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Abstract. Understanding the propagation of a flood is crucial
for effective emergency response measures. While traditional
numerical models provide reliable flood simulations, their
high computational costs pose significant limitations during
emergencies. Deep learning models have recently demon-
strated significant potential in accelerating hydrological cal-
culations while preserving high accuracy. Although various
deep learning flood models have been developed, many are
limited to specific case studies or neglect the dynamic prop-
10 agation of flood waves, significantly constraining their ap-
plication during emergencies. To address this, Bentivoglio
et al. (2023) proposes the use of a physics-based surrogate
model for spatio-temporal flood modelling; the shallow wa-
ter equation graph neural network (SWE-GNN). The model
15 demonstrated promising results on small virtual landscapes,
showcasing strong generalizability to unseen breach loca-
tions and domains, while achieving significant computational
speed ups. In this research, we will assess the real-world
applicability of the SWE-GNN for time-sensitive situations.
20 We selected two dike rings in the Netherlands as our case
study areas. The model underwent training and testing within
the same domain to evaluate its application during a crisis.
We assess performance using statistical metrics and practi-
cal evaluations, including direct and indirect damage mod-
25 els. The SWE-GNN model is able to correctly predict the
spatio-temporal evolution of floods for unseen breach loca-
tions. The mean average errors in time are of 0.027 m and
0.029 m for water depth and of 0.007 m?/s and 0.006 m? /s
on units discharge. The resulting flood maps prove viable for
a0 practical applicability, presenting good results for both direct

o

as indirect damage assessment. Additionally, the SWE-GNN
demonstrates a speedup of roughly 7 to 8 times for the test
case areas compared to a traditional numerical model. In this
project, we affirm that the SWE-GNN represents a promising
innovation for a new approach to time-sensitive flood mod-
eling, providing a reliable alternative to numerical models in
situations with time constraints.

1 Introduction

Floods are among some of the most devastating natural
disasters, causing huge losses to life and vast property dam-
ages yearly across the globe (Jonkman and Vrijling, 2008).
According to the World Resources Institute (Ward et al.,
2020), by 2030 the number of people negatively affected by
floods will be roughly 150 million a year worldwide. Whilst
fatalities as a result of floods have been on the decline,
the economic impact of floods have been increasing over
the past decades. Floods already represent the costliest
natural disasters globally and it is estimated that the financial
damages will surpass the 100 billion euro per year by
the end of this century (Serre and Heinzlef, 2018). Flood
protection measures such as dikes are used to protect inland
areas from flood events. Nevertheless, there are instances
where these measures can fail, which results in a flood
(Apel et al., 2009). In those cases, it is pivotal to predict and
understand flood behaviour for effective flood management
and damage mitigation. This crucial understanding applies
to flood preparedness, as well as time-sensitive emergency
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applications (Henonin et al., 2013).

Accurate flood models play a crucial role in the risk
assessment, early warning, and preparedness for flood
events. Numerical models offer reliable results in their flood
simulations from dike breaches. The models employ com-
putational algorithms and physical equations to replicate the
interactions between water, dike structures, and surrounding
terrain. The flood propagation is simulated by considering
hydraulic processes such as breach development and flow
dynamics. Among various modelling techniques the hydro-
dynamic 2D models are widely favored (Teng et al., 2017;
Bates, 2022). These models offer the spatial and temporal
evolution of floods by solving the Shallow Water Equations
15 (SWE) (Vreugdenhil, 1994), by employing finite-volume
or finite-difference methods (Alcrudo and Garcia-Navarro,
1993). Numerical models can take topographic elements,
dike characteristics, and initial water levels as inputs to
compute the propagation of the flood with its water depths,
20 flow velocity, and other relevant parameters for different
flood stages (Anees et al., 2016).

o

=)

However, the computational complexity of numerical
models restricts their real-time applicability during emer-
gencies, and pre-ran simulations from a database are unlikely
to suit situation specific boundary conditions (Henonin et al.,
2013; Nayak et al., 2005). To address this issue, several
approaches have been developed to accelerate the solution
of these equations. One approach focuses on using high-
s performance computing and parallelization techniques to
enhance computational efficiency (Hu et al., 2022; Petaccia
et al., 2016). This method offers good results but proves
to be computationally heavy and restricted by numerical
constraints. Another way of increasing the computational
a5 speed is to use a simplified form of the SWE. The local
inertia form was, for example, used in several research and
offered some speed ups at the cost of accuracy (Bates et al.,
2010; Almeida et al., 2012). However, these methods lacked
stability at low friction scenarios and presented a general
40 limitation of predicting wave propagation at relatively high
Froude numbers. This is a common constraint for flood
models where locations with higher Froude numbers can
lead to model instability (Neal et al., 2012). Several other
approximation methods have proven to also only be valid
45 for domains with low spatial and temporal gradients. These
limitations need to be taken into account when utilizing such
techniques (Costabile et al., 2017).

2

a

The use of data-driven alternatives offers a good solu-
so tion for time sensitive applications (Bentivoglio et al., 2022).
As of recent, neural networks (NNs) are an upcoming
method for deep learning flood modelling. NNs demonstrate
powerful capabilities in approximating strong non-linear
correlations, in addition to the ability to automatically dis-
ss cover the representations required, such as those necessary

for classification in raw data (LeCun et al., 2015). In many
instances NN-based models have shown to outperform other
machine learning methods for flood modelling in terms of
speed and accuracy (Wang et al., 2020; Zhao et al., 2020).
Generally, the studies of NN-based models can be divided
into categories based on their architecture. The simplest
method for deep learning flood modelling remains a multi-
layer perceptron (MLP). Within MLP architectures we
differentiate between fully connected and encoder-decoder
(ED) MLPs. ED MLPs only consider certain latent represen-
tations of the input data to represent the output (Taormina
and Galelli, 2018). MLPs are widely favored for deep
learning flood modelling but do produce less coherent
results due to their lack of inductive bias. Convolutional
neural networks (CNNs) are also adopted for spatial flood
predictions. These models do contain an inductive bias and
therefore are found to widely outperform MLPs (Bentivoglio
et al., 2022). Finally, recurrent neural networks (RNNs) are
used in temporal modelling and sequential data analysis.

In Guo et al. (2021), maximum flood water depths are
predicted using image-to-image modelling techniques. Their
CNN was able to produce promising results with significant
speed ups after training. Zhou et al. (2022) explores the
performance of a 1-D CNN with a spatial reduction and
reconstruction method to simulate the spatio-temporal
variation of flood inundation of a set of locations. In the
last few years, RNNs have also proven to offer reliable and
computationally fast modelling results for different flood
processes. For example, in multi-step-ahead flood forecast-
ing, where RNNs demonstrated superior performance than
alternative models (Chang et al., 2014; Chen et al., 2013).
However, one constraint of the previously mentioned models
is the inability to perform well over unseen topographies.
This issue, where a model struggles to generalize to unseen
locations, is explored in several studies with the aim of
potentially applying data-driven models on domains beyond
their initial training data. In terms of flood modelling, Guo
et al. (2022) proposed a CNN-based model that can be
reused on different catchments with different topography.
To process the variable sizes and shapes of the catchments,
the study divided the domains into patches. Lowe et al.
(2021) developed a CNN for maximum flood prediction.
The model is trained on raster data from a city and later
tested on unseen raster data from the same city. Both of
these flood models achieved good accuracy levels and
showed promising generalizability capabilities, but lacked
the dynamic behaviour of the flood in space and time.

However, the spatio-temporal evolution of the flood is
crucial for the authorities during emergencies in order to
ensure effective flood response measures. For this reason,
Bentivoglio et al. (2023) proposes a hydraulic-based Graph
Neural Network (SWE-GNN). This model significantly
reduces the hydrodynamic computation time, ensures high
prediction accuracy, and overcomes the generalizability
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issue whilst providing the spatio-temporal behaviour of a
flood. The graph neural network (GNN) generalizes a CNN
to an irregular domain, which in this case is a graph that
represents the mathematical domain of the model. Each
node in the graph represents a finite volume cell which has
corresponding hydraulic variables. The fluxes of water be-
tween these cells follow an explicit numerical discretization
of the SWE from which the GNN learns how to propagate
water based on the hydraulic gradient between cells. The
SWE-GNN proves to be valuable, opening the door to a
new approach for replacing numerical models with a deep
learning counterpart. The results presented in the paper
demonstrate the promising potential of GNNs for flood
simulations. This model, however, has only been applied
to virtual domains that are squared and relatively small. To
fully explore the capabilities of the SWE-GNN, this study
will apply the model on a real world case study. With a
computational speed up of over two orders of magnitude and
an increased generalizability, the integration of this model
could be beneficial for practical use during emergencies.

In this paper, we apply the SWE-GNN for flood simu-
lation on two real world case studies: the dike rings 43
and 49, located in the Netherlands. The performance of
the model is assessed through statistical metrics, as well as
evaluated for practical application for the first 48 hours of a
calamity. We examine the trade-off between the increased
computational speed and data quality and analyze the perfor-
mance on impact metrics. If functional, this model could be
a promising development for deep learning flood modelling.
Offering practitioners a tool for fast and reliable flood results
which can be useful during hot phases of emergencies or for
speeding up probabilistic calculations.

2 Methodology

This section briefly introduces the topic of graph neural net-
works before presenting the SWE-GNN and the numerical
model used to simulate flooding. Subsequently it presents the
metrics used to assess the performance of the SWE-GNN,
the theoretical framework to assess the corresponding flood
damages, and finally the employed damage models.

2.1 Graph Neural Networks

Graph neural networks are certain deep learning models that
can be applied to graph structured domains. The mathemat-
ical structures of these graphs consist of nodes v; connected
to each other by edges e;;. Where the indexes of nodes rep-
resent the ¢-th node and the indexes of edges represent the
nodes it connects.

Nodes can have certain assigned properties, called node fea-
tures. The features for a node can be expressed by a vector

asx; € RY, where N represents the number of features. Ad-
ditionally, edges can also contain edge features. These can
be represented by a vector as e;; € RP where D denotes the
number of features.

If two nodes are connected by an edge, they are able to pass
messages to each other. The information in these messages
depends on the node features of the two adjacent nodes and
the edge features of the edge connecting them. A message
between node v; and v; can be computed as
m;; = (X, X, €i;) (M
When a node receives a message from its neighbor, it can
update its own node features with the message information
as follows

hi:O'<XIL‘, D mij>
’UjE/Vi,

In this equation, h; denotes the hidden state of node v;. The
hidden state is the updated representation of the node after
the message passing. o(-) is a function that is employed to
induce non-linearity. @(-) represents a function which ob-
tains all the messages from neighboring nodes. If this pro-
cess is executed once, information can only pass between
nodes neighboring each other. However, the architecture of
graph neural networks allows for a number of L layers to
be stacked. Each of these layers represent a repetition of the
message passing process, updating the hidden states of all
nodes for each layer every time. This results in the prop-
agation of information between nodes further away from
each other. Specifically nodes that are separated by L edges
(Sanchez-Lengeling et al., 2021).

In the context of this research, nodes represent the mathemat-
ical grid cells of our case study areas. The associated node
features will be discussed in the next section.

(@)

2.2 SWE-GNN

Bentivoglio et al. (2023) proposed the use of the Shallow Wa-
ter Equations Graph Neural Network (SWE-GNN) for mod-
elling floods. This deep learning model combines graph neu-
ral networks (GNN) with the finite volume method to solve
the shallow water equations. In this model, the hydrological
fluxes are learned instead of being calculated. This is done
during the training phase, where it requires numerical flood-
ing simulations as data for training and comparing. The ad-
vantages of employing a GNN over alternative neural net-
works lie in for example the propagation rule of the network.
This allows the propagation of water to happen in a coherent
manner, which is not the case in other deep learning models.
Additionally, GNNs can perform on irregular domains like
graphs whilst proving to produce reliable results for fluid dy-
namics as well as for partial differential equations (Horie and
Mitsume (2022)).

The SWE-GNN model incorporates both static and dynamic
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Figure 1. Overview of the architecture structure of the SWE-GNN as presented in (Bentivoglio et al. (2023)). The model ¢ takes both the
static and dynamic features at time t (blue box) and produces a calculation on their evolution in time (orange box). The model uses its
own predictions as input for the subsequent calculations to auto-repressively determine the spatio-temporal evolution of the flood wave. The
encoder-processor-decoder structure of the model is shown in the black box. Both the static and the dynamic node inputs (first node mesh)
are encoded into higher-dimensional embeddings (yellow nodes) using three separate multi-layer perceptrons. These are then used as input
for the L layers of the GNN. Subsequently, the output of the GNN (red and orange nodes) is decoded via a shared multi-layer perceptron and

summed to the hydraulic variables at time t. This results in the final

features as input. The static features represent the topogra-
phy of the domain, while the dynamic features capture the
hydraulic variables at time t. The model output consists of
the hydraulic variables at time t+1 as follows

=U'+®(X,, U7 g, 3)

The output U are the predicted hydraulic variables at

time t+1, U’ corresponds to the hydraulic variables at time
t, ® is the GNN model that autoregressively calculates the
hydraulic variables for the time step, X consists of the
static node features, U'™P* are the dynamic node features
and £ are the edge features that present the geometry of
the mesh. The complete structure is illustrated in detail in
Figure 1. More in depth information on the functioning
of the SWE-GNN can be found in Appendix A or in the
original paper; Bentivoglio et al. (2023).

For this research, some modifications were made to the
SWE-GNN to accommodate variable-sized domains instead
of squared ones. The SWE-GNN version employed for

prediction of the variables at time t+1 (blue nodes).

conducting this research, required the first time step of
testing simulations to be simulated by a numerical solver,
in this case Delft3D-FM (Deltares, 2024). This resulting
first step of the flood evolution is then used as input for the
SWE-GNN.

2.3 Numerical model

The numerical model used for this research is the high
fidelity numerical solver Delft3D FM Suite 1D2D from
Deltares, hereafter referred to as Delft3D. The model is
widely adopted and applied both worldwide as well as
nationally for a variety of riverine, coastal and estuarine
hydrodynamic applications. Dike breaches can accurately be
simulated by incorporating aspects such as breach develop-
ment and river water levels. Additionally, the model is able
to simulate a flood originating from a point source, either
with a fixed discharge or a defined hydrograph. This model
employs an implicit scheme on grids and variable time steps
to solve the Shallow Water Equations (Deltares, 2024).
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Delft3D can be operated by making use of an external,
python based, programming software. This enables users
to continuously model multiple simulations with changing
boundary conditions by utilizing a batch file.

2.4 Metrics

To assess the statistical performance of the SWE-GNN, we
consider various metrics. Firstly, in order to measure the spa-
tial error of the flood distribution we calculate the critical
success index (CSI) as

TP

CSl= ——————
TP+FP+FN

“
TP refers to true positives and entails all the pixels where
the SWE-GNN correctly predicted flood. FP stands for false
positives, which is the number of cells where the model
wrongly predicted flood. FN is false negatives, which refers
to the cells where the model did not recognize flooding. In
the CSI we leave out the true negatives, as this would lead
to an overestimation of the performance since large parts of
the domain are not flooded. This is especially apparent in
the first few time steps of the simulation at the start of the
dike breach. This value is computed for every time step of a
certain simulation and gives insight into the spatial accuracy
of detecting a flood or no flood per pixel, given a certain
threshold. In this study, we will employ flood thresholds of
0.05m and 0.3m to differentiate between wet and dry pixels,
since they are widely recognized as a good thresholds for
indicating the beginning of flood and for safe driving in
regular civilian cars (Pregnolato et al., 2017).

Besides measuring the accuracy of predicting a certain
class, we also measure the error of the data simulated. For
this, we employ the multi-step-ahead Mean Average Error
(MAE) for the hydraulic variables water depth and flow
velocity, which is defined as

H
1 ~T T
MAE:EZ_ZIIIu —u,y )

Where H refers to the prediction horizon which depends on
the total simulation time and the temporal resolution. " rep-
resents the predicted value of the hydraulic variable at time 7
and u” represents the true value of the hydraulic variable at
time 7.

2.5 Flood damages

In the context of urban flood events, the most interesting
aspect for policy makers is the inflicted damage. Flood
damage refers to all the destruction caused by a flood event.
It comprises all the harmful effects on human life, damages
to their belongings, damages on infrastructure, on the

ecosystem, and finally also on the effect on the strength of
the affected economy. In this research the categorization of
damage will be made based on direct and indirect damages.

Direct damages refer to physical destruction caused by
the floodwater during the flood event. This entails damages
to buildings, infrastructure, and the loss of lives. These dam-
ages are generally more straightforward in their estimation
and effects (Kok et al., 2004; Penning-Rowsell et al., 2005).
Indirect damages refer to secondary losses that stem from the
direct damage but are not directly caused by the inundation
of water. These include, for example, the disruption of
services and the limitation of accessibility due to flooded
networks. Indirect damages may not be immediately ap-
parent but can have a long lasting effect on communities
and can affect areas larger than those actually inundated by
the flood (Nicholls et al., 2014; Rose and Liao, 2005; Koks
et al., 2015).

Urban areas heavily rely on infrastructure networks, which
are commonly regarded as the fundamental framework
supporting proper functioning of communities. Among
these networks, transportation systems like roads play
a crucial role in ensuring safe and strong communities
(Rodrigue, 2020). During floods, roads may experience
both direct and indirect damage from the water. Directly,
flooding can cause destruction to the road infrastructure
itself (e.g. pavement, surface). However, the importance
of roads extends beyond direct damages, as they play a
crucial role in indirect consequences as well. When a road
becomes inaccessible during a flood, it hinders the mobil-
ity and connectivity to specific areas, thereby disrupting
emergency response efforts in those regions (Yu et al., 2020).

Damages can be expressed in tangible or in intangible
terms. Tangible terms refer to measurable and physical
losses. These entail, for instance, monetary losses or fatal-
ities due to a hazard. In contrast, intangibles encompass
effects that might not be directly observable such as emo-
tional distress or societal disruption. These effects are harder
to quantify but can be crucial in understanding the full effect
of a calamity (Messner and Meyer, 2007; Thieken et al.,
2009).

2.6 Damage models

To evaluate the practical applicability of the SWE-GNN in
real case studies, two damage models will be used. The dam-
age models will be SSM2017-v4.0 (Schade Slachtoffer Mod-
ule) and Ra2Ce (Risk Assessment and Adaptation for Critical
infrastructurE), for calculating direct- and indirect damages
respectively (Rijkswaterstaat, 2023; Deltares, 2023).
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2.6.1 Schade Slachtoffer Module

The SSM2017-v4 is a damage tool created by Rijkswater-
staat, the Dutch national agency responsible for the manage-
ment and maintenance of the main infrastructure facilities in
s the Netherlands, including roads and waterways. The tool
takes as minimal input the flood depths, but can also take
flood velocity into account (Slager and Wagenaar, 2017).
For the purpose of this research both are considered in or-
der to not underestimate the damages. The module employs
10 the *Standard Method damage and casualties’. This method
consists of all the possible steps to calculate the damages of
a certain flood on a dike ring. This method can take into ac-
count conditions such as the location of breach, timing of
breach, breach growth, maximum water levels, number of
15 residents, infrastructure vulnerability, and other relevant fac-
tors to calculate the total effect of a hazard. More in depth in-
formation on the method is provided in Kok et al. (2004). The
calculation is based on the unit-loss methodology per cate-
gory, which relates flood quantities to damage at unit level.
20 Examples of some categories can be agriculture, dwellings,
infrastructure. Their corresponding unit is then m?. These
damages can be calculated using the following relation

S = Zsizfij(dj)nij (6)
i=1  j=1
25
This equation, which is visualized in Figure 2, calculates the
total loss S by summing up the total damage for categories
m and all grid cells n. The damage per grid cell is a multi-
plication of the damage fraction f;;(d;) and the elements ex-
2 posed 1, ; multiplied by the value of risk of the different dam-
age categories s;. The damage fraction is obtained through a
damage function (Wagenaar et al., 2019).

Value at risk

Elements at risk

!

Water depth map Damage Functions

Damage map

Figure 2. Visualization of the flood damage calculation procedure
(Wagenaar et al., 2019)

Every category of damaged good has its own damage func-

tion. For example; for low frequency flood areas the damage
ss function for vehicles is displayed by Figure 3.

For the cost of direct damages on buildings like houses the

‘replacement cost’ is used. This means the monetary cost to

restore or rebuild a building to its original state in the orig-

damage factor for vehicles

damage factor

flood depth (m)

Figure 3. Damage factor per flood depth for vehicles in a low fre-
quency flood area as presented in Kok et al. (2004)

inal location. Multiple different housing categories are dis-
tinguished, from apartments to mansions and the like. For
damage to assets like capital goods and vehicles the ‘replace-
ment cost’ is used, this depends on the current market value
of the lost asset. Damage costs produced by the SSM are be-
fore taxes.

The SSM uses Delft-FIAT as calculation core. FIAT (Fast
and Flexible Flood Impact Assessment Tool) is a Python
based tool developed by Deltares and widely adopted for
flood damage calculations (Slager et al., 2016). For the direct
damage assessment both the flooding results of the Delft3D
and SWE-GNN runs were analyzed per breach location test
case for comparison. In this evaluation, we considered factors
such as damage costs, fatalities, and the number of individu-
als affected.

2.6.2 Risk Assessment and Adaptation for Critical
InfrastructurE

For the indirect damages related to road networks a Ra2Ce
model was set up on the case study areas. Ra2Ce takes road
networks as vector line elements and overlays it with a flood
map raster containing water depths. The exact location of the
road elements are obtained from the Rijkswaterstaat database
in addition with road information like road type and average
speeds. The tool is then able to analyze the impact of the haz-
ard on the transportation network. The results can provide in-
sights into network bottlenecks, fully or partially closed off
road segments and isolated locations due to the hazard. The
executed analysis for this project serves to assess whether
certain locations can still access the main part of a trans-
portation network during a disruption. Ra2Ce differentiates
between two reasons of isolation: a location can be isolated
because of disruption in a nearby link or because of link dis-
ruptions in areas further away. For example, a house could
be disrupted in using the road network due to flooding on
the road right in front of the house or because neighborhood
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roads are flooded, preventing departure from the area (Bles
et al., 2023).

3 Experimental setup

This section introduces the project approach, the study areas

s and discusses the dataset creation used for this project. Fi-
nally, the training set up to create the SWE-GNN model is
explained.

3.1 Project approach

The first step of this research is to set up a workflow. This
process is visualized in Figure 4.

Inputs
(Elevation, breach
location, discharge)

DelftaD —First timestep»  SWE-GNN

v h

Statistical and practical metrics

¥

Results

(Statistical, practical,
computation times)

Figure 4. Visualization of the general workflow of this project. Test
simulations will be run on both Delft3D and the SWE-GNN, the
results will then be processed through the statistical metrics for as-
sessment and the damage models for practical applicability.

With this workflow in place, where the results of the SWE-
GNN on the test datasets will be compared to the Delft3D
results, we will research the potential of the SWE-GNN for
real world application.

15 3.2 Study areas

Two study areas are considered: dike rings 43 and 49 (Figure
5). The areas are located in the east of the Netherlands in the
province of Gelderland. The dike rings are overseen by the
local waterboards, Waterschap Rivierenland for dike ring 43
20 and Waterschap Rijn en IJssel for dike ring 49. Dike ring 43
is encapsulated by the Waal River in the south and the Neder-
rijn in the north. Dike ring 49 borders the Rhine and the IJs-
sel. Although close in distance, the spatial properties of the
two case studies differ. Dike ring 49 roughly drains in north-
2s west direction while dike ring 43 is more flat. Additionally,
dike ring 43 has a different distribution of spatial structures

such as small lakes and elevated 1-d structures such as sec-
ondary dikes and highways. Dike ring 43 is divided in to two
parts, west and east. The surface area of this eastern half is
more comparable to dike ring 49, with the original complete
dike ring 43 being more than twice the size. This renders it
too large for a fair comparison with a training dataset of the
same size as for dike ring 49. For this purpose we focus on
the eastern part of the dike ring. The domain is clipped, and
the training dataset is therefore of the same size to fairly as-
sess the model, to maintain a good complexity of the GNN,
and to attempt to limit overfitting.

3.3 Dataset creation

Data on the dike rings was obtained from the responsible au-
thorities; Waterschap Rivierenland and Waterschap Rijn en
[Jssel. This includes information such as dike ring extent, to-
pography, different calculation grids, pumps and sluices. The
information was loaded into Delft3D to create the flood sim-
ulations used in this research. The resulting Delft3D simula-
tions will serve as basis for this project. This means both the
creation of a training datasets as well as testing dataset for
performance comparison with the SWE-GNN.

— Training dataset 1 comprises 60 flood simulations on
dike ring 49. The breach locations are randomized in the
training dataset, with dry bed conditions and a constant
flood discharge of 200 m®s~! as initial and boundary
conditions. This discharge was obtained from the over-
seeing waterboard and deemed relevant for further post-
processing of the resulting flood maps. This was chosen
since the main focus of the research is to assess the real-
world applicability of the SWE-GNN.

— Training dataset 2 comprises 60 flood simulations on the
eastern part of dike ring 43. The breaching discharge is
set at 200 m3s~! in accordance with the relevant au-
thorities.

— The testing dataset will comprise 10 flooding simula-
tions on dike ring 49 and 5 on the eastern part of dike
ring 43. This is to test the generalizability to unseen
breach locations. The breach locations are chosen in
accordance with the overseeing authorities or obtained
from the LIWO (Landelijk Informatiesysteem Water en
Overstromingen) which is a database with the most crit-
ical flood scenarios per dike ring for The Netherlands
(Rijkswaterstaat, 2022). The breaching discharge is set
at 200 m3s~! for both dike rings.

The training and validation split of the two training datasets
will be 75% for training and 25% for validation. This results
in 60 training samples and 20 validation samples on the first
dataset. For the second dataset, this amounts to 45 samples
for training and 15 for validation. The temporal resolution of
all simulations is At=1h.
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Figure 5. Case study areas for this project, dike rings 43 and 49 in the east of The Netherlands. Data obtained from waterboards Rivierenland
and Rijn en IJssel respectively. Coordinate reference system set on EPSG:28992 Amersfoort/RD New.

3.4 Training setup

We train the SWE-GNN via the Adam optimization algo-
rithm (Kingma and Ba, 2014). Training was carried out for
150 epochs, with an early stopping function if the training
shows to not result in improvements. The learning rate
is 0.009 in combination with a step decay strategy. The
reduction factor is 0.7 and the step size is set at 15 epochs.
The number of rollout steps during training is initially set at
one time step ahead. This number will be increased during
training based on the curriculum learning strategy that is
updated every 25 epochs. A more detailed description of the
training strategy is provided in Bentivoglio et al. (2023) in
section 3.3.

The scripts are written in Python 3.10 (Inden, 2022)
and the models are trained utilizing Pytorch version(1.13.1)
(Paszke et al., 2019) and Pytorch Geometric (version 2.2)
(Fey and Lenssen, 2019). Weights & Biases is used to
keep track of training progression as well as execute the
hyperparameter search (Biewald et al., 2020). In terms of
hardware training the SWE-GNN is done on a NVIDIA
A100 80GB GPU (Delft High Performance Computing

Centre, 2022). Testing the SWE-GNN as well as creating
the datasets with Delft3D is done on an Intel(R) Core(TM)
i5-7200U CPU @ 2.50GHz - 2.71 GHz.

4 Results and Discussion

In this chapter, the results of the SWE-GNN models trained
on dataset 1 and dataset 2 will be presented. We will asses
whether the model is sufficiently trained for the testing data
from both datasets separately by evaluating the results with
the discussed metrics and comparing them to the Delft3D
results through the workflow discussed in chapter 3. All
SWE-GNN model testing and Delft3D simulations were run
on CPU in order to fairly assess the model capabilities.

A hyperparameter search was conducted with the goal
of finding the configuration which maximizes the models
performance on the specific task at hand. The chosen metric
was the validation CSI which was calculated during training
on the validation section of the dataset. The results and more
details of this evaluation for both datasets is presented in
Appendix B. The final optimal models chosen are as follows:

25

30

35

40



2

o

=)

S

S. Bulte Garcia et al: Applying Spatio-Temporal Flood Modelling 9

— Dataset 1 : K= 16 layers, 128 Hidden features
— Dataset 2 : K =20 layers, 128 Hidden features
4.1 Statistical performance

In this section we will discuss the results from the SWE-
GNN models on both test cases. The numerical performance
of the models predictions on the test simulations will be ex-
pressed through the aforementioned statistical metrics.

4.1.1 SWE-GNN on dataset 1

First, we will discuss the results of the SWE-GNN on dike
ring 49. Figure 6 provides an overview of the dike ring with
the breaching locations used to train, validate, and test.

Digital Elevation Model with breaching locations

181 225
15
18.8
124
r15.2
£
)
r11.5
6,
3 [ 7.9
] - I
X Validation % x
% Training Xx
04 X Testing
0 3 6 9 12 15 18
x [km]

Figure 6. Digital Elevation Model (in meters) of dike ring 49 with
the spatial distribution of the breach locations. Blue crosses mark
validation simulations, green crosses mark training simulations and
red crosses are testing simulations.

The average CSI score per time step for the test dataset is
displayed in Figure 7. The metric remains consistently high
for the first 48 hours of the simulation. This implies that
the model is able to correctly predict the spatio-temporal
evolution of the flood over time. The average CSI score is
0.85£0.05 for the 0.05 m extent and 0.81 £0.05 for the
0.3 m extent. Generally, the CSI displays a small drop at
the beginning and then increases again to a stable level.
When observing the results this is explained by the initial
propagation of the flood for certain breach locations and
the topography of the dike ring. The domain roughly drains
towards the northwest which means that the flood in some

test cases travels a relative high distance between time steps
at the beginning. This is further solidified by plotting the
CSI for a model with less than 16 layers, where the drop off
is larger at the start (Appendix D). The improvement of the
score over time is attributed to a recurrent flood pattern for
the domain. Water tends to concentrate at the northwestern
corner of the dike ring which leads to little spatio-temporal
errors later on in the simulation.

1.0 CSl score

0.8 i

0.6

0.4 1

0.2 —e— (CSI_0.05

—— (CSI1 0.3

OU T T T T T T

0 10 20 30 40 50
Time [h]

Figure 7. Temporal evolution of the CSI scores for the final model
on dike ring 49. The dotted line represents the average score, the
confidence band is set at one standard deviation from the mean re-
sult.

The statistical metrics employed over the quality of the
predictions show that the model is able to accurately depict
the flood depth and flow velocity in a certain cell. Over the
10 test simulations the model achieves a MAE of 0.027
m on water depth and 0.007 m?/s on unit discharges over
the entire dataset. In addition, the MAE is plotted per time
step as presented in Figure 8. The MAE increases over time
meaning that the general accuracy declines. However, the
observed increase does not pose any significant concerns,
as the increase happens sub-linearly and scores remain
consistently high even after a duration of 48 hours. Part of
this performance decrease is also due to the way the metric is
evaluated; in the first time steps when the domain is mostly
dry the error will be lower.

The SWE-GNN model predictions for water depth (a)
and discharge (b) on one of the test samples is presented in
Figure 9.

As can be observed from the figure, the SWE-GNN is
able to predict how the water depth and discharge evolve
accurately over time on dike ring 49. Upon closer inspection
of the results, the errors are mostly related to relatively small
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MAE
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Figure 8. Evolution of the MAE over time for the test dataset sam-
ples on dike ring 49. The dotted line represents the average score,
the confidence band is set at one standard deviation from the mean
result.

over- or under-estimations due to lagging and incorrect
flow routes. The numerical test simulations are inspected
for supercritical cells attributed to higher Froude numbers.
Supercritical flows can result in complex flow patterns and
non-linear flow dynamics, this can introduce numerical
instability (Neal et al., 2012). Based on our test cases, we
observed that supercritical flows occur only during the initial
time steps at the breach location. Importantly, these super-
critical flows did not lead to any incorrect predictions by
the SWE-GNN model. Subsequently, the rest of the domain
predominantly displayed sub-critical flow conditions. This
is likely due to the gentle terrain slopes and relative lower
flow velocities attributed.

For all test cases, the difference is calculated and plot-
ted per cell by subtracting the Delft3D simulation from the
SWE-GNN prediction. This results in a positive value where
the SWE-GNN over predicts water depth or discharge and a
negative value where it under predicts, as can be observed
in Figure 9. We conducted a residual analysis on these
differences to assess if there were significant model errors.
The result is displayed in Appendix C, where the totality of
the domain is considered for the calculation. This means that
both cells that are only flooded by one of the models as well
as cells that are flooded by both, but by a different water
depth, contribute to the bias. The violin plots show that there
is a tendency to slightly over predict in the test cases after 48
hours.

Flood Propagation Extent
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Figure 10. Flood propagation presented as cells flooded over time.

Additionally, we analyzed the flood arrival times for the
different test cases. The SWE-GNN predictions slightly lag
behind towards the outer edges of the flood propagation
front of the Delft3D results. This was already observable
for test case 2 in Figure 9, where the largest water depth
differences for the first few time steps are located the furthest
away from the breaching location. Figure 10 visualizes the
number of cells flooded over time both for the SWE-GNN
as well as Delft3D for test case 3. The line indicates the
cumulative amount of flooded cells and the bars represent
newly flooded cells for both models. This might be caused
by a lack of preferential path that the flow follows, leading
to an underestimation in the direction of preferential flows
and an overestimation in the lateral flows.

From analyzing the SWE-GNN results it becomes clear
that both the extent as well as the water depth are modestly
overestimated, this is visualized in Figure C3 of Appendix C,
the difference plot of test case 2 is divided in to two figures:
the residuals corresponding to cells where both models
simulate water, and the residuals associated with cells where
only one of the two predicts water. This overprediction is
likely due to the nature of the SWE-GNN; where water is
constantly being added to the domain in the training data
and the water depths in cells is mostly increased during the
training phase. This phenomenon could be countered by
adding conservation equations to the loss function, this is
a common practice in physics embedded neural networks
known as soft constraints. Hard constraints could in our
context translate to a strict limitation on the maximum
water level allowed in any given node or cell within the
graph. This constraint would directly enforce a physical
limit on the water level, ensuring that it never exceeds a
predefined threshold, regardless of the model’s predictions
or the optimization process (Marquez-Neila et al., 2017).
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Figure 9. Spatio-temporal performance of the model on test simulation 2 for dike ring 49. The first 2 days after the dike breach are visualized.
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4.1.2 SWE-GNN on dataset 2

Breaching locations for the training, validation and testing
dataset on dike ring 43 are presented in Figure 11. The final
model was executed on the five test simulations marked as
critical flood locations by the LIWO. As observed, the com-
plete training and testing was conducted on the eastern half
of the dike ring, this was explained in more detail in chapter
3. The exact area extent was selected because the maximum
flood extent of the five test simulations did not reach beyond
this domain.

Digital Elevation Model with breaching locations

13.2 20.6
1 17.0
8.8
E. 135
X 6.6
> 10.0
4.4
X Validation 6.4
22 X Training
0 X Testing
0 5.2

Figure 11. Digital Elevation Model (in meters) of dike ring 43 with
the spatial distribution of the breach locations. Blue crosses mark
validation simulations, green crosses mark training simulations and
red crosses are testing simulations.

The final model trained on dataset 2 shows impressive re-
sults for the test simulations. Figure 12 displays the CSI score
for the two flooding thresholds over time. The CSI score re-
mains relatively stable at 0.75 +- 0.1 for the 0.05 m extent
and 0.7 +-0.1 for the 0.3 m extent. These scores, however
promising, are lower than the CSI scores for dataset 1. The
standard deviation on the scores is also larger than for the
model on dike ring 49. This implies that the performance for
the different test simulations varies more than on the first test
case. This variation in the score could be explained by the
fact that dike ring 43 is more flat than dike ring 49, where all
the test simulations drained to the northwest and converged
in a similar final flow pattern after 48 hours. The test simu-
lations on dike ring 43 do not follow a similar pattern which
can result in vastly different flood maps between the training
and testing data. Since the errors for the SWE-GNN on dike
ring 49 generally come from incorrect flow routing, this will
be more prevalent for the test dataset on dike ring 43. Where
the flow routes are more unique between the different breach
locations, it is possible that the SWE-GNN has to simulate
a certain flow route for the first time during the testing. This
model is therefore more prone to minor inaccuracies than the
model from dataset 1.

S. Bulte Garcia et al: Applying Spatio-Temporal Flood Modelling
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Figure 12. Temporal evolution of the CSI scores for the final model
on dike ring 43. The dotted line represents the average score, the
confidence band is set at one standard deviation from the mean re-
sult.
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Figure 13. Evolution of the MAE over time for the test dataset sam-
ples on dike ring 43. The dotted line represents the average score,
the confidence band is set at one standard deviation from the mean
result.

The MAE over time for the test simulations is visualized
in Figure 13. Over the 5 test simulation the model achieves
a MAE of 0.029 m on water depth and 0.006 m? /s on unit
discharges over the entire dataset. The residual analysis and
the statistical results of all test simulations are presented in
Appendix B.

Figure 14 illustrates the spatio-temporal performance
of the SWE-GNN for test case 0. The water depth and dis-
charges match the ground truth from Delft3D successfully

35

40



S. Bulte Garcia et al: Applying Spatio-Temporal Flood Modelling

time: 1.0 h time: 10.0 h time: 24.0 h time: 36.0 h time: 48.0 h
- | . hi.
E . i ‘ ‘
= kK Sl o v S
3 | | |
e §
]
v ey i
5 4 \:: ‘
s X ¥ AR
-U g . ) o .
E | | |
o
3 v '
2 :
@
£
[m)]
(a) Water depths over time
time: 1.0 h time: 10.0 h time: 24.0 h time: 36.0 h time: 48.0 h
v
E
E
%
5
6]
E
2
o
2
g
[«
w
£
g
o
£
(]

(b) Discharges over time
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Figure 14. Spatio-temporal performance of the model on test simulation 4 for dike ring 43. The first 2 days after the dike breach are

visualized.
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over time. As can be observed from the differences plots, the
largest underestimations per timestep are located at the outer
edges of the flooding front, implying that the SWE-GNN
prediction is slightly lagging behind. This underestimation
disappears in the following timesteps where the SWE-GNNs
predictions catch on to the numerical flood extent. This
could be the result of a combination of insufficient GNN
layers to properly match the flood propagation per time step
by message passing and lags originating from ponding phe-
nomena. The number of GNN layers was obtained through
the hyperparameter search. The accuracy could benefit from
more GNN layers to convey information between more
distant nodes, possibly improving the lagging inaccuracies
for the first few timesteps. However, the increased number
of GNN layers does lead to a more complex model which
ultimately did not aid the overall validation CSI as found
through the hyperparameter evaluation.

The term ponding phenomena (Carrivick, 2006) is used to
describe when a certain part of the domain gets filled with
water and forms a lake. This is for example visible in the
water depth extent on Figure 14 from 24 hours onwards.
Generally, deep learning models can struggle with the
ponding phenomena since the discharge contribution to the
training loss gets limited. This can lead to delays in flood
propagation before the model continues the correct flow
paths. The error is stopped from propagating over time due
to the multi-step ahead loss function, which is applied during
training.
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Figure 15. Flood propagation presented as cells flooded over time.

Figure 15 visualizes the number of cells flooded over time
both for the SWE-GNN as well as Delft3D for test case 0.
Even though the amount of cells flooded by the SWE-GNN
align more closely to the numerical model than for dataset 1,
a slight over prediction is still observable.

Despite the higher variation in flow routing and the ad-
dition of 1-D structures and ponding phenomena to the
domain, the SWE-GNN is able to correctly predict the flood
propagation from the unseen breaching locations on dataset
2. Across the different test simulations, the model is able
to simulate the flooding extent as well as the water depths
accurately.

4.2 Practical applicability performance

The resulting flood maps from the SWE-GNN on the test
simulations are analyzed through the workflow (Figure 4)
together with the Delft3D flood maps and compared on a
few categories.

4.2.1 SWE-GNN on dataset 1

The direct damages on dike ring 49 are presented in Table
1. The average error is 4% over the entirety of simulations.
Simulation 2 shows to be an outlier with an overestimation
of the damages by 100%. Upon closer inspection of the
prediction it shows a slight overestimation of the flood extent
at the first few time steps. Coincidentally these cells where
water was wrongly predicted were in the city of Doetinchem,
located inside dike ring 49. This explains the overestimation
in the cost of direct damages.

Simulation SWE-GNN Delft3D  Difference %
0 410 460 -10.8
1 220 250 -12
2 540 270 100
3 220 240 -8.3
4 310 290 6.9
5 260 230 13
6 220 240 -8.3
7 390 440 -11.4
8 230 240 -4.2
9 220 240 -8.3

Table 1. Direct damage calculations (in Millions of EUR) per simu-
lation for the SWE-GNN and Delft3D results on dike ring 49. These
damages are obtained from the maximum depth maps in combina-
tion with the max water discharges. Differences are expressed in
percentages.

As per fatalities, the results of the SWE-GNN and Delft3D
runs align closely, with the exception of test simulation
2 which is discussed earlier. For the affected people, the
SWE-GNN overpredicts the number with some significance.
This is related to the result of the residual analysis, which
shows that the model on average after 48 hours predicts a
larger flooding extent than the Delft3D runs. The deadly
casualties, as well as the number of affected people for the
SWE-GNN and Delft3D models, are visualized in Figure
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Figure 16. Fatalities and affected people per simulation for the
SWE-GNN and Delft3D results. The fatalities are plotted by the
bars and the affected people are visualized by the graph.

For the indirect damage assessment, the mobility disruption
to the transport network is quantified. We consider isolated
locations as per Ra2Ce analysis. For the test dataset on
dike ring 49, the SWE-GNN delivered good results. The
flood maps proved to be of such quality that the effects on
mobility on the domain are roughly identical. The number
of isolated locations from the SWE-GNN matches up to an
average of 90% with the Delft3D results. Isolated locations
are grouped into two categories; isolation due to flooding
at the location or isolation due to flooding on network parts
further away, critical for mobility of a certain location.
Here, some differences are observed which results from the
flood extents of both models not being exactly identical.
Despite that, the overall number of isolated locations align
because of the way the mobility disruption is determined.
If the SWE-GNN slightly under predicts flooding on a road
or predicts the flooding in the cell next to where Delft3D
simulates a flood, the road is still inaccessible. The results
of this analysis are displayed in Figure 17. An example plot
of a Ra2Ce analysis for test case 0 is visualized in E. Here,
disruptions to the transport network are presented for both
the SWE-GNN prediction and the D-Hydro flood scenario.
The results indicate that the SWE-GNN performs well
on the test samples for dataset 1. The direct damages are
comparable and overall mobility disruption to the network
align for both models. This demonstrates that the SWE-
GNN offers reliable results in terms of practical applicability.

4.2.2 SWE-GNN on dataset 2

The direct damages on dike ring 43 are presented in Table 2.
The average error is -1.25% over the entirety of simulations
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Figure 17. Number of isolated locations for dike ring 49, per test
case for the SWE-GNN and Delft3D results. The line indicates the
total number of isolated locations and the bar plots display the dis-
tribution of the cause of isolation.

which means that the SWE-GNN minimally under predicts
the damage costs. As per fatalities the results of the SWE-

Simulation SWE-GNN  Delft3D  Difference %
0 1400 1500 -6.7

1 2200 2200 0

2 1400 1500 -6.7

3 1500 1500 0

4 1400 1300 7.7

Table 2. Direct damage calculations (in Millions of EUR) per simu-
lation for the SWE-GNN and Delft3D results on dike ring 43. These
damages are obtained from the maximum depth maps in combina-
tion with the max water discharges. Differences are expressed in
percentages.

GNN and Delft3D runs align closely, with the exception of
test simulation 2 which is discussed earlier. For the affected
people, the SWE-GNN overpredicts the number with some
significance. This is related to the result of the residual anal-
ysis, which shows that the model on average after 48 hours
predicts a larger flooding extent than the Delft3D runs. The
fatalities, as well as the number of affected people for the
SWE-GNN and Delft3D models, are visualized in Figure 18.
For the indirect damages, the Ra2Ce analysis is executed on
the results of both the models for dike ring 43. These results
are visualized in Figure 19. For the test dataset on dike ring
43, the SWE-GNN delivered good results. The disruption of
the floods to the mobility of the domain are roughly identi-
cal for the test cases. The total isolated locations match up
to an average of 93%. The main difference occurs in the dis-
tribution of isolation cause. Similarly to the results on dike
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Fatalities and Affected People
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Figure 18. Fatalities and affected people per simulation for the
SWE-GNN and Delft3D results. The fatalities are plotted by the
bars and the affected people are visualized by the graph.
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ring 49 the SWE-GNN predicts more flooded locations. This
is in line with the larger flood extent observed in the results.
Overall the mobility is affected similarly for the SWE-GNN
and Delft3D simulations. Minor inaccuracies are compen-
s sated due to the nature of the analysis as mentioned before.
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Figure 19. Number of isolated locations for dike ring 43, per test
case for the SWE-GNN and Delft3D results. The line indicates the
total number of isolated locations and the bar plots display the dis-
tribution of the cause of isolation.

4.3 Computational speed up

For fair comparison between the two models, testing for the
SWE-GNN was done on CPU. The optimal model configura-
10 tion for dataset 1, as per the hyperparameter search, displays
an overall computational speed up of 8.2 times. For dataset

Affected People

Flooded and Isolated distribution
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2 the SWE-GNN is 6.6 times faster than Delft3D. As men-
tioned earlier, the SWE-GNN for dataset 2 has a higher num-
ber of GNN layers, making the model slightly more com-
plex and resulting in a reduction in computational efficiency.
These speed ups are in line with the speed ups presented in
the paper by Bentivoglio et al. (2023).

Model testing was also conducted on GPU, these results are
not taken into consideration for the model analysis since the
numerical model was only executed on CPU. On GPU the
SWE-GNN demonstrated a speed up of two orders of mag-
nitude when compared to the numerical model on CPU. Ad-
ditionally, the observed speed up for dataset 2 is larger than
for dataset 1, emphasizing the SWE-GNNs ability to effi-
ciently scale up and better exploit the GPU hardware for
larger graphs. Overall, the GPU speed up is in line with
the computational efficiency presented in Bentivoglio et al.
(2023). Utilizing the full potential of GPUs for parallel cal-
culations.

4.4 Sensitivity Analysis

To test the sensitivity of the model to overfitting a sensi-
tivity analysis was carried out. In this analysis, the number
of training data samples was systematically decreased and
the CSI on the validation samples of the training data was
computed. The hyperparameters of the trained models are
the same as for the rest of the project. For every number of
training samples, the speed of the training and validation split
was changed in order to randomize the specific simulations in
the dataset. The average results are visualized in Figure 20.
The SWE-GNN performance remains relatively stable with
the decrease in training samples. Indicating that the model is
able to capture the underlying patterns and relationships in
the data effectively, even with a reduced amount of training
data. This highlights the robustness of the SWE-GNN and
means that the results are not overly dependent on certain
samples in the dataset.

4.5 Generalizability to unseen domains

In this research, some first exploratory work has been
conducted on the generalizability to unseen domains. In the
paper Bentivoglio et al. (2023), the SWE-GNN showcases
that it can generalize well to previously unseen topographies.
For this research, the SWE-GNN models trained on dataset 1
and dataset 2 have been applied on the western, unseen half,
of dike ring 43. These results are presented in Appendix F.

The results demonstrate that the SWE-GNN is only
modestly able to generalize to topographies beyond the
training data in real-world scenarios. At this point, the
performance poses a limitation for practical application on
unseen domains.
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Figure 20. The validation CSI plotted against the number of train-
ing samples. The model performance gradually declines with fewer
training samples, yet the overall performance remains stable.

5 Limitations and Future Research

Future work should focus on the generalizability limitations
on unseen domains encountered in this research. The
model could possibly benefit from more supervision on the
training dataset selection, maintaining a certain threshold
of complexity in the samples and ensuring that structures
like, for example, ponds or 1-D structures are present if the
model is required to simulate them for the tests. This became
apparent in the tests presented in Appendix F, where the
10 model trained on dataset 2 outperformed the model trained
on dataset 1 for the unseen domain. This further solidifies
that certain patterns and relations in the training dataset are
pivotal for proper flood prediction on the test simulations
(Kimura et al., 2019; Zhao et al., 2021). In addition, the
15 SWE-GNN could benefit from transfer learning. Having a
pre-trained model on a certain domain the performance on
new domains can be increased by transferring knowledge
from this pre-trained model to a new transfer learning model.
Subsequently the remaining weights of the transfer learning
20 model can then be trained on new samples and tasks (Olivas
et al., 2009; Cache et al., 2024).
On the other hand, it might prove to be more straightforward
to set up individual SWE-GNN models for each dike ring.
The results of this research demonstrated the ability to
2s generalize well to unseen breaching locations within the
trained domain. The sensitivity analysis showed that the
models performance remains consistent even when the
number of training samples is reduced, indicating that model
set up procedures could be simplified.

3

30
The Froude number analysis on the test cases displayed
predominantly sub-critical flow conditions. Future research
could explore the behavior of the SWE-GNN model in cells
with higher Froude numbers. Since the SWE-GNN can be
ss used for any flood applications where the SWE holds, it

could be interesting to examine the performance for areas
with supercritical flow regimes.

In this project, the analysis was carried out under constant
breach discharge. Future research could explore the ap-
plication of variable discharge as boundary condition on
real-world dike ring scenarios. This could be achieved by
employing ghost cells and assigning them with boundary
conditions (LeVeque, 2002). This new addition does not
only remove the dependency on a numerical model for
the first time step, but also marks a valuable step towards
better representing real world dike breach scenarios. The
computational speed up could make the tool of particular
value for probabilistic calculations. During periods with
high river levels, numerous uncertainties are present. The
exact location of a dike failure and the corresponding
hydrograph are unknown. At this stage it would be beneficial
to run a considerable amount of simulations with different
hydrographs on the entire section of the dike at risk (Voro-
gushyn et al., 2011; Kamrath et al., 2006). Therefore, future
work could focus on implementing boundary conditions
to the SWE-GNN, and assessing how a range of variable
discharges in the training dataset performs for test cases with
different hydrographs.

Furthermore, the model could be improved by explor-
ing multi-scale methods to reduce computation time by
passing information more efficiently (Lino et al., 2022).
Another interesting direction could be incorporating some
sort of adaptive modelling, where the SWE-GNN can adapt
to real-time observations during a calamity as input. With
the overall inaccuracy during simulation increasing over
time, this could reset predictions with a corrected flood
extent. Additionally, implementing real-time observations
would correct flow paths and minimize any lag between the
SWE-GNN predictions and the flood front.

Generally, the SWE-GNN proves to modestly over pre-
dict the flooding extent and the water depths. Future work
could focus on adding conservation equations to the training
loss function. This is a common practice in physics-based
neural networks, where conservation laws such as the mass
balance are employed to better enforce a more accurate
representation of the physical processes.

6 Conclusion

In this research, we modified and applied the proposed
SWE-GNN from Bentivoglio et al. (2023) on two real world
case studies in The Netherlands. We assess the suitability
of the physics-based GNN for generating reliable flood
predictions and evaluate its efficacy as a practical tool in
emergency situations. Besides measuring the performance
of the model through numerical metrics, we also test the real
world applicability of the results.
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The SWE-GNN trained on dataset 1 and 2 showed
very promising results on dike ring 49 and 43 respectively.
Further highlighting the models capabilities to generalize
to unseen breach locations. The model is able to correctly
predict the spatio-temporal evolution of the flood and
achieves good scores for the statistical metrics employed.
For dike ring 49 it displays an average MAE of 0.027 m
on water depth and 0.007 m?/s on units discharge over the
entire dataset, for dike ring 43 the average MAE is 0.029 m
on water depth and 0.006 m?/s on units discharge over the
entire dataset. The post-processing on the flood predictions
showed that the model is able to provide a viable tool in
emergency scenarios. For direct damages the results of
the SWE-GNN were satisfactory, aligning closely with the
post-processed Delft3D results. On the indirect damage
analysis the results of the SWE-GNN were excellent, further
solidifying the viability of the model in emergency situations.

The SWE-GNN showcased its ability to deliver precise
flood simulations while reducing computational times on
CPU by factors of 8.2 and 6.6 for the respective test cases.
Besides during calamities, these speed ups could be valuable
for situations where multiple calculations are required in
quick succession, such as for probabilistic calculations with
uncertainties in the inputs.

The sensitivity analysis showed that by decreasing the
training size by roughly 75% the performance remained
consistently stable. Implying that the model has the expres-
siveness to capture relationships and patterns for the task
at hand, despite the smaller training dataset. This means
that any SWE-GNN model for a dike ring could be set up
relatively easily to provide a valuable tool during a calamity
for the early emergency response.

Concluding, in this research we proved that the SWE-
GNN is a promising innovation on rapid spatio-temporal
flood modelling. The SWE-GNN can successfully gener-
alize to unseen breaching locations and provide fast and
qualitative strong results which can be used for real world
applications during a calamity.
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Appendix A: SWE-GNN

In this section a short summary will be provided on the
exact functioning of the SWE-GNN. For more in depth
information on the SWE-GNN we refer to the original
paper; Bentivoglio et al. (2023).

Encoder

The static node features (X, € RV*Ix:), the dynamic node
features (X, = U'~P' ¢ RN*O(+1)y and the edge features
(e € REXL) are processed in three separate encoders.
I refers to the number of static node features, O to the
number of considered hydraulic variables, p the number
of input previous time steps and finally I, the number of
edge features as input. The encoded variables then can be
expressed as

H, = ¢, Hy= ¢4, E = ¢.(E)

where ¢ represent MLPs that generate node matrices for
static and dynamic node features. And for the edge features
it processes and encodes them accordingly to maintain the
relations. The MLPs consist of two layers, with a hidden
dimension G and a parametric PReLU activation. These
encoders are in place to expand the dimensionality of the
inputs to facilitate higher expressivity of the features, where
G represent the dimension of the node embeddings.

(AL)

Processor

The processor consists of a GNN with L layers that takes the
high-dimensional inputs provided by the encoder at time t
which produces the spatio-temporal propagation of the flood
evolution for for time =t + 1. This evolution is based on the
Shallow Water Equation, where the dynamic features such as
mass and momentum fluxes progress in space as a function
of the input terms i.e. the static and dynamic features. The
physics basis of the SWE-GNN constrains water to only
propagate from cells with water, and the velocity of this
propagation is dependent on the hydraulic gradients between
adjacent cells. The updated features are as follows:

I+1 l n l l
Sz(‘j )= qp(hsivhsjvhfii)vhfij)vgij) © (hfij) - hfiz')) (A2)
hgjl) _ h((ili) + Z S§;+1)W(l+1) (A3)

jJEN,

In these equations v consists of an MLP with two layers, hid-
den dimension of 2G with a PReLU activation function. © is
the Hadamard product and w' are the parameter matrices.
(hfi? - hgi)) presents the gradient of the hydraulic variables.
The static and dynamic inputs are then incorporated by 1) to
compute an estimate of the source terms on the nodes. This
output is normalized along the embedding dimension to in-
crease stability.
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si; presents the fluxes between neighboring cells. The con-
tribution of each layer is multiplied by W),

The GNNs produce the output for the predicted hydraulic
variables at time t+1 for the defined time step. Multiple GNN
layers are stacked to increase the propagation space, enabling
the model to capture dependencies from further away and
correctly predict flood propagation relations per time step.
The full processor for the L GNN layers can be described as

bl =hg WO

I+1 n L@ l 1
Sz(‘j+ )= ¢(hsi7hsjvhgli)vhgj)75ij) © (hgj) - hfii))
I+1 l I+1
by, =gl + sl WOD (A4)
JEN,
P =0+ 3 W
jeN,

The o presents the Tanh activation function used at the
output of the Lth layer to restrict exploding values due to
numerical instabilities. The static node features and the
edge features remain constant over the simulation since the
topography of the domain does not change.

Decoder

When the GNN results are computed they are processed
through the decoder, which consists of an MLP ¢, shared
across all nodes. The decoder updates the hydraulic variables
at the next time step in accordance with the results of the
GNN. Similar to the encoder, the decoder MLP consists
of two layers and has a hidden dimension G followed by a
PReLU activation. The MLPS both in the encoder and the
decoder do not have the bias terms as this could result in
adding non-zero values to areas that are not flooded, causing
water to originate from cells.

Appendix B: Hyperparameter search

A hyperparameter search was conducted in order to find the
optimal configuration for both dike rings. The considered hy-
perparameters are the number of GNN layers (K) and the hid-
den features.

A hyperparameter search is a critical step in machine learn-
ing model development, as it aims at optimizing the models
performance. The optimal configuration of hyperparameters
depends on the task at hand and on the data used. Therefore,
there is no universally best combination which applies to all
scenarios. The hyperparameters chosen influence the com-
plexity of the model. The best performing model is obtained
by systematically exploring different combinations of hyper-
parameters.

The results of the hyperparameter search are presented in
Figure B2. The performance increases consistently with the
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amount of hidden features chosen. By increasing the number
of hidden features we are essentially increasing the ability
of the model to learn complex patterns and representations
within the graph data. The hidden features represent node
embeddings that encode information about the nodes and
their neighborhoods. Increasing this value leads to a richer
representation space, which causes the model to better cap-
ture nuances of the grid topology, node attributes, and allows
for more expressive message passing.

The general spatio-temporal accuracy and quality of gener-
ated results also increases with the amount of GNN layers
employed. A smaller number of layers is not able to cor-
rectly display the water propagation between time steps at
the current discharge and on the case study area. Increasing
the number of layers improves the information propagation
through the graph. This results in each node to be able to cap-
ture and integrate dependencies from further away for each
time step of the simulation. The performance roughly reaches
an optimal state at K = 16 layers for dike ring 49 and K = 20
layers for dike ring 43. Higher numbers of layers result in
a slight decrease of performance. This can be the result of
overfitting after this number of layers due to the increased
complexity of the model. For this reason the model chosen is
the 16 layer 128 hidden features configuration for dike ring
49 and 20 layer 128 hidden features configuration for dike
ring 43. Since these models displays the best numerical re-
sults.

Appendix C: Residual analysis

This section presents the results of the residual analysis for
both datasets. Figures C1 and C2 visualize the statistics per
simulation ranked by performance. The simulation id is dis-
played on the x-axis and the CSI, RMSE and residuals are
plotted for the final time step of simulation. As can be
observed from the figures, the residuals per simulation for
dataset 1 show a slight positive trend in the water depth of ap-
proximately 0.18m. This is further investigated per test case.
Figure C3 presents the residuals for test case 2. For the cells
where both models simulate a flood as well as cells where
only one of the two models simulate a flood the SWE-GNN
slightly over predicts the water depth. The flooding extent,
i.e. wet cells, are over predicted mainly at the breaching lo-
cation. As discussed in the results section, this is a common
finding in our test cases. The numerical model predicts the
flood path in a certain direction and propagates the water
rapidly over the grid cells. The amount of layers in the SWE-
GNN restricts the water propagation over too many nodes per
time step. This results in water dispersing around the breach-
ing location for the first few time steps, as well as a slight lag
in flood arrival in the general direction of the flood.
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Figure B2. Visualization of the hyperparameter search results for
different configurations of hidden features and number of GNN lay-
ers (K) for dike ring 43. dataset 2.

Figure B1. Visualization of the hyperparameter search results for
different configurations of hidden features and number of GNN lay-
ers (K) for dike ring 49, dataset 1.
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Figure C1. Statistical results per simulation for dataset 1, dike ring 49.

Difference in Water Depth [m]

loss ranking for test simulations

0.01

-0.11

_0_2,

T EEFr T

[— -
_________ g
10_17 S [ — ——
7 6x1072 o
%10~
| e |q| [m?/s]
4%107? -
3%x10°2 _m_-_——m_ ﬁﬁﬁﬁﬁﬁﬁﬁﬁﬁﬁﬁ |
B S ——— s
1.0 . ‘
| --e-- CSI_0.05
O e
: e sire:
0.6 | o T
n ;
]
0.4
0.2
0.0 ‘ | | I I
0 3 : 1 |

Simulation id

Figure C2. Statistical results per simulation for dataset 2, dike ring 43.
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Figure C3. Plot of the residuals of dataset 1 for test case 2. The water depth differences at t=48 hours is analyzed for cells where both models
predict flood and cells where only one of the two models predicts flood.

Appendix D: CSI Drop Off for fewer GNN layers
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Figure D1. Initial drop off in performance for dataset 1 proves to
be larger with fewer GNN layers before stabilizing to a certain CSI
Figure D1 presents the drop off for the initial time steps as value

mentioned in the results section. The propagation of the flood
in one direction according to Delft3D is too large, which . .
s leads to a lag in SWE-GNN prediction. Consequently the Appendix E: Ra2Ce analysis plots
SWE-GNN inundates the grid cells around the breaching lo-
cation, which leads to a lower CSI score. This phenomenon
is more prevalent for models with fewer layers.
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Figure E2. Plot of Ra2Ce analysis on D-Hydro results. Test case O for dataset 1 visualized.
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Appendix F: Generalizability to unseen domains

To test the generalizability to unseen domains we tested the
SWE-GNN trained on dataset 1 and 2 on 5 unseen test cases
for dike ring 43. The locations of these test cases are pre-
sented in Figure F1.

Digital Elevation Model with breaching locations

204
16.7
15.8
13.3
- 11.2
£
> 10
> 6.6
6.7
2.0
3.3
X Testing 25
0
0 5.8 11.6 17.5 233 29.1 35

x [km]

Figure F1. Digital Elevation Model (in meters) of dike ring 43 with
the spatial distribution of the breach locations. Red crosses mark the
locations of the breach.

The results indicate that the two SWE-GNN models are
able to predict the flood propagation to a certain degree. The
SWE-GNN trained on dataset 2 exhibits a slightly better
CSI than the model trained on dataset 1 for the first 24
hours. This could be due to the increased complexity of the
model, with more GNN layers. More complex models are
better able to capture the representations and relations from
the training data and effectively transfer them to the testing
samples.

Overall, the model is modestly able to capture relevant
patterns in the flood propagation and predict the water
depths and associated discharges for the testing samples.
This affirms the findings from Bentivoglio et al. (2023) to
some extent, displaying the ability of the SWE-GNN to
generalize to unseen topographies. For real world applica-
tion during calamities, these results are insufficient at this
stage. But the model does demonstrate some capabilities
of performing on domains outside of the training data. For
improving these predictions, model adaptations could be
made such as employing multi-scaling methods to enhance
the efficiency of message passing. In addition, better enforc-
ing physics (Sabbaqi and Isufi, 2023) or generalizations to
higher orders (Yang et al., 2022) may further improve the
model accuracy, as stated by Bentivoglio et al. (2023).
Furthermore, the SWE-GNN might benefit from transfer
learning (Olivas et al., 2009; Cache et al., 2024). Using a
pre-trained model and transferring case specific information
to that model could increase the accuracy, however this lies
outside of the current scope of the project. At this point, it
is more straightforward to create separate models for each
domain to enhance their practical applicability.

All relevant plots for the SWE-GNN models on the
unseen domain: 40
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Figure F2. CSI for the SWE-GNN trained on dataset 1, tested on
the unseen western half of dike ring 43.
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Figure F3. CSI for the SWE-GNN trained on dataset 2, tested on
the unseen western half of dike ring 43.
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Figure F4. Plot for the SWE-GNN, trained on dataset 1, tested on the unseen western half of dike ring 43. The RMSE over time is plotted in
the bottom left corner. The water depth and discharges are plotted for the final time step, t=48 hours. The total differences are plotted in the
final column. Test case O of the testing dataset is visualized.
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Figure F5. Plot for the SWE-GNN, trained on dataset 2, tested on the unseen western half of dike ring 43. The RMSE over time is plotted in
the bottom left corner. The water depth and discharges are plotted for the final time step, t=48 hours. The total differences are plotted in the
final column. Test case 3 of the testing dataset is visualized.



