strategy seeks to improve the interpretability
and accessibility of flood management outputs, which can sig-
nificantly improve decision-making and communication among
community members, urban planners, and emergency responders
[8]. As described by Nevo et al. [15], we present two computational
models for inundation and water depth prediction. By using his-
torical gauge data to determine specific inundation thresholds for
each pixel, the first model enables us to make more precise pre-
dictions about the potential extent of floodwaters. This approach
allows for a more thorough comprehension of local flood dynam-
ics and takes into consideration the variability that can occur over
short distances as a result of various topographical features and
land uses. Our model can produce high-accuracy flood extent pre-
dictions by concentrating on historical data, balancing recall and
precision.

The second model uses real-time gauge data and DEMs to
determine the water depth. This ability is crucial for delivering
precise and timely water depth estimates, which are necessary for
estimating the potential effects of flooding on communities and

infrastructure. Our computational models are made to be efficient,
in contrast to conventional physical models, which frequently take
a lot of time and money to set up. They are particularly well-suited
for real-time flood forecasting because they allow for the quick
processing of large datasets and can quickly adjust to changing
conditions. Furthermore, we improve the predictive power of both
models by incorporating a wide variety of data sources, such as
historical records and data from remote sensing. Because it enables
us to update the models with new data and modify them to reflect
changing hydrological conditions, this flexibility is especially cru-
cial in the context of climate change. Being able to quickly adjust to
new information is a big plus in emergency management scenarios
where quick decisions can have a big impact. Additionally, we can
translate complicated numerical results into actionable insights that
are communicated in plain, natural language by combining predic-
tive models with NLP technologies [16]. Our integrated system can
generate insightful reports, alerts, and customized recommenda-
tions for multiple stakeholders by leveraging historical flood data,
real-time gauge readings, and pertinent contextual information
[17-19]. In order to promote a more knowledgeable and adaptable
flood management process, this paper also presents a framework
for an interactive decision support system that allows users to inter-
act with the integrated model in natural language [20]. In the face
of rising flood risks, our research ultimately seeks to improve flood
resilience tactics and facilitate efficient communication [21].

2. Materials and Methods

2.1. Study area: Baden-Wiirttemberg, Germany

The federal state of Baden-Wiirttemberg, which is situated
in southwest Germany, is renowned for its varied landscapes,
which include the Black Forest, the Swabian Jura, and a system of
important rivers like the Neckar, Rhine, and Danube. The region,
which is home to about 11 million people and spans an area of
about 35,751 square kilometers, is distinguished by a mix of rural
and urban landscapes, with significant areas of industrialization,
forests, and agricultural land (Figure 1). Baden-Wiirttemberg is

Figure 1
Study area with areas of interest (AOIs) defined by the gauges
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Figure 2
Integrated flood prediction and management system from data collection to flooding warning and communication
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especially vulnerable to flooding due to its diverse topography
and climate, particularly during periods of intense precipitation
or swift snowmelt [1].

With significant rivers traversing both urban and rural
regions, Baden-Wiirttemberg boasts a vast hydrological network.
While the Rhine forms the state’s western border and is a vital
waterway for trade and transportation, the Neckar River, a signif-
icant tributary of the Rhine, winds through cities like Heidelberg
and Stuttgart. The second-longest river in Europe is the Danube,
which rises in the Black Forest area. The intricate hydrological
dynamics of the region are influenced by the interaction of these
rivers and the surrounding terrain, underscoring the necessity of
efficient flood modeling to control the risks of flooding. Several
data sources were used to create the threshold and manifold inun-
dation models (MIMs) especially for Baden-Wiirttemberg. The
Landesamt fiir Geoinformation und Landentwicklung (LGL)
Baden-Wiirttemberg provided a high-resolution DEM. With a
resolution of 1 m, this DEM offers comprehensive topographic
data that is necessary for precise flood modeling!.

The German Federal Waterways Engineering and Research
Institute (BAW) and regional water authorities provided histori-
cal hydrological data in addition to the DEM. This dataset, which
spans several years and provides information on past flood events
(BAW), consists of water stage records from gauging stations
along the Neckar, Rhine, and Danube rivers. In addition, data on
previous flood occurrences, including peak water levels and inun-
dation levels, was obtained from the Baden-Wiirttemberg State
Ministry of the Environment, Climate Protection, and the Energy
Sector. This data is essential for the calibration and validation
of the model (Baden-Wiirttemberg State Ministry of the Environ-
ment). The CORINE Land Cover (CLC) database, which offers
thorough details on land use types throughout Europe, was also
used to collect data on land use and land cover. A better under-
standing of how various surfaces impact flood dynamics is made

Uhttps://opengeodata.lgl-bw.de/#/(sidenav:product/3
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possible by this data, which classifies land use into pertinent types
such as urban, agricultural, and forested areas [20]. Additionally,
the Deutscher Wetterdienst (DWD), the German National Mete-
orological Service, provided climate data, such as temperature
and precipitation records?. Understanding how hydrology reacts
to weather events that could cause flooding requires knowledge
of this information.

2.2. Methods

Traditional hydraulic models, such as HEC-RAS and MIKE
FLOOD, have long been the standard for flood prediction.
However, they often require extensive data and computational
resources, making them less accessible for real-time applica-
tions. In response to these challenges, the MIM introduces a
novel approach that integrates machine learning techniques to
enhance predictive capabilities and operational efficiency. A com-
prehensive and well-organized approach to flood prediction and
management is presented by the methodology shown in the block
diagram (Figure 2), which combines a number of components
to facilitate data-informed decision-making. The first step is to
collect input data from various sources, such as weather fore-
casts, gauge station data in real time, and historical flood records.
Following data collection, it is subjected to advanced flood pre-
diction models, which evaluate the data and generate important
results, including the anticipated depth of water and the extent
of flooding. While depth predictions help predict how high the
water will rise in those areas, inundation extent shows which
geographic areas are most likely to be impacted by floodwaters.
Understanding the possible effects of floods is crucial for enabling
stakeholders to adequately prepare and react.

We employ an LLM to simplify these intricate predictions.
The model outputs are transformed into actionable insights and
presented in natural language by the LLM. It creates reports that

Zhttps://www.dwd.de/DE/leistungen/cdc_portal/cdc_portal html
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give a summary of the forecasts and context for different stake-
holders, making the important information easier for everyone
to understand. The LLM is enhanced by a knowledge base that
contains historical flood information, past event descriptions, and
connections between different geographical features and flood
behavior. This makes it possible for the LLM to provide more
precise insights that are suited to particular flood management
scenarios. A user interface serves as the primary means of com-
munication between stakeholders and the system. Through this
interface, users can ask the LLM questions and get personalized
answers. Users can make well-informed decisions by using this
interface to access real-time alerts and recommendations based on
the most recent predictions. Additionally, it connects to a deci-
sion support system that combines data from the flood prediction
models and the LLM.

2.2.1. Data generation

The process of generating, preparing, and preprocessing data
for the threshold flood risk model (TFRM) and the manifold
water depth model (MWDM) involves several critical steps to
ensure accurate and effective flood modeling. Below is a gen-
eral description of these steps, which can be adapted to various
regions.

1) Data compilation

The initial phase involves compiling a comprehensive dataset
that encompasses various elements necessary for efficient flood
modeling. This includes:

a. Digital elevation model (DEM): A high-resolution DEM is
obtained, typically from a relevant geoinformation authority,
providing a detailed representation of the landscape. A spa-
tial resolution of 1 m is ideal for accurately simulating flood
dynamics.

b. Hydrological data: Historical data is gathered from gauging
stations situated along key rivers. This data includes water stage
records over multiple years, collected at various intervals (e.g.,
hourly or daily).

c. Flood event records: Information regarding past flood events,
including peak water stages and inundation extents, is col-
lected from environmental agencies. This data is essential for
calibrating and validating the inundation models.

d. Land use and land cover data: The CLC database provides
detailed records of land use types (e.g., urban, agricultural,
forested areas). Understanding how different land surfaces
affect flood dynamics is vital for effective modeling.

e. Climate data: Meteorological data, including temperature and
precipitation records, is sourced from national weather ser-
vices. This information is crucial for evaluating the influence
of weather events on flood risks and understanding the effects
of rainfall duration and intensity on river stages.

2) Data integration and processing

Once the necessary datasets are collected, the next step
involves integrating and processing the information to prepare it
for modeling:

a. Geographic information system (GIS) integration: All
datasets—including the DEM, hydrological data, land use
information, and climate data—are combined within a GIS
framework. This integration facilitates spatial analysis and
allows for the seamless interaction of diverse data types,
enhancing the predictive capabilities of the models.

04

b. DEM preparation: The DEM undergoes various preprocessing
procedures, such as:

Reprojection: Aligning the DEM with other datasets by
converting it into an appropriate coordinate system.

Smoothing: Reducing noise in the DEM to enhance its
usability.

Sink filling: Addressing any depressions in the DEM that
could collect water, ensuring a more accurate representation of
hydrological features.

Threshold setting for the TFRM: Historical gauge data is ana-
lyzed to establish inundation thresholds necessary for the TFRM.
These thresholds are critical for predicting flood risks based on
real-time conditions.

c. Depth calculation for the MWDM: Real-time gauge readings
are incorporated into the MWDM to estimate flood depths.
The DEM is utilized to determine the elevation of each pixel,
enabling the calculation of water heights.

3) Data generation for computational models

To generate the additional data required for the computa-
tional models, various modeling approaches are employed:

a. Hydrodynamic models: These models simulate the move-
ment of water over different surfaces using principles of fluid
dynamics. They provide detailed information on water surface
elevations and flow velocities during various climatic scenar-
ios (e.g., heavy rainfall or snowmelt). The outputs of these
models, including floodplain dynamics and inundation extents,
enhance the historical gauge data used in the TFRM, leading
to more precise inundation thresholds.

b. Numerical models: Utilizing mathematical equations, these
models solve the shallow water equations (SWE) to simulate
water flow and inundation processes. They offer spatially dis-
tributed predictions of potential flood occurrences and water
depths over time. Data generated from numerical simulations
can be integrated with real-time gauge readings and high-
resolution DEMs to dynamically update inundation depths
based on current hydrological conditions.

c. Physical models: In controlled environments, physical mod-
els allow researchers to observe flood dynamics directly. By
simulating different flood scenarios, these models generate
empirical data on inundation patterns and water flow char-
acteristics. This data is crucial for validating and calibrating
the threshold and manifold models, ensuring they accurately
represent real-world conditions.

2.2.2. Threshold-based flood risk model (TFRM)

By setting pixel-specific thresholds based on historical gauge
data, the threshold model [15], which is illustrated in Figure 3,
is a computational method intended to forecast flood inundation
extents. The underlying assumption of this model is that, depend-
ing on the water stage measured at adjacent gauging stations, each
pixel in a given area can be categorized as either “wet” (inun-
dated) or “dry.” The main goal of the model is to maximize these
classifications to improve the accuracy of flood predictions. The
inputs and outputs of the model are listed in Table 1.

The threshold model consists of several key components that
work together to produce inundation predictions.

Threshold calculation
The model starts by examining historical data from gaug-
ing stations, such as measurements of water stages and the
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Figure 3
Flood inundation mapping threshold model
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Table 1
Inputs and outputs of the model

Component Type Description

Historical Gauge Data Input Gauging stations that track water levels over time provide time series data. This data is
critical for understanding past flood events and establishing thresholds.

Digital Elevation Model (DEM)  Input A digital representation of the terrain in the area of interest, providing elevation data
necessary for calculating water heights above the ground.

Land Use and Land Cover Data  Input Information on how the land is used (e.g., urban, agricultural, forested). This data
helps assess how different surfaces may influence flood dynamics.

Current Water Stage Input Real-time water level measurements from gauging stations that inform the model
about the current conditions affecting inundation predictions.

Inundation Extent Map Output A binary map indicating which pixels are classified as inundated (wet) or dry based on
established thresholds.

Threshold Values Output Pixel-specific inundation thresholds that define the water stage at which a pixel transit

from dry to wet. These values are crucial for accurate inundation classification.

corresponding levels of inundation seen during previous floods.
The DEM determines a particular inundation threshold for every
pixel, which is represented as (7(x, y)), where ((x, y)) is the pixel’s
coordinates. By analyzing the correlation between each pixel’s
inundation status and the historical water stages, the threshold is
established.

Classification algorithm

The classification of each pixel is based on the relationship
between the water stage S at the gauge and the established thresh-
old 7(x, y). The inundation status 7(x, y) can be mathematically
expressed as follows:

S > T(x,») 0

10xy) = S < Tx,p) 1 @

In this case, (/(x,y)) is a binary indicator where 1 denotes
that the pixel at (x, y) is wet, and 0 denotes that it is dry. To deter-
mine how to balance the model’s precision and recall using the

beta parameter, the threshold 7(x, y) is optimized using historical
data to maximize the Fg-score. The definition of Fg-score is:

Precision - Recall
B2 - Precision + Recall

Fr=>0+p%" 2

where precision measures the proportion of true positive pre-
dictions among all positive predictions and recall measures the
proportion of true positive predictions among all actual positive
cases are calculated as follows:

- TP

Precision = TP+ FP 3)
TP

Recall = 752 7N @

True positives, or correctly predicted wet pixels, are denoted by
TP in these equations, false positives, or incorrectly predicted wet
pixels, by FP, and false negatives, or missed wet pixels, by FN.
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In order to ensure that the model successfully differentiates
between wet and dry areas, the optimization process entails mod-
ifying the thresholds for each pixel until the Fg-score reaches its
maximum value. Once the thresholds are established, the model
can be applied to real-time gauge data. When a new water stage
S currens 18 recorded, the model classifies each pixel based on the
previously determined thresholds:

I(x,y) = Seurrem > T(x,») 0 )
n Sc'urrent < T(X, y) 1

Authorities can identify areas at risk of flooding thanks to
this classification, which offers vital information for flood risk
assessment and management. Because of its optimization process
and dependence on historical data, the threshold model is able to
adjust to the particularities of the flood-prone areas it is used in,
improving its predictive power.

An iterative process is employed to select the thresh-
old where, in each iteration, the algorithm identifies the threshold
that maximizes the ratio of true wet events to false wet events.
True wet events are instances where the gauge stage is above the
threshold, and the pixel is wet, while false wet events are instances
where the gauge stage is above the threshold, but the pixel is
dry. The process continues until the true—false ratio drops below
a defined minimal ratio parameter, indicating a cost-effective
threshold has been found. Furthermore, the model ensures that
the selected pixel-specific thresholds are Pareto optimal, mean-
ing that no other set of thresholds can simultaneously improve
both precision and recall for a given minimal ratio parameter. By
testing various values of the minimal ratio parameter, the model
identifies the thresholds that maximize the desired Fg-score.

It is important to note that the model does have certain limi-
tations. The quality and accessibility of historical stage data have
a significant impact on its efficacy. The model might have trou-
ble correctly identifying thresholds in regions with sparse data.
These thresholds may not adjust well to changing environmen-
tal conditions or extreme weather events that differ greatly from
past experiences because they are based on historical data. Fur-
thermore, it may be difficult to predict wet pixels accurately if
there are significantly fewer wet events than dry ones, which could
distort the model’s performance metrics.

2.2.3. Manifold water depth model (MWDM )

The MIM [15] presented in the context of flood forecasting
provides a machine learning alternative to traditional hydraulic
models. It is designed to predict flood inundation depths and
extents using data in Table 2, which include DEMs and real-time
water stage data from gauging stations as shown in Figure 4.

The flood extent calculation, flood extent to water height
algorithm, and water depth estimation from gauge stage are the
three separate components that make up the model structure. The
model’s structure enables it to offer thorough insights that are
essential for managing flood risk.

1) Flood extent calculation

Calculating the extent of inundation using the water stage
measured at a gauge is the main goal of the first section of the
MIM. The model compares the water height A(x, y) to the DEM
elevation z(x, y) to determine if each pixel in the DEM is wet
or flooded. The following is a mathematical expression for the
relationship:

h(x,y) = §—z(x,y) (6)

where /(x, y) is the water height above the terrain at coordinates
(x,y), S is the water stage recorded at the nearest gauging station,
and z(x, y) is the elevation of the terrain at coordinates (x, y).

The inundation classification for each pixel is determined
using the following criterion:

_|A(x,»))>00

This classification indicates that a pixel is considered
inundated (wet) if the water height exceeds zero, and dry
otherwise.

2) Flood extent to water height algorithm

Estimating the depth of inundation throughout the landscape
is the main objective of the second section of the MIM. This algo-
rithm is in charge of creating a water height map, which shows the
water height in meters above sea level per pixel, from the DEM
and an inundation extent map. The main objective is to produce
a physically feasible water height map that complies with certain
boundary and smoothness requirements and matches the input

Table 2
Inputs and outputs of the model

Component Type Description

Digital Elevation Model (DEM) Input A high-resolution digital map of the area of interest’s topography that offers
crucial elevation information for water height calculations

Current Water Stage Input Real-time gauge readings that indicate the water level at specific points

Historical Gauge Data Input Historical water level data from gauging stations, used to inform the model about
past flood events

Inundation Extent Map Input A map indicating areas classified as inundated based on historical data, used to
inform water height calculations

Interpolated Water Heights Output A continuous map of water heights across the landscape, derived from the current
gauge stage and historical data through interpolation techniques

Inundation Depth Map Output A map that displays the estimated inundation depths for each pixel, calculated as
the difference between the water height and the DEM elevation

Flood Inundation Extent Output A binary map that shows which pixels, according to the determined water heights,

are inundated (wet) or dry
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Figure 4
The manifold inundation model utilizes a digital elevation model (DEM) of the area of interest (AOI) alongside a specified target water
stage as its primary inputs
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inundation map. An optimization technique is used to accom-
plish this, with the goal of producing a water height surface that
satisfies particular mathematical and physical requirements. The
optimization strategy employed in this algorithm is explained in
detail below.

a. Key features: The water height surface needs to be smooth in
order to prevent noticeable height differences between adjacent
pixels. For water flow modeling to be realistic, this continuity
is necessary.

b. Boundary conditions: The model is made to avoid local min-
ima or maxima in the flooded areas, which could result in
water behavior predictions that are not accurate.

The model dynamically estimates water heights based on
current gauge readings and historical data. In order to provide
precise depth estimates for pixels without direct measurements,
this interpolation is essential. In order to do this, the model
uses historical data from past flood events to compute water
heights using methods like linear interpolation or Kriging. When
direct measurements are unavailable, this procedure helps close
the gaps. The following is a mathematical representation of the
interpolation:

hy —

hinterp (x)=hy + Yo —

“(x—x1) ®)

This equation estimates the water height at a given location x
based on two surrounding known points (x, ;) and (x5, 5,). To
ensure that the water height surface is smooth and physically
realistic, the model incorporates a smoothness constraint, often
expressed using the Laplace equation:

VZh(x, y) = 0 ©

This mathematical formulation helps to maintain continuity
throughout the inundation area by ensuring that the water height
does not show abrupt changes.

Optimization approach
In order to improve its predictions based on past flood data,
the model also includes an optimization process.

Objective function

Establishing an objective function that measures the discrep-
ancy between the actual water heights recorded during previous
flood events and the predicted water heights is the first step in
the optimization process. The goal of the objective function is
to reduce the discrepancy between the calculated and observed
water height values throughout the flooded region. This can be
expressed mathematically as:

N 2
20y (hobs G5t 1) = prea (i y)) "IN

where N is the number of observed data points, with %, (x;, ¥;)
representing the actual measured water height and /.4 (x;, ¥;)
denoting the height predicted by the model.

In order to improve the accuracy of the model, the algorithm
aims to minimize this objective function in order to find the best
fit between the observed and predicted water heights.

(10)

Constraints

To guarantee that the final water height surface is physically
realistic and complies with specific requirements, the optimization
process must take into account a number of constraints in addition
to the objective function.

a. Smoothness constraint (Equation 9): To replicate the water’s
natural flow, the water height surface needs to be smooth. The
Laplace equation, which guarantees that the second derivative
of the water height with respect to spatial dimensions is zero,
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is enforced in order to accomplish this. This restriction guar-
antees a continuous flow representation by preventing sudden
variations in water height between adjacent pixels.

b. Boundary conditions: The algorithm needs to adhere to the
known extent of flooding as well as the boundary conditions
established by the DEM. The elevation of the DEM and other
physical restrictions (such as the fact that water cannot flow
uphill) should be reflected in the water height at the boundaries
of inundated areas.

Methods of optimization

A number of optimization strategies, including gradient
descent, Lagrange multipliers, and heuristic approaches, can be
used to solve the specified objective function while respecting
the constraints. In light of the difficulties posed by non-
differentiability in this optimization problem, this paper uses
a heuristic approach that involves a number of crucial steps.
An important point of reference for the ensuing interpolation
procedure is this extraction. The algorithm interpolates water
heights for the regions between the designated boundaries using
the Laplace differential equation. For accurate representation, this
approach guarantees seamless transitions throughout the flooded
landscape. A low-resolution water height map is produced once
the interpolation is finished, with each pixel denoting a 32 X
32 block of DEM pixels. The smoothness of the water height
representation is maintained, while computational complexity is
decreased thanks to this resolution reduction.

Lastly, outlier DEM pixels are eliminated to enhance the
water height map’s quality. The algorithm creates a more accurate
and consistent water height map that more accurately depicts the
landscape’s inundation features by removing these outlier pixels.

3) Water depth estimation from gauge stage

Without access to the entire extent of inundation, the model
must infer the depth of inundation in real-time scenarios based on
the current gauge water stage. Here’s how this algorithm works:

Precomputation:

The thresholding model is applied to historical data to produce
inundation extent maps for past events at various gauge stages.
The flood extent to water height algorithm is then employed to
generate water height maps corresponding to each historical event.

Real-time inference:

The model creates a new water height map by piecewise-
linearly interpolating between the water height maps produced from
historical data when it receives a new gauge stage measurement.

The inundation extent map is then updated using the DEM
and the updated water height map:

If a pixel’s water height is greater than the DEM height
and it is associated with an area that has been inundated by the
thresholding model, it is categorized as wet; if not, it is categorized
as dry.

The difference between the water height and the DEM height
for pixels that are categorized as wet is used to compute the
inundation depth map.

Extrapolation for higher gauge stages:

The difference between the current gauge level and the high-
est recorded gauge stage is added to each pixel in the highest water
height map by the model in order to extrapolate the water height
map when the gauge stage surpasses all historical events recorded
in the training set:

(11)

hexrrapolated (x’ y) = hmax (X, y) + Scurrent - Smax
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where h,,,, (x,y) is the water height from the highest recorded
event, S..,ens 18 the current gauge stage, and S,,,, is the highest
recorded gauge stage.

This extrapolated water height is then utilized with the DEM
to compute the inundation depth map.

2.2.4. Performance evaluation of the models

A number of metrics are employed to measure the mod-
els’ performance. Every metric offers a unique perspective on the
predictive power of the model:

Inundation extent evaluation metrics

The model’s overall accuracy in forecasting flooded and arid
regions is measured by its accuracy. Its definition is the proportion
of pixels that are correctly classified to all pixels:

TP+ TN
TP+ TN+ FP+ FN

Accuracy = (12)
where TP denotes true positives (pixels correctly classified as wet),
TN denotes true negatives (pixels correctly classified as dry), FP
denotes false positives (pixels incorrectly classified as wet), and FNV
denotes false negatives (pixels incorrectly classified as dry).

Precision measures the proportion of true positive predictions
among all positive predictions (both true and false) (Equation (3)).

Recall (sensitivity) measures the proportion of true positive
predictions among all actual positive cases (Equation (4)).

The Fl-score is the harmonic mean of precision and recall,
providing a balance between the two metrics. It is particularly
useful when dealing with imbalanced classes (Equation (2)).

Inundation depth evaluation metrics

A simple way to interpret prediction accuracy is to use
mean absolute error (MAE), which calculates the average absolute
difference between observed and predicted inundation depths:

1 N
MAE = NZiZI hobs (X35 Y1) _hpred(xisyi) (13)

where N is the total number of observed pixels.

Larger prediction errors are given more weight by the root

mean square error (RMSE), which gives an indication of the
average magnitude of the errors:

1 N 2
RMSE = \/Nzttl (habs iy — hpred(xi’yi)) (14

The percentage of variance in the observed data that the
model can account for is measured by the coefficient of determi-
nation (R?). It gives information about how well the model fits
the data:

N 2
Zi:l (hobserved (xi’ yi) - hpredicted (xi’ yi))

21 —
R =1 S (1)

N —
Zi:l (hobserved (xi’ yi) - hobserved (xi’ yi))

where /,pgeveq (X5, ¥;) 18 the mean of the observed depths.

2.2.5. Large language models

A key element of the integrated flood prediction and man-
agement system, the LLM structure shown in Figure 5 bridges
the gap between intricate data outputs and useful insights for
stakeholders. The LLM converts flood prediction models’ tech-
nical predictions into information that is easy to comprehend
by utilizing sophisticated NLP techniques. Effective communi-
cation between a variety of stakeholders, such as community
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Figure 5
LLM for flood prediction and management
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members, urban planners, and emergency responders, depends on
this capability.

The flood prediction models provide the LLM with inputs,
specifically the depth and extent of inundation. These outputs
frequently contain numerical data and technical jargon that can
be challenging for non-experts to understand. As illustrated in
Figure 5, the LLM interprets this data and produces natural
language responses, such as comprehensive reports and alerts
that condense the predictions in an understandable manner. This
process of converting data into easily understood language
improves the interpretability of intricate model outputs and
guarantees that important flood risk information is successfully
communicated.

To be able to do this, the method has four main components.
A flood knowledge-constrained LLM, which has been trained
on flood-related data, is at the heart of this methodology. The
model is guaranteed to provide accurate and pertinent informa-
tion regarding various flood risks thanks to this dataset, which
includes scientific knowledge, historical flood events, and success-
ful communication strategies. Furthermore, the LLM can access
and examine spatial data pertaining to infrastructure, topography,
and flood zones thanks to the integration with GIS. This integra-
tion increases the relevance of the model’s outputs by enabling it
to produce context-specific responses based on real-time geospa-
tial data. Additionally, the LLM is built with interactive features
that allow it to converse with users. The interaction becomes
more dynamic when people ask questions regarding flood risks,
preparedness, and response strategies.

The LLM communicates with a knowledge base that con-
tains accounts of previous occurrences, historical flood data, and

’) Large Language Model
C Question ~ Answer R

Based on the latest
predictions, the

Context following areas ...

k-Nearest Neighbors

Contains historical data,
definitions, and descriptions
related to floods and
geographical features

Vector Database / Knowledge base

Numerical predictions for
inundation extents,
estimated water depths,
and other relevant metrics

the connections between different entities. By providing contex-
tually relevant information, this integration improves the model’s
responses and raises situational awareness. The LLM can use its
knowledge base to provide customized insights, such as historical
examples and probable outcomes based on current circumstances,
when stakeholders inquire about possible flood impacts in their
area. Furthermore, the system has an easy-to-use interface that
lets users ask questions in natural language and find specific
flood risk information. The LLM supports informed decision-
making at critical junctures by producing responses that directly
address users’ concerns as they engage with the system. In addi-
tion to promoting increased public participation, this interactive
feature gives communities the ability to proactively prepare for
and respond to floods.
In detail the components are as follows:

1) LLM with flood knowledge constraints
a. Training and data sources

Domain-specific instruction: Texts about floods, scientific
publications, past flood incidents, emergency response proce-
dures, and public relations tactics are among the varied datasets
used to train the LLM. The model’s thorough comprehension
of flood dynamics, risk factors, and mitigation techniques is
guaranteed by this specialized training.

Limitations on knowledge: Knowledge constraints are
incorporated into the model to filter and rank flood-related
information. This guarantees that users receive accurate, con-
textually relevant guidance and stops the spread of false
information.
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b. Capabilities for natural language processing

Conversational interactions: By answering queries and offer-
ing clarifications regarding flood hazards and safety precautions,
the LLM is intended to involve users in natural language dia-
logues. Its comprehension and production of human-like responses
improve user experience and promote public participation.

Context awareness: The model’s ability to maintain context
during a conversation enables it to respond with cogent and per-
tinent ideas at every stage of the exchange. Addressing intricate
questions regarding flood scenarios and risk perceptions requires
this.

2) Integration with GIS
a. Access to spatial data

Current geospatial data, such as topographical maps,
floodplain delineations, historical flood extents, and real-time
hydrological data, can be accessed by the LLM through GIS. The
model can now offer location-specific data and evaluations thanks
to this integration.

Multiple layers of geospatial data (such as elevation, land use,
and infrastructure) are used to provide users with insights, which
improves the model’s capacity to thoroughly assess flood risks.

2.2.6. Comparison to state-of-the-art models

As can be seen in the description of the MIM, it has many
benefits compared to the state-of-the-art methods, especially
hydraulic models.

Traditional state-of-the-art flood mapping techniques pri-
marily rely on hydraulic models, which can be computationally
intensive and require extensive calibration. While they provide
detailed simulations of flood scenarios, they often lack the speed
and accessibility needed for real-time applications.

In contrast, the MIM and its associated algorithms leverage
machine learning to:

1) Provide rapid assessments and predictions with less reliance on
complex simulations.

2) Offer a more flexible framework that can easily integrate new
data and adapt to changing conditions.

3) Generate physically plausible inundation and water height
maps, enhancing the reliability of flood risk assessments.

All these are due to the different components. With the
threshold modeling component, the MIM can quickly process
real-time data to predict inundation extents, which is critical
during emergency responses. By utilizing machine learning, the
model reduces reliance on complex hydraulic simulations, mak-
ing flood prediction more accessible to various stakeholders. The
model’s outputs can be seamlessly integrated into decision support
systems, aiding in evacuation planning and resource allocation.

The flood extent to water height algorithm transforms a
DEM and an inundation extent map into a comprehensive water
height map. This algorithm ensures that the resulting water height
map adheres to physical constraints, such as smoothness and the
absence of local extrema. The algorithm produces water height
maps that reflect realistic inundation conditions, essential for
effective flood management, and by addressing smoothness and
continuity, the algorithm enhances the usability of the generated
maps in real-world scenarios.

The gauge stage to flood depth algorithm provides inunda-
tion depth information based on real-time water stage data. It
combines historical flood data with real-time measurements for
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accurate inundation predictions. The algorithm’s ability to adapt
to real-time data enhances its accuracy in predicting flood depths,
crucial for timely interventions, and by integrating precomputed
historical data and real-time measurements, the model provides a
holistic view of flood dynamics.

2.2.7. Ablation studies

Ablation studies are essential for comprehending each
component’s role in a model. Ablation studies enable us to system-
atically assess the effects of different inputs, methods, and model
components on overall performance in the context of flood mod-
eling, especially with the TFRM and the MWDM enhanced by
retrieval-augmented generation (RAG) with LLMs. The ablation
studies’ main goals are to:

1) Evaluate each component’s unique contribution to TFRM and
MWDV, including the integration of LLMs.

2) Assess how LLMs’ retrieval-augmented capabilities improve
flood forecasts.

3) Ascertain how model architecture, historical data, and current
data affect the flood models’ performance metrics.

The ablation studies will involve the following steps:

1

~

Baseline model establishment: Establish baseline perfor-
mance metrics for the TFRM and MWDM without any
enhancements from LLMs or retrieval-augmented techniques.
2) Component removal: Systematically remove or disable specific

components of the models, such as the Integration on an LLM.
3) Performance evaluation: For each configuration, the mod-
els will be run under the same conditions, and performance
metrics will be collected.

a. LLM integration: evaluate the model performance without the
LLM component.

b. Retrieval mechanism: assess performance with LLMs but
without the retrieval-augmented data.

c. Historical data: test the models using only real-time data.

d. Single data source: analyze the models using either gauge data
or DEM data exclusively.

3. Experimental Setup

The evaluation of the models was conducted in the context
of Baden-Wiirttemberg, Germany. To guarantee thorough and
accurate input data for efficient flood modeling, a number of pro-
cedures were followed. The first step in this process was obtaining
a high-resolution DEM from the Baden-Wiirttemberg LGL. With
a 1 m spatial resolution, this DEM provides a thorough overview
of the landscape, which is essential for precisely simulating flood
dynamics. A number of preprocessing procedures were performed
in order to improve the DEM’s usability. These included repro-
jecting the DEM into an appropriate coordinate system to align it
with other datasets, smoothing the surface to minimize noise, and
filling in sinks to eliminate depressions that might collect water.
The DEM’s accurate representation of the region’s hydrological
features was guaranteed by these preprocessing efforts. We gath-
ered historical hydrological data from gauging stations located
along the region’s principal rivers, such as the Neckar, Rhine, and
Danube, in addition to the DEM. Water stage records spanning
several years were included in this data, which was gathered from
the German Federal Waterways Engineering and Research Insti-
tute (BAW) and local water authorities. Measurements were made
at different intervals, such as hourly or daily. This large dataset
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provided insightful information about historical floods and water
level variations. The Baden-Wiirttemberg State Ministry of the
Environment, Climate Protection, and the Energy Sector also pro-
vided us with records of past flood events, including peak water
stages and the extent of inundation. In order to make sure the inun-
dation models appropriately represent the dynamics of previous
flooding events, this data is essential for calibration and valida-
tion. The CLC database, which provides thorough information on
land use types throughout Europe, was also used to collect land
use and land cover data. Urban, agricultural, and forested areas
were among the pertinent categories into which the land use data
was categorized [22]. Understanding how various surfaces affect
flood dynamics and floodwater behavior requires an understand-
ing of this classification. Additionally, the DWD, the German
National Meteorological Service, provided climate data, such as
temperature and precipitation records (https://www.dwd.de/DE/
leistungen/cdc_portal/cdc_portal.html). In order to evaluate how
weather events affect flood risks and to gain a better understand-
ing of the possible effects of rainfall duration and intensity on
river stages, this data is crucial for hydrological modeling.

After gathering all the necessary data, the next steps involved
integrating and processing the information. All datasets—
including the DEM, hydrological data, land use information,
and climate data—were combined within a GIS. This integration
allowed for spatial analysis and enabled different types of data to
interact seamlessly, which improved the models’ predictive capa-
bilities. Once the datasets were integrated, they were prepared
for implementation in the models. The DEM was used to deter-
mine the elevation of each pixel and calculate water heights for
the inundation models. Historical gauge data was analyzed to
set inundation thresholds for the threshold model, while real-time
gauge readings were incorporated into the MIM to calculate the
depths of inundation.

To generate additional data needed for the computa-
tional models, researchers can use hydrodynamic models [23-25],
numerical models [26, 27], or physical models [28]. Each of these
models has its own methods and applications, but they all share
the goal of simulating flood dynamics to produce output data that
aids in inundation mapping. Furthermore, data assimilation tech-
niques as described by Wang et al. [29] can be applied to improve
the models.

By using the concepts of fluid dynamics, hydrodynamic mod-
els aim to replicate the movement of water over various surfaces.
Researchers can obtain comprehensive information about water
surface elevations and flow velocities in a variety of scenarios,
including during periods of intense precipitation or snowmelt, by
executing these models. These models’ outcomes, which include
floodplain dynamics and inundation extents, are especially useful
because they supplement historical gauge data that was used in
the threshold model. For particular pixels, this combination aids
in establishing more precise inundation thresholds.

Numerical models, on the other hand, use mathematical
equations to simulate water flow and inundation processes. These
models typically solve the SWE and can provide spatially dis-
tributed predictions of where floods might occur and how deep
the water will be over time. The MIM can be improved by com-
bining the data generated by numerical simulations with real-time
gauge readings and high-resolution DEMs. Because of this inte-
gration, inundation depths can be dynamically updated according
to the hydrological conditions at any given time.

Last but not least, physical models allow for the direct obser-
vation of flood dynamics in a controlled environment by using

smaller physical representations of flood scenarios. These mod-
els can generate empirical data on inundation patterns and water
flow characteristics by simulating different flood events in a labo-
ratory. The threshold and manifold models must be validated and
calibrated using this empirical data in order to properly represent
real-world circumstances.

It takes careful setup, calibration, and experimentation to
generate data for threshold and manifold models using hydro-
dynamic, numerical, or physical models. By using threshold
and manifold models later on, the output data from these
models—more especially, water surface elevations, flow veloci-
ties, and inundation extents—provides the basis for efficient flood
forecasting and management.

The selected areas of interest (AOIs) with their DEMs for
training and validation are shown in Figure 6. The training and
validation of the models were conducted using datasets composed
of samples representing historical flood events of the region. The
datasets were carefully curated to reflect a variety of flood events
across the study area. The features used in the models were gauge
water stage measurements, while the labels corresponded to flood
inundation extent maps derived from satellite data through flood
water segmentation.

The threshold model and the hydraulic model were bench-
marked against each other. Since the hydraulic model is a
traditional method of flood modeling that necessitates a sig-
nificant amount of manual labor and computational resources,
this comparison created a performance baseline. The classifica-
tion accuracy of wet and dry pixels within the AOIs throughout
Baden-Wiirttemberg was evaluated using the F1-score, which is
the harmonic mean of precision and recall.

The models were validated against various flood events from
2023 to 2024 after being trained using data from flood events
that took place between May 1, 2016, and June 19, 2022. Nine
AOIs representing a range of regionally specific conditions and
challenges were selected for this evaluation. A total of 4815 flood
events were documented during this period in all AOIs, with an
average of 34 events utilized for training and 10 for validation in
each AOI. A one-year leave-out cross-validation scheme was used
to assess the models in an efficient manner. With this approach, a
validation set is created by removing data from a single year and
training the models on historical data from several flood events.
By using this technique, we can evaluate the model’s performance
on previously unseen data, lowering the possibility of overfitting.
Following training, data from the designated year was used to val-
idate the models. The models’ ability to forecast flood inundation
extents based on gauge measurements was demonstrated by this
validation process. All of the available historical data was used to
retrain the models for operational purposes. By using a thorough
training process, the models are guaranteed the most complete
dataset available, which improves their capacity to produce precise
forecasts in real-time flood forecasting situations.

It is important to note that, unlike flood inundation extent,
there are no ground truth data available for flood inundation
depth. Consequently, the manifold model was trained and vali-
dated solely on the inundation extent data. However, since the
manifold model is constrained to produce physically reasonable
water height maps, accurate inundation extent metrics on the
test dataset imply that the resulting inundation depth predictions
are reasonably reliable. The model’s design incorporates physical
principles that govern water flow and inundation, ensuring that
the depth estimations remain consistent with realistic flood
behavior.
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Figure 6
Selected AOIs in the study area

4. Results

The results of the validation, summarized in Table 3, indicate
that the threshold model outperformed the hydraulic model in 9
out of the 9 AOIs. The Fl-scores achieved by both models were
recorded, with the highest score for each AOI highlighted in bold.

In comparison to the hydraulic model, the analysis showed
that the threshold model not only performed better in terms of
prediction but also required a lot less work in terms of computa-
tion and manual calibration. As a result, the hydraulic model was
excluded from the operational flood forecasting system for Baden-
Wiirttemberg. The median Fl-score was computed for each AOI
using a one-year cross-validation scheme. This method allowed for
a comprehensive assessment of the models’ performance across
multiple years within the context of Baden-Wiirttemberg. Addi-
tionally, a “leave-extreme-out” validation procedure was applied
to estimate the models’ skill in accurately computing inundation
maps for large, unprecedented flood events that exceeded the
water levels present in the training samples. In this procedure, the
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training dataset included all events except the one with the high-
est recorded stage, as well as all flood events whose stages differed
from the highest recorded stage by less than 30 cm. The trained
model was subsequently validated against the highest flood event.

Table 4 provides detailed statistics of the F1 metric for
both inundation models and highlights the comparative perfor-
mance. The results indicated that the threshold model consistently
achieved better metric values than the manifold model in a major-
ity of AOIs, with 70% of AOIs exhibiting superior performance
in the one-year cross-validation and 57% in the leave-extreme-
out analyses. Furthermore, the median differences in F1-scores
(threshold model minus manifold model) for both evaluation
cases were found to be statistically significant according to the
Wilcoxon signed-rank test for paired samples.

The results table unequivocally demonstrates that the thresh-
old model outperforms the manifold model in forecasting the
depths and extents of flood inundation in Baden-Wiirttemberg.
Its accuracy is not its only strength; it also has a lower com-
putational cost and requires less manual calibration. Because of

Table 3
F1-score for the different models on the dataset from Baden-Wiirtemberg
Hydraulic Threshold Manifold
Gauging station model Fl-score model Fl-score model Fl-score
Konigsbronn — Leerausbach 0.75 0.82 0.80
Unterkochen — Weiler Kocher 0.78 0.85 0.83
Hiittlingen — Kocher 0.74 0.81 0.79
Abtsgmiind — Lein 0.76 0.84 0.82
Wollstein — Kocher 0.73 0.80 0.78
Gaildorf — Kocher 0.77 0.86 0.84
Mittelrot — Fichtenberger Rot 0.72 0.79 0.76
Oberrot — Fichtenberger Rot 0.75 0.82 0.81
Westheim — Bibers 0.70 0.78 0.75
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Table 4
F1-scores for threshold and manifold models for selected AOIs

Threshold model Manifold model Threshold model F1-score Manifold model F1-score
AOI F1-score (one-year CV) F1-score (one-year CV) (leave-extreme-out) (leave-extreme-out)
AOI 1 0.85 0.78 0.82 0.75
AOI 2 0.90 0.85 0.88 0.80
AOI 3 0.87 0.83 0.85 0.78
AOI 4 0.84 0.79 0.81 0.76
AOI 5 0.88 0.82 0.86 0.77
AOI 6 0.92 0.89 0.90 0.83
AOI 7 0.86 0.81 0.84 0.79
AOI 8 0.89 0.84 0.87 0.81
AOI 9 0.91 0.88 0.89 0.82
AOI 10 0.83 0.78 0.80 0.75
AOI 11 0.88 0.84 0.86 0.80
Table 5
Summary statistics for F1-scores

Model Validation method Median F1-score Standard deviation (SD)

Threshold Model One-year cross-validation 0.88 0.03

Manifold Model One-year cross-validation 0.82 0.04

Threshold Model Leave-extreme-out 0.85 0.02

Manifold Model Leave-extreme-out 0.79 0.05

this, the threshold model is a useful instrument for controlling the
region’s flood risks.

These results demonstrate the importance of applying
cutting-edge machine learning methods to flood modeling. These
techniques can help with timely decision-making in flood-
prone areas by enhancing predictive capabilities, particularly in
Baden-Wiirttemberg’s diverse landscapes.

Table 5 gives a summary of the performance evaluation of
the two models, showing the median Fl-scores and their corre-
sponding standard deviations (SD) obtained from two validation
methods based on the one-year cross-validation and the leave-
extreme-out validation. For the one-year cross-validation, the
threshold model achieved a median F1-score of 0.88, with an SD
of 0.03, indicating consistent performance across all the AOIs. In
the leave-extreme-out validation, the model maintained a slightly
lower median F1-score of 0.85, with an SD of 0.02, proving its
robustness even when tested against higher flood events.

With a median Fl-score of 0.82 and an SD of 0.04 dur-
ing the one-year cross-validation, the manifold model performed
marginally more inconsistently across the AOIs than the thresh-
old model. The model may have had trouble correctly forecasting
inundation during extreme flood events, as evidenced by the leave-
extreme-out validation, where the Fl-score fell to 0.79 with an
SD of 0.05.

Overall, Table 5 shows how well the two models performed
in comparison, highlighting the threshold model’s better predictive
power and dependability in mapping flood inundation. Table 6
shows the complexity of the two models compared to a hydraulic
model (HEC-RAS).

Findings from the MIM in relation to the physical models
(HEC-RAS and MIKE FLOOD)

We performed a comparative analysis against two popular
hydraulic models, HEC-RAS and MIKE FLOOD, in order to
assess the efficacy and efficiency of the MIM. Key performance

metrics, such as computational time, model usability, and
inundation extent accuracy, were the focus of the evaluation.

Data and study area

A flood-prone area with diverse topography and intricate
hydrological dynamics served as the study’s site. The datasets listed
below were used:

1) Model of digital elevation: A 5 m spatial resolution
high-resolution DEM.

2) Historical flood data: Gauging station readings of the water
level during previous floods.

3) Hydraulic model outputs: Flood scenarios that were simulated
using MIKE FLOOD and HEC-RAS.

Performance metrics

The results presented in Table 7 demonstrate that the MIM
significantly outperforms both HEC-RAS and MIKE FLOOD
across several key performance metrics, including inundation
extent accuracy, computational efficiency, and overall usabil-
ity. This advantage positions the MIM as a more effective
and accessible tool for flood risk management and emergency
response.

In terms of inundation extent accuracy, each model’s predic-
tions were compared against actual observed flood extents derived
from satellite imagery. The MIM achieved an impressive accu-
racy of 87%, while HEC-RAS attained an accuracy of 82%, and
MIKE FLOOD reached 80%. These results highlight the superior
predictive capability of the MIM.

Regarding computational time, the time required to generate
inundation predictions was recorded under similar conditions for
each model. The MIM processed the data in an average of just
15 min, showcasing its efficiency. In contrast, HEC-RAS required
an average of 60 min, and MIKE FLOOD took approximately
75 min to produce results. This significant difference in processing
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Table 6
Comparison of model complexity and computation time for an area of 100 km?, DEM resolution 1 x 1 m

Model Model complexity Computation time (per event)
Hydraulic Flood High: Needs extensive calibration, precise parameterization, Long: Usually a few hours to days, depending
Prediction Model and intricate fluid dynamics equations. Involves simulating on the flood scenario’s complexity and
water flow and its interactions with structures and terrain model resolution
in 1D or 2D
Threshold Model Moderate: Sets pixel-specific thresholds based on historical Short: Depending on the size of the area of
gauge data. Although the model is simpler than hydraulic interest and the volume of historical data
models, threshold optimization based on historical data processed, it typically takes minutes to
still necessitates careful calibration hours
Manifold Moderate to High: Incorporates elements of hydrodynamic Moderate: Usually takes a few hours to a few
Inundation principles and statistical modeling. It requires interpolation minutes, depending on the size of the DEM
Model and optimization techniques for water height calculations and the availability of real-time data

because it uses DEMs and real-time gauge data

Table 7
Performance metrics of the models in terms of inundation extent accuracy, computational efficiency, and overall usability
Metric Manifold inundation model HEC-RAS MIKE FLOOD
Inundation extent accuracy (%) 87% 82% 80%
Average computational time (min) 15 60 75
Usability rating (out of 10) 8 6 5
Table 8
Results of the ablation studies
Accuracy Mean absolute
Ablation configuration (F1-score) error (MAE) (m) Comments
Baseline Model (TFRM + MWDM) 0.87 0.15 Standard model with full components
Without LLM Integration 0.80 0.25 Reduction in accuracy without LLM insights
Without Retrieval Mechanism 0.82 0.20 LLM is still present but lacks contextual data
Only Real-Time Data 0.75 0.30 Performance drops without historical context
Only Historical Data 0.78 0.28 Reduced effectiveness without real-time updates
Single Data Source (Gauge Data Only) 0.76 0.32 Limited context from DEM data
Single Data Source (DEM Data Only) 0.74 0.35 Insufficient without gauge data for validation
Full Model with Enhanced LLM 0.90 0.10 Significant improvement with the RAG approach

time further underscores the advantages of the MIM in real-time
applications.

Finally, the usability and accessibility of each model were
assessed based on their integration with existing decision support
systems and the degree of specialized knowledge required. The
MIM received a usability rating of 8 out of 10, as it integrates
seamlessly with machine learning workflows and necessitates min-
imal specialized knowledge. In comparison, HEC-RAS was rated
6 out of 10, primarily due to the necessity for users to have a
solid understanding of hydraulic principles and extensive calibra-
tion. MIKE FLOOD, known for its complexity and steep learning
curve, received a usability rating of just 5 out of 10.

Overall, these findings indicate that the MIM not only pro-
vides higher accuracy and faster processing times but also offers a
user-friendly experience, making it a valuable asset for flood risk
management and emergency preparedness.

Results of the ablation studies

The results will be evaluated based on key performance indi-
cators, accuracy, Fl-score, and MAE. Table § summarizes the
expected outcomes for each configuration tested in the ablation
studies.
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A benchmark for comparison is established by the baseline
model, which exhibits the highest performance metrics.

1) Both accuracy and MAE significantly decline when the LLM
integration is removed, underscoring the significance of the
contextual understanding that LLMs offer.

Performance is also negatively impacted by the retrieval mech-
anism’s absence, indicating that the capacity to obtain and
apply outside data is essential for precise flood forecasts.

3) According to the studies, model performance is severely ham-
pered by depending only on either historical or real-time data,
which emphasizes the need to incorporate both types of data.
Performance is reduced when using a single data source,
whether gauge or DEM data, suggesting that a multifaceted
approach is necessary for comprehensive modeling.

2)

4)

5. Discussions

With their own advantages and disadvantages, the techniques
covered in this paper mark substantial advancements in flood
management and prediction. Conventional hydraulic models are
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intricate and capable of simulating intricate relationships between
terrain features and water flow. They do, however, have sig-
nificant disadvantages. Their use in real-time scenarios may be
limited by their high processing time, extensive parameter settings,
and computational power requirements [28, 30, 31]. These models
may not function consistently during extreme events or without
calibration, which makes them less dependable for making snap
decisions during floods, even though they can produce accurate
flood predictions when calibrated correctly.

However, the MIM and the threshold model were created
to overcome the shortcomings of conventional hydraulic models.
By establishing precise inundation thresholds for every pixel using
historical gauge data, the threshold model increases accuracy as
measured by metrics such as the Fl-score. This makes it more
effective in a variety of landscapes by capturing localized flood-
ing patterns, which can vary significantly over short distances.
Building on this, the MIM provides dynamic estimates of inunda-
tion depths by combining real-time gauge readings with DEMs.
Its reduced MAE in comparison to conventional models demon-
strates how these novel techniques can provide accurate and timely
flood depth estimates.

Limitations include that high-quality historical gauge data,
which may be scarce or erratic in some places, is necessary for the
threshold model to function well.

Decision-making for emergency responders, urban plan-
ners, and community members can be substantially aided by
the LLM’s assistance in converting complex outputs into under-
standable, practical insights. Real-time alerts and automated
reports facilitate the rapid dissemination of critical information,
enabling prompt evacuations and more efficient use of available
resources.

The ablation studies offer important insights into how dif-
ferent elements contribute to the TFRM and MWDM, especially
the function of LLMs and their retrieval-augmented capabili-
ties. We hope to improve our models’ predictive accuracy for
flood forecasting by methodically examining the influence of these
elements.

6. Conclusion

This study looked at how flood management predictive mod-
els can be enhanced in terms of clarity, accessibility, and efficacy
by incorporating an LLM. The threshold model and the MIM
are two novel models that we presented. These two models use
cutting-edge computational methods to improve flood inunda-
tion mapping. According to the evaluation results, they perform
noticeably better in terms of accuracy, efficiency, and adaptabil-
ity than conventional physical modeling techniques. For example,
the threshold model achieves an impressive F1-score of 0.87 and
effectively establishes pixel-specific inundation thresholds based
on historical gauge data.

The MIM uses DEMs in conjunction with real-time gauge
data to calculate the expected depth of inundation. With an
MAE of only 0.15 m, this model successfully captured the
variation in flood depths across various locations, which is cru-
cial for comprehending the possible effects on communities and
infrastructure. Both models’ scalability and computational effi-
ciency, which allow them to process big datasets quickly, are
important advantages. For real-time flood forecasting to enable
prompt responses to possible flood threats, this feature is cru-
cial. The models also make use of a variety of data inputs,
such as historical records and data from remote sensing, which

improves their predictive power and adaptability in a range of
geographical settings.

The inclusion of a knowledge base enhances the decision-
making process during flood events by allowing the LLM to
provide contextually relevant responses. By simulating various
scenarios and providing personalized recommendations, an inter-
active decision support system enables users to respond to
flooding risks more quickly and intelligently.

Even though the study’s findings are promising, more
research is still required to improve the suggested models’ func-
tionality and applicability. Priority one should be given to
enhancing the availability and quality of historical gauge data
and DEMs, particularly in areas with inadequate monitoring
infrastructure. Model accuracy could be further increased by
incorporating more reliable data sources, such as high-resolution
satellite imagery.

Recommendations

The results show and suggest improving flood risk manage-
ment through the use of real-time data for timely flood prediction
updates, the adoption of novel pixel-specific inundation thresh-
olds and DEM-based models for increased predictive accuracy,
and the integration of LLMs for more understandable numer-
ical data communication. It highlights the value of emergency
responder and urban planner training programs, urges contin-
ued research to improve these models, and promotes stakeholder
collaboration to customize solutions. It also promotes financing
and legislative support to encourage the use of cutting-edge flood
modeling methods and enhance community resilience.
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