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SUMMARY

Flooding is one of the most frequent and destructive natural hazards, accounting for
significant human and economic losses every year. Flood hazard mapping allows to
identify vulnerable areas by estimating water depth, extent, and intensity under specific
scenarios. These maps are created via numerical models as they provide accurate flood
simulations. However, they are computationally expensive, particularly for overland flow
at high resolution. Data-driven methods based on neural networks offer a promising
alternative, delivering faster predictions while maintaining high accuracy.

To provide a comprehensive perspective on deep learning for flood mapping, we
first reviewed the state of the art across different applications, considering a range of
flood types, spatial scales, and deep learning architectures. Our analysis shows that
deep learning methods generally outperform both traditional numerical approaches and
conventional machine learning in terms of speed and accuracy. However, most existing
models are tailored to individual case studies, neglect the dynamic evolution of flood
waves, and cannot transfer to new topographic settings and boundary conditions not
seen during training. Furthermore, current approaches struggle to incorporate physical
principles, represent hydraulic structures, and provide physically consistent methods
for validating outputs, particularly in the context of uncertainty quantification. Finally,
we highlight that dike-breach floods remain largely under-represented in the literature,
despite their high uncertainty stemming from flood defence failures.

In this thesis, we introduce Graph Neural Networks (GNNs) as hydraulics-inspired
surrogate models for simulating the spatio-temporal evolution of floods. While applicable
to different flood types, our focus is on dike-breach floods due to their high uncertainty
and particular relevance in the Netherlands and other low-lying areas. We build GNNs
that are conceptually analogous to finite-volume methods used to solve the shallow water
equations: finite-volume cells are treated as graph nodes, and flux exchanges are learned
between adjacent cells by the model. The flood propagation in the proposed SWE-GNN
model resembles hydraulics principles and enforces water to propagate only from cells
with water. The model works in the same fashion as numerical solvers, auto-regressively
predicting the evolution of the hydraulic states over time. By stacking multiple GNN
layers, the model captures wider spatial dependencies without requiring small numerical
time steps, theoretically needed for stability conditions. We also develop a multi-step-
ahead loss function combined with curriculum learning that further stabilizes long-term
predictions.

We propose a multi-scale GNN formulation that models flood dynamics across differ-
ent spatial resolutions, enabling the capture of both local and large-scale propagation
processes. Time-varying boundary conditions are incorporated through ghost cells, re-
moving the need for separate numerical solvers to initialize simulations. To enhance
generalization across unseen unstructured meshes and reduce training data demands, we
enforce invariance principles, ensuring the model is independent of coordinate rotations.
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This multi-scale approach proves both faster and more accurate than its single-scale coun-
terpart. Our methods are validated on a suite of two-dimensional synthetic dike-breach
simulations generated with a high-fidelity numerical solver. These datasets progressively
increase in complexity by varying initial conditions, location of boundary conditions, size
of the domain, computational mesh, and time-varying hydrographs used as boundary
condition. Results demonstrate that the GNN generalizes well to unseen topographies,
boundary configurations, and mesh configurations, without relying on inputs from nu-
merical simulations. The models achieve a testing critical success index consistently
higher than 70% in all datasets. The model also shows generalization to a real case study;,
dike ring 15 in the Netherlands, with only one fine-tuning simulation.

Finally, we extend the model to explicitly include hydraulic structures and to quantify
uncertainty in flood hazard mapping of another real-world case study, dike ring 41 in the
Netherlands. The framework is tested for large-scale uncertainty analysis with 10,000
scenarios. All simulations are completed in under 10 hours on a single GPU, correspond-
ing to a speed-up of approximately 10,000 times with respect to the numerical solver,
with over half of the scenarios maintaining plausible mass conservation. The combined
scenarios are then used to produce probabilistic flood hazard maps, which assume equal
likelihood of occurrence for each event. We also analyse the flood uncertainty for a given
breach location and return period, showing that the model ensemble can provide better
flooding estimates than the deterministic scenario.

This thesis highlights the potential of GNN-based surrogates for time-sensitive flood
risk assessments under uncertainty. By demonstrating both accuracy and computational
efficiency, it contributes to bridging the gap between complex hydraulic modelling and
large-scale flood risk analysis. Despite being applied on dike-breach floods, the framework
introduced in this thesis can readily be applied to fluvial and coastal floods without
modifications. This open pathways for integrating surrogates into operational decision-
making and future flood resilience planning.



SAMENVATTING

Overstromingen zijn een van de meest voorkomende en destructieve natuurrampen, die
elk jaar aanzienlijke menselijke en economische verliezen veroorzaken. Met behulp van
overstromingskaarten kunnen kwetsbare gebieden worden geidentificeerd door de water-
diepte, omvang, en intensiteit in specifieke scenario’s te schatten. Deze kaarten worden
gemaakt met behulp van numerieke hydraulische modellen, omdat deze nauwkeurige
simulaties opleveren. Ze zijn echter rekenkundig intensief, met name voor afstroming
over land met hoge ruimtelijke resolutie. Datagestuurde methoden op basis van neu-
rale netwerken bieden een veelbelovend alternatief, omdat ze snellere voorspellingen
opleveren met behoud van hoge nauwkeurigheid.

Om een uitgebreid overzicht te geven van deep learning voor overstromingskaarten,
hebben we eerst de stand van zaken bekeken voor verschillende toepassingen. Hier-
bij hebben we rekening hebben gehouden met verschillende soorten overstromingen,
ruimtelijke schalen en deep learning-architecturen. Uit onze analyse blijkt dat deep
learning-methoden over het algemeen beter presteren dan zowel traditionele numerieke
benaderingen als conventionele machine learning wat betreft snelheid en nauwkeurig-
heid. De meeste bestaande modellen zijn echter afgestemd op individuele casestudy’s,
negeren de dynamische evolutie van overstromingsgolven en kunnen niet worden over-
gedragen naar nieuwe topografische omgevingen en randvoorwaarden die tijdens de
training niet zijn beschouwd. Bovendien hebben de huidige benaderingen moeite om
fysische principes te integreren, hydraulische infrastructuur weer te geven en fysisch
consistente methoden te bieden voor het valideren van outputs, met name in de context
van onzekerheidsquantificering. Ten slotte benadrukken we dat overstromingen door
dijkdoorbraak nog steeds grotendeels ondervertegenwoordigd zijn in de literatuur over dit
onderwerp, ondanks de grote onzekerheid die voortvloeit uit het falen van waterkeringen.

In dit proefschrift introduceren we Graph Neural Networks (GNN'’s) als op hydrau-
lica geinspireerde surrogaatmodellen voor het simuleren van de ruimtelijk-temporele
evolutie van overstromingen. Hoewel ze toepasbaar zijn op verschillende soorten over-
stromingen, richten we ons op overstromingen door dijkdoorbraak vanwege hun grote
onzekerheid en bijzondere relevantie in Nederland. We bouwen GNN'’s die conceptueel
analoog zijn aan eindige-volumemethoden die worden gebruikt om de ondiepwaterverge-
lijkingen op te lossen: eindige-volumecellen worden behandeld als grafiekknooppunten
en fluxuitwisselingen worden geleerd tussen aangrenzende cellen door het model. De
overstromingsverspreiding in het voorgestelde SWE-GNN-model is analoog aan hydrau-
lische principes en zorgt ervoor dat water zich alleen verspreidt vanuit cellen die water
bevatten. Het model werkt op dezelfde manier als numerieke modellen en voorspelt op
autoregressieve wijze de evolutie van de hydraulische condities in de tijd. Door meer-
dere GNN-lagen te stapelen, legt het model bredere ruimtelijke afhankelijkheden vast
zonder dat daarvoor kleine numerieke tijdstappen nodig zijn, die in theorie nodig zijn
voor stabiliteitsvoorwaarden. We ontwikkelen ook een meerstaps-vooruit-verliesfunctie
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in combinatie met curriculumleren, die langetermijnvoorspellingen verder stabiliseert.

We stellen een multischaal GNN-formulering voor die de dynamiek van overstro-
mingen over verschillende ruimtelijke resoluties modelleert, waardoor zowel lokale als
grootschalige propagatieprocessen kunnen worden vastgelegd. Tijdsathankelijke rand-
voorwaarden worden geintegreerd via spookcellen, waardoor er geen afzonderlijke nu-
merieke oplossers nodig zijn om simulaties te initialiseren. Om de generalisatie over
onbekende ongestructureerde meshes te verbeteren en de behoefte aan trainingsgegevens
te verminderen, passen we invariantieprincipes toe, waardoor het model onafthankelijk
is van coordinatenrotaties. Deze multischaalbenadering blijkt zowel sneller als nauw-
keuriger te zijn dan zijn enkelvoudige tegenhanger. Onze methoden zijn gevalideerd op
een reeks tweedimensionale dijkdoorbraaksimulaties die zijn gegenereerd met een zeer
nauwkeurige numeriek model. Deze datasets worden steeds complexer door variatie in
de beginvoorwaarden, de locatie van de randvoorwaarden, de grootte van het domein, het
rekenmesh en de hydraulische hydrografen gebruikt als randvoorwaarden. De resultaten
tonen aan dat het GNN goed generaliseert naar onbekende topografieén, grensconfigura-
ties en mesh-configuraties, zonder afthankelijk te zijn van input uit numerieke simulaties.
De modellen behalen een kritieke succesindex die consequent hoger is dan 70% in alle
datasets. Het model toont ook een generalisatie naar een echte casestudy, dijkring 15 in
Nederland, met slechts één fijnafstemming simulatie.

Ten slotte breiden we het model uit om hydraulische constructies expliciet mee te
nemen en om de onzekerheid in overstromingsgevaarkaarten van een andere echte ca-
sestudy, dijkring 41 in Nederland, te kwantificeren. Het raamwerk wordt getest in een
grootschalige onzekerheidsanalyse met 10.000 scenario’s. Alle simulaties worden in min-
der dan 10 uur voltooid op een enkele GPU, wat overeenkomt met een versnelling van
ongeveer 10.000 keer ten opzichte van de numeriek model, waarbij meer dan de helft van
de scenario’s een plausibele massaconservering behoudt. De gecombineerde scenario’s
worden vervolgens gebruikt om probabilistische overstromingsgevaarkaarten te produce-
ren, waarbij wordt uitgegaan van een gelijke kans op het optreden van elke gebeurtenis.
We analyseren ook de onzekerheid van overstromingen voor een bepaalde breuklocatie en
terugkeerperiode, waaruit blijkt dat het modelensemble betere overstromingsschattingen
kan geven dan het deterministische scenario.

Dit proefschrift benadrukt het potentieel van op GNN gebaseerde surrogaten voor
tijdgevoelige overstromingsrisicobeoordelingen onder onzekere omstandigheden. Door
zowel nauwkeurigheid als computationele efficiéntie aan te tonen, draagt het bij aan het
overbruggen van de kloof tussen complexe hydraulische modellering en grootschalige
overstromingsrisicoanalyse. Hoewel het in dit proefschrift geintroduceerde raamwerk
wordt toegepast op overstromingen door dijkdoorbraken, kan het zonder aanpassingen
ook worden toegepast op overstromingen door rivieren en aan de kust. De bevindin-
gen openen wegen voor de integratie van surrogaten in operationele besluitvorming en
toekomstige planning van overstromingsbestendigheid.



INTRODUCTION

Water is the driving force of all nature.

Leonardo da Vinci

1.1. FLOOD RISK MANAGEMENT

Flooding is among the most frequent and destructive natural hazards, causing substantial
human and economic losses each year Jonkman & Vrijling, 2008). Its impact is expected
to intensify as climate change drives more frequent and severe precipitation events
(Arias et al., 2021). To understand the risks to lives and infrastructure, governments are
mandated to produce flood hazard maps (European Union, 2007). These maps estimate
the likelihood and magnitude of flooding and are used in spatial planning decisions, for
example to identify zones at high risk or regulate the placement of critical infrastructure.

The generation of flood hazard maps is a multi-step process dependent on the flood
type and associated physical processes (Figure 1.1). This thesis focuses on dike-breach
floods, a type of flood caused by the failure of flood defences under extreme water levels.
Low-lying regions such as the Netherlands, heavily reliant on dikes, face catastrophic
consequences when such defences fail. The severity is compounded not only by the
intensity of the flooding itself but also by the false sense of security these defences can
create, often leading to increased development in areas presumed to be safe (Di Baldas-
sarre et al., 2018). The development of a flood hazard map begins with a comprehensive
analysis of the case study area, involving the collection and integration of hydrological,
topographical, and land use data. Historical flood records and the estimated probabilities
of failure of existing flood defences are then used to assess the likelihood of extreme flood
events, expressed in terms of return periods.

In dike-breach floods, the main driving forces are intense rainfall events, river dis-
charges, and storm surges, each of which can result in elevated water levels in rivers, lakes,
or coastal water bodies. For rainfall-induced scenarios, the first step in the modelling
chain involves converting precipitation data into discharge hydrographs at the outlet of a
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Figure 1.1: Flow chart procedure to create a dike-breach flood hazard map. The focus of this thesis is on the
overland flow modelling component.

catchment using rainfall-runoff models (Beven, 2012). Alternatively, historical discharge
records at a given location may be employed when available. These hydrographs serve
as upstream boundary conditions for hydraulic models that simulate water level and
flow velocity dynamics along the river system. In the case of storm-surge-induced dike
breaches, the primary drivers are low atmospheric pressure and strong winds, which
can be translated into water level time series. These are used as boundary conditions
for coastal inundation models to estimate wave heights and water levels along the flood
defences.

A breach occurs when the load on a flood defence is lower than its resistance. In
practice, this happens when water levels exceed a critical threshold specific to a flood
defence structure. This threshold is defined using fragility curves, which represent the
conditional probability of structural failure as a function of hydraulic loading. The tempo-
ral evolution of the breach can be modelled using empirical , parametric, or physically
based approaches (Schmitz et al., 2021; Verheij & Hydraulics, 2003; Wu & Li, 2017), which
estimate both the progression of the breach and the resulting breach outflow hydrograph.
Following breach initiation, an overland flow model is employed to simulate the spread of
water across the floodplain (Figure 1.2). The outputs, such as water depths, velocities, and
spatial extent, can be used to generate flood hazard maps by linking them to probabilities
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River/coast Dike breach Overland flow
model model model

Figure 1.2: Schematics of a dike breach flood. High water levels in the river or sea cause the failure of the flood
defence and lead to the flood propagation in the breached area.

of occurrence derived from statistical analysis of input conditions.

Overland flow modelling represents the most computationally intensive component
of the flood hazard mapping workflow, as it typically relies on two-dimensional (2D) nu-
merical simulations that solve the shallow water equations, a system of partial differential
equations describing the motion of water in shallow domains. Although these methods
are robust and physically accurate, achieving a balance between speed and accuracy
remains a major challenge (Costabile et al., 2017). Moreover, multiple simulations are
needed to account for different breach locations, estimated water levels, breach con-
ditions, and other uncertain geotechnical and hydrological variables. This substantial
computational demand limits the number of simulations that can be performed for a
given case study, often resulting in the use of a single deterministic model that fails to
capture the inherent uncertainties associated with flood events. To address this, several
acceleration strategies have been explored, including parallel computing (e.g., Glenis
etal., 2013; Ming et al., 2020; Zhang et al., 2014) and the adoption of simplified hydraulic
models (e.g., Sridharan et al., 2021; Zhao, Balstrem, et al., 2021). Nevertheless, parallel
computing typically requires high-performance infrastructure, while simplified models
may be inadequate for capturing rapidly evolving and complex flow dynamics, such as
those observed in dam-break (Costabile et al., 2017; Prestininzi, 2008).

The scope of this thesis is to develop an alternative approach for overland flow mod-
elling that achieves both speed and accuracy by leveraging deep learning techniques. The
proposed data-driven surrogate model is designed to support real-time applications and
probabilistic flood analyses, where large numbers of simulations or rapid computations
are required.

1.2. DEEP LEARNING FOR FLOOD MAPPING: KNOWLEDGE GAPS

Deep learning (DL) refers to a class of algorithms capable of automatically learning com-
plex feature representations directly from raw data without the need of manual feature
engineering (LeCun et al., 2015). DL models are built upon a hierarchical architecture of
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non-linear transformations, where each layer progressively extracts more abstract and
higher-level features from the input. This multi-level representation learning enables the
model to identify latent structures and patterns within the data, ultimately improving
predictive accuracy and generalisation performance.

Deep learning has been applied to a variety of tasks, including flood susceptibility
assessment, inundation modelling, and hazard mapping, often achieving either faster or
more accurate predictions compared to traditional physics-based methods (Bentivoglio
et al.,, 2022) (see also Chapter 3). Despite these promising developments, several key
research gaps remain, which this thesis aims to address.

1. The majority of existing DL models predict maximum water depths by generalising
over varying boundary conditions, such as rainfall, within a fixed spatial domain.
While effective in a given case study, these models require retraining when applied
to different geographical areas, thereby limiting their scalability and applicability
as surrogate models.

2. Most approaches focus solely on predicting static outcomes, such as maximum
water depth, and neglect the temporal dynamics of flood events. As a result, they
provide limited insight into the spatio-temporal evolution of flooding, which is
essential for applications like early warning systems, real-time response, and evac-
uation planning.

3. DL models cannot explicitly include hydraulic structures, which strongly influence
the behaviour of floods and are modelled in real case studies.

4. There is alack of research evaluating the operational viability of deep learning mod-
els for practical flood risk management tasks, such as probabilistic flood mapping.

These limitations highlight the need for more generalisable, temporally-varied, and op-
erationally feasible DL-based solutions. In this thesis, we define generalization as the
ability of a model to be tested on different topographies and boundary conditions than
the ones it was trained on.

Although various deep learning approaches have demonstrated success in fluid dy-
namics applications (Fortunato et al., 2022; Kochkov et al., 2021; Pfaff et al., 2021), their
direct application to flood modelling remains challenging due to fundamental differences
in the nature of the problem. Conventional fluid dynamics problems typically assume a
continuous presence of fluid throughout the computational domain. In contrast, flood
events are characterised by highly transient and spatially variable flow conditions, often
originating from discrete sources, such as dike breaches or riverbank overflows, and
receding over time. Consequently, large portions of the domain may remain dry for part
or even the entirety of the simulation period. This temporal and spatial intermittency
introduces complexities that are not typically encountered in standard fluid dynamics sce-
narios. Deep learning models intended for flood prediction must therefore be designed to
accommodate the presence of both wet and dry regions, as well as the evolving boundary
conditions associated with the flood wave propagation. These unique characteristics
limit the direct applicability of existing fluid dynamics models from the literature. The
methodologies proposed in this thesis explicitly address these challenges by incorporating
mechanisms to account for the dynamic nature of flooding phenomena.



1.3. RESEARCH QUESTIONS 5

Inputs Model Outputs
Roughness T Numerical model Unit discharges
coefficient A

R
': "h {“

Topography

- a'w l i
Initial Boundary
conditions conditions ) Graph neural networks Water depth
. B
Q . A \
. ‘\* -

Figure 1.3: Schematics of the inputs and outputs of the flood numerical model (A) and the graph neural network
models (B) developed in this thesis to simulate overland flow. The schematics highlights that both numerical
and deep learning model require the same inputs (terrain elevation, roughness, initial and boundary conditions)
and produce the same outputs (water depth and discharges).

1.3. RESEARCH QUESTIONS

This thesis investigates the potential of deep learning for fast and accurate spatio-
temporal simulations of overland floods. We employ consolidated principles of numerical
methods to improve the model generalization over multiple case studies, mesh config-
urations, initial conditions, and boundary conditions. The general research question
is:

How can we leverage deep learning models for spatio-temporal flood prediction across
varying case studies, boundary conditions, and mesh configurations in support of hazard
mapping?

To address this question, we employ Graph Neural Networks (GNNs) as the core
modelling framework, since they are conceptually analogous to finite-volume methods
for flood modelling and naturally operate on irregular meshes. This gives them a strong
relational inductive bias that enhances their transferability to diverse case studies and
makes them appealing for surrogate modelling. Their flexible structure also enables to
leverage analogies with numerical methods to enforce hydraulic principles and ensure
physical consistency. The main research question is analysed with four key sub-questions,
which are addressed in various chapters:

1. RQ1: What is the state-of-the-art of deep learning for flood mapping?(Chapter 3)

2. RQ2: How can deep learning surrogate models include hydraulic properties to sup-
port the generalization of spatio-temporal flood predictions in unseen geographical
areas?(Chapter 4)
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1 3. RQ3: What principles from numerical solvers can be exploited to improve the
generalization of graph neural networks across boundary conditions and mesh
configurations without relying on numerical model initialization?(Chapter 5)

4. RQ4: How can graph neural networks be used to estimate uncertainty for flood
hazard mapping in case studies with hydraulic structures?(Chapter 6)

1.4. STRUCTURE OF THE THESIS

The thesis is organised into seven chapters, four of which (Chapters 3, 4, 5, 6) corre-
spond to published or submitted journal papers, containing the literature review, core
methodology for the development of the deep learning model, and application of the
model.

Chapter 2 provides an overview of the categorization of floods and existing approaches
to simulate them, both with numerical and conceptual models. It then presents deep
learning models under the lens of inductive biases. This chapter provides a foundation to
understand and motivate the design choices of the developed methods.

Chapter 3 provides an extensive review of the state-of-the-art of deep learning meth-
ods for flood mapping, spanning over different types of applications, types of floods,
scales, and employed models. The research gaps found in flood modelling are then used
as a base to derive the research questions of this thesis.

Chapter 4 establishes Graph Neural Networks (GNNs) as an effective architecture for
emulating spatio-temporal flood simulations. It presents the SWE-GNN model, a GNN
inspired by finite volume methods for flood modelling in which the learned propaga-
tion rules reflect hydraulic biases. The chapter highlights that the design of the GNN
strongly influences performance and generalization to different case studies. The chap-
ter concludes with a comparative evaluation against alternative deep learning models
on synthetic benchmarks, demonstrating the improved generalisation to unseen initial
conditions of the proposed approach.

Chapter 5 examines the main limitations of Chapter 4, namely the lack of general-
ization over boundary conditions, the dependence on regular grid structures, and the
reliance on initial conditions from the original simulator. It proposes as solutions a multi-
scale approach (mSWE-GNN) to improve scalability by allowing the model to operate
efficiently across different spatial resolutions. It also proposes the use of ghost cells to
generalize across boundary conditions and a rotation-invariant formulation to improve
generalization over different mesh configurations. Finally, the developed model is applied
to a real case study showcasing its effectiveness.

Chapter 6 demonstrates how the developed mSWE-GNN model enables probabilistic
flood hazard mapping reducing the computational cost up to 10,000 times, while main-
taining accuracy up to 40% in average relative mass error. It also integrates hydraulic
structures in the model and a validation procedure to assess the reliability of the model’s
predictions based on principles of mass conservation.

Finally, Chapter 7 presents the main conclusions of this thesis, along with recommen-
dations for future research, such as how to adapt the proposed methodology to different
types of floods.

This thesis was developed as part of AidroLab at TU Delft, an artificial intelligence
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group focused on solving water management issues with the help of deep learning tech-
niques, mainly based on graph neural networks. Within this group, this thesis advances

the use of spatio-temporal graph neural networks in hydraulic systems.






BACKGROUND

Real knowledge is to know the extent of one’s ignorance.

Confucius

This chapter provides a comprehensive overview of the core concepts and method-
ologies at the base of this thesis, setting the stage for the contributions that follow. It is
structured into three main sections: flood management, flood modelling, and deep learn-
ing. In the first section, we categorize floods based on their type, mapping application,
and spatial scale, so that we can define the scope of the thesis within flood management.
The second section focuses on the methods used to simulate floods. We begin with
physically based numerical models, along with different formulations of the underlying
equations of motion. Then, we review simplified modelling approaches and their as-
sumptions. The discussion highlights the trade-offs involved in choosing between model
fidelity and computational efficiency. The final section explores deep learning models
under the lens of inductive biases. We describe the primary types of neural network
architectures used for flood modelling, such as convolutional neural networks (CNNs),
recurrent neural networks (RNNs), and motivate which structures are more appropriate
for simulating floods.

This chapter is an adapted version of:

Bentivoglio, R., Isufi, E., Jonkman, S. N., & Taormina, R. (2022). Deep learning methods for flood mapping:
A review of existing applications and future research directions. Hydrology and Earth System Sciences, 26,
4345-4378. https://doi.org/10.5194/hess-26-4345-2022.

and

Bentivoglio, R., Isufi, E., Jonkman, S. N., & Taormina, R. (2023). Rapid spatio-temporal flood modelling via
hydraulics-based graph neural networks. Hydrology and Earth System Sciences, 27(23), 4227-4246. https:
//doi.org/10.5194/hess-27-4227-2023.


https://doi.org/10.5194/hess-26-4345-2022
https://doi.org/10.5194/hess-27-4227-2023
https://doi.org/10.5194/hess-27-4227-2023

10 2. BACKGROUND

2.1. FLOOD RISK MANAGEMENT

Floods are defined as an overflow of water in otherwise dry land. Flood risk management
aims to reduce the negative consequences of flooding on people, the economy, cultural
heritage, and the environment, via the integration of structural measures (e.g., levees,
retention basins, dams) and non-structural approaches (e.g., land-use planning, early
warning systems, emergency preparedness, and insurance schemes) (Schanze, 2006).

As described in Chapter 1, the main tool to understand flood risk is via flood mapping.
This helps to identify areas prone to flooding, quantify the intensity and probability of
flood events, and assess potential damages and losses. We develop flood maps with flood
simulations, which model the dynamics of flood waves under different conditions.

While there exist several categorizations of flood risk management, we focus on types
of floods, mapping applications, and spatial scales. We also describe the conditioning
variables that affect the uncertainty of floods.

2.1.1. TYPES OF FLOODS
We can distinguish flooding depending on how, why, and when it occurs:

* River floods are caused by extensive precipitation over long periods, causing the
river to overflow its banks, ultimately inundating the neighbouring areas. This
process is generally slow and can last for several days (Serinaldi et al., 2018).

* Flash floods are caused by short but intense rainfall or sudden melting of snow
(Sikorska et al., 2015). They are rapid and intense floods, typical of mountain and
steep catchments. Flash floods are often coupled with other hazards such as debris
flows (Destro et al., 2018) and landslides (Avila et al., 2016).

* Coastal floods are caused by extreme meteorological conditions, which increase
the water level in large bodies of water, due to a combination of low atmospheric
pressure and strong winds. They occur near oceans, seas, or large lakes and we
include in this category also tsunamis, although they are generated by geological
phenomena such as earthquakes.

* Urban floods are caused by the failure of drainage from a sewer system, due to
extreme precipitation, resulting in the overflow of those pipes. Depending on the
city position and topography, these floods can also be affected by all the other types
of floods.

* Pluvial floods are caused by the failure of a drainage system due to intensive pre-
cipitation. They are generally categorized as urban floods in urban environments
or river floods if they also feature rainfall-driven river overflows.

* Dam break and dike breach floods are caused by the failure of flood protection
structures, due to extreme flood events or management issues. The uncertainty in
if, where, and how a defence will fail further increases the unexpectedness of these
phenomena (Kamrath et al., 2006).
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Figure 2.1: Examples of the types of flood maps analysed for a representative area: (a) shows a possible flood
inundation map; (b) a flood susceptibility map; and (c) a flood hazard map, as defined in this thesis.

2.1.2. FLOOD MAPPING APPLICATIONS

We distinguish four types of flood mapping: flood susceptibility, flood inundation, flood
hazard, and flood risk. In this categorization, we exclude applications which do not result
in maps, such as water level forecasts. The mapping applications can be described as
follows:

* Flood inundation maps determine the extent of a flood, during or after it has
occurred (see Fig. 2.1a). Flood inundation maps represent flooded and non-flooded
areas. This application is used for post-flood evacuation, protection planning,
and for damage assessment. These maps can then be used also as calibration

data for other applications such as flood susceptibility or flood hazard mapping.

Flood images are obtained through remote-sensing techniques and processed
by histogram-based models (e.g., Manjusree et al., 2012; Martinis et al., 2009),
threshold models (e.g., Cian et al., 2018), and machine learning models (e.g., Hess
et al., 1995; Ireland et al., 2015).

Flood susceptibility maps determine the tendency to flooding of a study area based
on its physical characteristics (see Fig. 2.1b). This measure is only qualitative and
does not evaluate any flood variable. However, it can provide reliable information
when no quantitative data is available and can be used to easily assess areas at
risk at large scales. Flood susceptibility mapping is performed by considering
topographical, geographical, and meteorological factors (such as altitude, slope,
lithology, land use, and rainfall) and comparing their spatial distribution with past
flood events. This is done with multivariate analysis (e.g., Tehrany et al., 2014;
Youssef et al., 2016) and multi-criteria decision analysis (e.g., Kazakis et al., 2015;
Mahmoud & Gan, 2018).

Flood hazard maps measure the water depth and extent across a flooded area (see
Fig. 2.1c). Hazard maps consider also different return periods of the floods and,
thus, the probability of a certain event. The latter is determined through a statistical
analysis based on the frequency and intensity of floods (Bobée & Rasmussen, 1995).
We will refer to flood hazard also when the water depths are estimated indepen-
dently of the return periods. Flood hazard can also provide a measure of the flow
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velocities and of other variables derived from the combination of velocity and water
depth, such as flood intensity. Flood hazard maps are compiled based on outputs
by numerical hydraulic models, which simulate flood events by discretizing the
governing equations and the computational domain (e.g., Teng et al., 2017).

* Flood risk maps estimate the expected annual flood losses by aggregating flood
hazard maps over different return periods with exposure maps and vulnerability
functions (de Moel et al., 2009). The expected losses can be measured both in terms
of monetary losses or human lives Jonkman & Vrijling, 2008).

2.1.3. SPATIAL SCALE

The importance of flood processes and the resolution of the flood maps varies with their
spatial scale. Following de Moel et al. (2015), we distinguish between local, regional,
national, and supra-national scales. The choice between scales is often subjective, but
here follows a rational categorization:

* Local scale refers to small study areas, such as towns or a specific river stretch. If
a measure of the study area is given, we consider it in this category if the area is
smaller than 100km?.

* Regional scale considers a specific province, watershed or large city. Study areas
smaller than 100000km? belong to this scale.

» National scale refers to assessments of entire countries, for which consistent (na-
tional) data are present. To exclude small countries, the study area must be greater
than 100000km?.

° Supra-national scales concern assessments of an entire continent or the globe.

This thesis focuses on flood hazard maps for dike-breach floods at local and regional
scales. The following section describes the existing methodologies to these products
using flood models.

2.1.4. UNCERTAINTY IN FLOOD RISK MANAGEMENT

Uncertainty in flood risk management arises not only from the natural variability of
the hydrological and hydraulic processes but also from limitations in data, models, and
assumptions about future conditions (Domeneghetti et al., 2013). Aleatoric components
are generally irreducible (we can only describe them probabilistically), whereas epistemic
components are reducible with better data, calibration, and models. Based on Hall and
Solomatine (2008), we can distinguish four main sources of uncertainty:

* Hydrological and hydraulic uncertainty: represents the variability of precipitation,
snow melt, atmospheric conditions, and inflows (de Moel et al., 2014). Limited ob-
servational records, measurement errors, and the inherent randomness of extreme
weather contribute to uncertainty in the magnitude and timing of floods. Mainly
aleatoric, with epistemic elements from short records, measurement error, and
non-stationarity.
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* Geotechnical uncertainty: reflects the variability in structural and hydrogeological
properties of the soil, especially in correspondence of earthen flood defences. This
influences the likelihood of failure as well as its modality (Westerhof et al., 2023).
Mainly epistemic, due to sparse/indirect characterization and scaling; may include
aleatoric micro-variability.

° Model uncertainty: arises when representing flood processes through models, as
all models rely on several assumptions which might deviate from reality. Moreover,
the data employed by the models may not capture small-scale features and the
parametrization of the roughness coefficient introduces further variability (Hall
etal., 2011; Savage et al., 2016). Primarily epistemic (model form and parameters).

* Socio-economic uncertainty: relates to the estimation of potential flood impacts
(De Moel et al., 2012). Future land use, infrastructure development, demographic
changes, and climate change are difficult to predict, and vulnerability functions
linking hazard intensity to damages vary widely. Largely epistemic, reflecting
scenario assumptions, with some aleatoric-like variability.

Uncertainty can be quantified via probabilistic flood hazard maps (Apel et al., 2006).
These entail running multiple scenario configurations with different values of uncertain
variables. When the uncertainty is represented by a distribution, Monte Carlo sampling
methods are the most used to directly quantify the probability of occurrence of a given
scenario and its consequences.

2.2. FLOOD MODELLING

The behaviour of a flood inundation can be represented via flood models. These are math-
ematical descriptions of basic principles up to complete processes that are associated to
the movement of flood water. We can differentiate flood models in two main categories:
hydrodynamic (or numerical) models and simplified (or conceptual) models (Teng et al.,
2017).

Numerical models are based on the discretization and solution of the physical equa-
tions that govern flow. One-dimensional (1D) models represent a channel through a
mono-dimensional curvilinear axis (Cunge et al., 1980). They are fast and provide ac-
curate results for the channel, but are less for floodplains outside the channel (Tayefi
etal., 2007). Two-dimensional (2D) models represent the computational domain by un-
structured meshes (e.g., Alcrudo & Garcia-Navarro, 1993) or structured meshes (rasters)
(e.g., Bates & De Roo, 2000). Mesh-based finite volume methods are the most used in
practice (e.g., Dottori et al., 2021). Those methods give more accurate results than 1D
models, but require longer computational time (Costabile et al., 2015). There are also
1D-2D coupled models connecting a 1D domain to a 2D domain (e.g., Finaud-Guyot et al.,
2011). These are used for urban floods to include the urban drainage system (Leandro
etal., 2009) or in river floods to include the river channel as a 1D longitudinal element
(Morales-Hernéndez et al., 2016). Three-dimensional (3D) models represent the domain
with meshes (Lane et al., 1999) or particles (Vacondio et al., 2012). They are particularly
useful for exceptional events such as tsunamis and dam breaks in which vertical accelera-
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tion cannot be neglected. However, they are computationally demanding and thus less
used than the other models.

Conceptual models are based on simplified hydraulic concepts and do not entail
numerical simulations. They are mostly based on simple water spreading rules (Lhomme
et al., 2008) or simple hydraulic equations, like Manning’s formula (Song et al., 2016).
However, because of the lack of simulation and physics, they generally predict only
maximum water depths, disregarding any flow velocities nor their evolution in time.

Depending on the modelling approach, a trade-off must often be made between
accuracy, computational efficiency, adherence to physical principles, and the range of
output variables that can be predicted. Physically based numerical models, while highly
accurate and grounded in fundamental equations, are typically computationally intensive.
On the other hand, conceptual or simplified models offer significant improvements in
speed and tractability but often at the expense of physical realism and general applicability.
In this thesis, we argue that deep learning methods can offer a promising intermediate
solution between these two extremes.

The following sections provide a detailed examination of these modelling approaches,
focusing on their governing equations, underlying assumptions, and computational
mechanisms. The deep learning models developed in this thesis focus on 2D surface flow
dynamics. Consequently, the modelling background is also constrained to 2D representa-
tions of flood processes.

2.2.1. 2D NUMERICAL MODELLING

When assuming negligible vertical accelerations, floods can be modelled via the shallow-
waters equations (SWE) (Vreugdenhil, 1994). These are a system of hyperbolic partial
differential equations that describe the behaviour of shallow flows by enforcing mass and
momentum conservation. The two-dimensional SWE can be written as

o GF=s, @2.1)
or
with
h qx qy 0
u=| g, |[F=| G482 B9 s enis-sp | 2.2)
dy qx_hqy q_h; + gThz gh(soy = syy)

where u represents the conserved variable vector, F the fluxes in the x and y directions,
and s the source terms. Here, h[m] represents the water depth, g, = uh[m?/s] and
qy = vh{m?/s] are the averaged components of the discharge vector along the x and y
coordinates, respectively, and g[m/s?] is the acceleration of gravity. The source terms
in s depend on the contributions of bed slopes sy and friction losses sy along the two
coordinate directions.

The SWE cannot be solved analytically unless some simplifications are enforced. Thus,
they are commonly solved via spatio-temporal numerical discretizations, such as the
finite volume method (e.g., Alcrudo & Garcia-Navarro, 1993). This method discretizes
the spatial domain using meshes, i.e., geometrical structures composed of nodes, edges,
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Figure 2.2: Schematic representation of an arbitrary triangular volume mesh, composed of a finite-volume
cell Q; and its neighbouring cells. Vectors u; and u; represent the cells’ hydraulic variables, while /; ; and n;;;
corresponds, respectively, to the length of the mesh side and the outward unit normal vector, between cells i
and j.

and faces. We consider each finite volume cell as represented by its centre of mass, where
the hydraulic variables, h, gy, and q,, are defined (Fig. 2.2). The governing equations are
then integrated over the cells, considering piece-wise constant variations, i.e., the value
of the variables at a certain time instant is spatially uniform for every cell. The SWE can
be discretized in several ways both in space and time (e.g., Petaccia et al., 2013; Xia et al.,
2017) but we focus on a first-order explicit scheme with a cell-centred discretization of
the source terms. For an arbitrary volume Q; and a discrete time step At, the SWE (eq.
(2.1)) can be re-written as:

N; l
u A =ul 4 s - Y (B L | At 2.3)
j=1 i

with ul? the hydraulic variables at time ¢ and cell i, a; the area of the i’" cell, N; the
number of neighbouring cells, /;; the length of the j* " side of cell i, s; the source terms,
n;; = [ny;j, ny;;] the outward unit normal vector in the x and y directions for side i j, and
(F-n);; the numerical fluxes across neighbouring cells.

Calculating the numerical fluxes across an interface of neighbouring cells results in
a so-called Riemann problem, i.e., two flat surfaces separated by a jump discontinuity.
This problem can be solved locally with an analytical form (Toro, 2024). However, in
practice, approximations such as Roe (1981) are most commonly used because of the
computational advantages. This leads to a conservation constraint at the cells interface
which implies that

6(E-m);; =J;;0u;; (2.4)

where J; j is the approximation of the Jacobian of the fluxes, for example using Roe’s
scheme, and 6u;; = u; —u; indicates the difference in hydraulic variables between cells i
and j (Martinez-Aranda et al., 2022).

In numerical models with explicit discretization, stability is enforced by satisfying
the Courant-Friedrichs-Lewy (CFL) condition, which imposes the numerical propaga-
tion speed to be lower than the physical one (Courant et al., 1967). Considering v as




16 2. BACKGROUND

propagation speed, the Courant number C can be evaluated as

VAt
C=—, (2.5)
Ax
where At and Ax represent the time step and the mesh size. Assuming an Eulerian setting,
in which the mesh does not change in time, this condition forces A¢ to be sufficiently
small, to avoid a too-fast propagation of water in space that would result in a loss of
physical consistency. Small time steps imply increasing number of model iterations,
which slow down numerical models over long time horizons.

Because solving the full shallow-water equations requires a lot of computational
effort, research has focused on speeding up these models while preserving accuracy. This
resulted in two parallel and non-excluding research directions: 1) removing complexity
from the physical equations and 2) parallelizing the solution of the equations.

LOWER COMPLEXITY MODELS

The momentum terms in the shallow-water equations can be divided into several compo-
nents, each responsible for a specific physical mechanism. Focusing on the x-component
of the momentum in Eq. (2.2) and simplifying some terms, we obtain:

04y 0qx  0qx oh 0(Sox — Sfx)
%4x %4x Rt g 2.6
ar T Maxtl'p, T8 T8 2.6)
—— — ——

Local acceleration  Conyective acceleration  Pressure gradient Source terms

(inertial term)

where local acceleration refers to the change in the state variable over time; convective
acceleration to the transport of momentum due to velocity gradients in space; inertial
terms to the pressure gradients driven by water surface elevation; and source terms to the
effects due to bed and friction slope. Depending on which of these terms are neglected,
the full SWE can be simplified into various reduced forms, each with specific assumptions
and limitations:

¢ Inertial wave approximation: this formulation assumes that convective terms are
negligible relative to the other terms (Hunter et al., 2007). Under this approximation,
and assuming a rectangular channel, the equations can be simplified to yield an
explicit expression for the time evolution of discharge in one direction (Bates et
al,, 2010). This method is generally applicable in predominantly subcritical flow
conditions but may yield poor results in regions with sharp spatial velocity gradients,
such as urban environments (Costabile et al., 2017).

* Diffusive wave approximation: here, both local and convective acceleration terms
are neglected, under the assumption that they contribute insignificantly compared
to pressure and source terms (Hunter et al., 2005). This simplification allows for
the combination of the mass and momentum conservation equations into a single
diffusion-like equation, where the diffusion coefficient varies in space and time.
While suitable for subcritical flows, this approximation can suffer from numerical
instabilities and may require very small time steps in regions with steep gradients,
such as in dam-break scenarios.
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» Kinematic wave approximation: this most simplified form assumes that the flow is
uniform and steady, thereby neglecting both acceleration and inertial terms entirely
(Weinmann & Laurenson, 1979). The resulting formulation equates the bed slope
with the friction slope, implying that the water surface follows the riverbed. This
approximation is generally valid only in conditions where spatial and temporal vari-
ations in water depth are minimal and is typically used in large-scale hydrological
models.

In conditions where these formulations hold, the computational speed-ups can go up
to several times faster, based on the grid size, grid structure, and complexity of the flood
wave (Hunter et al., 2005; Teng et al., 2017).

PARALLELIZATION

In explicit numerical schemes, the computations performed for each cell, at a given time
step, are all independent from each other, since the inputs are all given a priori (see Eq.
(2.3)). This implies that all computations can be executed in parallel. Contrarily, implicit
schemes require the joint computation of the solution at each cell simultaneously, since,
by definition, there are terms that depend on the solution at ¢+ At on both sides of the
equation. This entails recursively solving a system of equations until a given convergence
criterion. For this reason, the model does also not require the same stability conditions of
explicit schemes (LeVeque et al., 2002). This makes implicit-scheme-based models more
accurate and more stable but also less parallelizable.

Parallelization can be exploited in different ways depending on the type of processing
unit. On computational processing units (CPUs), Open Multi-Processing (OpenMP) and
Message Passing Interface (MPI) allow to parallelize programs on shared-memory or
distributed-memory systems, respectively. In OpenMB, all threads operate in a common
memory space, while in MPI, each process runs independently and communicates with
others via explicit message passing. Contrarily, graphical processing units (GPUs) are a
hardware specialized for data-parallel tasks and offer computational throughput using
thousands of lightweight threads.

All three approaches have been widely reported in literature for flood modelling,
reaching speed-ups of up to 2 orders of magnitude faster than their non-accelerated
counterparts (Liu et al., 2018; Neal et al., 2010). Despite these methods work also for
unstructured grids, most computational advantages come from the use of structured
grids, which allows them to avoid explicit memory saving of the neighbourhood of each
cell (Petaccia et al., 2016).

2.2.2. CONCEPTUAL FLOOD MODELS
Conceptual models employ simplified physical equations or concepts to determine the
flood evolution of maximum water depths.

Storage-cell-based methods like cellular automata (Dottori & Todini, 2010; Guidolin
etal., 2016) determine the spreading of water over a gridded domain using a simple set of
rules. These can either employ Manning’s formula to calculate the fluxes across cells or a
weighted version of them. In these cases, the main limitation are the time steps, which
either need to be manually calibrated or follow non-linear relations with the grid size,
making the simulation potentially slower than with the full SWE for small grids.
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Other approaches such as rapid flood spreading method (RFSM) avoid physical equa-
tions but instead focus on physically-based spreading principles (Lhomme et al., 2008). In
RSEM, an input flood volume is spread through a domain by progressively filling interest
areas, according to a simple bathtub relation, and overflowing into neighbouring areas
when the corresponding flood levels exceed a given flood defence height that surrounds
the area of interest. There are also approaches based on the digital elevation model
(DEM) of a given area, such as height above nearest drainage (HAND) (Nobre et al., 2011),
which determine the maximum flood levels by intercepting linear surface slopes with the
elevation map, until a given flood volume is reached. For the conceptual models that use
spreading principles the computational times are negligible as they can generally be run
in the order of seconds or minutes even in standard portable computers.

The main drawback is that these models can only predict maximum water depths,
without any consideration of their evolution in time. As such, we do not consider them in
the rest of the thesis. Instead, we mainly focus on numerical models that solve the full
SWE, which is essential to properly simulate dike breach floods. Most of this section on
numerical methods is reported not only for a full understanding of the state of the art
in flood modelling but mainly to highlight a link between the common practice and the
methods developed in this thesis, which are strongly inspired by them.

2.3. DEEP LEARNING METHODS

Deep learning (DL) studies how neural networks learn representations from data, through
multiple levels of abstraction (LeCun et al., 2015). A neural network is a non-linear
compositional model formed by a hierarchical layering of parametric functions that take
an input variable x and produce an estimate j of a target representation y as j = f(x;0),
where 6 are the function’s parameters. The purpose of DL is to calibrate those parameters
to have the best fit between predicted output and real output. The raw data x are input to
the neural network and the output of each layer serves as input for the following layer,
until the final layer, which coincides with the estimate j. A neural network with L layers
can be expressed as

V=100 fr-1(501-1)0...0 fi(x;01),
X¢ = fo(x¢-1;0¢), for €=1,...,L, 2.7

y=xg,

where f,(-;0,) is the function at layer ¢, o represents the composition of functions, 8,
are the trainable parameters at layer ¢, and j, is the output at layer ¢. In a network
architecture, the layers between the input and the output layer are called hidden layers,
since their output is not shown. Estimating parameters 6, is typically referred to as
‘learning’ and it is performed by minimizing a loss function, through back-propagation
(Rumelhart et al., 1986). Depending on the task, neural networks can be trained via
supervised, unsupervised, or reinforcement learning. Since in flooding analysis DL has
been mainly approached via supervised learning, we focus on that learning process,
which will be also used to develop the models in this thesis.

Supervised deep learning models identify a mapping from input to output, given a
training set of input-output pairs. For example, a training set for flood hazard mapping
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may comprise a rainfall hyetograph as input x and the corresponding maximum flooded
area as output y. The loss function /(y, y) compares the real output y with the predicted
one j. This is typically a quadratic loss for regression problems, where the data is con-
tinuous (e.g., water depth), or a cross-entropy loss for classification problems, where
the data is categorical (e.g., flooded and non-flooded areas). As training data, we can
have observations or simulations. Observational data are derived from remote sensing,
flood inventory maps, and measuring stations, while simulation data are derived from
numerical solvers. Once a model is trained, its goodness of fit is analysed with a test
set, composed of data that the model has not seen. If the model performs well for the
test set, it is said to generalize or extrapolate well. The ability to generalize is one of the
most important properties of DL and becomes even more important in high-dimensional
inputs (Balestriero et al., 2021).

2.3.1. MULTI-LAYER PERCEPTRON

Input layer Hidden layer Output layer

Figure 2.3: Multi-layer perceptron (MLP) composed of a sequence of three fully-connected layers (left). Every
layer is connected to the following one by weights, represented by directed arrows. The values of the input,
hidden, and output layers are represented, respectively, by vectors xp, x1, and j; MLP encoder-decoder (right).
The input data xp is encoded into a lower dimensional layer x;,and then decoded into the output j. This
structure is also applicable to convolutional and recurrent layers.

Among the possible neural network layers, fully-connected ones are the most simple.

In a fully-connected layer, the layer propagation rule that describes the input transforma-
tion is given by:

x¢ = fe(xp-1,00) =0 (Wexp-1), 2.8)

where xy is the output of the layer ¢, o (-) is a point-wise nonlinearity (e.g., ReLU, o (x) =
max{0, x}, or Sigmoid, o(x) = #), Xy is the input of the layer ¢, and the training
parameter W, is a weight matrix. Multi-layer perceptrons (MLP) are composed by se-
quences of fully-connected layers (Fig. 2.3). The expressivity of the network increases
with the dimensions of the hidden layers, as shown in Fig. 2.3. When the dimension of the
hidden layers decreases and then increases, as shown in Fig. 2.3, the architecture is called
encoder-decoder (ED). The idea behind this architecture is that, in high-dimensional
data, only certain latent representations of the input are useful to represent the output
(e.g., Taormina & Galelli, 2018). Conversely, if the input is low-dimensional, the same
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architecture style can be used in the opposite way to enhance the representational power
of the data (e.g., You et al., 2020).

In fully-connected layers, the values of the parameters in W are independent be-
tween them and there is no reuse of any of them. Thus, the number of learnable pa-
rameters scales with the input size, making fully-connected layers inappropriate for
high-dimensionality inputs. This issue is referred to as the ‘curse of dimensionality’ and
implies that as the dimension of the input increases, the amount of training data needed
to learn representations increases exponentially (LeCun et al., 2015).

2.3.2. INDUCTIVE BIASES, INVARIANCE, AND EQUIVARIANCE

Table 2.1: Inductive biases and preferred types of data for different neural network layers (adapted from Battaglia
etal. (2018)).

Layer Data type Inductive bias

Fully Connected | Unstructured data -

Convolutional Grid elements Spatial equivariance
Recurrent Sequences Temporal equivariance
Graph Networks Permutation equivariance

To overcome the curse of dimensionality we need to exploit the structure in data.
In flood analysis, data is usually structured: for example, neighbouring pixels in raster
data represent spatial proximity of nearby close elements, while discharge values in a
hydrograph represent temporal proximities. Neural network layers can thus be defined
in a way to exploit these data structures. These assumptions create what is known as
an inductive bias, which imposes constraints on relationships and interactions among
inputs in the learning process, thus prioritizing some solutions over others (Battaglia et al.,
2018) and reducing the amount of training data needed (e.g., Wang, Walters, & Yu, 2020).
Inductive biases derive from the fundamental geometric principle of symmetry (Bronstein
etal, 2021). The symmetry of a system is a transformation that leaves a certain property
of said system unchanged. Symmetry results in invariance and equivariance properties.
Invariance implies that transformations on the input features do not change the output
(.e., f(g(x) = f(x), g(-) being a generic transformation), while equivariance entails that
transformations on the input features change the output via an equivalent transformation
(i.e., f(g(x) = g'(f(x)), g'(-) being a transformation equivalent to g(-)). We explain the
concept of invariance and equivariance with an example. Consider a picture with a
flooded area in its top-left corner and one with the same flooded area shifted to the
bottom-right corner. An invariant model would predict that there is a flooded area in both
images, while an equivariant model would also reflect the change in positions of the flood,
i.e., identify that the flood is in the top-left corner in one case and in the bottom-right
corner in the other. In this case, invariance and equivariance are associated to a spatial
translation, but the same principle applies to other transformations, such as temporal
translation. Inductive biases thus lead to the reuse of parameters in different parts of
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the input of each layer. For instance, convolutional kernels can be used on images of
different dimensions and recurrent layers can consider time series of variable length.
Fully connected layers, instead, cannot have such inductive bias capabilities, as each
parameter is tied to a fixed input position and cannot generalize across varying input
structures. The main characteristics for each considered layer are synthesized in Table
2.1. The input data type and the inductive biases are described for each studied layer.

2.3.3. CONVOLUTIONAL NEURAL NETWORK

Input
ol1l1l11o0 Kernel Output
0[{0f1]1|71T 1101 1144
X oO(0fOf1(f1|=*(|O|1|[0Of=11(2]4
0(0j0|1]|1 110(1 1({2(3
K olo[1]1]o

Figure 2.4: Left: Convolutional neural network (CNN) composed of a convolutional layer, and a fully-connected
layer. The green squares represent an input tensor, the orange squares represent hidden layers and the red
parallelogram on the right represents the output layer. The small box Kj represents the convolutional kernel
described in Eq. 2.9. The final layer depends on the task. Right: visual explanation of how convolutional kernels
work. Each element of the kernel is multiplied by its matching input value. Then, all values are summed to
obtain the convolved output. This process is repeated across the whole input, as the kernel shifts along it.

Convolution is an operation for which every entry of an input matrix is replaced by a
spatially weighted average of its neighbouring entries, as shown in Fig. 2.4. The weights
are defined by a matrix, called kernel, and are point-wise multiplied with the neighbouring
entries. This procedure is then repeated, using the same kernel, for every entry in the
input. Convolutional layers are a neural network layer that apply convolution on a input
using trainable kernels, i.e., the kernels’ weights are learned during optimization (LeCun,
Bengio, et al., 1995). The propagation rule of layer ¢ of a convolutional layer is

Xe41 = 0(Kp * Xp), 2.9)

where K; is the kernel function for the /" layer and * is the convolution operator. Con-
volutional layers are mostly applied to images i.e., two dimensional spatial grids. For
such inputs the kernel is a 2D matrix. Convolutional layers have an inductive bias of
translational equivariance, which reflects the idea that spatially close grid elements influ-
ence each other. This results in the reuse of the same kernel across the different input
parts and it implies that it matters where a pattern or object are in an image and that the
model should be able to recognize it. Convolutional layers thus perform feature extrac-
tion, identifying relevant characteristics in the input. Moreover, the reuse of parameters
allows inductive learning over images of different sizes or resolutions. Differently from
fully-connected layers, the number of parameters in a convolutional layer depends only
on the kernel size and number of kernels because of this parameter-sharing property (see
Fig. 2.4). Depending on the input dimensions, we distinguish 1D convolutional layer for
vector inputs, such as a rainfall hyetograph, 2D convolutional layers for matrix inputs,
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such as a digital elevation model (DEM), and 3D convolutional layers for tensor inputs,
such as stacked satellite images.

Convolutional neural networks (CNN) are composed of layers alternating convolution
and pooling. Pooling operation replaces the output at a certain location with a summary
statistic of the nearby features, thus approximating translational invariance (Bronstein et
al., 2021). They extract a single feature, such as the average or maximum value in a certain
neighbourhood of a point. Furthermore, pooling reduces the dimension of the input,
speeding up computation. The final layers of a CNN are typically fully connected when
dealing with classification or regression tasks. This layer allows to map the convolved
embeddings to the number of classes or to the regressed value, respectively. Instead, if
the task is to perform image segmentation or pixel-wise regression, i.e., classify specific
parts of an image or predict a value for each pixel in the image, the final layers are
usually composed of de-convolutional layers which perform the inverse operation of
convolutional layers, in an encoder-decoder structure.

The encoder-decoder convolutional neural network is an architecture composed of
two parts (Fig. 2.5). The encoder extracts high-level features from the input images, while
reducing their extent, via a series of convolutional and pooling layers, while the decoder
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Figure 2.5: Example of U-NET architecture with first embedding dimension of 64 and three encoding blocks
(Bentivoglio et al., 2023). Each block is composed of one convolutional layer, followed by a batch normalization
layer, a PReLU activation function, another convolutional layer, and finally a pooling layer. All blocks with
the same dimensions are connected by residual connections, indicated by the straight horizontal lines. The
numbers below the blocks indicate the hidden features dimension.
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extracts the output image from the compressed signal, via a series of de-convolutional
and pooling layers. The most popular variant of this architecture is the U-Net structure,
which also features residual connections between different blocks in the architecture,
as shown in Fig. 2.5. These residual connections help preserve spatial information lost
during downsampling and improve gradient flow during training (Goodfellow et al., 2016).

2.3.4. RECURRENT NEURAL NETWORK

0 ©

@

Figure 2.6: Recurrent neural network (RNN) in compact form (left) and in the unfolded form (right). The iterative
structure of the RNN (left) can be unfolded in time to show how hidden states influence the solution at each
time step (right). The colouring scheme indicates for each architecture the input (green), the state (orange), and
the output (red).

Recurrent layers are used for processing sequential data, such as time series (Rumel-
hart et al.,, 1986). A recurrent layer can be seen as a non-linear state-space model express-
ing the output at time ¢, y;, as a function of a former hidden state /; and input x;. The
basic formulation for a recurrent layer is

h[ = O'(Wht_l + UX[),

2.10
ye=0(Vhy), 210

where U, V, and W are trainable weight matrices. As it follows from Eq. (2.10), the hidden
state encodes the temporal memory of previous time instances while the output mapping
is instantaneous. These matrices are shared across time allowing the recurrent layer to
exploit temporal proximities of sequential data, irrespectively of their position. This is for
instance the case of discharge hydrographs (e.g., Zhou et al., 2021). Because there is an
inductive bias in temporal sequences, they allow us to reuse parameters without affecting
the performance.

Recurrent neural networks (RNN) are neural networks composed of recurrent layers.
The iterative structure of the RNNs can be unfolded in time to show how hidden states
influence the output at each time step (Fig. 2.6). However, the basic recurrent layer
in (2.10) suffers from the problem of vanishing and exploding gradients (Hochreiter &
Schmidhuber, 1997). This occurs due to the iterative use of the same layer which causes
the weights to multiply several times when back-propagating the error, ultimately leading
to “vanishing" gradients if the weights are small and “exploding” gradients if the weights
are large. This constrains then the temporal memory of these networks and limits their
capability to extract long-term dependencies between the past inputs and the current
output.
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one-hop neighbourhood

Figure 2.7: Example graph, where the dotted circle indicates the one-hop neighbourhood .4} (orange nodes) of
the central node i (red). A graph convolutional layer aggregates the features at each neighbouring node xj, with
Jjin.4; to obtain a new representation of the feature at the red node x:..

This problem is typically solved via the use of Long Short-Term Memory (LSTM) layers
(Hochreiter & Schmidhuber, 1997). This variation of recurrent layers also improves the
hidden state mechanism allowing to “remember” well even information which is tem-
porally distant. Another common variation is the Gated Recurrent Unit (GRU) (Cho, van
Merrienboer, et al., 2014), which achieves comparable results with the LSTM architecture
while using a simpler formulation. Same as for fully-connected and convolutional layers,
recurrent layers can be used in encoder-decoder architectures. This structure can be
composed of an RNN which generates a latent representation, followed by another RNN
that decodes it (e.g., Cho, Van Merriénboer, et al., 2014).

The most successful applications of RNNs for flood management regard tasks related
to sequences and time-series analysis, such as rainfall-runoff modelling (e.g., Kratzert,
Herrnegger, et al., 2019). While RNNs are preferred over 1D-CNNs, recently the latter
started gaining momentum for some time-series learning tasks (e.g., Van Den Oord et al.,
2016).

2.3.5. GRAPH NEURAL NETWORKS

Graph convolution is an operation that generalizes the concept of convolution from
Euclidean domains (e.g., time and space) to graph-structured data. A graph ¢ = (¥, &) is
a mathematical object that consists of a set of N nodes 7, which represent entities, and
a set of E edges &, which represent a connection between these entities. A graph signal
x € RV is a vector that assigns a value for each node of the graph.

While standard convolution works by shifting rectangular filters over a regular grid,
such as the pixels in an image, graph convolution uses graph filters to produce a weighted
average of a node’s neighbouring signals, leveraging the graph’s topology to propagate
and transform information. Graph convolutional layers, or simply graph layers, are a
neural network layer that apply graph convolution on a input using trainable weights in
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the graph filters (Gama et al., 2020). The propagation rule of layer ¢ of a graph layer is
Xev1=0(SX W), (2.11)

where X, € RV*F is the input node feature matrix, W, € R¥*C is a learnable filter matrix, F
and G represent the number of dimensions of the input and output node feature matrices,
and S € RV*V is the graph shift operator, i.e., a matrix that captures the connectivity of the
graph and where S;; # 0ifi = j or (i, j) € &. The simplest form of the graph shift operator
is the adjacency matrix A in which a;; = 1 if an edge i j exists. The propagation rule in Eq.
(2.11) can also be expressed as a local function for each node i and its neighbours .4; as

xf“ =U( > sijx]’fwfj), (2.12)
jet

where w; ; are learnable weights that indicate the connection strength between node i

and node j and equivalent to the entries of the matrix W,.

Graph neural networks (GNNs) combine multiple graph layers and use graphs as an
inductive bias to tackle the curse of dimensionality. This bias is relevant for data repre-
sented via networks and meshes, as it allows these models to generalize to unseen graphs,
i.e., the same model can be applied to domains discretized by different meshes. Depend-
ing on the complexity of Eq. (2.12), we can define several classes of GNNs. These are
generally grouped into convolutional, attentional, and message-passing GNNs (Bronstein
etal., 2021).

Convolutional GNNs (GCN) follow Eq. (2.11) and have a graph shift operator that is
fixed a priori and only depends on the connectivity of the graph. Within this category fit
several examples of GNNs, such as ChebConv in which the graph shift operator S is the
normalized Laplacian connectivity matrix L= (I— D~ 2AD~V Z)i ., where I is the identity
matrix, A is the adjacency matrix, and D is the diagonal matrix (Defferrard et al., 2016).

Attentional GNNs (GAT) employ an attention-based mechanism to define the graph
shift operator S based on their importance in relation to the target node (Velickovic et al.,
2017). The i j entry of S reads as

exp(LeakyReLU(a” [W([)xﬁ.[) ||W([)x§.[)))

8 = (2.13)

¥ jen; exp(LeakyReLU (a” W¥)x!" ||w<4’>x§." )
where a € R%C is a learnable weight vector and || denotes concatenation. In GATs, the
graph shift operator is learnt based on the values of the node features and does not
depend on the connectivity of the graph.

Message-passing GNNs (MPGNN) further generalize the expression of GATs and GCNs

by using learnable functions instead of learnable weights (Gilmer et al., 2017). The general
propagation rule is defined in the node-wise setting as

R+ =¢(h§.”, > w({h}’),eﬁ)), (2.14)
jeN;

where hy) and h'? are the features of nodes i and Jj atlayer ¢, e;; are the edge features
between nodes i and j, and ¢ and v are a trainable functions (e.g., MLPs) that combine
the features at node i with the features at the neighbouring nodes and edges.
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In this thesis, we focus on different graph neural network architectures applied to
meshes. A mesh is a structure composed of a collection of nodes, edges, and faces used to
discretize a continuous domain. Meshes are commonly used for numerical simulations
in many physical systems (e.g., Bomers, Schielen, & Hulscher, 2019; Ferraro et al., 2020).
Their flexible definition allows to increase the resolution where needed and coarsen it
otherwise, ultimately decreasing the computational time and improving efficiency (Candy,
2017). In this thesis, we establish a link between finite volume methods (Section 2.2.1)
and graph neural networks, by comparing their computational structure over meshes, as
further discussed in Chapter 4. We also argue that the propagation rule of the GNN is
essential in correctly modelling a physical system and should be designed as to preserve
relevant physical properties of the modelled system.



REVIEW OF DEEP LEARNING
METHODS FOR FLOOD MAPPING

Research is to see what everybody else has seen, and to think what nobody else has thought.

Albert Szent-Gyorgyi

This chapter presents a critical review of recent studies that employ deep learning
(DL) techniques for flood mapping. To conduct this review, we selected a representative
set of studies based on two complementary yet interrelated dimensions. On the one hand,
we focused on flood management, analysing different mapping applications, spatial
scales, and types of floods. This allows to understand how DL models are being tailored to
address various flood-related challenges. On the other hand, we focused on the technical
aspects of the deep learning methods examining the DL architectures, the type and
source of training data, and the comparative performance of these models relative to
traditional or physics-based approaches. By analysing studies across these dimensions,
this chapter highlights both the current capabilities and limitations of DL-based flood
mapping methods. The objective of this review is to assess the current state of the art
and identify key knowledge gaps. These will form the basis for the research questions
addressed in the following thesis chapters.

This chapter is an adapted version of:

Bentivoglio, R., Isufi, E., Jonkman, S. N., & Taormina, R. (2022). Deep learning methods for flood mapping:
A review of existing applications and future research directions. Hydrology and Earth System Sciences, 26,
4345-4378. https://doi.org/10.5194/hess-26-4345-2022.
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28 3. REVIEW OF DEEP LEARNING METHODS FOR FLOOD MAPPING

3.1. INTRODUCTION

We retrieved papers from the Scopus database by combining the keywords “deep learning”
or “neural network" with “flood” or “flooding”. The 3,338 publications obtained were then
filtered to include only journal papers from January 2010 until December 2021, in the
areas of engineering, environmental science, and earth and planetary sciences. From this
reduced list of 1308 papers, we considered two major refining criteria: i) the papers should
be based on the deep learning models presented in Chapter 2.3, and ii) the applications
must address the spatial variability of floods (i.e., not focusing only on the temporal
aspects of flood analysis). This procedure resulted in 46 reviewable papers. This list was
finally extended via a snowball search that considered cited and citing works, ultimately
leading to 58 eligible documents (Fig. 3.1). We find that the described methodology
selected a representative subset for producing a thorough review of recent advances and
developments in this field.

Keywords:

("deep learning" or "neural net-

work") and ("flood" or "flooding")

3338 publications

\
/

\
Year:

> 2010 and <2021

Document type:

engineering, environ-
mental science, or earth

"article"

and planetary sciences

/ Subject area:

L

1308 publications
Model based on deep learning Spatial variability of floods

\ /

46 publications

Snowball search

58 publications

Figure 3.1: Flowchart of the methodology applied for the papers selection.

The selected papers are listed in Table 3.1 which reports major details including the
flood mapping application, the type of flood, the DL model, and the spatial scale. General
findings related to these three criteria are first presented in Section 3.2. Specific findings
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for each application are then presented in Sections 3.3 (flood inundation), 3.4 (flood
susceptibility), and 3.5 (flood hazard). These specific sections provide a more in-depth
discussion on the deep learning models employed, with a focus on the architecture, the

input and output data, and the performance assessment.

Table 3.1: Deep learning applications for flood mapping. References are classified in terms of flood mapping

application, type of flood, deep learning (DL) model, training data, and spatial scale.

Application FloodType DLModel Training Spatial Reference(s)
Data Scale
Inundation River MLP Obs. Regional Li, Chen, Xu, et al. (2016) and
Lietal. (2015)
CNN Obs. Local Gebrehiwot et al. (2019),
Hashemi-Beni and Gebrehi-
wot (2021), Hou et al. (2021),
Ichim and Popescu (2020),
Nogueira et al. (2018), and
Wieland and Martinis (2019)
Regional Isikdogan et al. (2017), Kang
et al. (2018), Nemni et al.
(2020), and Sarker et al. (2019)
Urban MLP Obs. Local Amini (2010)
Regional Li, Xu, and Chen (2016)
CNN Obs. Local Pengetal. (2019)
RNN, Obs. Local Dongetal. (2021)
CNN
Coastal CNN Obs. Regional  Isikdoganetal. (2017) and Liu
etal. (2019)
Sim. Regional Murioz et al. (2021)
Dam Break MLP Obs. Regional  Syifa etal. (2019)
Susceptibility River MLP Obs. Regional Ahmadlou et al. (2021),
Ahmed et al. (2022),
Chakrabortty, Pal, et al
(2021), Jahangir et al. (2019),
Khoirunisa et al. (2021), Kia
etal. (2012), Popaetal. (2019),
and Saeed et al. (2021)
CNN Obs. Regional Wang, Fang, et al. (2020)
National Khosravi et al. (2020)
RNN Obs. Regional Fang et al. (2020)
Flash MLP Obs. Regional Chakrabortty, Chandra Pal,

et al. (2021), Costache et al.
(2020), Ngo et al. (2018), Popa
et al. (2019), and Tien et al.
(2020)
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National Kourgialas and Karatzas

2017)
CNN Obs. Regional Liu et al. (2021) and Panahi et
al. (2021)
Urban MLP Obs. Local Darabi et al. (2022)

Regional Kalantar et al. (2021)

CNN Obs. Local Zhao, Pang, Xu, et al. (2020,
2021)

Regional Leietal. (2021)

Hazard River MLP Sim. Local Chu et al. (2020), Huang et al.
(2021), Jacquier et al. (2021),
Lin, Leandro, Gerber, and
Disse (2020), Lin, Leandro,
Wu, et al. (2020), and Xie et al.

(2021)
CNN Sim. Local Hosseiny (2021) and Kabir et
al. (2020)
RNN Sim. Regional Kao et al. (2021) and Zhou et
al. (2021)
Flash CNN Sim. Local Yokoya et al. (2022)
Urban MLP Sim. Local Berkhahn et al. (2019) and
Chang et al. (2010)
CNN Sim. Regional Guo et al. (2020) and Lowe et
al. (2021)
Coastal RNN Sim. Local Huetal. (2019)
Dam Break MLP Sim. Local Jacquier et al. (2021)

MLP=Multi-layer Perceptron; CNN=Convolutional Neural Network; RNN=Recurrent Neural Network,
Obs. = Observations, Sim. = Simulations

3.2. GENERAL FINDINGS

3.2.1. FLOOD MAPPING APPLICATIONS

Fig. 3.2 shows the distribution of papers for each of the applications considered: flood in-
undation, flood susceptibility, and flood hazard. The research community has dedicated
efforts to investigate each type of application, although flood inundation and susceptibil-
ity have received the most attention. While papers on flood inundation are more evenly
distributed across years, applications for flood susceptibility and, especially, flood hazard
are increasing in the last few years analysed. Similar to what was observed in related fields
such as hydrology (e.g., Sit et al., 2020), a strong surge in DL publications for spatial flood
analysis is witnessed between 2018 and 2019. These years identify a turning point for Al
in earth system sciences driven by the adoption of CNN (striped patterns in Fig. 3.2) and
RNN (dotted patterns) in lieu of traditional MLP models. The late use of convolutional
and recurrent models is motivated by their recent popularization and development, along
with a rise in awareness of the ML advancements, contrary to fully-connected layers, that
have a longer application history.
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Figure 3.2: Publications by year, type of application and type of DL model. The increasing trend of the last five
years (from 2017 to 2021) has been mostly driven by the applications in flood susceptibility and flood hazard.

3.2.2. FLOOD TYPES

Fig. 3.3 shows the types of flood analysed with respect to each application. River floods
are the most common, with many applications in inundation and hazard mapping. This
is probably because, for historical reasons, most cities in the world are built close to
rivers (Kummu et al., 2011). The scientific community has dedicated significant efforts
to exploring the potential of DL for urban flooding. This is difficult to model because of
the complex topography and the presence of a drainage system whose dynamics need
to be coupled with the overland flood (Lowe et al., 2021). Almost all papers analysing
flash floods described flood susceptibility mapping applications. This is expected due to

T T
HFlood inundation
HE Flood susceptibility |

30 B Flood hazard

River Urban Flash  Coastal Dam break

Figure 3.3: Distribution of the types of floods per flood application in the reviewed papers. River and urban
floods are the most common, while flash and coastal floods have fewer occurrences.
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Figure 3.4: Distribution of the spatial scale per (a) flood application and (b) type of flood in the reviewed papers.
Local and regional scales are the most used.

the short duration and the contingent nature of these phenomena, which limit remote
sensing imaging and numerical simulations used in flood inundation and flood hazard
mapping, respectively. Despite the importance of coastal flooding (Neumann et al., 2015),
only a few papers report the use of DL for coastal flooding. While other works are available
in the literature (Bowes et al., 2021; Liitjens et al., 2020, 2021), they were not considered
since the employed DL models were not trained via supervised learning. Dam break
floods are the least analysed type, possibly because of their relatively rare occurrence and
complexity.

3.2.3. SPATIAL SCALE

As shown in Fig. 3.4, most applications consider local and regional scales. Local scale
refers to towns (e.g., Berkhahn et al., 2019; Darabi et al., 2022), small catchments (e.g.,
Kabir et al., 2020; Lin, Leandro, Gerber, & Disse, 2020) or river reaches (e.g., Chu et al.,
2020; Gebrehiwot et al., 2019). As such, they are mostly connected to urban and river
floods. The cases sizes vary from very small ones, 165 m? (Hou et al., 2021), to small towns
up to 100km? (Lin, Leandro, Gerber, & Disse, 2020). Regional scale models consider
a catchment (e.g., Popa et al., 2019), a province (e.g., Wang, Fang, et al., 2020) or large
cities (e.g., Kalantar et al., 2021; Léwe et al., 2021). Most works focus on river floods,
while some study flash, urban, and coastal floods. National scale models refer to the
assessments of entire countries, with only two papers concerning such scales, respectively
for Iran and Greece (Khosravi et al., 2020; Kourgialas & Karatzas, 2017). Nemni et al.
(2020) and Sarker et al. (2019) consider several study areas across Africa and Asia, and
Australia, respectively, but since the size of each area were smaller than 100000k m? they
were marked as regional scale models. They also do not fit within the national scale
classification since they do not encompass whole nations. Supra-national scale models
assessing the entire globe or a continent have not been studied yet with deep learning
models. This seems unexpected since ML techniques have already been employed at
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global scales, outperforming traditional techniques, for example in the estimation of
design floods along river networks (e.g., Zhao, Bates, et al., 2020). Since DL models have
been shown to outperform ML models, as later outlined in this review, more models
should be used at those scales in future studies.

3.2.4. DL ARCHITECTURE
Fig. 3.2 reports the architecture used for each application, showing that DL models are
mainly based on fully connected and convolutional layers.

MLP networks are widely used due to their flexibility and ease of implementation.
However, they are usually coupled with other techniques to reach satisfactory perfor-
mances. Stochastic optimization techniques, such as genetic algorithm, firefly algorithm,
and particle swarm optimization were combined with MLPs to search the optimal model’s
parameters (e.g., Kalantar et al., 2021; Li et al.,, 2015; Ngo et al., 2018). Multi-criteria
decision analysis models, such as frequency ratio and analytical hierarchy process, were
also coupled with MLPs to adjust the weights of each input in flood susceptibility (e.g.,
Costache et al., 2020; Kourgialas & Karatzas, 2017; Popa et al., 2019). Furthermore, k-
means clustering was used to categorize the dataset in classes, to account for different
topographical conditions; then, for each class, a MLP was trained (e.g., Chang et al., 2010;
Huang et al., 2021). Combining MLPs with such methods partly compensates the lack of
inductive biases, however, this lack blocks the model from employing existing structures
in the data, ultimately limiting their usability. Since flooding phenomena have spatial
and temporal structures, we expect MLPs to become progressively less used in this field,
as hinted by the trend in Fig. 3.2.

CNNs are best suited for processing raster files and images, thanks to their spatial
inductive bias. Since most data for flood analysis (e.g., elevation data, rainfall distribution
fields, remote sensing image) come in this format, CNNs have been increasingly employed
by the research community in the recent years. While most papers consider standard
CNNs, there are a few which employ 1D-CNNs (e.g., Dong et al., 2021; Guo et al., 2020;
Liu et al., 2021) and 3D-CNNs (e.g., Fang et al., 2020; Wang, Fang, et al., 2020). 1D-
CNNs consider as input a hyetograph or a hydrograph of a certain event, while 3D-CNNs
consider raster files stacked upon each other. Regarding the architectures, different papers
for flood inundation consider an encoder-decoder structure for image segmentation and
classification (e.g., Hashemi-Beni & Gebrehiwot, 2021; Liu et al., 2019; Nemni et al.,
2020). For such papers, the input is a satellite image of a flood and the output is its
classification in flooded and non-flooded areas. This architecture allows the models
to increase its performance since it can retain high frequency details in the segmented
images (Badrinarayanan et al., 2015). Guo et al. (2020) and Lowe et al. (2021) use a
convolutional encoder-decoder structure for flood hazard mapping to embed a rainfall
hyetograph in the latent space. In this way, they can consider both spatial and temporal
data within the same framework.

RNNs have been mostly employed to model temporally-varying floods, where they
can exploit best their sequential inductive bias. However, they remain the least common
choice of DL architecture for spatial flood analysis. Most papers apply RNNs on a time
series, such as a hyetograph or a hydrograph (e.g., Kao et al., 2021; Zhou et al., 2021).
Some papers, instead, consider spatial sequentiality by reshaping the original raster data
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into vectors (e.g., Fang et al., 2020; Lei et al., 2021; Panahi et al., 2021). For example,
Fang et al. (2020) extract, for each pixel, its neighbouring pixels in a 3 x 3 window and
then convert them into a vector based on spatial contiguity. However, this operation
introduces arbitrariety in the sequential order chosen for arranging the input pixels, since
it is independent of the underlying topography. In fact, Panahi et al. (2021) and Lei et
al. (2021) show that these models underperform when compared with CNNs. Among
the different RNN layers, most works consider LSTM units (Fang et al., 2020; Kao et al.,
2021; Zhou et al., 2021) but simple recurrent units (Huang et al., 2021; Panahi et al.,
2021) and GRUs (Dong et al., 2021) have also been employed. Some papers analysed the
potential of RNNs in combination with other techniques. Kao et al. (2021) use an encoder-
decoder architecture to forecast flood features based on rainfall patterns. The encoder
and the decoder steps are composed of fully-connected layers, while a LSTM is present
in the latent space to process rainfall data. Zhou et al. (2021) identify representative
spatial locations in the study area. Then, an LSTM is trained to simulate the water
levels’ evolution in time at each location. A water surface is ultimately determined by
interpolating the water depth at those points. Dong et al. (2021) combine 1D-CNNs and
RNNs on an urban channel network. The model takes as input the channels’ properties,
such as their cross-sections, and rainfall and water level measures, taken from sensors
in the network. This input is then given in parallel to a 1D-CNN and to a GRU whose
output is then combined to predict the temporal evolution of the flood. Hu et al. (2019)
deploy the LSTM model in a lower-dimensional space, obtained via proper orthogonal
decomposition and singular value decomposition. The model then requires fewer data to
be trained.

3.2.5. PERFORMANCE ASSESSMENT

This section discusses different approaches for assessing the performance of the DL
models, i.e., how well they match the outcomes of traditional and machine learning
models. Flood susceptibility and inundation models are compared with techniques such
as frequency ratio (Popa et al., 2019), a type of MCDA model; the soil conservation service
runoff model (Jahangir et al., 2019), a hydrologic model; and automatic threshold model
(Nemni et al., 2020), a histogram-based model. They are also compared with machine
learning techniques, such as support vector machines (e.g., Gebrehiwot et al., 2019; Sarker
et al.,, 2019; Zhao, Pang, Xu, et al., 2020), random forest (e.g., Darabi et al., 2022; Zhao,
Pang, Xu, et al., 2020), adaptive neuro-fuzzy inference system (Panahi et al., 2021), deep
boost (e.g., Ahmed et al., 2022; Chakrabortty, Chandra Pal, et al., 2021), and radial basis
function (Nogueira et al., 2018). DL models show to outperform both traditional and
ML models in terms of the accuracy of the results. Flood hazard models, instead, are
compared against numerical models, since they act as surrogate models. Thus, their main
purpose is to increase computational speed while maintaining low prediction errors.

There are also a few papers that compared different DL models. Huang et al. (2021)
compared MLPs with RNNs, while Fang et al. (2020) showed that MLPs were outper-
formed by the more inductive-biased approaches such as RNNs, 1D-CNNs, and 3D-CNNs.
Wieland and Martinis (2019) showed that CNNs widely outperform MLPs, as expected,
because of their inductive biases capabilities. Besides accuracy, the number of parameters
and the data requirements are important factors when comparing DL models. A higher
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number of parameters results in better performances but may also lead to overfitting, a
condition where the model decreases its performance on the testing data. Hence, when
deployed in similar settings such model would perform drastically worse. Moreover,
data is not always available leading to possibly unfair comparisons between models with
different data budgets. As such, the same model may give different outcomes depending
on the considered case.

In supervised learning, we distinguish between regression and classification problems,
depending on whether the target values to predict are continuous (e.g., water depth) or
discrete (e.g., flooded vs non-flooded area), respectively. Depending on the task, we
employ a different set of metrics to evaluate model performances.

Regression metrics are a function of the differences, or residuals, between target and
predicted values. The most common metrics include the root mean squared error (RMSE),
the coefficient of determination (R?), and the mean average error (MAE). RMSE and MAE
improve as they approach zero, while R?> improves as it approaches one. In general, MAE
may be preferred to RMSE since the latter is heavily influenced by the presence of extreme
outliers. However, since both metrics are averaged on a domain, their comparison across
different works requires careful attention.

Classification tasks can be either binary (e.g., predict flooded and non-flooded loca-
tions) or multi-categorical (e.g., classifying between permanent water bodies, buildings,
and vegetated areas), according to the output number of classes. In the following dis-
cussion, we focus on the former, with concepts extending to the second case. When
computing binary classification metrics, flooded areas are generally represented as pos-
itive class, while non-flooded areas as negative class. The most common metrics for
flood modelling are accuracy, recall, and precision, followed by other indices such as the
area under the receiver operator characteristic curve. Accuracy represents the number of
correct predictions over the total. While popular and easy to implement, this metric is
inappropriate for imbalanced datasets, where some categories are more represented than
others. For example, if test samples feature an average 90% non-flooded area, a naive
model constantly predicting no flooding would reach 90% accuracy, despite having wrong
assumptions. Furthermore, since it may be better to overestimate a flooded area than to
underestimate it, one could resort to metrics such as recall that account for false negatives
and thus penalize models that cannot recognize a flooded area correctly. However, when
used alone, recall can lead to similar issues to those described for accuracy, e.g., yielding
a perfect score for a model always predicting the entire domain as flooded. Thus, for an
exhaustive understanding of the model’s performance, one should also consider metrics
accounting for false positives, i.e., where the model misclassifies non-flooded areas as
flooded. There are several possible metrics, such as the F1 score, the Kappa score, or the
Matthews correlation coefficient, each with their drawbacks and benefits (e.g., Chicco &
Jurman, 2020; Delgado & Tibau, 2019; Wardhani et al., 2019). A reasonable choice is the F1
score, which is the geometric mean of recall and precision, and it thus equally considers
both false negatives and false positives. Another good example is the ROC (Receiver Oper-
ating Characteristic) curve that describes how much a model can differentiate between
positive and negative classes for different discrimination thresholds (Bradley, 1997). The
Area under the ROC curve (AUC) is often used to synthesise the ROC as a single value.
However, the AUC loses information on which parts of the dataset the model performs
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Figure 3.5: Distribution of the comparison metrics per type of application. The colours represent the different
types of applications, while the patterns represent the considered metrics.

best. For this reason, one should always interpret these results carefully, especially when
comparing different studies. Our purpose here is to show that, for the same case study,
DL tends to outperform traditional models.

For surrogate models, the comparison is also performed in terms of their speed-up,
which is determined as the ratio between the simulation time of the numerical model
and the simulation time of the DL model. For a correct comparison, the training time of
the DL model must be considered as well in this analysis. However, this was done only by
a few papers (e.g., Guo et al., 2020; Jacquier et al., 2021; Kabir et al., 2020).

3.3. DEEP LEARNING FOR FLOOD INUNDATION

Flood inundation maps determine the extent of a flood, during or after it has occurred.
We remind the reader that, in this thesis, we refer to flood inundation as the process of
mapping flooded and non-flooded areas from a picture of a flood. This classification
is usually binary (e.g., Nemni et al., 2020; Peng et al., 2019) but it can also be extended
to include permanent water bodies (e.g., Sarker et al., 2019) (see the example Fig. 2.1a),
vegetation (e.g., Ichim & Popescu, 2020), buildings (e.g., Hashemi-Beni & Gebrehiwot,
2021), and more (e.g., Mufioz et al., 2021). All the types of floods were well represented for
this application but flash floods (Fig. 3.3). We attribute this to the limited frequency of
observation of most remote sensing techniques.

Regarding the spatial scale, most papers focused on local and regional scales. Avail-
ability of remote sensing at wider scales is increasingly higher (e.g., Dartmouth Flood
Observatory (https://floodobservatory.colorado.edu/)); however, this seems to be only
partially considered. A plausible reason is the limited frequency of observation of the
satellites. High temporal remote sensing imagery has a low spatial resolution. Few papers
tackle this issue by increasing the resolution of the predicted flood maps, via a neural
network, with a technique known as super-resolution (e.g., Li, Xu, & Chen, 2016; Li et al.,
2015). Super-resolution enhances the quality of an input low-resolution image (Yang et al.,
2019). These papers show that MLPs improve the accuracy of super-resolution mapping,
with respect to other techniques such as spatial attraction models. We argue that further
improvements of super-resolution could be obtained by employing CNNs, which lend
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themselves naturally for such tasks, as demonstrated by applications in similar fields (Ma
etal., 2019).

3.3.1. DL ARCHITECTURE

As the task of recognizing floods from a picture can be regarded as an image segmentation
task, the most used deep learning models are based on CNNs. There are also a few earlier
papers that use MLPs (e.g., Amini, 2010; Li, Chen, Xu, et al., 2016) because CNNs were not
yet adopted by researchers of the field. Dong et al. (2021) use a combination of RNNs and
1D-CNNs to determine the temporal evolution of flooded and non-flooded nodes in an
urban channel network, as described previously. In this case, the choice of recurrent and
1D-convolutional layers is well motivated due to their temporal inductive bias.

3.3.2. INPUT AND OUTPUT DATA

Satellite data is the most used input for flood inundation applications (e.g., Nogueira et al.,
2018; Peng et al., 2019; Sarker et al., 2019). Other input data sources include unmanned
aerial vehicles data (UAV) (e.g., Gebrehiwot et al., 2019; Ichim & Popescu, 2020), hydro-
graphs (e.g., Hou et al.,, 2021) and DEMs (e.g., Hashemi-Beni & Gebrehiwot, 2021; Mufioz
etal., 2021). Only Dong et al. (2021) differ from the other papers by considering sensors
in place of flood pictures. Inundation maps produced by 3D numerical models are also
used as target prediction (Muioz et al., 2021). The results from the numerical model
can be used as a detailed reference for the DL model. Satellite data and UAV imagery
are both remote sensing data that represent a flood event seen from above. The main
differences concern the scale, the resolution, and the availability. UAVs are applicable
only for small areas but their resolution is higher than satellite data. UAVs can be readily
used but may be unavailable in certain areas. On the other hand, satellite data is available
worldwide but its frequency of observation can be limiting. Satellites can also struggle
to extract information below clouded areas (e.g., Meraner et al., 2020). When combining
information from different sources, the input data have different resolutions, leading to
possible problems for some deep learning models, which take fixed-size inputs. One way
to integrate different data resolutions is by data fusion (e.g., Muiioz et al., 2021). This
process allows the creation of more consistent, accurate, and useful information than
that provided by any individual data source.

3.3.3. PERFORMANCE ASSESSMENT

As defined in section 3.3, flood inundation mapping determines which cells of the flood
picture are represented as flooded or not. Thus, the task is regarded as a classification
problem, as confirmed by the metrics used (Fig. 3.5). The selected papers often use
several metrics but for clarity we consider a single metric for each work. The metric
selection depends on the employed ones and follows the considerations presented in
Section 3.2.5, with preference for metrics such as F1, AUC, or recall, if available. Deep
learning models have consistently shown improved performances in terms of the selected
metrics (Table 3.2). Li et al. (2015) and Li, Xu, and Chen (2016) compare optimization
techniques with and without MLPs for super-resolution-based flooding. They show that a
DL model slightly increases the performances. This may be because the models are based
on MLPs and thus neglect any spatial structure in the data, which could be considered,
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Table 3.2: Performance of the deep learning and comparison with reference models for flood inundation.

Case study Deep learning Comparison Reference
size [km2] Model Metric Model Metric
2.2 MLP Acc =70% ML Acc=57% Amini (2010)
225 MLP Acc =86.1% SAM Acc =83.9% Li, Xu, and Chen (2016)
3600 MLP+PSO Acc =81.6% PSO Acc=79.7% Li, Chen, Xu, et al. (2016)
5625 MLP+GA Acc=81% GA Acc=79.3%  Lietal. (2015)
0.00016 CNN P=0.927 - - Hou et al. (2021)
0.01 CNN Acc=95.5% SVM Acc=87.4%  Gebrehiwot et al. (2019)
09 CNN IoU =84% SVM+RBF TIoU =83% Nogueira et al. (2018)
5.2 CNN Acc=92.4% RG Acc=91.8%  Hashemi-Beni and Gebre-
hiwot (2021)
10 CNN Acc =96.4% RF Acc=87.3%  Ichim and Popescu (2020)
59.3 CNN F1=0.955 RF F1=0.922 Pengetal. (2019)
59.3 CNN F1=0.90 RF F1=0.84 Wieland and Martinis
(2019)
200 CNN F1=0.975 - - Munoz et al. (2021)
237 CNN F1=0.90 NDWI F1=0.70 Isikdogan et al. (2017)
10895 CNN F1=0.94 M1 F1=0.78 Kang et al. (2018)
23300 CNN F1=0.88 - - Liuetal. (2019)
25000 CNN F1=0.92 ATM F1=0.71 Nemni et al. (2020)
31450 CNN Recall = 62.8% SVM Recall =25%  Sarker et al. (2019)
4600 RNN+CNN F1=0.77 CNN F1=0.734 Dong et al. (2021)

Acc = Accuracy; P = Precision; ML = maximum likelihood; SAM = spatial attraction mode; PSO =
particle swarm optimization; GA = genetic algorithm;SVM = support vector machine; RBF = radial
basis function; RG = region growing; RF = random forest; NDWI = normalized difference water index;
ATM = automatic threshold model

instead, by CNNs. Most CNN models show noticeable improvements with respect to
traditional threshold methods, such as the Normalized Difference Water Index (NDWI)
and automatic threshold model (ATM) (e.g., Isikdogan et al., 2017; Nemni et al., 2020;
Wieland & Martinis, 2019), and with respect to machine learning models such as random
forest (RF) and support vector machine (SVM). This reflects similar results obtained in
image detection tasks (Badrinarayanan et al., 2015).

3.4. DEEP LEARNING FOR FLOOD SUSCEPTIBILITY

Flood susceptibility determines the tendency to flooding of a study area based on its
physical characteristics and given a set of known past flood events. This is done by
assigning to each location a level of susceptibility ranked from low to high (see Fig.
2.1b). The susceptibility depends on the distribution of the inputs, often called flood
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conditioning factors, in function of recorded past flood events. The deep learning model
then computes, for each point in the area, a score from 0 (non-flooded) to 1 (flooded).
These scores are finally divided into several classes, generally using the natural (Jenks)
breaks method (e.g., Fang et al., 2020; Khoirunisa et al., 2021; Wang, Fang, et al., 2020), to
obtain a susceptibility map. An exception is given by Jahangir et al. (2019) and Kia et al.
(2012), which train their models to predict discharge values and then use a GIS model
for the mapping. In both cases, the model performs well when the recorded flood events
occur in the predicted high susceptibility areas.

There exist DL-related applications for all types of flood (see Fig. 3.4b). Furthermore,
Fig. 3.4a shows that most of the works are concerned with regional or wider scales (e.g.,
Khosravi et al., 2020; Panahi et al., 2021; Tien et al., 2020). This is expected since sus-
ceptibility mapping gives a qualitative estimate of which locations are prone to flooding.
Operating on small scales may thus be limiting, both in terms of data availability and
applicability for prevention strategies. The data requirements for an accurate estimate
would probably be too high for a small area.

3.4.1. DL ARCHITECTURE

Most papers use MLP and CNN. Models based on MLPs consider single points or pixels
as inputs (Ahmadlou et al., 2021; Khoirunisa et al., 2021; Tien et al., 2020), while CNNs
consider the whole raster files (Khosravi et al., 2020; Wang, Fang, et al., 2020; Zhao,
Pang, Xu, et al., 2020). Since MLPs lack inductive bias they provide less coherent results,
meaning that the variation among neighboring cells can be high. This is partially solved
by coupling the MLP architecture with other statistical techniques, such as frequency
ratio (e.g., Costache et al., 2020; Darabi et al., 2022; Popa et al., 2019). Instead, CNNs have
a spatial inductive bias, thus they inherently consider the structure of the input, providing
more coherent flood maps (e.g., Khosravi et al., 2020). However, Wang, Fang, et al. (2020)
and Liu et al. (2021) show that 1D-CNNs, which perform convolution on the input features
for each domain’s cell, are not suited for this problem, as they do not properly leverage any
inductive bias. Some works showed that deep belief networks (DBN), an unsupervised
variation of MLPs, could outperform standard MLPs in flood susceptibility mapping (e.g.,
Pham et al., 2021; Shirzadi et al., 2020).

3.4.2. INPUT AND OUTPUT DATA
The inputs for the deep learning models are several. We distinguish between five input
typologies:
1. topographical inputs, which are derived from a digital elevation model, such as
elevation, slope, and aspect;

2. meteorological inputs, related to the hydrological characteristics and derived from
measuring stations and satellites, such as rainfall distribution and frequency;

3. geological inputs, related to the properties of the soil, such as lithology and soil
type;

4. geographical inputs, related to observable surface characteristics and obtained
through remote sensing, such as land use and normalized difference vegetation
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index;

5. anthropogenic inputs, related to the presence of human-made environments, such
as distance from roads.

Topographical data were the most frequent type of input. Many papers present a sensitiv-
ity analysis to determine which factors influenced the most the final results: on average,
these were slope, land use, aspect, terrain curvature, and distance from the rivers (e.g.,
Costache et al., 2020; Fang et al., 2020; Khosravi et al., 2020; Popa et al., 2019). As there are
several typologies of inputs, it is important to design an appropriate model to integrate
heterogeneous environmental information.

As output data, most papers considered a flood inventory map, given by a set of
flooded and non-flooded locations. The flooded locations were derived from measure-
ments and records taken from remote sensing and stations, while non-flooded locations
were taken randomly from locations with no previous flood record.

3.4.3. PERFORMANCE ASSESSMENT

In flood susceptibility analysis, both classification and regression metrics are adopted (Fig.
3.5). While classification metrics are used to identify flooded or non-flooded areas, the
purpose of regression metrics is often omitted unless the reference target is a discharge
hydrograph (Jahangir et al., 2019; Kia et al., 2012). Both types of metrics are used in few
papers (e.g., Khosravi et al., 2020; Panahi et al., 2021). Because of the problem’s setup,
classification metrics are more reliable in the performance assessment. Following the
considerations in Section 3.2.5, we selected as preferable metric AUC, also because of its
frequent availability for flood susceptibility mapping. For all the papers with comparisons,
deep learning models consistently showed improved performances with respect to the
reference models with few exceptions (Table 3.3). Deep boost (DB) is a machine learning
algorithm based on deep decision trees (Cortes et al., 2014) which could slightly outper-
form MLP in few works (Ahmed et al., 2022; Chakrabortty, Pal, et al., 2021). Combining
optimization algorithms, such as particle swarm optimization, with MLPs, to improve the
training, has a limited effect on the performance improvement (Kalantar et al., 2021; Ngo
etal., 2018). Moreover, CNNs increase the performance with respect to traditional models
more than MLPs. Fang et al. (2020) show that encoding spatial sequentiality with LSTMs
work slightly better than 1D-CNNs and 3D-CNNs, however they avoid the comparison
with 2D-CNNs.

3.5. DEEP LEARNING FOR FLOOD HAZARD

Flood hazard predicts the depth, velocity, and extent of floods. This application produces
maps which evaluate for a certain event its maximum inundation (e.g., Berkhahn et al.,
2019; Guo et al., 2020; Loéwe et al., 2021) or how it evolves in time (e.g., Lin, Leandro,
Gerber, & Disse, 2020; Zhou et al., 2021). While most studies consider the probability of
different events, using return periods (e.g., Guo et al., 2020; Kabir et al., 2020), there are
few papers which determine the water depth map for a single event (e.g., Chang et al.,
2010; Hu et al., 2019). However, no papers were identified to predict the flow velocities.
Since the simulation results are taken as ground-truth data for training, deep learning
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Table 3.3: Performance of the deep learning and comparison with reference models for flood susceptibility.

Case study Deep learning Comparison Reference
size [km2] Model Metric Model Metric
27 MLP+ensemble  AUC =0.847 RF AUC=0.821 Darabietal. (2022)
132 MLP R2 =0.802 - - Khoirunisa et al. (2021)
147 MLP+PSO AUC=0.98 MLP AUC=0.96 Kalantar et al. (2021)
207 MLP R?>=0.82 SCS R?>=0.71  Jahangiretal. (2019)
465 MLP AUC=0.917 PSO AUC=0.929 Chakrabortty, Pal, et al. (2021)
1128 MLP AUC=0.901 DB AUC=0.917 Ahmed etal. (2022)
1465 MLP AUC =0.960 SVM AUC=0.936 Tienetal. (2020)
1510 MLP AUC=0.970 SVM AUC=0.960 Ngoetal. (2018)
2600 MLP+AHP AUC=0.953 MLP+FR AUC=0.942 Costache et al. (2020)
4673 MLP AUC=0.93 DB AUC=0.96  Chakrabortty, Pal, etal. (2021)
5264 MLP+FR AUC=0.97 FR AUC=0.937 Popaetal. (2019)
12050 MLP AUC=0.974 - - Ahmadlou et al. (2021)

132000 MLP R%=0.98 - - Kourgialas and Karatzas (2017)
131 CNN AUC=0.90 RF AUC=0.78 Zhao, Pang, Xu, et al. (2020)
605 CNN AUC=0.84 RNN AUC=0.82 Leietal. (2021)

1543 CNN AUC =0.937 SVM AUC=0.883 Wang, Fang, et al. (2020)

12000 CNN AUC=0.832 ANFIS AUC=0.70  Panahietal. (2021)

1649195 CNN AUC=0.75 - - Khosravi et al. (2020)

90016 CNN+FMV AUC=0.912 SVM-FMV AUC=0.898 Liuetal. (2021)

1543 LSTM AUC =0.965 3D-CNN AUC=0.956 Fangetal. (2020)

PSO = particle swarm optimization; SCS = soil conservation system model; SVM = support vector
machine; AHP = analytic hierarchy process; RF = random forest; FR = frequency ratio; DB = deep
boost; ANFIS = adaptive neuro-fuzzy inference system; FMV = fuzzy membership value

models for flood hazard mapping are used as surrogate models in place of numerical
models.

The most studied types of floods are river and urban floods. As regards the spatial
scale, the models are carried out at local and regional scales. This is probably due to the
computational burden of performing several simulations at larger scales to train the deep
learning model.

3.5.1. DL ARCHITECTURE

The deep learning models are mainly based on MLPs and RNNs. In particular, RNNs are
applied when a spatial-temporal estimation of the water depths is performed. CNNs were
initially discarded but are used more in recent years (e.g., Guo et al., 2020; Kabir et al.,
2020; Lowe et al., 2021). Hu et al. (2019) and Jacquier et al. (2021) use a LSTM and a MLP,
respectively, in combination with a reduced order modelling framework. In the first case,
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the DL model is applied on the reduced space, while in the latter DL is used as surrogate
for the decomposition method.

3.5.2. INPUT AND OUTPUT DATA

The inputs are hyetographs, which represent the rainfall precipitation or intensity in
time (e.g., Berkhahn et al., 2019; Guo et al., 2020; Kao et al., 2021) or hydrographs, which
represent the discharge in time (e.g., Chu et al., 2020; Lin, Leandro, Gerber, & Disse,
2020; Zhou et al., 2021). Other inputs such as the DEM and the roughness coefficient,
also used for numerical models, are sometimes considered as additional inputs (e.g.,
Changet al., 2010; Guo et al., 2020; Huang et al., 2021). Lowe et al. (2021) performed a
forward selection to identify relevant topographic variables, showing that aspect and local
depressions improve the model’s prediction for urban floods.

The output is a water depth map. For the datasets, it is obtained via numerical models
based on the 2D shallow water equations. 1D, 1D-2D, and 3D models are also used (Chang
etal., 2010; Hu et al., 2019; Kao et al., 2021). The main reason why numerical models are
used is to simulate events that have never occurred or have never been observed, such
as floods with high return periods. Even though observed data were not employed, they
could be used in future research to corroborate the transferability of such methods. When
training only on the numerical models’ predictions, the deep learning models’ results
are limited in accuracy by the numerical models’ one, i.e., if the numerical model does
not represent reality so will the DL model. Thus, when the model is deployed on real
data, there may also be some generalization issues caused by the difference between the
training and testing data. The inclusion of real measured data may thus also improve the
accuracy with respect to numerical models.

3.5.3. PERFORMANCE ASSESSMENT

In flood hazard, regression metrics are used to evaluate the water depth, while classifica-
tion metrics are used to evaluate the flood extent, as done for flood inundation (Fig. 3.5).
While for flood susceptibility and inundation DL models were used to improve the perfor-
mances, in flood hazard their main focus is to improve the speed, while still maintaining
reasonably low errors with respect to the numerical predictions. This is highlighted in
Table 3.4, for all papers which provide information on computational times of both nu-
merical and deep learning models. However, the comparison of speed-up across different
papers is often unrealistic since it depends on the number of performed numerical simu-
lations and on the type of numerical model. A similar consideration persists for the error
scores, as they depend on the scale of the case study and on its resolution. Moreover,
the real error of models trained on numerical results depends on that of the underlying
numerical simulator. Hence, the latter must be reliable to have trustworthy predictions in
real scenarios. A final remark regards the loss function employed in the training of the DL
models. The minimization of the squared errors does not guarantee that the solution will
have physical meaning. For flood hazard mapping a possible solution is then to enforce
the conservation of the mass or momentum equations by adding such terms in the loss
function. This provides additional biases on the predicted solution and was shown to
increase its performance in representing the numerical models (e.g., Zhanget al., 2021).
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Table 3.4: Performance of the deep learning and comparison with numerical models for flood hazard.

Casestudy Deeplearning  Numerical Comparison
Speed-up  Reference
size [km2] Model Model measure

0.6 MLP 2D RMSE =0.0013 m 1000x Berkhahn et al. (2019)
7.7 MLP 2D RMSE =0.16 m 100x Chu et al. (2020)

21 MLP+clustering 2D RMSE < 0.3 m for - Huang et al. (2021)

99.7% of domain
31 MLP 1D-2D MAE = 0.06 m 1000x Chang et al. (2010)
92 MLP 2D RMSE < 0.3 m for - Lin, Leandro, Gerber,
82% of domain and Disse (2020)
92 MLP 2D MSE < 0.2 m? for - Lin, Leandro, Wu, et
91% of domain al. (2020)
- MLP+ROM 2D RE=2.8% 33x Jacquier et al. (2021)
10 CNN 2D MAE =0.0012 m - Hosseiny (2021)
MAE<1m
10.5 CNN 2D 2000x Guo et al. (2020)
for 93% of domain
14.5 CNN 2D RMSE=0.11m 38x Kabir et al. (2020)

72 CNN 2D RMSE =0.22 m - Yokoya et al. (2022)
400 CNN 2D RMSE =0.08 m - Lowe et al. (2021)
18.5 LSTM+ROM 3D RMSE =0.01 m 1500x Hu et al. (2019)

271 LSTM 2D RMSE =0.08 m - Kao et al. (2021)
1479 RNN 2D RMSE =0.056 m 21x Zhou et al. (2021)

ROM = reduced order modelling

3.6. KNOWLEDGE GAPS

We identified knowledge gaps regarding generalization, applications in flood manage-
ment, usability, modelling limitations, and data availability. Some other minor gaps were
shown in the previous section.

3.6.1. GENERALIZATION

Generalization refers to the capacity of a model to extrapolate from a training dataset
into unseen testing data. This means that a DL model can correctly predict scenarios
unused in its development. This property is particularly relevant because training requires
data, model set-up, and time. In the context of flood modelling, there are two main
generalization objectives: (i) boundary conditions, e.g., different rainfall events, and (ii)
topographical changes, i.e., different case studies. However, the transference between
different areas is challenging for DL models because of the difference in input and output
data. In fact, except for flood inundation mapping, most reviewed papers focused on
generalizing different boundary conditions, such as rainfall (e.g., Berkhahn et al., 2019;
Guo et al., 2020). Instead, only a few papers tested the model on areas not considered
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during training. Lowe et al. (2021) could generate flood hazard maps for unseen areas
within the same study region as the training dataset, as there was little variability of
inputs and outputs. Zhao, Pang, Xu, et al. (2021) instead pre-trained a model for flood
susceptibility on an urban area and then used it for another similar area. They showed
that pre-training improves predictions with respect to a model trained from scratch, both
in cases of low and high data availability. These works show that such approaches are
in their infancy and have been tested on limited datasets. A DL model which cannot
generalize to new areas has to be trained every time for a new study case. Thus, it may
have limited advantages over a hydraulic model, since it requires more effort, data, and
time. Instead, a general DL model which can generalize to new areas could emphasize
the advantages over numerical models. This concept was experimented also for rainfall-
runoff modelling where DL models outperformed state-of-the-art alternatives in the
prediction of ungauged basins in new study areas (Kratzert, Klotz, et al., 2019).

3.6.2. FLOOD APPLICATIONS AND USABILITY

Deep learning has proven useful for assessing flood-prone areas from the location of past
events, identifying flooded areas from remote sensing images, and working as a surrogate
model for numerical simulations. However, there are still several other applications within
this field that could benefit from deep learning models. In particular, we address two
flood management applications, flood risk and real-time flood warning. We also define
two desired types of maps, probabilistic hazard maps and flood arrival time maps. Then,
we discuss dam and dike breach flood events.

Flood risk combines the probability that a certain event occurs with the associated
consequences, such as economic impacts or loss of life. The expected annual loss is a
common measure obtained from flood risk assessment and depends on (i) flood hazard,
given by event-specific flood characteristics, such as water depth and flow velocity, (ii)
exposure, related to the elements at risk, such as buildings and critical infrastructures, and
(iii) vulnerability, i.e., the inability of a system to withstand the effects of the event, given,
for example, by intensity-damage curves. Flood risk maps are obtained by combining
flood hazard maps with damage models. Other approaches are based on MCDA, since the
exact flood magnitude and damage are uncertain (de Brito & Evers, 2016). This is done by
incorporating various factors that determine flood risk, such as hazard, the performance
of defences, topography, and exposure. However, MCDA is based on expert knowledge
and is thus subjective. DL models solve this issue and can also yield a higher accuracy,
as shown for flood susceptibility mapping. Thus, DL-based approaches could provide
alternative methods for assessing flood risk. In addition to the inputs used for flood
susceptibility, such as elevation and land use, flood risk mapping may require also other
inputs such as population density, spatial estimates of economic value, and building
types. Up to now, only Chen et al. (2021) combined DL and flood risk assessment. They
showed that ML and DL approaches can estimate flood risk at regional scale, but do
not compare their results against other methods, such as MCDA. One drawback of their
approach is that the resulting maps were qualitative, while quantitative results should be
preferable for risk assessment.

Real-time flood warning is another application that has not been widely addressed.
This is needed by local authorities to inform when and where a flood may occur. While
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several papers mention real-time prediction, most can be used only after the event has
occurred, since they require as input the complete hyetograph or hydrograph of the
event. There are a few examples based on RNNs which could forecast floods in near
real-time using sensors (Kao et al., 2021) and rainfall distribution (Dong et al., 2021).
However, few situations are covered and, thus, more research should focus on filling
this gap. An alternative method is to predict the rainfall in real-time and then retrieve
the corresponding water depth map by using a similarity measure on a large dataset of
previous simulations (Chang et al., 2020). However, such a solution may be challenging
because of the large storage requirements. Using DL for surrogate modelling instead
showed substantial speed improvements, thus allowing for real-time simulations and
forecasts. It is important, however, to provide some reliability metric for testing cases for
which no ground-truth values exist. This can eventually lead to a more trust-worthy use
of DL models.

Probabilistic hazard mapping captures the model uncertainty related to its inputs
and outputs. As pointed out by Di Baldassarre et al. (2010), uncertainties can result
in deterministic maps which are only spuriously accurate. But probabilistic maps can
account for the uncertainties by assigning a probability of flooding to each domain
element. This analysis is generally carried out with ensemble methods such as Monte
Carlo simulations (e.g., Papaioannou et al., 2017). However, since they require a vast
amount of simulations, only simpler numerical models are used. DL models could be
used as surrogates to speed up computation and improve the accuracy of the simpler
models.

Arrival time maps estimate the time employed by a flood to reach a certain water
depth threshold. They can encode both spatial and temporal information in the same
map. So, for a practitioner, they carry at one place detailed information not only on where
to intervene but also when to execute mitigation measures. Despite these promises, they
have been seldom used in flood management; consequently, they have also not been
exploited with DL methods. Using DL for arrival map estimation may be a promising
direction to identify critical infrastructure and set up corresponding evacuation plans in
real-time. This application may be particularly important for exceptional flood events,
such as dike breaches and dam breaks, where little forecast can be made until a failure
initiates (Yakti et al., 2018).

Dam break and dike breach floods concern a relevant category of flood events that
has been poorly approached with deep learning models. The motivation is probably
related to the rarity of such events and the complexity of the phenomena. However,
their catastrophic and unexpected effects make their modelling necessary in several
situations. Moreover, the effect of flood defences’ failure is often disregarded, also because
location and modality of possible failures are uncertain. A common way to include the
failure of structures is to investigate all possible combinations of locations and boundary
conditions, but it can be constrictive both for time and storage capacities. Probabilistic
hazard mapping may be a relevant application to include the uncertainty in the failure
probability of the flood defence (Domeneghetti et al., 2013).
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3.6.3. MODELLING LIMITATIONS

Complex interactions with the natural and built environment, such as dikes or buildings,
are difficult to include in deep learning models. Kabir et al. (2020) showed that flood
defences can be included if they are present in the simulations used for training and
testing. However, no solution presented so far can directly include new flood defences or
hydraulic structures such as bridges, canals, and culverts. While building can be included
in the DEM (e.g., Lowe et al., 2021), bridges and other hydraulic structures that influence
the behaviour of the floods require a more sophisticated treatment.

3.6.4. DATA AVAILABILITY

Deep learning models usually require large quantities of data to achieve good perfor-
mances. While simulations can provide potentially limitless data, observed data are
scarce and depend on the study area. Simulations may also encounter instability issues
depending on the numerical schemes and study area. Remote sensing has provided large
quantities of data since its vast development in the past decades, but satellite data is still
limited by its frequency of observations and dependency on favourable meteorological
conditions. Also, UAVs cannot cover wide areas at once. Precipitation and water depth
data are available only in a few locations where the measuring stations are present. Thus,
new data sources are needed to overcome these limitations.

Another issue, which emerges also from Section 3.2.5, is the lack of a unified framework
to compare different approaches with each other. This can be achieved by creating
flood-based benchmark datasets for each mapping application. For flood inundation,
some datasets have been already used across different works (e.g., Bonafilia et al., 2020).
However, works on both flood susceptibility and hazard mapping consider different
datasets, focusing on different geographic areas or flood types. One possibility could
then be to unify different case studies in a single dataset, for each application, allowing to
assess the validity of a model more objectively. For flood susceptibility, case studies with
the same input availability could be merged in a dataset with many flood types, scales,
and geographical areas. A similar reasoning could be made for flood hazard mapping,
selecting, for each case study, initial and boundary conditions for specific return periods.

3.7. SUMMARY OF THE MAIN KNOWLEDGE GAPS

This chapter presented a review of current applications of deep learning models for flood
mapping. The chosen search criteria yielded a total of 58 papers published between 2010
and 2021. This review outlined several knowledge gaps, which we used to develop the
research questions addressed in this thesis. These can be summarized as follows:

* Generalization: Most DL models are case-specific, requiring retraining for new
locations. Generalization across spatial domains and boundary conditions (e.g.,
rainfall) remains a major challenge.

° Modelling limitations: DL models often fail to capture the full spatio-temporal
dynamics of floods, especially in complex settings such as dike breach floods, which
can be less frequent than other types of floods, but also more dangerous. Moreover,
they lack inclusion of physical consistency and explicit modelling of hydraulic
structures.
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* Usability: Current DL approaches rarely include uncertainty quantification or
validation against physical laws. Additionally, the absence of unified benchmark
datasets and evaluation frameworks hinders the comparability and transparency of
DL models in flood applications.

The research questions of this thesis (Chapter 1) aim tackle all of these gaps, by
progressively increasing the complexity of the problem and of the modelled case study.






HYDRAULICS-BASED GRAPH
NEURAL NETWORKS

All models are wrong, but some are useful.

George Box

This chapter introduces graph neural networks as an effective modelling strategy
for generalizing the spatio-temporal evolution of floods over multiple case studies. We
propose a graph neural network layer (SWE-GNN) inspired by finite volume methods
used for numerical modelling of floods that introduces a physical (hydraulic) inductive
bias. We also develop a training strategy based on curriculum learning to improve the
model’s stability over extended prediction horizons. We compared the SWE-GNN model
with state-of-the-art DL models over three synthetic datasets of dike breach floods of
increasing complexity. This chapter addresses the gaps of generalization over unseen
case studies and of spatio-temporal modelling of floods, while also providing benchmark
datasets. As for the rest of the thesis, we focus on modelling the overland flow caused by
dike breach floods.

This chapter is an adapted version of:

Bentivoglio, R., Isufi, E., Jonkman, S. N., & Taormina, R. (2023). Rapid spatio-temporal flood modelling via
hydraulics-based graph neural networks. Hydrology and Earth System Sciences, 27(23), 4227-4246. https:
//doi.org/10.5194/hess-27-4227-2023.
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4.1. INTRODUCTION

Accurate flood models are essential for risk assessment, early warning, and preparedness
for flood events. Numerical models can characterize how floods evolve in space and
time, with the two-dimensional (2D) hydrodynamic models being the most popular (Teng
etal, 2017). However, they are computationally expensive, making them inapplicable
for real-time emergencies and uncertainty analyses. Data-driven alternatives based on
deep learning provide faster numerical solvers with comparable accuracy (Bentivoglio
etal., 2022). Most current works explore the generalization of boundary conditions on a
fixed domain, but need retraining when applied to a new area, requiring more resources
in terms of data, model preparation, and computation times.

To overcome this issue, the community is investigating the generalizability of deep
learning models to different study areas. Lowe et al. (2021) proposed a CNN model to
estimate the maximum water depth of pluvial urban floods. They trained their model
on part of their case study and then deployed it on the unseen parts, showing consistent
performances. Guo et al. (2022) accurately predicted the maximum water depth and
flow velocities for river floods in different catchments in Switzerland. To incorporate the
variations in catchment size and shape, they divided the domain into patches. do Lago
etal. (2023) proposed a conditional generative adversarial networks that could predict
the maximum water depth unseen rain events in unseen urban catchments. However,
these approaches focus on a single maximum depth or velocity map, disregarding the
dynamical behaviour, i.e., no information is provided on the flood conditions over space
and time, which is crucial for evacuation and response to the flood.

To overcome this limitation, we propose SWE-GNN, a deep learning model merging
graph neural networks (GNN) with the finite-volume methods used to solve the shallow
water equations (SWE). GNNs generalize convolutional neural networks to irregular

Figure 4.1: Schematic representation of an arbitrary triangular volume mesh and its dual graph. Left: a finite-
volume cell Q; along with its neighbouring cells. Vectors u; and u; represent the cells’ hydraulic variables,
while /;j and n; j corresponds, respectively, to the length of the mesh side and the outward unit normal vector,

between cells i and j. Right: the dual graph of the mesh is obtained by considering each i th cell’s centre as a
node i, with features x; and connecting neighbouring nodes, i and j, via edges i j, with features € ;.
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domains such as graphs and have shown promising results for fluid dynamics (e.g., Lino
etal., 2021; Peng et al., 2022) and partial differential equations (e.g., Brandstetter et al.,
2022; Horie & Mitsume, 2022). Hence, developing GNNs that follow the SWE equations is
not only more physically interpretable but also allows better generalization abilities to
unseen flood evolution, unseen breach location, and unseen topographies. In particular,
we exploit the geometrical structure of the finite-volume computational mesh by using its
dual graph, obtained by connecting the centres of neighbouring cells via edges (see Figure
4.1). The nodes represent finite-volume cells and edges fluxes across them. Following an
explicit numerical discretization of the SWE, we formulate a novel GNN propagation rule
that learns how fluxes are exchanged between cells, based on the gradient of the hydraulic
variables. We set the number of GNN layers based on the time step between consecutive
predictions, in agreement with the Courant-Friedrichs-Lewy conditions. The inputs of
the model are the hydraulic variables at a given time, elevation, slopes, area, length, and
orientation of the mesh’s cells. The outputs are the hydraulic variables at the following
time step, evaluated in an auto-regressive manner, i.e., the model is repeatedly applied
using its predictions as inputs to produce extended simulations.

We tested our model on dike-breach flood simulations due to their time-sensitive
nature and presence of uncertainties in topography and breach formation (Jonkman
et al., 2008; Vorogushyn et al., 2009). Moreover, given the sensibility to floods of low-
lying areas, fast surrogate models that generalize over all those uncertainties are required
for probabilistic analyses. The rest of the chapter is structured as follows: Section 4.2
describes the proposed methodology. In Section 4.3, we present the dataset used for
the numerical experiments. Section 4.4 shows the results obtained with the proposed
model and compares it with other deep learning models. Finally, Section 4.5 discusses the
results, analyses the current limitations of this approach, and proposes future research
directions.

4.2. SHALLOW-WATER-EQUATIONS GRAPH NEURAL NETWORK

We develop a graph neural network in which the computations are based on the shallow-
water equations. The proposed model takes as input both static and dynamic features that
represent the topography of the domain and the hydraulic variables at time ¢, respectively.
The outputs are the predicted hydraulic variables at time #+1. In the following, we detail
the proposed model (Section 4.2.1) and its inputs and outputs (Section 4.2.2). Finally, we
discuss the training strategy (Section 4.2.3).

4.2.1. ARCHITECTURE
SWE-GNN is an encoder-processor-decoder architecture inspired by You et al. (2020) with
residual connections, that predicts auto-regressively the hydraulic variables at time #+1 as

0 Ut oX,, U &), 4.1)

where the output 0! corresponds to the predicted hydraulic variables at time #+1, U?
are the hydraulic variables at time ¢, ®(-) is the GNN-based encoder-processor-decoder
model that determines the evolution of the hydraulic variables for a fixed time step, X; are
the static node features, U’~7*! are the dynamic node features, i.e., the hydraulic variables
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Figure 4.2: Overview of the SWE-GNN model. The model ® takes as input the mesh discretization of the static
and dynamic input (blue box) and produces an estimate of their evolution in time (orange box). The model is
then repeated auto-regressively, i.e., using its predictions as inputs, to determine the spatio-temporal evolution
of the flood. The encoder-processor-decoder structure of the SWE-GNN model is shown in the bottom black
box. The node inputs x;; and ul 7Pt represent static attributes, such as elevation and slopes, and dynamic
attributes, representing hydraulic variables, while the edge inputs ¢; j represent the mesh’s geometry. The

inputs are encoded into higher-dimensional embeddings hg;, hg!i (yellow nodes), and £/ij via three separate
multi-layer perceptrons, shared across nodes or edges. The embeddings, whose purpose is to increase the
inputs’ expressivity, are used as input for the L GNN layers. The output of the GNN h];” (red and orange nodes)

is decoded via another shared multi-layer perceptron and summed to the hydraulic variables at time ¢ uf. The

t+1

final output y; (blue nodes) represents the prediction at time ¢ + 1, i.e., ﬁi
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for time steps ¢ — p to ¢, and & are the edge features that describe the geometry of the
mesh. The architecture detailed in the sequel is illustrated in Fig. 4.2.

Encoder. We employ three separate encoders for processing the static node features
X, € RV*Ins, dynamic node features X; = U'"Pl e RN*O(p+D) and edge features € € RExIe
where Iy is the number of static node features, O the number of hydraulic variables (e.g.,
0O=3 if we consider water depth and the x and y components of the unit discharges), p
the number of input previous time steps, and I, the number of input edge features. The
encoded variables are

H; = ¢ X),Hg = g X4), 8" = ¢ (6), 4.2)

where ¢(-) and ¢, (-) are MLPs shared across all nodes that take an input X € RV*/ and
return a node matrix H € RV*¢; and ¢ (-) are MLPs shared across all edges that encode
the edge features in &' € REXG_ All MLPs have two layers, with hidden dimension G,
followed by a PReLU activation. The encoders expand the dimensionality of the inputs to
allow for higher expressivity, with the hyperparameter G being the dimension of the node
embeddings. The i’" rows of the node matrices Hy and Hy represent the encoded feature
vectors associated to node i, i.e., hg; and hy;, and the k" rows of the edge matrices &'
represents the encoded feature vector associated to edge k.

Processor. We employed as processor an L-layer GNN that takes a high-dimensional
representation of the static and dynamic properties of the system at time ¢, given by the
encoders, and produces a spatio-temporally propagated high-dimensional representation
of the system’s evolution from time ¢ to t+1. The propagation rule is based on the shallow
water equation. In the SWE, the mass and momentum fluxes, representative of the
dynamic features, evolve in space as a function of the source terms, representative of the
static and dynamic features. Moreover, water can only propagate from sources of water
and the velocity of propagation is influenced by the gradients of the hydraulic variables.
Thus, the GNN layer ¢ =1,..., L — 1 update reads as

(0+1) _ NG ERG I, 0 (0

sV =y (hyi, by, b 0 ) ) o (YD -R)), 43)

+1) _1,(0) (l+1)ypa7(€+1)

hy U =hy )+ Y s W, (4.4)
jek

where () : R%¢ — RS is an MLP with two layers, with hidden dimension 2G, followed by
a PReLU activation function, © is the Hadamard (element-wise) product, and W) € RG*€
are parameter matrices. The term h(d[} - hgi) represents the gradient of the hydraulic
variables and enforces water-related variables h; to propagate only if at least one of
the interfacing node features is non-zero, i.e., has water. The function y(:), instead,
incorporates both static and dynamic inputs and provides an estimate of the source
terms acting on the nodes. Thus, vector s;; represents the fluxes exchanged across
neighbouring cells and their linear combination is used as in Eq. (2.3) to determine the
hydraulic variables’ variation for a given cell. In this way, Eq. (4.3) resembles how fluxes
are evaluated at the cell’s interface in the numerical model, i.e., §Fw);; =J;; (u; —u;),
which enforces conservation across interface discontinuities (Martinez-Aranda et al.,
2022). Based on this formulation, s;; can also be interpreted as approximate Riemann
solver (Toro, 2013), where the Riemann problem at the boundary between computational
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cells is approximated by function v (-), in place of equations (e.g., Roe, 1981). To reduce
model instabilities, the output of y(:) is normalized along its embedding dimension, i.e.,
it is divided by its norm |[[w(-)[|. This procedure is similar to other graph normalization
techniques that improve training stability (Chen et al., 2022). The contribution of each
layer is linearly multiplied by W) (Eq. (4.3)). From a numerical perspective, this is
analogous to an L-order multi-time-step scheme, with L being the number of layers,
where the weights are learned instead of being assigned (e.g., Dormand & Prince, 1980).

The GNN'’s output represents an embedding of the predicted hydraulic variables at
time t+1 for a fixed time step At. Instead of enforcing stability by limiting A¢, as it is
done in numerical models, we can obtain the same result by considering a larger portion
of space, which results in increasing Ax (cfr. Eq. (2.5)). This effect can be achieved by
stacking multiple GNN layers, as each layer will increase the propagation space, also
called neighbourhood size. The number of GNN layers is then correlated to the space
covered by the flood for a given temporal resolution. We can then write the full processor
for the L GNN layers as

0 0
hY =h,;W©,
(0+1) _ . IR NGREN(IRN @) _ @)
sV =y b, by, ) B e ) o (0Y) -0,
0+1) _1,(0) (C+Dyar(0+1)
hy ™ =hg + Y s WD, (4.5)
jei
(L) _ (L-1) (L)yar(L)
hdi_g(hdi + Z sijW ),
jeH;

where we employ a Tanh activation function o (-) at the output of the L*" layer to limit
numerical instabilities resulting in exploding values. The embedding of the static node
features hy; and of the edge features &} i do not change across layers, as the topography
and discretization of the domain do not change in time.

Decoder. Symmetrically to the encoder, the decoder is composed of an MLP ¢(.),
shared across all the nodes, that takes as input the output of the processor HE]ZL) e RN*G

and updates the hydraulic variables at the next time step, i.e., ﬁ”l € RV*O via residual
connections, as

0" =+ (H]). (4.6)
The MLP ¢(-) has two layers, with hidden dimension G, followed by a PReLU activation.
Both the MLPs in the dynamic encoder and the decoder do not have the bias terms as
this would result in adding non-zero values in correspondence of dry areas that would
cause water to originate from any node.

4.2.2. INPUTS AND OUTPUTS
We define input features on the nodes and edges based on the SWE terms (cfr. Eq. (2.2)).
We divide node features into a static component that represents fixed spatial attributes
and a dynamic component that represents the hydraulic variables.

Static node features are defined as

t
Xsi = (ai, €;,80i, Mi, W;) 4.7)
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where a; is the area of the i’" finite volume cell, its elevation e;, its slopes in the x and y
directions sg;, and its Manning coefficient m;. We also included the water level at time
t, wlt , given by the sum of elevation and water depth at time ¢, as node inputs, since it
determines the water gradient (Liang & Marche, 2009). The reason why we include w f
in the static attributes instead of the dynamic ones is that this feature can be non-zero
also without water, due to the elevation term, and would thus result in the same issue
mentioned for the dynamic encoder and decoder.
Dynamic node features are defined as

t—p:t - —1 t
Xdi = ui Pt _ (ul. p,...,lli ,lli), (4 8)
t t t '
“i = (h,,|q|,)

where uf are the hydraulic variables at time step ¢ and ug_p " are the hydraulic variables up
to p previous time steps, to leverage the information of past data and provide a temporal
bias to the inputs. Contrarily to the definition of the hydraulic variables as in Eq. (2.2), we
selected the modulus of the unit discharge |g| as a metric of flood intensity in place of
its x and y components to avoid mixing scalar and vector components and because, for
practical implications, such as damage estimation, the flow direction is less relevant than
its absolute value (e.g., Kreibich et al., 2009).
Edge features are defined as
€;ij=mj, 1), (4.9)

where n;; is the outward unit normal vector and [;; is the cell’s sides length. Thus, the
edge features represent the geometrical properties of the mesh. We excluded the fluxes
F;; as additional features as they depend on the hydraulic variables u; and u;, which are
already included in the dynamic node features.

Outputs. The model outputs are the estimated water depth and unit discharge at

. A A Al L . .
time 1+1, i.e., uf“ = (hl.”l, lq] f+ ), resulting in an output dimension O = 2. The outputs
are used to update the input dynamic node features x; for the following time step, as

exemplified in Fig. 4.3. The same applies for the water level in the static attributes, i.e.,
t+1 _ ., i+l
w;=ei+ hi .

4.2.3. TRAINING STRATEGY

The model learns from input-output data pairs. To stabilize the output of the SWE-GNN
over time, we employ a multi-step-ahead loss function .Z, that measures the accumulated
error for multiple consecutive time steps, i.e.,

1 H O .
z=45 YN yollaltT —ultT I, (4.10)

7=10=1

where uf)” e RYN are the hydraulic variables over the whole graph at time #+7, H is the
prediction horizon, i.e., the number of consecutive time instants, and y,, are coefficients
used to weight the influence of each variable to the loss. For each time step 7, we evaluate
the model’s prediction @’*” and then use the prediction recursively as part of the new
dynamic node input (see Fig. 4.3). We repeat this process for a number of time steps H

and calculate the root mean squared error (RMSE) loss as the average over all steps. In this
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Figure 4.3: Example of auto-regressive prediction for p input previous time steps and H predicted steps ahead.
The prediction at time 7 are used as new inputs to predict the following time step and so on. The loss and the
metrics are evaluated as the average over all steps H.

way, the model learns to correct its own predictions while also learning to predict a correct
output, given a slightly wrong prediction, hence improving its robustness. After p +1
prediction steps, the inputs of the model are given exclusively by its predictions. During
training, we limit the prediction horizon H instead of using the full temporal sequence
due to memory constraints, since the back-propagation gradients must be stored for each
time step.

To improve the training speed and stability, we also employed a curriculum learning
strategy (Algorithm 1). This consists in progressively increasing the prediction horizon
in Eq. (4.10) every fixed number of epochs up to H. The idea is to first learn the one-
or few-steps-ahead predictions to fit the short-term predictions and then increase the
number of steps ahead to stabilize the predictions (Wang et al., 2022).

Algorithm 1 Curriculum learning strategy

Initialize:
H=1
CurriculumSteps =15
1 =1 (Water depth h)
Y2 =3 (Unit discharge q)
for epoch =1 to MaxEpochs do
0t - Uty o X, Ul &)
L= L850 yollaht T —ubtT|,,
Update the parameters
if epoch > CurriculumSteps*H then
H=H+1
end if
end for
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4.3. EXPERIMENTAL SETUP

4.3.1. DATASET GENERATION

We considered 130 numerical simulations of dike-breach floods ran on randomly-
generated topographies over two squared domains of sizes 6.4 x 6.4km? and
12.8 x 12.8km? representative of flood-prone polder areas.

We generated random digital elevation models using the Perlin noise generator (Perlin,
2002) as its ups and downs reflect plausible topographies. We opted for this methodology,
instead of manually selecting terrain patches, to automatize the generation process,
thus allowing for an indefinite amount of randomized and unbiased training and testing
samples.

We employed a high-fidelity numerical solver, Delft3D-FM, which solves the full shal-
low water equations using an implicit scheme on staggered grids and adaptive time steps
(Deltares, 2022). We used a dry bed as the initial condition and a constant input discharge
of 50m3/s as the boundary condition, equal to the maximum dike-breach discharge. We
employed a single boundary condition value for all simulations as our focus is to show
generalizability over different topographies and breach locations. The simulation output
is a set of temporally-consecutive flood maps, with a temporal resolution of 30 minutes.

We created three datasets with different area sizes and breach locations as summarized
in Table 4.1. We selected a rectangular domain discretized by regular meshes, to allow for a
fairer comparison with other models that cannot work with meshes or cannot incorporate
edge attributes. Furthermore, we considered a constant roughness coefficient m; for
all simulations, meaning that we use the terrain elevation and the slopes in the x and y
directions as static node inputs.

1. The first dataset consists of 100 digital elevation models (DEMs) over a squared
domain of 64 x 64 grids of length 100m and a simulation time of 48 hours. This
dataset is used for training, validation, and testing. We used a fixed testing set of
20 simulations while the remaining 80 simulations are used for training (60) and
validation (20).

2. The second dataset consists of 20 DEMs over a squared domain of 64 x 64 grids of
length of 100m and a simulation time of 48 hours. The breach location changes
randomly across the border with a constant discharge of 50m®/s (Fig. 4.4a). This
dataset is used to test the generalizability of the model to unseen domains and
breach locations.

Table 4.1: Summary of the datasets employed for training (TR), validation (VA), and testing (TE). The uncertainty
accounts for the variability across the different simulations in each dataset.

Dataset Number Size (kmz) Random Simulation Execution time of
and use of simulations breach location  duration (k) numerical model (s)
1 (TR,VA,TE) 100 6.4 x6.4 No 48 29.5+9.1

2 (TE) 20 6.4 x 6.4 Yes 48 32.5+£5.1

3 (TE) 10 12.8x12.8  Yes 120 185.5+29.9
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Figure 4.4: Distribution of the breach locations (red crosses) for datasets 2 and 3.

3. The third dataset consists of 10 DEMs over a squared domain of 128 x 128 grids of
length of 100m. The boundary conditions are the same as for the second dataset.
Since the domain area is four times larger, the total simulation time is 120 hours,
to allow for the flood to cover larger parts of the domain. This dataset is used to
test the generalizability of the model to larger unseen domains, unseen breach
locations, and longer time horizons.

Unless otherwise mentioned, we selected a temporal resolution of At=1h, as a trade-
off between detail and speed. When the beginning of the flood is relevant (e.g., for
real-time forecasts) higher temporal resolutions are better. Contrarily, if the the final flood
state is relevant, lower temporal resolutions may be better.

4.3.2. TRAINING SETUP

We trained all models via the Adam optimization algorithm (Kingma & Ba, 2014). We
employed a varying learning rate with 0.005 as starting value and a fixed step decay of
90% every 7 epochs. The training was carried out for 150 epochs with early stopping. We
used a maximum prediction horizon H = 8 steps ahead during training as a trade-off
between model stability and training time, as later highlighted in Section 4.4.4. There
is no normalization pre-processing step and, thus, the values of water depth and unit
discharge differ in magnitude by a factor of 10. Since for application purposes discharge
is less relevant than water depth (Kreibich et al., 2009), we weighted the discharge term
by a factor of y, = 3 (cfr. Eq. (4.10)), while leaving the weight factor for water depths as
y1 = 1. Finally, we used p = 1 previous time step as input, i.e., X; = (U*=°, U*"1), where
the solution at time ¢ = 0 corresponds to dry bed conditions. The static inputs X; are
given by the slopes in the x and y directions, and the elevation. The corresponding inputs
and outputs can be visualized in Figure 4.5.

We trained all models using the PyTorch (Version 3.10.8) (Paszke et al., 2019) and
PyTorch Geometric (Version 2.2) (Fey & Lenssen, 2019). In terms of hardware, we em-
ployed an Nvidia Tesla V100S-PCIE-32GB for training and deployment ((DHPC), 2022),
and an Intel(R) Core(TM) i7-8665U @1.9 GHz CPU for deployment and for the execution
of the numerical model. We run the models on both GPUs and CPUs to allow for a fair
comparison with the numerical models.
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Figure 4.5: Detailed inputs and outputs used in the experiments, considering a regular mesh, p = 1 previous
time steps and a time resolution A¢ = 1h. The initial inputs are dry bed conditions, i.e., U'=0" and the first time
step of the simulation, i.e., Ut:”‘, given by the numerical model.

4.3.3. METRICS

We evaluated the performance using the multi-step-ahead RMSE (Eq. (4.10)) over the
whole simulation. However, for testing, we calculated the RMSE for each hydraulic
variable o independently as:

1 H
RMSE, = — ) [lay, —u}ll,, (4.11)
HT:I

Analogously, we evaluated the mean absolute error (MAE) for each hydraulic variable o
over the whole simulation as:

1 E
MAE, = - Yo lag —ujl, (4.12)
=1

The prediction horizon H depends on the total simulation time and temporal resolution,
e.g., predicting 24 hours with a temporal resolution of 30 min results in H = 48 steps
ahead. We also measured the spatio-temporal error distribution of the water depth using
the critical success index (CSI) for threshold values of 0.05 m and 0.3 m, as in Lowe et al.
(2021). The CSI measures the spatial accuracy of detecting a certain class (e.g., flood or
no-flood) and, for a given threshold, it is evaluated as
~ TP

~ TP+FP+FN
where TP are the true positives, i.e., number of cells where both model and simulations
predict flood, FP are the false positives, i.e., number of cells where the model wrongly
predicts flood, and FN are the false negatives, i.e., number of cells where the model does
not recognize a flooded area. We selected this measure as it discards true negatives, i.e.,
when both model and simulation predict no flood, as this condition is over-represented,
especially for the initial time steps. Thus, including true negatives may give an overcon-
fident performance estimate. We measured the computational speed-up as the ratio
between the computational time required by the numerical model and the inference
time of the deep learning model. Both times refer to the execution of the complete flood
simulation but do not include the time required to simulate the initial time steps.

CSI (4.13)
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4.4, NUMERICAL RESULTS

4.4.1. COMPARISON WITH OTHER DEEP LEARNING MODELS
The proposed SWE-GNN model is compared with other deep learning methods including:

* CNN: encoder-decoder convolutional neural network, based on U-NET (Fig. 2.5).
The CNN considers the node feature matrix X reshaped as a tensor & € R8*€ *In
where g is the number of grid cells, i.e., 64 for datasets 1 and 2 and 128 for dataset
3, and Iy is the number of static and dynamic features. This baseline is used to
highlight the advantages of the mesh dual graph as an inductive bias in place of an
image;

* GAT: graph attention network (Velickovic et al., 2017). The weights in the propaga-
tion rule are learned, considering an attention-based weighting. This baseline is
considered to show the influence of learning the propagation rule with an attention
mechanism;

* GCN: graph convolutional neural network (Defferrard et al., 2016). This baseline
is considered to show the influence of not learning the edge propagation rule, in
place of learning it;

* SWE-GNNj,g: SWE-GNN (Eq. (4.3)) without the gradient term x;; —X4;. This is
used to show the importance of the gradient term in the graph propagation rule.

We evaluated also MLP-based models, but their performance was too poor and we do
not report it. All models consider the same node features inputs X = (X, X,), produce
the same output ¥ = U’*!, produce extended simulations by using the predictions as
input (as in Fig. 4.3), and use the same training strategy with the multi-step-ahead
loss and curriculum learning. For the GNN-based models, we replaced the GNN in the
processor, while keeping the encoder-decoder structure as in Fig. 4.2. We conducted a
thorough hyperparameter search for all models, and we selected the one with the best
validation loss. Table 4.2 shows the hyperparameters employed for each model. Some
hyperparameters are common to all models, such as learning rate, number of maximum
training steps ahead, and optimizer, while other change depending on the model, such as
embedding dimensions and number or layers.

For the CNN architecture, the best model has three down- and up-scaling blocks,
with 64 filters in the first encoding block. Interestingly, we achieved good results only
when employing batch normalization layers, PReLU as an activation function, and no
residual connections between time steps. All other standard combinations resulted in
poor performances, which we did not report as they are outside the scope of the analysis.
For the GNN-based architectures, all hyperparameter searches resulted in similar best
configurations, i.e., L = 8 GNN layers and an embedding size G=64.

In Table 4.3, we report the testing MAE for water depth and discharges, and the CSI
scores for all models. The proposed SWE-GNN model and the U-NET-based CNN perform
consistently better than all other models, with no statistically significant difference in
performance according to the Kolmogorow-Smirnov test (p-value less than 0.05). The
CNN performs similar to the SWE-GNN because the computations on a regular grid are
similar to those of a GNN. Nonetheless, there are valuable differences between the two
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Table 4.2: Summary of the hyperparameters and related values’ ranges employed for the different deep learning
models. The bold values indicate the best configuration in terms of validation loss.

DL model Hyperparameter name Values’ range (best)
All models Initial learning rate 0.005

Input previous time steps (p) 1

Temporal resolution (Af) 1h

Maximum training steps ahead (H) 8

Optimizer Adam
GNN models Embedding dimension (G) 8,16,32,64
Number of GNN layers (L) 1,2,3,4,5,6,7,8,9
Batch size 8
CNN First embedding dimension 16,32,64, 128
Number of encoding blocks 1,2,3,4
Activation function ReLU, PReLU, no activation
Batch size 64

models. First, SWE-GNN is by definition more physically explainable as water can only
propagate from wet cells to neighboring cells, while in the CNN there is no such physical
constraint, as exemplified by Fig. 4.6. Second, as emphasized in the following section,
the SWE-GNN results in improved generalization abilities. Moreover, contrarily to CNNs,
GNNs can also work with irregular meshes. Regarding the other GNN-based models, we
noticed that the GAT model had the worse performance, indicating that the propagation
rule cannot be learned efficiently via attention mechanisms. Moreover, the GCN and the
SWE-GNN,,¢ achieved comparable results meaning that the gradient term gives a relevant
contribution to the model as its removal results in a substantial loss in performance. We
expected this behavior as, without this term, there is no computational constraint to how
water propagates.

Table 4.3: Performance of the deep learning models over the test dataset 1. The provided uncertainty estimates
account for the variability across the different simulations in the dataset. Bold results indicate the best perfor-
mances, considering a statistical significance with a p-value of 0.05.

DL model MAE | CSI; [%] 1

h(m) [1072]  |q| m?/s) [1072] 7=0.05 m 7=03m
CNN 3.87 £ 1.29 0.42 +0.13 75.64+9.40  73.42+9.26
GAT 9.27 £0.73 5.78 £0.11 3450+ 1091  27.07 +8.63
GCN 6.05 + 1.62 0.57 +0.11 61.14 + 13.34  58.89 + 11.90
SWE-GNN_ng  6.10 £ 1.56 0.63 + 0.07 58.61 £11.97 57.91 % 12.62

SWE-GNN 3.93 + 1.63 0.37 £+ 0.10 75.85 + 9.30 73.44 +£9.28




62

4. HYDRAULICS-BASED GRAPH NEURAL NETWORKS

SWEGNN CNN SWEGNN CNN
DEM (m) Ground-truth Prediction Prediction Difference Difference

e - ..J':' 25 25 2.0 -

T | WS -~ ks E 2.0 13
go,;vO.. _152 - @ @ os 8
gt Ve ol flos & - -y . . w15 s 00 &
0 8
5 '& A% =% 04D \Q - \‘ - (4 ~“ 10 063
22 — - - . . a4
T .. &.i". -13 8 ! - ’ L X 1 " . 05 H—lsi

AR LT L S - Yo.0 -20

2 4 6
x distance [km]

— 0.3
g 03 Ho.z 5
E S
E N 01 3
& 02 00 8
2 [-013
z i A 01 o2

| lo.o | -0.3

(a) Dataset 2
SWEGNN CNN SWEGNN CNN
Ground-truth Prediction Prediction Difference Difference

2.2

—_ I~ Lad

€ E 1.8 Hl.d S

= £ ve ¢ 07 &

- £ e 13 a

L ) -, Q

c -l P ’ J s 00 o

g 3 > { 09 < 3 —07%

2 2 " ’ =

2 A XL Ao |H

- 0.0 - - -21
4 8 12
x distance [km]
- 03 ©
'E 0.3 02 8
= 01 3
& 0.2 00 §
s -013
E] 0.1 -022
8 -0.3=
0.0

(b) Dataset 3

Figure 4.6: Comparison of the proposed SWEGNN model against the CNN, for two examples in test datasets 2
(a) and 3 (b). In each panel, the top left image represents the digital elevation model (DEM), along with a red
cross in correspondence of the breach location. The following blocks represent, respectively, the ground-truth
numerical results, the SWE-GNN predictions, and the CNN predictions for water depth and unit discharges, at
the last time instant of the simulation (i.e., 48/ for dataset 2 and 120/ for dataset 3).

4.4.2. GENERALIZATION TO OTHER BREACH LOCATIONS AND LARGER AREAS
We further tested the already trained models on datasets 2 and 3, with unseen topogra-
phies, unseen breach locations, larger domain sizes, and longer simulation times, as

Table 4.4: Performance of the deep learning models over the test datasets 2 and 3, respectively composed
of unseen domains with unseen breach locations and unseen domains four times bigger than the training
ones, also with unseen breach locations. The provided uncertainty estimates account for the variability across
different simulations. Bold results indicate the best performances, considering a statistical significance with a
p-value of 0.05.

Test DL model MAE | CSI; [%] 1

dataset h(m) [1072]  |q| m?/s) [1072] 7=0.05 m 7=0.3 m

) CNN 6.50 + 2.37 0.54 +0.13 51.90 +20.25  47.82+18.42
SWE-GNN  4.84 +1.87 0.48 + 0.13 73.62+8.04  68.46+7.13

s CNN 6.07 + 1.77 0.36 + 0.10 4216 +15.63  40.92 + 15.96
SWE-GNN  3.77 + 1.98 0.31 +0.12 68.53+10.18  64.53 + 11.20
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described in Table 4.1. In the following, we omit the other GNN-based models, since their
performance was poorer, as highlighted in Table 4.3.

Table 4.4 shows that all metrics remain comparable across the various datasets for
SWE-GNN, with test MAE of approximately 0.04m for water depth and 0.004m?/s for
unit discharges, indicating that the model has learned the dynamics of the problems.
The speed-up on GPU of SWE-GNN over dataset 3 further increased, with respect to the
smaller areas of dataset 1 and 2, reaching values twice as higher, i.e., ranging from 100
to 600 times faster than the numerical model on the GPU. We attribute this to the deep
learning models’ scalability and better exploitation of the hardware for larger graphs.

In Figure 4.6, we see two examples of SWE-GNN and CNN on the test datasets 2
and 3. The SWE-GNN model predicts better the flood evolution over time for unseen
breach locations, even in bigger and unseen topographies, thanks to its hydraulic-based
approach. On the other hand, the CNN strongly over- or under-predicts the flood extents,
unless the breach location is close to that of the training dataset, indicating that it lacks
the correct inductive bias to generalize floods. For both models, the predictions remain
stable even for time horizons 2.5 times longer than those in training.

4.4.3. SWE-GNN MODEL ANALYSIS

Over the entire test part of dataset 1, the model achieves an MAE of 0.04m for water
depth and 0.004m? /s for unit discharges, with respect to maximum water depths and
unit discharges respectively of 2.88m and 0.55m?/s, and average water depths and unit
discharges of 0.62m and 0.037m?/s.

We illustrate the spatio-temporal performance of the model on a test sample in Figure
4.7. Water depth and discharges evolve accurately over time, overall matching the ground-
truth numerical results. The errors are related to small over- or under-predictions, a few
incorrect flow routes, and lags in the predictions resulting in delays or anticipations that
are corrected by the successive model iterations. In particular, the model struggles to
represent discharges in correspondence of ponding phenomena, i.e., when an area gets
filled with water and then forms a temporary lake, as exemplified in the bottom-left part
of the domain in Figure 4.7b. This is because of the lower contribution of the discharges
to the training loss. Nonetheless, the error does not propagate over time, thanks to the
multi-step-ahead loss employed during training. In fact, the model updates the solution
for the entire domain at each time step. Consequently, it exploits information on newly
flooded neighborhoods to recompute better values for the cells that were flooded before.

We also observe the average performance of the different metrics over time, for the
whole test dataset 1, in Figure 4.8. The CSI is consistently high throughout the whole
simulation, indicating that the model correctly predicts where water is located in space
and time. On the other hand, both MAE and RMSE increase over time. This is partially
due to the evaluation of both metrics via a spatial average, which implies that in the first
time steps, where the domain is mostly dry, the error will naturally be lower. Nonetheless,
the errors increase linearly or sub-linearly, implying that they are not prone to explode
exponentially.

Next, we analyzed the relationship between the number of GNN layers and the tem-
poral resolution, to validate the hypothesis that the number of layers is correlated with
the time steps. Following the CFL condition, we can expand the computational domain
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Figure 4.7: SWE-GNN model’s predictions for water depth (a) and discharges (b). The results are displayed over
time for a test topography in dataset D1_1, comparing the ground-truth output of the numerical simulation
(top row) with the predictions (middle row). The difference (bottom row) is evaluated as the predicted value
minus the ground-truth one; thus, positive values correspond to model over-predictions while negative values
correspond to under-predictions. The legends refer to the maximum values throughout the whole simulation.
The top left panel in both sub-figures represents the initial hydraulic conditions given as input to the DL model,
along with the dry bed conditions at time ¢ = 0.
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Figure 4.8: Temporal evolution of CSI scores, MAE, and RMSE for test dataset 1. The confidence bands refer to
one standard deviation from the mean.

by increasing the number of GNN layers in the model instead of decreasing the time
steps. We considered several models with an increasing number of GNN layers targeting
temporal resolutions At = 30, 60,90, 120min. Figure 4.9 shows that lower temporal resolu-
tions (e.g., 120min) require more GNN layers to reach the same performance as that of
higher temporal resolutions (e.g., 30min). One reason why the number of layers does not
increase linearly with the temporal resolution may be that the weighting matrices Wy (cfr.
Eq. (4.3)) improve the expressive power of each layer, leading to fewer layers than needed
otherwise.

Finally, we explored different model complexity combinations, expressed by the
number of GNN layers and the latent space size, to determine a Pareto-front for validation
loss and speed-up, which results in a trade-off between fast and accurate models. Figure
4.10 shows that increasing the complexity reduces both errors and speed-ups while
improving the CSI, as expected. While for the GPU the number of hidden features does
not influence the speed-up, the performance on the CPU depends much more on it, with
bigger models being slower, implying different trade-off criteria for deployment.

We also employed the same trained models to test on dataset 3. Figure 4.11 shows that
the models performs better in terms of speed with respect to the smaller areas, achieving
similar CPU speedups and GPU speedups around two times higher than those in datasets
1and 2.
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Figure 4.9: Relationship between the number of GNN layers and different temporal resolutions, in terms of
validation RMSE and validation CSI. As the temporal resolution decreases and, conversely, as the time step
increases, the optimal number of GNN layers, in terms of desired performance level, increases.
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Figure 4.10: Pareto fronts (red-dotted lines) of dataset 1 in terms of speed-ups, validation RMSE, and CSI for
varying number of parameters, both for CPU and GPU, for a temporal resolution At=1h.
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Figure 4.11: Pareto fronts on test dataset 3 (red-dotted lines) in terms of speed-ups, RMSE, and CSI for varying
number of parameters for a temporal resolution A t=1h.

4.4.4. SENSITIVITY ANALYSIS ON THE TRAINING STRATEGY
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Figure 4.12: Influence of: (a) the number of training steps ahead on the validation RMSE and (b) the update
interval in the curriculum learning.

Finally, we performed a sensitivity analysis on the role of the multi-step-ahead func-
tion (cfr. Eq. (4.10)) and the curriculum learning (Algortihm 1) on the training per-
formance. Sensitivity analysis is a technique that explores the effect of varying hyper-
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parameters to understand their influence on the model’s output. Figure 4.12a shows
that increasing the number of steps ahead improves the performance. Increasing the
number of steps implies higher memory requirements and longer training times. Because
of the best performances and GPU availability, we selected 8 steps ahead in all experi-
ments. However, when performing bigger hyper-parameter searches or when limited by
hardware, choosing fewer steps ahead can result in an acceptable performance. Similar
considerations can also be done for the CNN model.

Figure 4.12b shows that increasing the interval of curriculum steps linearly reduces
the training times, while also improving the performance. The decrease in performance
associated to bigger values is probably caused by the number of total training epochs,
i.e., 150, which are insufficient to cover the whole prediction horizon H. Increasing the
total number of epochs should increase both the performance and the training time but
we avoided this analysis and chose an interval of 15 epochs for the curriculum learning
strategy, as a trade-off between performance and training times. Moreover, models with
curriculum steps between 0 and 15 suffered from spurious instabilities during training,
that were compensated with early stopping, while models with more curriculum steps
were generally more stable. This is due to sudden variations in the loss function that limit
a smoother learning process.

4.5. CONCLUSION

We proposed a deep learning model for rapid flood modelling, called SWE-GNN, inspired
by shallow water equations (SWE) and graph neural networks (GNN). The model takes the
same inputs as a numerical model, i.e., the spatial discretization of the domain, elevation,
slopes, and initial value of the hydraulic variables, and predicts their evolution in time in
an auto-regressive manner. The results show that the SWE-GNN can correctly predict the
evolution of water depth and discharges with mean absolute errors in time of 0.04 m and
0.004 m?/s, respectively. It also generalizes well to previously unseen topographies with
varying breach locations, bigger domains, and longer time horizons. SWE-GNN is up to
two orders of magnitude times faster than the underlying numerical model. Moreover,
the proposed model achieved better performances with respect to other deep learning
models, in terms of water depth and unit discharge errors as well as CSI.

In line with the hypothesis, GNNs proved to be a valuable tool for spatio-temporal
surrogate modelling of floods. The analogy with finite volume methods is relevant for
three motivations. First, it improves the deep learning model’s interpretability, as the
weights in the graph propagation rule can be interpreted as an approximate Riemann
solver and multiple GNN layers can be seen as intermediate steps of a multi-step method
such as Runge-Kutta. Second, the analogy also provides an existing framework to include
conservation laws in the model and links two fields that can benefit from each other
advances. For example, multiple spatial and temporal resolutions could be jointly used,
in place of a fixed one, similarly to Liu et al. (2022). Third, the methodology is applicable
for any flood modelling application where the SWE hold, such as storm surges and river
floods. The same reasoning can also be applied to other types of partial differential
equations where finite volume methods are commonly used, such as in computational
fluid dynamics. The conclusions of the chapter can be summarized as follows:
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* We developed a graph neural network model where the propagation rule and the
inputs are taken from the shallow water equations. The hydraulic bias improves
performance and generalization to unseen case studies with respect to other deep
learning models;

* We improve the model’s stability by training it via a multi-step-ahead loss function,
that results in stable predictions up to 120 hours ahead, using only the information
of the first hour as initial hydraulic input;

* We show that the proposed model can surrogate numerical solvers for spatio-
temporal flood modelling in unseen topographies and unseen breach locations,
with two orders of magnitude speed-ups.

We created three benchmark datasets of dike breach floods of increasing complexity,
which can be used by other researchers to compare new DL models.

The current analysis was carried out under a constant breach inflow as a boundary
condition. In Chapter 5, extend the analysis to time-varying boundary conditions to
better represent complex real-world scenarios. This is done by employing ghost cells,
elements at the domain boundaries to which we assign known values in time (LeVeque
et al,, 2002). This version of the SWE-GNN model cannot yet completely replace nu-
merical models, as it requires the first time step of the flood evolution as input. This
challenge is addressed in Chapter 5 by including boundary conditions in the model’s
inputs. Contrarily to physically-based numerical methods, the proposed model does not
strictly enforce conservation laws, such as mass balance. We address this limitation in
Chapter 5 by adding conservation equations in the training loss function, as is commonly
done with physics-informed neural networks. Finally, while we empirically showed that
the proposed model along with the multi-step-ahead loss can sufficiently overcome nu-
merical stability conditions, we provide no theoretical guarantee that stability can be
enforced for an indefinite amount of time steps.

While we tested our model on a regular grid for a fair comparison, SWE-GNN can
also work on irregular meshes. In Chapter 5, we analyse the stability and performance
of the model to different unstructured discretizations of the domain. In Chapter 5, we
also improve the model’s Pareto front by employing multi-scale methods that allow to
reduce the number of message passing operations, while still maintaining the same
interaction range (e.g., Fortunato et al., 2022; Lino et al., 2022). Future research could also
investigate advances in GNNs with spatio-temporal models (e.g., Sabbaqi & Isufi, 2023)
or generalizations to higher-order interactions (e.g., Yang et al., 2022) that may further
benefit the accuracy of the model.



MULTI-SCALE HYDRAULIC GRAPH
NEURAL NETWORKS

You don’t drown by falling into water.
You only drown if you stay there.

Zig Ziglar

This chapter presents an improved version of the model presented in Chapter 4. We
developed a multi-scale hydraulic graph neural network (mSWE-GNN) that models the
flood at different resolutions and propagation speeds, obtaining a better Pareto front in
terms of speed and accuracy than its non-multi-scale counterpart. We included time-
varying boundary conditions via ghost cells, which enforce the solution at the domain’s
boundary and drop the need for a numerical solver for the initial conditions. To improve
generalization over unseen unstructured meshes and reduce the data demand, we use
invariance principles and make the inputs independent from coordinates’ rotations. We
further corroborate the mSWE-GNN in a realistic case study in the Netherlands and show
generalization capabilities with only one fine-tuning sample. This chapter addresses the
gap of joint generalization over unseen case studies, boundary conditions, and unstruc-
tured meshes for overland flow caused by dike breach floods. As for Chapter 4, we also
provide a benchmark dataset of increased complexity.

This chapter is an adapted version of:

Bentivoglio, R., Isufi, E., Jonkman, S. N., & Taormina, R. (2025). Multi-scale hydraulic graph neural networks for
flood modelling. Natural Hazards and Earth System Sciences, 25(1), 335-351. https://doi.org/10.5194/nhess-2
5-335-2025.
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5.1. INTRODUCTION

Precise flood models are invaluable for evaluating risks, issuing early warnings, and
improving preparedness against flood events. Two-dimensional hydrodynamic models
determine the spatio-temporal evolution of floods by solving the Shallow Water Equations
(SWE) (Teng et al., 2017). To address the intensive computational demands required to
solve the SWE, we can resort to several strategies, such as using simplified physical models
(e.g., Van den Bout et al., 2023) and high-performance clusters (e.g., Caviedes-Voullieme
etal., 2023). More recently, deep learning models emerged as an in-between option that
can accelerate flood simulations, while maintaining high accuracy (Bentivoglio et al.,
2022). Most deep learning models predict the flood evolution or its maximum depths
while generalizing over different boundary conditions, such as rainfall, on a single domain.
These models include transformers (Pianforini et al., 2024), convolutional neural networks
(CNNs) (Berkhahn & Neuweiler, 2024; Guo et al., 2020; He et al., 2023; Kabir et al., 2020;
Liao et al., 2023), graph neural networks (GNNs) (Burrichter et al., 2023), Fourier neural
operators (Xu et al., 2024), and long short-term memory networks (LSTM) (Wei et al.,
2024). Although these methods are effective on a given area, they must be trained again
when applied to a different domain, thus hindering their use as surrogate models.

As such, research is now focusing on generalizing deep learning flood models to
unseen case studies where the models were not trained on. For example, Lowe et al. (2021),
Guo et al. (2022), and Cache et al. (2024) proposed CNN models to estimate the maximum
water depth of pluvial floods in urban and catchment settings, respectively. do Lago et al.
(2023) and do Lago et al. (2024) developed a conditional generative adversarial network
to predict the maximum water depth for unseen rain events and urban catchments. In
Chapter 4, we proposed a hydraulic-based graph neural network (SWE-GNN) that could
predict the spatio-temporal evolution of dike-breach floods over unseen topographies.
The main advantages of this model are its link with finite volume methods that make
it suitable to simulate the physics on meshes and a hydraulic-based propagation rule
that enforces continuity in water propagation. Moreover, compared to previous works, it
can also predict the full flood’s spatio-temporal evolution. However, the model cannot
reproduce very different propagation speeds and needs a high number of layers when
simulating large time steps, which can make the training process unstable. Moreover, this
approach uses a fixed boundary condition and requires the first time step to be given by a
numerical solver.

To overcome these limitations, we propose a multi-scale hydraulic graph neural
network, based on the SWE-GNN. Multi-scale models combine the domain information
coming from different resolutions and have shown benefits for simulating other partial
differential equations (Fortunato et al., 2022; Lino et al., 2022). To drop the dependency
from the numerical solver, we integrate time-varying boundary conditions via ghost cells,
i.e., mesh cells that receive a known value of a given variable at the domain boundary
(LeVeque et al., 2002). To improve the generalization to unseen meshes, we remove all
coordinate-dependant inputs. This makes the model invariant to rotations (Bronstein
etal., 2021), that is, rotations of the inputs do not affect the outputs. This helps because it
prevents the direction of flooding from being biased towards a specific direction in the
training data.

We validate the model on dike-breach flood simulations over non-squared domains,
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discretized by irregular meshes, and with different topographies and time-varying bound-
ary conditions. To test the applicability of this model to real world case studies, we
consider a flood scenario for breaching of a levee system in the Netherlands.

5.2. METHODOLOGY

We developed a multi-scale graph neural network that combines the information at
progressively coarser resolutions to propagate floods in space and time with different flow
speeds (Figure 5.1). The proposed model takes as input static features that represent the
topography and connectivity of the domain at different resolutions, and dynamic features
that represent the hydraulic variables at time ¢. It then processes them via a U-shaped
architecture that applies graph neural networks at different scales and combines them
with down-sampling and up-sampling operators. The outputs are the predicted hydraulic
variables at following time step ¢+ 1 at the finest available resolution. We added boundary
conditions by assigning a known value of water depth or discharge to a set of cells at the
domain boundary.

In the following, we detail the multi-scale mesh creation procedure (Section 5.2.1)
and the model architecture (Section 5.2.2). Then, we show how to include boundary con-
ditions (Section 5.2.3) and rotation-invariant inputs (Section 5.2.4). Finally, we describe
the employed loss function (Section 5.2.5). We denoted variables x at a given scale or
resolution .4, as x>, where - is a placeholder for other indices, and where the variable
can be a scalar x, a vector x, a matrix X, or a tensor &. When the superscript m is omitted,
we refer to the variables at the finest scale.

5.2.1. MULTI-SCALE MESH CREATION

We designed a multi-scale model that combines meshes with progressively coarser res-
olutions. We employed an iterative process that requires only the boundary polygon of
a selected area, without any prior knowledge of the underlying topography. First, we
create a coarse mesh from a boundary polygon using the MeshKernel software (Deltares,
2024). This corresponds to the mesh in the bottleneck of the multi-scale module (Figure
5.1). Then, we refine the mesh by splitting each mesh edge in two and connecting the
newly formed points via edges. Then, the mesh undergoes an iterative orthogonalization
algorithm needed for the underlying numerical software Delft3D to run because of its
staggered grid scheme (Deltares, 2022). For the same numerical constraints, after the
orthogonalization, all elongated elements get removed, resulting in a mixture of trian-
gular and quadrilateral elements. We define elongated elements as those whose line
connecting barycentre and edge middle points is 0.1 times smaller than the other lines in
the same element. We repeat these steps multiple times depending on the required scale
of computations in the fine mesh. The obtained set of meshes constitutes our multi-scale
mesh.

Multi-scale graph. The computational graph used in the proposed model considers
as nodes the barycenters of the mesh cells, while edges connect neighbouring cells. We
connect the graphs at two scales based on the spatial position of the mesh barycenters, as
shown in Figure 5.2. If a fine mesh cell’s centre is within a coarse mesh cell centre, then a
directed inter-scale edge exists between the two nodes.
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Figure 5.1: Overview of the proposed mSWE-GNN model. The model ®(-) takes as input a fine mesh and its
coarser versions, along with the static and dynamic inputs defined on them (blue box, top left) and produces an
estimate of the hydraulic variables in time (orange box, top right). The model is then repeated auto-regressively
using its predictions as inputs (top black arrow), to determine the spatio-temporal evolution of the flood.
Boundary conditions are provided at each time step by assigning a known value to a set of cells in the dynamic
inputs U?~P*!_ In the black box, black arrows indicate multi-layer perceptrons (MLP) present in the encoders
and the decoder; blue arrows represent graph neural network layers; light green arrows down-sampling layers;
dark green arrows up-sampling layers; and red arrows skip connections across different parts of the architecture.
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Figure 5.2: Left: adjacency matrix representation of the multi-scale graph, for a mesh with three scales. A €

m m . . . . m n .
RN *N™ represents the adjacency matrix at scale m, while P~" € RN *N" represent the prolongation

matrix from scale m to scale 7. Right: example connection between a fine mesh Al and a coarse mesh A2, where
P2~ indicates the connectivity across the two scales.

We can describe the connectivity of the obtained multi-scale graph via a block-
diagonal connectivity matrix composed by adjacency matrices A" and prolongation
matrices P, Adjacency matrices are squared matrices that represent the connectivity
of a graph at scale m by assigning a:?} = 1lif edge (i, j) exists. Prolongation matrices are
rectangular matrices that act like adjacency matrices, but connect one scale m to its upper
or lower scale n € {m + 1, m — 1}. They can also be seen as adjacency matrices for bipartite
graphs whose nodes can be divided into two disjoint sets.

5.2.2. ARCHITECTURE

We develop the Multi-scale Hydraulic Graph Neural Network (mSWE-GNN) by building
upon the SWE-GNN model (Chapter 4). This is an encoder-processor-decoder architec-
ture that auto-regressively predicts the hydraulic variables at time #+1 as

t+

0" Ut 0X,, U 8), 5.1)
where the output 0! corresponds to the predicted hydraulic variables, U’ are the hy-
draulic variables (water depth [m] and unit discharge [m?s~1]) at time ¢, ®(-) is an encoder-
processor-decoder model that determines the evolution of the hydraulic variables for a
fixed time step, X; are the static node features, U*7* are the dynamic node features, i.e.,
the hydraulic variables for time steps ¢t — p to t, and & are the edge features that describe
the geometry of the mesh. We include different mesh resolutions by defining the model
®(-) in a U-shaped architecture, inspired by Gao and Ji (2019), starting from a fine mesh
to coarser ones and back to a fine mesh output. Hereafter, we describe the details of the
architecture shown in Figure 5.1.

Encoder. We increase the expressivity of the inputs by employing three separate
encoders for processing the static node features X; € RV*/s, the dynamic node features
X, = Ui-Pit e RV X0+ and the edge features & € RE*!=, with N the total number of
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nodes, I, the number of static node features, N! the number of nodes at the finest scale,
O the number of hydraulic variables, p the number of input previous time steps, E the
number of edges, and I, the number of input edge features. The encoded variables are
defined as

H, = ¢ (X;) Hy = ¢4 Xa), &' = ¢ (&), (5.2)

where ¢ (-) and ¢4 (-) are 3-layer MLPs shared across all nodes and H € RN*G the encoded
node features; ¢, (-) is a 3-layer MLP shared across all edges that encodes the edge features
into & € RF*G, and G the number of features in the latent space. The encoded variables
H;, Hy, and &’ represent a higher-dimensional version of the original inputs that is more
expressive. We apply the shared encoders of the static features ¢(-) and ¢.(-) to all
features at all scales, while the encoder of the dynamic features ¢ () is applied only to
the finest scale. The rationale behind having a shared static feature encoder for all scales
is that higher-dimensional features should have a similar embedding independently of
the scale, since the physical quantities are the same.

Processor. The processor propagates the encoded inputs throughout the multi-scale
graph. We employ a sequence of GNN layers to propagate information at a given scale
and connect two scales via down-sampling and up-sampling operators. The operations
are organized in a U-shaped fashion, with a down-sampling branch from fine to coarse
and a up-sampling branch from coarse to fine, as shown in Figure 5.1.

In the down-sampling branch, we start by applying L GNN layers at the encoded
node and edge features H., Hb, and &'! at the finest-scale mesh .#;. Then, we apply a
down-sampling operator |: .#,, — #,+1 that maps the features of the finer scale .4, to
the coarser scale .4,+1. We repeat these two operations until the final coarser scale. In
the up-sampling branch, we apply an up-sampling operator 1: 4,11 — 4, that maps
the features from the coarser scale .4+ to the finer scale .#,. We add skip connections
to sum the output of the down-sampling GNN at scale .#,,, with the output of the up-
sampling operator from scale .4+ to .#,,. These connections facilitate information
transfer and training, similarly to Ronneberger et al. (2015). Finally, we apply another set
of L GNN layers to the output of the skip connections and repeat these operations until
the finest scale. All GNNs, down-sampling operators, and up-sampling operators are not
shared, meaning that each acts independently at one scale or across two given scales.

The GNN layers follow Bentivoglio et al. (2023) and can be expressed as

(e+1) u/(h“,hs],h“’ h"),e”)e(hg} _hii[i))’ (5.3)
hiil;l) h(!)+ Z s([+1)w(€+1) (5.4)
JEN;

where () : R% — RS is an MLP, o is the Hadamard (element-wise) product, hffl.) is the
embedding of the dynamic inputs at node i and layer ¢, hg; is the embedding of the static
inputs at node i, and W) e RG*€ are learnable parameter matrices. The propagation rule
in Eq. (5.3) has a hydraulic gradient-like term, hm - hm that acts as a physical constraint
that allows water to propagate only from nodes Wthh already have water. In fact, hg; =0
only if node i has both zero water depth and discharge, since the dynamic node encoder
has no bias term. The predicted fluxes across nodes s; ; then combine the information
from neighbouring nodes .#4; by following the principles of numerical methods.
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The down-sampling operator |: .4, — .4+ is a mean pooling operator’ from a fine
mesh ./}, to a coarse mesh .#,,,1 defined as

1
m+1 m
hdi - |e/‘/im—>m+1| mrr;mﬂhdi’ (5.5)

where =/Vl.m”m“ is the set of neighbouring nodes in the finer mesh .4/, connected ver-
tically to the nodes in the coarser mesh .#,,+; and hc’i”;rl € RC are the down-sampled
dynamical features at node i. We used a mean pooling operation since physical fea-
tures at coarser scales should resemble those at the finer scale. This approach offers
a trade-off between simpler resampling methods such as nearest neighbour and more
computationally intensive ones such as cubic interpolation (Maeland, 1988).
The up-sampling operator 1: #,,+1 — 4, is alearnable operator defined as
hgil - Z 1!Jm+1—'m (hm h?}+1,h%,h%+l) @hg?—l, (5.6)

si’
m+l—m
i

where hZfi are the up-sampled dynamic node features at node i in scale .4, 1//’”“_”" OF
R*C — RS is an MLP, and JVim“*’" is the set of neighbouring nodes in the coarser mesh
M m+1 to the nodes in the finer mesh .#/;;,. This expression has two important features:
first, it is independent of the number of nodes in the fine scale, meaning that it works
both from one-to-one node or from one-to-several nodes; second, the multiplication
by hgli“ ensures that this operation only activates when a node on the coarse cell has
water in it, i.e., hg’i“ # 0. Differently from the SWE-GNN layer (Eq. (5.3)), we avoid edge
features, since there are none across scales, and the hydraulic gradient term since the
values at one scale should be close to those at the previous scale. Thus, using a difference
would result in a zero value when the features at two scales are identical.

We add skip connections to combine the outputs of the down-sampling GNNs hgll.1

with the outputs of the up-sampling operations thl.I, before applying another GNN layer.
The skip connections can be expressed as

h —h7 +nll. (5.7)

Skip connections should improve the connectivity between different parts of the architec-
ture and combine the different propagation speeds.

The obtained mSWE-GNN architecture allows us to model the flood’s propagation
speed at a different scales. This is because each scale’s GNN covers different portions
of space based on physical nodes’ distances. These separate flow speeds are combined
in the architecture allowing the model to capture better their variations from one time
step to another. This is particularly relevant for capturing a broader scale of dynamics
with rapidly time-varying boundary conditions that change significantly the propagation
speed. Moreover, this setup alleviates the requirements on the number of GNN layers
at the finest scale since one layer at a coarse scale can cover the equivalent of several

1We also evaluated a learnable pooling operator, but the performance was lower, as highlighted in the ablation
study in Sec. 5.4.3.
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Outflow BC

Inflow BC

Figure 5.3: Schematic representation of an arbitrary triangular volume mesh (left) with two ghost cells for inflow
and outflow boundary conditions (BC). The ghost cells (red) are added in correspondence of a boundary cell
which receives a given boundary condition. In the dual graph (right), a directed edge is added from the ghost
cell to the domain cell, or vice-versa, depending on whether the boundary condition is an inflow or an outflow,
respectively.

layers at the finest scale. Hence, we end up with a model that is more efficient and better
captures the time-varying dependencies of the flood.
Decoder. The decoder estimates the predicted hydraulic variables ﬁf“ eROasa

combination of the input previous time steps U; 7' € RO*?*1) and the output of the

processor at the finest scale h,; € R, This can be expressed as
At t—-p:t
al*! =ReLU (U] ""w, + ¢ (ha), (5.8)

where p is the number of previous time steps, w), € RP*! is a learnable vector, and
¢(-) is a 3-layer MLP which decodes the embeddings of the processor h;;. We added a
ReLU =max{0, x} activation function at the output of the decoder to guarantee physical
values of water depths, since we know that water depth and unit discharges cannot be
negative, similarly to Palmitessa et al. (2022). The learnable parameters w, weigh the
contribution of each input time step to the output of the model, thus acting as a 1D
convolutional layer along the temporal axis.

5.2.3. BOUNDARY CONDITIONS

To include external forcings, we add boundary conditions via ghost cells, as done in
numerical methods (LeVeque et al., 2002). Ghost cells are elements which belong to the
computational domain but not in the physical one and act as link to external conditions.
Boundary conditions related to inflows and outflows are represented via directed edges
towards the real mesh and the ghost cells, respectively, as shown in Figure 5.3. The
computations with directed edges in the model follow the same propagation rules as for
undirected edges. Based on the forcing type, we can assign a prescribed condition for
each time step of the simulation and at a specific point in the domain, to strictly enforce
boundary conditions. For water levels, we impose the known value at the boundary.
For discharge hydrographs, we first transform discharges [m°s~!] into unit discharges
[m?s™1], by dividing the input discharge by the length of the edge across which it is
passing, as in numerical methods. Wall boundaries are modelled without any ghost cell
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instead of imposing reflection since this is implicitly assumed by the dual graph’s structure
that cannot propagate over the wall.

5.2.4. ROTATION-INVARIANT INPUTS

Most deep learning models consider coordinate-dependent features, such as the x and y
components of the slopes. When applying a rotation to a domain, these values change,
causing a change in the output, which is not necessarily equivalent to the applied rotation.
This is a well-studied challenge in DL models (Bronstein et al., 2021) and can be solved
via data augmentation, i.e., by training the model using rotated instances of the training
data, or by modifying the deep learning model (e.g., Lino et al., 2022). Since the outputs
of our model are scalars, we avoid using any rotation-dependant features to simplify the
model and obtain a rotation-invariant model, i.e., rotations of the inputs do not affect the
output. The static node features can then be expressed as x; = (a;, e;, m;, wf ), where a;
is the area of the i ‘" finite volume cell, e; its elevation, m; its Manning coefficient, and w f
its water level, given by the sum of the elevation and water depth at time t. To determine
the values of elevation e; ,;,, Manning coefficient m; ,,, and water level w , at the coarser
scales, we perform a mean pooling operation from the finest scale to each of the coarser
scales as in Eq. (5.5). As edge features, we consider €;; = (I;;), where [;; is the length of
the dual edge between node i and node j. The dynamic node features are defined as x;
= ut Lo (u;_p, ot~ ul), withu! = (k, |g1}), where h! is the water depth at time 7 and
node i, and |61|§ is the unit discharge at time ¢ and node i.

5.2.5. LOSS FUNCTION

We employ a multi-step-ahead forecasting loss £ that considers multiple model’s out-
puts using its own predictions as inputs. This helps the model dealing with incorrect
inputs and is useful to reduce accumulation of errors in time (Bentivoglio et al., 2023). It
can be expressed as

x i i Al“f‘T [+T” (5 9)
f HO - u, 2 .

where ul*" € RV are the predicted hydraulic variables at time ¢+7, H is the prediction
horizon, O the number of output hydraulic variables, and y, are coefficients used to
weigh the influence of each hydraulic variable to the loss.

5.3. EXPERIMENTAL SETUP

5.3.1. SYNTHETIC DATASET

We created a synthetic dataset of dike-breach flood simulations, using the numerical
software Delft3D (Deltares, 2022). Each simulation is discretized via an irregular mesh
created from randomly generated polygons, based on ellipsoidal shapes, as described in
Sec. 5.2.1. The multi-scale mesh obtained with this procedure has a total of four scales.
This is an arbitrary choice selected to showcase the expressivity of the model, but different
number of mesh scales would work as well, unless the coarsest scale has excessively few
cells. For each mesh, we use a randomly generated digital elevation model (DEM), based
on Perlin noise and combined with a small slope in a random direction, as exemplified
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Table 5.1: Mean and standard deviation of elevation (above sea level), number of cells, cell area, edge length,
and total flood volume for the training, validation, and testing datasets. All geometric variables refer to the
properties of the finest mesh in each dataset.

Dataset No. of simulations ~ Elevation [m]  Number of cells ~ Cell area [mz] Edge length [m]  Flood volume [1()6 m3]
Train 60 —0.04£0.6 10018 £1251 14817 +£5717 182.8+37.2 3.07£0.66
Validation 20 —0.06+0.58 10029 £904 13741 +£5125 176.3+£34.9 2.940.69
Test 20 —0.034+0.53 9803 £1130 1348044917 1749 £33.7 3.02£0.64
Test dike ring 15 10 —-1.07+1.17 22881 1354445521 174.7£36.9 26.5+2.54

in Figure 5.4. As boundary condition, we apply an inflow discharge hydrograph on
one random border edge. The hydrograph’s shape is generated based on Weibull-like
probability density functions with different shape parameters (Bhunya et al., 2011). All
hydrographs are right-tailed since most dike-breach hydrographs have this shape (e.g.
D’Oria et al., 2022; Shustikova et al., 2020) and their peaks vary from 150 to 300 m3s71, as
shown in Figure 5.6, in line with realistic breach inflows. For the Manning’s roughness
coefficient m, we used a spatially uniform value of 0.023 m~1/3s, which is kept the same
throughout all simulations. The dataset comprises 100 simulations, 60 used for training,
20 for validation, and 20 for testing. Each simulation has as output a temporal resolution
of two hours for a total simulation time of 96 hours, or 48 steps ahead. The datasets’
statistics in terms of elevation (above sea level), number of cells, cell area, edge length,
and total flood volume are reported in Table 5.1. Compared to the dataset in Bentivoglio
et al. (2023), this has more complexity, both in terms of mesh structure and discharge
conditions.

5.3.2. CASE STUDY: DIKE RING 15

We assess the transferability of the trained model by applying it to dike ring 15 Lopiker
en Krimpenerwaard in the Netherlands, which surrounds and protects the area between
Rotterdam and Utrecht (Figure 5.5). This area is prone to flooding and protected entirely
by a system of levees. This case study has an area of 31400 ha, with a total population of
201,500 inhabitants and an expected flood damage per event of 5.1 billion euros (Boon
& Witteveen+Bos, 2011). We chose this area because, depending on the location of the

DEM [m]

-2.02

-3.10

Figure 5.4: Example mesh with the corresponding digital elevation model (DEM) for one simulation in the
synthetic dataset.
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Figure 5.5: Dike ring 15, in the Netherlands (coordinate system EPSG:28992 - Amersfoort / RD New). The
crosses indicate the location of the dike breaches used for training and testing. The maps are taken from
©O0penStreetMap contributors 2024. Distributed under the Open Data Commons Open Database License
(ODbL) v1.0.

breach, the basin has a bathtub or sloped response, meaning that water fills up the domain
evenly or has a preferential drainage direction, respectively (Rijkswaterstaat, 2016). We
simplified the hydraulic components not represented in the training dataset. Specifically,
we removed all water bodies and every infrastructure that is not directly included in the
DEM. Moreover, we assumed constant roughness coefficients throughout the whole area.

As boundary conditions, we created a set of inflow discharges that follow a different
distribution from the training ones. This has an initial rise, following an hypothetical
widening of the breach, and a decreasing limb in time that ends with non-zero discharge.
We also increased the peak discharge to match realistic values for the considered case
study, with values between 700 and 1000 m3s~!, corresponding to inflows of a fully
developed breach, which could be more than 100m wide. This results in an increase of the
total flood volumes by approximately nine times with respect to the synthetic dataset. For
the breaching locations, we selected 11 approximately equidistant spots along the contour
of the dike ring (see Figure 5.5). This allows us to capture a comprehensive hydraulic
responses of the basin.

The selected case study is more than twice as big as the synthetic datasets and has
different elevation patterns, leaving more space to develop different flood dynamics.
Hence, we decided to test the model also with a fine-tuning step, employing a single
simulation for training and validation. In the experiments, we analyse the effect of adding
this fine-tuning step after training the model on the synthetic dataset.
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5.3.3. NORMALIZATION

The static attributes (node and edge features) are determined at all scales when creating
the dataset. Since the values of areas a and edge lengths [ change significantly across
scales, we standardize those features separately for each scale. Specifically, we collect all
training instances of a given variable x at mesh scale .4, and determine their mean y and
variance o. The normalized variables are then obtained as X = %, where X indicates the
standardized variable. The remaining variables are not processed by any normalization
procedure.

5.3.4. TRAINING SETUP

We trained all models with PyTorch (Version 2.0.1) (Paszke et al., 2019) and PyTorch
Geometric (Version 2.4) (Fey & Lenssen, 2019) libraries, using the Adam optimization
algorithm (Kingma & Ba, 2014). We performed several preliminary trials to identify a
set of suitable training hyperparameters for the experiments; see Table 5.2. We used
a learning rate scheduler with a fixed step decay of 0.7, every 20 epochs, starting from
0.003. The training was carried out for 200 epochs with early stopping, using 16-bit
mixed-precision to decrease the computational burden. During training, we clipped
the gradients with a value higher than 1, to improve training stability, and employed a
curriculum learning strategy as in Bentivoglio et al. (2023), with a maximum training
prediction horizon H = 6 steps ahead (Eq. (5.9)). We used p = 2 previous time steps as
dynamic inputs, i.e., Xz = (U=, U1, U"). The coefficients used in the loss function (Eq.
(5.9)) are y; = 1 for the weight of the water depths, and y, = 7 for the weight of the unit
discharge. We used these values to weight more water depths, which values are generally
more than 10 times larger than the discharge ones, as we deem them more important.
In terms of hardware, we employed an NVIDIA A100 80GB PCle ((DHPC), 2022) for
training and deployment of the deep learning models, and an Intel(R) Core(TM) i7-
8665U @1.9 GHz CPU for the execution of the numerical model. Note that the numerical
model cannot run on GPUs, but we used the available OpenMP option to parallelize the

1000

800
3
E 600 —e— Train
% Test
_S 400 —o— Test dike ring 15
2
Q 0

200 A%,

0 -~ 200
0 20 40 60 80 100
Time [h]

Figure 5.6: Distribution and shape of the hydrographs used as inputs for the training (blue), synthetic test
(orange), and dike ring 15 test (green) simulations. The shaded region indicates one standard deviation away
from the mean, at each time step. The dotted lines represent the envelopes of the minimum and maximum
discharges at each time step.
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computations on 8 CPU threads.

5.3.5. METRICS
We evaluated the models’ performance using a multi-step-ahead mean absolute error
(MAE) for each hydraulic variable i}, over the full simulation, expressed as:

H
lag —uglly, (5.10)

7=1

MAE, = 1
H
with H being the prediction horizon. Note that while the training loss in Eq. (5.9), is
evaluated over a limited number of time steps, the validation loss function in Eq. (5.10) is
evaluated on the full simulation, to mimic the testing conditions.

We also measured the spatio-temporal error distribution of the water depth using the
critical success index (CSI) for threshold values of 0.05 m and 0.3 m as in Bentivoglio et al.
(2023). The CSI measures the spatial accuracy of detecting a certain class (e.g., flood or
no-flood) and for a given threshold it is evaluated as

TP
CSl= ———— (5.11)
TP+FP+FN

where TP are the true positives, i.e., the number of cells where both numerical and deep
learning models predict water depth above a given threshold, FP are the false positives,
i.e., the number of cells where the deep learning model wrongly predicts water depth
above a given threshold, and FN are the false negatives, i.e., the number of cells where the
deep learning model does not predict water depth above a given threshold. We measured
the computational speed-up as the ratio between the computational time required by
the numerical model and the inference time of the deep learning model. We did not
consider the computational time to create the meshes, since they are needed for both
methods. Unless otherwise mentioned, the deep learning model is run in parallel over
all testing simulations, differently from the numerical model (Section 5.4.5). This choice
is reasonable since we can use this model for probabilistic forecasts, where multiple
simulations may be run in parallel.

5.4. RESULTS

5.4.1. COMPARISON WITH SWE-GNN

To highlight the improvements given by multi-scale modelling, we compared the mSWE-
GNN model with an enhanced SWE-GNN model that includes ghost cells, rotation-
invariant inputs, and the 1D CNN in the decoder, but lacks the multi-scale component.
We did not compare with the standard SWE-GNN since it would not be able to run without
a numerical input. We also did not compare against other baselines as the SWE-GNN
performs better than them (Bentivoglio et al., 2023), so we assumed the same holds for the
enhanced version. Both models underwent a hyperparameter search procedure based on
the number of GNN layers and the number of hidden features, as reported in Table 5.2.
Since the amount of hyperparameters is high, some values were taken based on similar
studies in literature (e.g., Bentivoglio et al., 2023).
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Table 5.2: Summary of the hyperparameters and related values’ ranges employed for the different deep learning
models. The bold values indicate the best configuration in terms of validation loss.

DL model Hyperparameter name Values’ range (best)
All models Initial learning rate 0.003
Input previous time steps (p) 2

Maximum training steps ahead (H) 6

Optimizer Adam
Batch size 12
SWE-GNN Embedding dimension (G) 16,32,50,64
Number of GNN layers (L) 10,12, 14,16, 18
mSWE-GNN  Embedding dimension (G) 16,32,50,64
Number of GNN layers (L) 2,3,4,5

This resulted in a set of models with different performances in terms of accuracy and
speed as reported in Figure 5.7. The results show that the multi-scale structure helps the
model to better capture flow variations across time, resulting in a better Pareto front for
validation losses and CSI. The mSWE-GNN has on average more parameters than the
SWE-GNN because it has several GNNs (two per each scale, except one for the bottleneck)
which makes it by default bigger. Despite this, the mSWE-GNN is comparatively faster,
with speed-ups of up to 1200 times, since at the finest scale it has fewer layers than the
SWE-GNN. This reduces substantially the computations since the finest scale is the one
with most nodes and edges. Moreover, the training process resulted also more stable in
the mSWE-GNN, probably due to the lower number of GNN layers.

For the remaining analyses, we selected the mSWE-GNN model with the best per-
formance, which consists of 4 GNN layers for each scale, a hidden feature dimension of
64, and around 811’000 learnable parameters. Despite the limited amount of training
samples and the amount of variability in simulated conditions, the model captures the
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Figure 5.7: Pareto front of the mSWE-GNN and SWE-GNN models for speed-ups, validation RMSE (left), and
validation CSI with 0.05 m water depth threshold (right). The models’ size varies with number of hidden features
and number of GNN layers.
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Figure 5.8: Temporal evolution of CSI scores (left) and MAE of water depth & and unit discharge ¢ (right) for the
test dataset. The confidence bands refer to 1 standard deviation from the mean.

flow patterns. Figure 5.8 reports the evolution of the critical success index (CSI) for the
water depth thresholds of 0.05 m and 0.3 m and the mean absolute errors (MAE) for water
depth and unit discharge for the test dataset. The CSly o5, stays constantly high for all
simulations. On the other hand, the CSIj 3,, starts low: this is due to an initial scarcity of
water depths higher than 0.3m, which skews the performance to lower values. The MAE
of unit discharge seems correlated with the input breach discharge values, meaning that
the biggest errors occur at the hydrograph peak and the smallest close to the tail. Indeed,
the highest errors are generally located near the breach location, where the most rapid
processes occur. Thus, when the inflow discharge decreases, so does the error. The MAE
of water depth instead rises with time as also reported in Bentivoglio et al. (2023). The
main reason for the increase in water depth MAE over time is that as the flood progresses,
it covers a greater spatial extent, increasing the number of cells where prediction errors
can occur. In this case, however, the errors plateau at the end of the inflow hydrograph,
indicating that water flow is stopping.

We analysed the evolution in space and time of the unit discharges for one test simula-
tion in the synthetic dataset, to highlight that the model is now able to correctly model the
filling and emptying dynamics. Figure 5.9 shows that discharges are modelled very well
by the model, both in the ascending and the descending phases of the input hydrograph.
This is in line with the hypothesis of Bentivoglio et al. (2023) according to which the model
is able to capture these draining and decreases in discharges when presented sufficient
samples of it in the training dataset.

5.4.2. TRANSFER LEARNING TO REALISTIC CASE STUDY

After training the model with the synthetic dataset, we tested it on dike ring 15, for
different breach locations with varying discharges. The zero-shot testing of the model
without any fine tuning resulted in modest performances in Table 5.3. We attribute
this mismatch to the difference in total flood volume but also the domain size and the
different elevation patterns when compared to the training ones (see Table 5.1). Moreover,
this implies different hydraulic dynamics, such as the presence of sloped basin which
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Figure 5.9: mSWE-GNN'’s predictions for unit discharges a test simulation from the synthetic dataset. The
evolution over time for ground-truth output of the numerical simulation (top row) with the predictions (middle
row) are represented using a logarithmic scale to better appreciate the values’ distribution. The difference
(bottom row) is evaluated as the predicted value minus the ground-truth one and is kept with a standard scale to
highlight the use of the logarithmic scale; positive values correspond to model over-predictions while negative
values correspond to under-predictions.
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Figure 5.10: mSWE-GNN’s predictions for water depth on a testing simulation for dike ring 15. The topography
is presented in the top left plot, the discharge hydrograph in the top right, and below the evolution over time for
ground-truth output of the numerical simulation (top row) with the predictions (middle row). The difference
(bottom row) is evaluated as the predicted value minus the ground-truth one; thus, positive values correspond
to model over-predictions while negative values correspond to under-predictions. All plots represent values
only on the finest mesh.
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Figure 5.11: Flood arrival times (FAT) for a water depth threshold of 0.05 m for a test case from dike ring 15,
given for the numerical simulation (left), the predictions (center), and the difference (right). Darker colors in the
first two maps indicate a faster arrival of the water, while white cells indicate absence of water. In the difference
map, positive values indicate that the model estimates later arrival times than the numerical simulation, while
negative values indicate that the model predicts earlier arrival times. All plots represent values only on the finest
mesh.

accumulates water in a downstream area (in the bottom left of the domain) without
further propagation, which are not sufficiently represented in the training domain.

We then performed a fine-tuning step consisting of training again the previously-
trained model with one extra simulation from the new case study. We trained and vali-
dated on the same simulation since we wanted to minimize the amount of data needed to
fine tune the model. While in principle this might lead to overfitting, it was not the case
here. This is probably due to the inductive biases of the model which constrain the model
to learning only local dynamics. Additionally, the training process considers only a limited
number of predicted steps ahead, while the full simulation has many more. Consequently,
the model is forced to learn different dynamics in time rather than overfitting on a single
temporal pattern, even if we are training on a single simulation. Table 5.3 shows that
adding just one simulation improves the testing performance on the rest of the dike ring
by 158% and 62% in MAE for water depth and discharge, respectively, and 38% and 78%
for CSIO,05m and CSIov3m.

Figure 5.10 shows the model performance for the prediction in time of water depth
for one test case. Water depths are overall well predicted in the domain, including water
accumulation in the western part of the area. While the absolute values of the difference
may be relatively high in these areas, they do not matter as much for practical purposes
since those locations are either way flooded with a high water depth, thus the associated
damages will be equivalent.

Figure 5.11 shows that the spatio-temporal evolution of the predicted flood is in line

Table 5.3: Effect of fine-tuning the mSWE-GNN model on dike ring 15. The provided uncertainty estimates
account for the variability across different simulations. All metrics refer only to the finest mesh.

Fine-tuning MAE | CSI; [%] 1
h(1072m]  |q|[1072m2s7 7=0.05 m 7=0.3 m
No 31.09 + 5.42 337+1.24 63.36 £ 19.54  46.06 + 18.62

Yes 12.07 £ 4.19 2.08 £0.82 87.68 £ 10.3 81.82 £ 16.07
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with the corresponding numerical simulations, as indicated by the low errors of flood
arrival times (FAT) for the critical threshold of 0.05 m of water depth. FAT indicate the
arrival time of water with a given depth threshold, for each cell in the domain. Most errors
are located at the wave front during the end of the simulation, as previously mentioned,
or in false positive areas that are not flooded in the numerical model.

Figure 5.12 indicates that the model performance is consistently high for all testing
breach locations of the dike ring 15 dataset, as suggested by the high CSIy g5, values,
which are always above 0.8. One reason why the model performs so well is that the final
flood map tends to converge to the downslope accumulation area in the bottom left
area of the domain. This also proves that the model can correctly model the response
dynamics of the system, independently of where the breaching starts.

The good performance of the mSWE-GNN model is accompanied by a substantial
speed-up of the underlying model. When testing, the model has a speed-up of more
than 700 times with respect to the original simulations, as highlighted in Table 5.4. This
indicates a good scaling with the size of the domain, with higher speed-ups for bigger do-
mains. One other possible explanation is related to the simulated discharges. Numerical
simulations of slow flows are generally more stable and faster to compute than those with
high Froude numbers, which are more present in dike ring 15. Contrarily to numerical
models, the mSWE-GNN has no such stability constraints, which make it unbound by the
same limitations and thus faster.

We reported the execution run times of the numerical and trained mSWE-GNN models
for both testing datasets. Since the deep learning model is run in parallel, the prediction
times per simulation are averaged out through all simulations. We measure the run time
variability by running the model 10 times and reporting the corresponding mean and
standard deviation. For both dataset, the model achieves a great speed-up, of more than
two orders of magnitude, which could further increase when selecting a smaller model
from the Pareto front in Figure 5.7.

In terms of training times, the SWE-GNN model took between 5 to 30 hours while
the mSWE-GNN 2 to 15 hours, depending on the model complexity. The fine-tuning
process, with the selected mSWE-GNN model in Section 5.4.1, took around 20 minutes.
The fine-tuning time can be reduced to 5 minutes by decreasing the number of epochs,
while still obtaining comparable performance. If we evaluate the speed-up on dike ring 15
including also the time to run the fine-tuning numerical simulation and the time to train
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Figure 5.12: Performance in terms of CSI for a water depth of 0.05 m for all testing breach locations in dike ring
15, for the fine-tuned mSWE-GNN.
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it, we still achieve a speed-up of 4 to 8 times, depending on the number of fine-tuning
epochs.

5.4.3. ABLATION STUDY

Finally, we performed an ablation study to determine the role of the different components
in the mSWE-GNN (Table 5.5), such as the multi-scale module, the convolutional decoder,
and the rotation invariant inputs. We also reported the performance of the best SWE-GNN
model from Section 5.4.1. The results reported in Table 5.5 show that all of the added or
removed components contribute to the performance on the test dataset. The speed-up
was consistent throughout all nSWE-GNN configurations and we report it in Table 5.4.

Multi-scale module. We analysed the effects of using a learnable down-sampling
operator in place of a mean pooling in Eq. (5.5) and removing skip connections in Eq.
(5.7). For the learnable down-sampling operator, we used a 3-layer MLP shared across
each intra-scale edge that takes as inputs the dynamic node feature at nodes i in .4, and
node j in 1, similarly to Eq. (5.6).

Using a learned down-sampling operator results in a lower performance. We argue
this is caused by the unnecessary complexity of the operation and due to the common
mean aggregation term, which is needed to make the model work with a flexible number
of nodes, that cancels the expressivity of the MLP.

Removing skip connections does not influence as much the performance. This in-
dicates that most of the computations are performed after the architecture bottleneck,
while the down-going branch is responsible for smaller details that are not captured in
the up-going branch. This means that the number of layers in the down-going branch
can probably be reduced, while keeping good performance with less model complexity.

Decoder. We compared the convolutional decoder (Eq. (5.8)) with a residual connec-
tion which simply sums the output of the previous time step to the output of the decoder’s
MLP before applying a ReLU activation, i.e., 0 =0 (Ut +¢ (H;L))). Using the 1D-CNN
in the decoder results in better testing and validation metrics, meaning that different
time steps contribute unevenly to the final model output. This allows the model to better
capture variations in time, especially due to rapid variations in boundary conditions.

Rotation invariant inputs. We added the x and y components of the slope and
orientation of mesh edges as static inputs to show that including rotation-dependent
inputs worsens generalization (Table 5.5). The reason for this is that all simulations are
quite different one from the other in terms of breach location and orientation of the
meshes. Consequently, a model with rotation-dependent inputs would require much
more training data to generalize well to all spatial configurations.

Table 5.4: Run times of the numerical model and the selected mSWE-GNN model for the two testing datasets
and their respective speed-ups.

Dataset ‘ Numerical model [s] mSWE-GNN [s] Speed-up [-]

Test 80.8 +15.4 0.33 £ 0.10 250 £ 25
Test dike ring 15 611 £211 0.81 + 0.23 750 £ 50
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Table 5.5: Ablation study on the removal or addition of individual architectural and training components, for
the synthetic testing dataset. These are: using a learnable pooling for the down-sampling operator, removing
skip connections in Eq. (5.7), removing the 1D-CNN in Eq. (5.8), and using rotation-dependent inputs. The best

results are reported in bold.

DL model MAE | CSI; [%] 1
h(1072m]  |gl[1072m2s71] 7=0.05 m 7=0.3m

SWE-GNN 9.52 +5.03 0.42 + 0.16 68.70 + 18.90 51.70+ 22.10
mSWE-GNN 4.84 +2.30 0.27 £ 0.13 84.02+9.18 69.56 +17.25
=  withlearnable pooling 5.72 +£3.09 0.32£0.13 81.23 £12.23  63.67 + 19.66
%, w/o skip connections 522 +2.22 0.32 £0.15 82.44 £10.82  66.81 +17.31
g w/o 1D-CNN 5.57 + 2.50 0.32+0.14 80.75 + 10.83 65.03 + 19.21
= w/o rotation invariant inputs ~ 6.07 £ 2.27 0.34 £ 0.15 79.93 £10.18  62.89 £ 18.28

5.4.4. MASS CONSERVATION
We proposed a regularization term %, that enforces a global mass conservation per each
time step. This reads as

N
o=y aiAh; - QAt (5.12)
i=1

where N is the number of nodes in the output mesh, Af; is the variation in predicted
water depth at node i, aiAfz,' is the variation in predicted volume at node i, Q is the
inflow discharge, and At is the time interval between ¢ and ¢ + 1, in which the discharge is
assumed to be constant. This enforces the total amount of volume entering the domain
QA to be redistributed in the domain so that the volume is conserved.

We carried out supplementary experiments to explore the benefit of adding this term
to the forecasting loss in Eq. (5.9). The combined loss £ can be expressed as

$:$f+a*§fc, (5.13)
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where a is weighs the contribution of the mass conservation term. For the mass conser-
vation weight a in Eq. (5.12), we uniformly sampled values in an interval from 107 to
5% 1075, using a logarithmic distribution. The reason why these values are small is due to
the flood volumes being more than 10° times higher than water depths, as reported in
Table 5.1.

Figure 5.13 shows that the validation loss and CSI are slightly negatively correlated with
a, meaning that losses tend to improve and classification worsen. The reason why losses
slightly improve might be because the added loss term depends only on the predicted
water depth, so it enforces that value to be more precise. However, the conservation
loss acts globally for each time step, instead of locally. So, the model cannot correctly
improve the spreading of the flood but only the absolute values of total water depth. From
these plots, we cannot extract any meaningful conclusion since there is no statistical
significance, as highlighted by p-values of 0.42 and 0.48, respectively. Moreover, the
performance in the testing dataset follows an opposite trend, further indicating that
inclusion of this term is not consistently better.

This in part contradicts the idea of physics-informed neural networks (PINN), ac-
cording to which adding a physical loss term improves performance (Raissi et al., 2019).
One motivation is that the loss we employ does not rely on auto-differentiation in the
same way that PINNs do. We also evaluate it globally, rather than at individual points as
in PINNs. Implementing a PINN loss would require adjustments to the model’s inputs
and outputs to allow auto-differentiation to estimate the derivatives of the predicted
target variables. Moreover, PINNs are typically designed to solve a given physical problem
for a single set of boundary and initial conditions, thus limiting the model’s capacity to
generalize across varying conditions, which is a prerogative of our work. Although we
did not adopt this approach here, it could be explored in future studies. Notably, our loss
term is independent of ground-truth data, making it a possible self-supervised loss that
could be explored in future works.

5.4.5. PARALLEL SIMULATIONS

We refactored the code to compute all testing simulations in parallel, instead of in series,
by using batches. To analyse the speed-ups provided by parallel execution, we selected all
models in the Pareto front of the mSWE-GNN in Figure 5.7, which have different number
of parameters and number of GNN layers per scale. We then ran the models using an
increasing number of simulations in parallel, indicated by the batch size.

Figure 5.14 indicates that the speed-up almost doubles with the batch size, inde-
pendently of the size of the model. It also highlights that the main computational effort
comes from an increase number of GNN layers, rather than just the total number of model
parameters, as also reported in Bentivoglio et al. (2023). When running 20 simulations,
i.e., the full testing dataset, in parallel instead of in series, we provide a further speed-up of
4.5 times on average across different models’ sizes. Further speed-ups may be achievable
by optimizing the code; for example just-in-time(JIT)-compiling of the PyTorch code into
optimized kernels can further accelerate the execution of the model by two or three times
(Paszke et al., 2019). In a similar fashion, Intelligent Processing Units (IPUs), which are a
novel processing unit that has faster inference on graphs, can further speed-up the model
by two to four times (Knowles, 2021).
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Figure 5.14: Speed-ups of mSWE-GNN for the synthetic test dataset, considering varying batch sizes, i.e., how
many simulations are run in parallel. The results are reported for all Pareto front models from Figure 5.7. Both
axes are in log(2) scale.

5.5. DISCUSSION

We proposed a multi-scale graph neural network model (mSWE-GNN) that can generalize
flood simulations to unseen irregular meshes, topographies, and time-varying boundary
conditions, with speed-ups up to 700 times compared to the underlying numerical model.
The mSWE-GNN generalizes well to realistic case studies with as little as one fine-tuning
simulation. We expect the model to further improve performance and reduce risk of
overfitting by increasing the number of fine-tuning simulations. This result is in line
with a similar finding for pluvial flooding where one fine-tuning simulation was enough
to help generalization to diverse case studies (Cache et al., 2024). Since the model can
generalize well with as little as 60 training simulations, we believe that training the model
on a substantially larger amount of data might even remove the need of fine-tuning,
although this could still be needed for more complex domains.

One key to the model’s success are the different scales, which enable learning varying
speeds of flood propagation and capturing the hydraulic processes, contrary to the SWE-
GNN, which learns a more limited range of speeds. The multi-scale nature of the model
allows optimizing computations for areas where fine details are relevant only in small
portions of the domain. In the same way, scales can be used to better include the presence
of 1D structures in the domain such as channels and elevated elements. In Chapter 6, we
include them in the coarser meshes by using slimmer cells that overlap with the channel,
as done in numerical models (Bomers, Mathias, et al., 2019). On the other hand, structures
that markedly influence the flow propagation, like levees, can simply be omitted in the
coarser meshes, by leaving holes in correspondence of them. This artificially blocks
the possibly faster flow propagation of coarser scales. Once over-topping of said levee
occurs at the fine scale, then the faster propagation can begin anew in the coarser scales.
Alternatively, we can model a characteristic feature, such as the elevated element’s height
as an edge feature, to explicitly include it in the learning process, as we do in Chapter 6. We
improved the model generalization to unseen meshes by considering rotation-invariant
inputs. This was possible because we considered scalar outputs, since we deemed the
intensity of the flood more important than also knowing its direction for practical uses
(Kreibich et al., 2009).
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While the current model framework can work for dike-breach floods, we did not
evaluate it for other types of floods. For river and coastal floods, the model should
work without any changes since the inputs are of the same type as dike breach floods,
e.g., upstream discharge hydrograph or sea water levels. On the other hand, pluvial
floods require precipitation as a further input. Assuming rainfall as a spatially distributed
variable, it could be added as a dynamic forcing; this could work in a similar way as for
static features, but changing at each time step, independently of the predicted output.
For urban floods, the drainage system should also be included. This could be done, as in
numerical methods, by coupling the overland flow, predicted by the mSWE-GNN, with a
1D model for the sewers, possibly with another learned GNN as in Garzén et al. (2024).

Regarding the process of mesh creation, we constructed the coarse-scale meshes
based on the boundary polygon of the considered areas. However, this requires the user
to create a mesh with a top-down approach and limits the use of an existing fine-scale
mesh. This could be solved by using a different multi-scale mesh creation approach. For
example, Lino et al. (2022) used a sampling strategy based on a regular partitioning of
the domain, which allows the coarse meshes to have similar edge lengths, independently
from the fine mesh. Alternatively, we could use the same mesh creation procedure to only
generate the coarse scale meshes and use existing detailed meshes in the fine scale. The
latter may be problematic when fine structures are present that markedly alter the flow of
the flood, making the automatic mesh generation procedure challenging.

The boundary condition insertion technically works also for given water levels at the
boundary, but we did not analyse it. Moreover, we did not analyse the performance for
multiple concurring boundary conditions, despite the model can already accommodate
them. We employed a constant and spatially uniform roughness coefficient, meaning that
we did not assess how the model generalizes to different values and spatial distributions.
This might lead to different dynamics that, following the same reasoning as for the
different speeds of propagation, the model should still be able to capture.

To simplify the hyperparameter selection process, we also selected an equal number of
GNN layers for all scales. Instead, we could further optimize the Pareto front by changing
the number of layers at each scale independently. Additionally, we did not compare with
other recent developments in deep learning models, such as Fourier Neural Operators (Li
etal., 2020) or Neural fields (Yin et al., 2023), since they either do not generalize across
different irregular meshes or their application to flooding would not be trivial. We remark
that most of the speed-ups come from the use of a GPU, as all processes are parallelizable.
This is a well-known benefit of deep learning models and the mSWE-GNN enjoys it.

For practical applications, there are still several components that must be included
to match numerical models for real case studies. Future studies should investigate the
inclusion of time-varying breach growth models or components such as existing water
bodies and linear elements, such as roads and secondary dikes. In Chapter 6, we use the
proposed model to create a probabilistic framework to assess many different flood sce-
narios and uncertainties in boundary conditions and breaching conditions (Vorogushyn
etal., 2010).
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5.6. CONCLUSION

We proposed a multi-scale hydraulic graph neural network, called mSWE-GNN, that
models flood propagation in space and time across multiple resolutions. The model
takes as input static attributes, such as topography, and dynamic attributes, such as water
depth and unit discharge at time ¢, and predicts their evolution at the following time
step t + 1. This is done via a U-shaped architecture that applies graph neural networks
at different scales and combines them with down-sampling and up-sampling operators.
This captures a broader range of dynamics by jointly modelling the flood propagation
speeds at different scales. We included time-varying boundary conditions via ghost cells.
We also improved the generalization to unseen meshes by using rotation-independent
inputs.

The main conclusions of this chapter can be summarized as follows:

* We develop a multi-scale approach which improves the simulations both in speed
and accuracy, with speed-ups of up to 1000 times and mean absolute errors of 0.05
m and 0.003 m?s~! for water depth and unit discharges, respectively;

* We include time-varying boundary conditions via the use of ghost cells to remove
the dependency from the numerical models and we improve generalization to
unseen meshes by making the model’s inputs invariant to rotations;

* We show that the model generalizes well to a realistic case study with bigger area
and wider range of boundary conditions than the training ones, with only one
fine-tuning simulation.

The results of this chapter show that the proposed mSWE-GNN model is an effective
surrogate for spatio-temporal flood simulations with high generalization capabilities. In
the following chapter (Chapter 6), we employ the mSWE-GNN model to describe the flood
uncertainties of dike breach floods in a real case study. To complement the complexities
of the case study, we also include hydraulic structures by modifying the inputs of the
model.







PROBABILISTIC FLOOD MODELLING

"Creativity requires the courage to let go of certainties."

Erich Fromm

This chapter presents an application of the multi-scale hydraulic graph neural net-
works (mSWE-GNN) model developed in Chapter 5. We use the mSWE-GNN to generate
probabilistic dike-breach flood hazard maps for a real case study. To better capture the
complexities of realistic case studies, we extend the model’s input to include hydraulic
structures such as canals, underpasses, and elevated elements. Additionally, we introduce
a mass-conservation-based validation assessment to evaluate the physical consistency
of the model’s predictions. We apply this framework to quantify the uncertainty in dike-
breach flooding within dike ring 41 in the Netherlands, a low-lying area surrounded by
river dikes and located along the Maas and Rhine rivers. The sources of uncertainty
include location of potential breaches and breach outflow hydrographs which are influ-
enced by river water levels and dike parameters. Thanks to the computational speed-ups
of around 10,000 times, compared with the reference numerical models, the approach al-
lows for the efficient generation of probabilistic flood hazard maps. This method provides
an effective tool for preliminary flood hazard assessments and supports the prioritization
of scenarios for more detailed physical simulations. This chapter address the gaps of
operational use, uncertainty quantification, and inclusion of hydraulic structures.

This chapter is an adapted version of:

Bentivoglio, R., Jonkman, S. N., Isufi, E., and Taormina, R., 2025. Probabilistic Flood Hazard Mapping for
Dike-Breach Floods via Graph Neural Networks, EGUsphere 2025 (2025): 1-29. https://doi.org/10.5194/egusph
ere-2025-5582
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6.1. INTRODUCTION

Probabilistic flood hazard maps quantify the likelihood of different flooding scenarios,
based on their uncertainty. Unlike deterministic approaches, which compute a single
estimate of water depth, extent, and intensity for a specific return period (Dottori et
al,, 2021), probabilistic maps explicitly account for uncertainties in flood drivers and
system responses. These uncertainties may stem from factors such as river discharge
hydrographs (Savage et al., 2016), maximum water levels (de Moel et al., 2014), roughness
coefficients (Hall et al., 2011; Savage et al., 2016), or flood duration (de Moel et al., 2014).
Further uncertainties can appear when quantifying the statistical fit of a model with
limited data and treating metrics as deterministic (Huang & Merwade, 2024). As a result,
probabilistic approaches avoid underestimating risks that happen with deterministic
methods (Hall & Solomatine, 2008; Savage et al., 2016).

Building probabilistic hazard maps remains challenging as the number of uncertain
variables can be large, particularly for dike breaching, where additional geotechnical
properties must be considered. Uncertainties include breach location (D’Oria & Maran-
zoni, 2019; Westerhof et al., 2023), breach width (de Moel et al., 2014; Mazzoleni et al.,
2014), breach development time (Apel et al., 2006; Ferrari et al., 2020), failure time (D’Oria
& Maranzoni, 2019), and failure mechanism (D’Oria & Maranzoni, 2019; Mazzoleni et al.,
2014). Estimating output uncertainty may require up to hundreds of thousands of simula-
tions, making standard numerical flood models computationally prohibitive, unless using
large high-performance clusters (Gibbons et al., 2020). Simplified hydraulic models have
been explored to reduce costs, but they often provide low accuracy or limited outputs,
such as only final water levels (Apel et al., 2006; de Moel et al., 2014).

Recent years have seen a rapid expansion of deep learning (DL) surrogate models as
fast and accurate alternatives to traditional numerical models (Bentivoglio et al., 2022).
Most studies focus on predicting maximum water depth maps (e.g., Gao et al., 2024; Guo
etal., 2020; Liao et al., 2023) or predicting the full spatio-temporal evolution of floods
(e.g., Burrichter et al., 2023; Cao et al., 2024; Pianforini et al., 2025; Song et al., 2025) while
generalizing on different boundary conditions, such as rainfall or river discharges. In
terms of types of floods, most works investigate pluvial floods, mainly driven by rainfall
(Shao et al., 2024; Wang et al., 2024), while few others cover coastal (Xu & Gao, 2024), river
(Pianforini et al., 2025), and dike-breach floods (Wei et al., 2024). Despite achieving good
accuracy and speed, these models focus on a single domain, meaning that they require
re-training in unseen case studies or even placement of localised boundary conditions
(contrarily to, for example, spatially distributed rainfall), ultimately, limiting their practical
use. To address this limitation, several studies have addressed the transferability of
DL models to unseen case studies and boundary conditions, with convolutional-based
models (Cache et al., 2024; do Lago et al., 2023; Guo et al., 2022) and graph-based ones
(Bentivoglio et al., 2023; Bentivoglio et al., 2025; Kazadi et al., 2024). In particular, graph-
based models showed high transferability to boundary conditions and locations and a
stronger link with physics.

However, DL models are typically validated on a limited range of simulations, leaving
their reliability in truly unseen scenarios uncertain unless additional reference simula-
tions are available. They also cannot accommodate hydraulic structures (e.g., canals,
elevated roads, underpasses), whose complex geometries strongly affect flow. To achieve
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probabilistic flood hazard maps in realistic settings, DL models require two properties.
First, they need to account for hydraulic structures rather than only via digital elevation
models. This is challenging because these small-scale structures, though minor in size,
can significantly alter flood behaviour. Second, they require a validation procedure that
works without ground-truth data as the latter is often unavailable.

Tackling the above challenges, this work advances probabilistic flood modelling by
using a deep learning surrogate for real-world probabilistic dike-breach flood hazard
mapping. First, we integrate hydraulic structures such as canals and elevated elements
into deep learning models as inputs, overcoming a key limitation of existing surrogates.
Specifically, we consider the mSWE-GNN from Bentivoglio et al. (2025), as it supports
time-varying boundary conditions, ensures physical consistency, and is the only model
achieving demonstrable generalizability to unseen boundary conditions as well as unseen
boundary locations, a key requirement for probabilistic flood mapping. The graph nature
of the model allows integrating hydraulic structures by explicitly representing them as
additional edge or node features and by adapting the computational mesh to them,
enabling the network to learn how such structures influence flow propagation.

Second, we introduce an average relative mass error (ARME) metric based on mass
conservation to assess the validity of surrogate predictions, particularly under unseen
scenarios where reference solutions are unavailable. Third, we validate our approach on
a large-scale realistic low-lying area in the Netherlands protected by flood defences and
with a wide coverage of hydraulic structures, with approximately 180,000 computational
cells. We considered uncertainty in breach outflow hydrograph and breach location,
influenced by both river water levels and dike strength.

6.2. METHODOLOGY

We designed a graph-based surrogate model for dike breach flood modelling that in-
cludes hydraulic structures as inputs (Figure 6.1a). We trained and tested our model on
a dataset of numerical simulations, auto-regressively predicting water depths and unit
discharges over time. We analysed the uncertainty in flood hazard mapping considering
an ensemble of breach locations and outflow discharges. To improve prediction reliability
when no ground-truth simulations exist, we introduced a verification procedure based
on mass conservation (Figure 6.1e). Using the plausible simulations we then estimated
probabilistic hazard maps.

This section first describes the surrogate flood model and its adaptation to include
hydraulic structures and water bodies (Section 6.2.1). Next, we introduce the mass-
conservation-based metric (Section 6.2.2). Finally, we detail the procedure to create
probabilistic flood maps that account for input uncertainties (Section 6.2.3).

6.2.1. MULTI-SCALE HYDRAULIC GRAPH NEURAL NETWORKS

MODEL

The multi-scale hydraulic graph neural network (mSWE-GNN) is a graph-based deep
learning architecture that models the two-dimensional spatio-temporal evolution of
floods (Bentivoglio et al., 2025). It treats the cells of a computational mesh as nodes
in a graph and connects neighbouring cells with edges. It learns flood spreading by
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Figure 6.1: Proposed methodology for probabilistic dike-breach flood hazard mapping. a) Hydraulic structures
such as elevated elements and canals are inputs. The difference between elevated elements (z¢e) and the
terrain (z;) is treated as an additional edge feature. b) The model is trained and tested on a dataset of numerical
simulations. ¢) The network @ receives node features (topography, roughness, water bodies, and initial hydraulic
states) and edge features (mesh connectivity and elevation differences at hydraulic structures). It predicts water
depths and unit discharges at the next time step, repeating this process auto-regressively using the predicted
outputs as a new initial condition to simulate the full spatio-temporal flood dynamics. Boundary conditions are
enforced through ghost cells. The architecture operates across multiple mesh resolutions, with node and edge
features defined at each scale. A zoom-out detail is shown in Figure 6.2. d) Flood uncertainty, represented via
10,000 combinations of breach locations and outflow discharges. e) Plausible simulations are selected based on
the average relative mass error computed against the input inflows. f) Selected simulations provide conditional
probabilities of flooding, assuming the same probability of occurrence for each scenario.
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Figure 6.2: The mSWE-GNN model (Bentivoglio et al., 2025). The inputs are node and edge features defined on
multiple mesh resolutions at time ¢ and predicts water depths and discharges at the next time step ¢+ 1. The
multi-scale architecture consists of three encoders, which create high-dimensional embeddings of the inputs, a
U-Net-like processor, which consists of a sequence of graph neural network layers followed by down-sampling
and up-sampling operators, and a decoder, which converts node embeddings into hydraulic variables.

combining local flow propagation with a series of graph neural network (GNN) layers at
different spatial resolutions (Figure 6.2). Each GNN computation is based on the finite
volume approximation of the shallow water equations, enforcing a physical bias in the
propagation rule (Bentivoglio et al., 2023). The model takes static features representing
topography, terrain roughness, and domain connectivity at different resolutions, and
dynamic features representing hydraulic variables at time ¢. It processes these inputs
with a U-shaped architecture that applies GNNs at multiple scales and combines them
through skip connections. The model predicts the hydraulic variables, water depth h
[m] and the absolute value of unit discharge |g| [m?/s], at the next time step t+1, at the
finest available resolution. Ghost cells at the domain boundary enforce known boundary
conditions.

The mSWE-GNN uses an explicit numerical scheme to auto-regressively predict hy-
draulic variables at time £ +1 as

S il

0 o(U'+0X, U7 8)), (6.1)
where 0°" is the predicted hydraulic variables, U’ are the hydraulic variables (water
depth [m] and unit discharge [m? s~1]) at time ¢, ®(-) is the model for a fixed time step,
X, are static node features, U’~P*! are dynamic node features for time steps t— p to t,
with p indicating the number of previous times steps given as input, o is a rectified
linear unit (ReLU) used for guaranteeing positive hydraulic variables, and & are edge
features. The node features are divided into static and dynamic to isolate the hydraulic
variables so that cells without any water will have dynamic node features equal to zero:
this concept is used in the SWE-GNN layers to preserve physical consistency in water
propagation (Bentivoglio et al., 2023). Node and edge features also neglect coordinates
and orientation-dependant values to ensure translational and rotational invariance.
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INCLUDING HYDRAULIC STRUCTURES

We model hydraulic structures, such as canals, elevated roads, and underpasses by modi-
fying the computational meshes, edge features, and node features. These modifications
provide more physic inductive bias to the model but do not affect the propagation rule in
Eq. (6.1).

Canals: We create longitudinal polygonal elements in the coarse mesh resolutions
to represent canal segments (see Figure 6.1a). This helps the model recognize their
distinct propagation speeds, similarly to how 1D elements work in numerical models.
The longitudinal elements are not needed in the finest scale if the mesh cells are already
small enough to correctly separate canals from the terrain. We add binary node features
to indicate the presence of a canal, using one-hot encoded vectors that are one for canal
cells and zero otherwise.

Water bodies: We create polygonal elements in the coarse mesh resolutions to repre-
sent water bodies, such as ponds and lakes (see Figure 6.7a,b,c). This helps the model
recognize that they are not source points. Similarly to canals, the polygonal elements
are not needed in the finest mesh if it is detailed enough to separate water bodies from
dry terrain. As for canals, we add binary node features to indicate the presence of a lake,
using one-hot encoded vectors that are one for lake cells and zero otherwise.

Elevated roads: We model elevated roads and similar one-dimensional elements with
a marked elevation difference from the surrounding topography via edge features. We
identify graph edges that intersect these structures using geospatial intersection and
assign each directed edge (from node i to node j) a value equal to the height difference
from the source node i to the elevated element z,,, i.e., z¢, — z;, as shown in Figure 6.3.
This feature increases with elevation difference, guiding the model to recognize that water
can only cross the structure once the water level surpasses its height, and thus it is more
difficult for flow to occur from that side. We also modify the coarsest mesh to create
polygonal elements that follow the shape of elevated roads and encompass areas partially
or fully enclosed by elevated features, similarly to Lhomme et al. (2008). This helps the
model recognize their presence and understand that they may block water flow locally.

Underpasses: Underpasses are represented by lowering the elevation at the underpass
location, effectively creating a hole that allows water to flow beneath elevated roads. This
ensures the model can learn that water is not fully blocked by elevated structures.

MODEL INPUTS
The inputs consist of static and dynamic node features and edge features extracted from
the mesh and its variables.

The static node feature for the i*" finite volume are x;; = (a;, e;, 1;, wl.”, ¢;, 1;), where a;
is its area, e; its elevation, r; its roughness coefficient, w/ its water level, given by the sum
of the elevation and water depth at time ¢, and ¢; and [; are binary masks that indicate
whether a node represents a canal or a lake, respectively. Following Bentivoglio et al.
(2023), we treat the water level wlt as a static rather than a dynamic feature. Although
it is updated over time, it retains non-zero values even in dry cells due to the elevation
term, meaning that including it among the dynamic inputs would violate the hydraulic-
preservation criterion of the SWE-GNN layer.

. t—p:t - _ e e,
The dynamic node features x;; =u ; P = (u ; P ...,ul? l,ul?), represent the initial and
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Figure 6.3: Left: Example coarse mesh creation process around canals and elevated roads. The mesh elements
are adapted to fit the shape of these hydraulic objects. Right: schematization of how elevated elements are
added as edge features. For each edge (i, j) that intersects an elevated element, we determine the feature as the
difference in elevation from that of the element (z,¢) to that of the source node i (z;).

previous states of the hydraulic Varlables where u ht Iql !y and h refers to water depths
[m] and |g| to the unit discharges [m?s!], respectlvely

The edge features are €;; = (/;}, z;.), where [;; is the distance between the centres of
nodes i and j and z;, is the elevation difference between the elevated element z., and
that of the source node z;, that is z., — z;, which is set to zero in case of no structure.

As in Bentivoglio et al. (2025), all inputs are independent of the coordinate values and
mesh orientation as it makes the model more generalizable and less prone to overfitting
on a specific case study. Similarly, edge features depend only on the connectivity between
two nodes and not on their orientation.

TRAINING

We train the mSWE-GNN end-to-end using flood simulations as training data. We apply a
multi-step-ahead loss and a curriculum learning strategy to minimize error accumulation
over time (Bentivoglio et al., 2023):

1 H O )
= H_ Z Z a, " —a), (6.2)

where a/'" are the predicted hydraulic variables at time ¢+ 7, H is the prediction horizon,

Ois the number of output hydraulic variables, and y,, are coefficients that weigh each
variable’s influence on the loss.

6.2.2. MASS VALIDATION

We introduce a validation method based on mass conservation to evaluate the model’s
outputs when no ground-truth exists. We compare the time evolution of water volumes
predicted by the model with the ones derived from the inflow discharge hydrograph used
as a boundary condition. This comparison provides a physically interpretable criterion to
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identify outputs that deviate from expected hydraulic behaviour, increasing trust in the
model’s predictions.

We calculate ground truth flood volumes V; [m?] at time f as the cumulative mean
discharge entering the entire domain up to time t:

13
Z QT+1 + QT (6.3)

where Q; [m3/s] is the inflow discharge at time 7 and A7 is the time interval between ©
and 7 + 1 [s]. We compute predicted flood volumes V; [m?] at time ¢ as the sum of the
water volumes in each cell minus any initial water volume at time ¢ = 0:

A N A~
=) aih! -V, (6.4)
i=1

where N is the number of nodes in the output mesh, fzf [m] is the predicted water depth
atnode i and time ¢, a,ft f [m3] is the predicted volume at node i and time ¢, and Vj [(m3]
is the initial water volume before the flood begins.
We measure the discrepancy between true and predicted volumes over time using an
average relative mass error (ARME), defined as:
1 T

ARME=— Y ViV

’ (6.5)
=l Ve

which measures the average relative error in flood volume over time, similarly to how
mass conservation is determined in numerical models (e.g., Brufau et al., 2002). We
assume that volumes are equivalent to mass, since the density of water is constant. The
ARME provides a single interpretable value that reflects physical plausibility rather than
just statistical fit. It penalizes deviations that would create or lose water artificially, while
tolerating minor fluctuations that do not affect overall flood dynamics. ARME values
near zero indicate better agreement between prediction and ground truth; larger values
show greater discrepancies. A value of 1.0 means an average 100% relative deviation in
predicted volumes.

We focus on total flood volumes as a validation metric because we can measure it from
the model inputs, as in numerical models. Flood volume is also linked to damage and
casualties (den Heijer & Kok, 2023). We avoid other curve comparison metrics, such as the
coefficient of determination (R?), because they are too sensitive to localized discrepancies
and may reject plausible, though imperfect, outputs. One may also consider this term as
aregularization in the loss function during training to penalize towards mass conserva-
tion, but in Bentivoglio et al. (2025) it has been shown that mass conservation does not
necessarily improve the performance. Thus, we use the ARME solely for validation where
no ground truth exists.

6.2.3. PROBABILISTIC DIKE BREACH FLOOD MODELLING
We create probabilistic flood maps by running multiple simulations with different inputs
and quantifying the uncertainty based on the likelihood of each output. Uncertainties
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Figure 6.4: Schematics of a dike breach flood model, which includes 1) river flow simulation, 2) identification of
failure mechanisms, 3) dike breach modelling, and 4) flood wave propagation.

arise at multiple stages, each linked to specific processes or variables. Although the entire
process can be represented as a single integrated model, it is often more practical to use a
sequence of distinct steps (see Figure 6.4). A typical workflow for analysing such flood
events includes:

1. River flow simulation: Develop and run a one-dimensional hydrodynamic model
of the river system to estimate water levels along the dike over time.

2. Identification of dike failure mechanisms: Use historical records and geotechnical
data to determine the most likely dike failure modes and locations.

3. Dike breach modelling: Simulate dike breach evolution based on water levels from
the one-dimensional model, identified failure mechanisms, and dike structural
characteristics. Derive breach development and outflow hydrograph from the water
level difference across the dike (e.g., Verheij & Hydraulics, 2003).

4. Flood wave propagation: Simulate the spatio-temporal spreading of floodwater
across the inundation area using a two-dimensional overland flow model.

The resulting outputs, such as water depths, velocities, and extent, can then be used to
generate flood hazard maps by linking them to probabilities of occurrence derived from
statistical analysis of input conditions.

The mSWE-GNN emulates only the final two-dimensional flood wave propagation.
We represent all earlier-stage uncertainties by varying two key breach parameters: (i) the
outflow discharge hydrograph through the breach and (ii) the breach location. The outflow
is determined by the breach geometry, hydraulic boundary conditions, breach initiation
and development processes. The location depends on the geotechnical properties of the
dike, which determine the dominant failure mechanism and its associated fragility curve.
Instead of modelling each factor individually, we consider the hydrographs and breach
locations known and we use them as boundary conditions for the mSWE-GNN.

We generate probabilistic flood hazard maps by running ensembles of scenarios with
varying boundary conditions. The outputs are aggregated into spatial probability fields,
where each computational cell encodes the likelihood distribution of a flood variable (e.g.,
maximum water depth or flood arrival time). We summarize this uncertainty through a
set of quantiles of these distributions. The reported likelihoods are conditioned on the
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Figure 6.5: Dike ring 41, in the Netherlands (coordinate system EPSG:28992 - Amersfoort / RD New). The crosses
indicate the location of the dike breaches used for training and testing. The labels ND111, ND234, and HD073
indicate the three locations in the testing dataset. The maps are taken from ©OpenStreetMap contributors 2025.
Distributed under the Open Data Commons Open Database License (ODbL) v1.0.

specified boundary conditions and are therefore independent of the absolute probability
of dike failure or the flood return period (that is, they are conditional on a given set of
breaches and failure locations). Consequently, each scenario is assumed to occur with
equal probability. To obtain unconditional occurrence probabilities, which account for
the fact that different scenarios may have different likelihoods, the conditional values can
be weighted by estimates of defence fragility and hydrological frequency. The integration
of these defence failure probabilities and return period estimates is treated as a separate
step outside the present framework and is not included in this chapter.

6.3. EXPERIMENTAL SETUP

6.3.1. CASE STUDY

We selected dike ring 41, “Land van Maas en Waal", in the Netherlands, representative for
low-lying protected areas alongrivers, as a case study for probabilistic flood mapping. This
area is surrounded by the Meuse and Waal rivers and contains a high density of hydraulic
structures. It covers 27,900 ha, supports a population of 251,900, and previous studies
estimate an expected flood damage per event of 5.9 billion euros (Rijkswaterstaat, 2016).
The same study identifies piping and overtopping as the main failure mechanisms, with
fragility curves that vary by dike segment. The dynamics of the flood change significantly
with breach location and outflow hydrograph, due to the basin slope and the presence of
many elevated elements and canals (Figure 6.5).

For training and validation data, we used, respectively, 30 and 10 numerical simu-
lations performed with Delft3D (Deltares, 2022), each with a different breach location,
selected to be approximately equidistant along the dike ring boundary, and a different dike
outflow hydrograph over time as boundary conditions. We determined these hydrographs
as in Bentivoglio et al. (2025), using synthetic hydrographs with peak discharges from
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Figure 6.6: (a) Spatial distribution of the training, validation, and testing breach locations and associated
maximum breach discharge. The north and south side of the domain are surrounded by the Meuse and
Waal rivers. (b) Training, validation, and testing discharge hydrographs used as boundary conditions for the
simulations. The shaded regions indicate one standard deviation away from the mean, at each time step, while
the dotted lines represent the envelopes of the minimum and maximum discharges at each time step. The labels
ND111, ND234, and HD073 indicate the three testing locations, with increasing discharges for increasing return
period.
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Figure 6.7: Part of the meshes and static node features used as inputs of dike ring 41. (a) and (c) represent the
two coarse scales meshes (scale 3 and 2) employed in the experiments, in which the mesh polygons follow the
presence of relevant hydraulic structures; (e) corresponds to an example of coarse mesh (scale 4) used in the
ablation study obtained without including relevant geometrical boundaries; (b) shows the location of the canals
and ponds/lakes; (d) represents the distribution of the White-Colebrook roughness coefficient, with higher
values indicating urban areas; (f) shows the digital elevation model (DEM) of the area.
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100 to 1,500 m3/s (Figure 6.6). All simulations use the same computational mesh, which
consists of approximately 180,000 mesh faces and 300,000 mesh edges (see Table 6.1). For
testing, we considered nine scenarios: three breach locations and three return periods
of estimated river water levels (100, 1000, and 10000 years), obtained from the Dutch
national flood hazard maps (VNK) using Delft3D (Rijkswaterstaat, 2016). We selected the
testing locations based on the availability of pre-computed spatio-temporal simulations
and to cover a wide range of flood events, including some much larger than those in train-
ing (see Figure 6.6). Each test simulation assumes instantaneous breach formation, with
breach development based on the Verheij-Van der Knaap equations (Verheij & Hydraulics,
2003). Test boundary conditions are river water levels over time, determined for the
Meuse and Waal rivers using the GRADE method (Hegnauer et al., 2014). Each scenario,
for all datasets, uses a simulation time of 21 days and an output temporal resolution of
eight hours, for a total of 64 time steps, matching the VNK simulation characteristics. All
numerical simulations are run on a AMD Ryzen 7 5700X 8-Core Processor (3.40 GHz) CPU,
using four OpenMP threads.

After training and testing, we analysed the spatial sensitivity of the model to different
boundary conditions by further testing it on 100 different breach locations, each with 100
different discharge hydrographs, generated as in the training data. Each combination has
the same probability of occurrence. We used this sensitivity analysis to i) quantify the
variability of the ARME under different scenarios and ii) determine a suitable threshold
for the ARME to select plausible simulations.

We then obtained probabilistic flood hazard maps in flood arrival times and maximum
water depths for a given test breach location and return period. For this analysis, we used
the simplified method in Besseling et al. (2025) to compute the discharge hydrographs
from the river water levels. We estimated the uncertainty in breach outflow by repeatedly
sampling the probability of failure of a dike segment, from the dike’s fragility curves for
piping and overtopping, assuming different water levels over time as hydraulic loading.
We performed this analysis only on test simulations, since this simplified method requires
a ground-truth numerical simulation for calibration and cannot generalize to unseen
locations.

6.3.2. TRAINING SETUP

We trained all models with PyTorch (Version 2.5) (Paszke et al., 2019) and PyTorch Geo-
metric (Version 2.6) (Fey & Lenssen, 2019), using the Adam optimizer (Kingma & Ba, 2014).
Based on previous studies, we used a learning rate scheduler with a fixed step decay of 0.7
every 15 epochs, starting from 0.003. Training ran for 100 epochs with early stopping and
used 16-bit mixed-precision to reduce computational load. During training, we clipped
gradients above two to improve stability and used a curriculum learning strategy as in Ben-
tivoglio et al. (2023), with a maximum training prediction horizon H =5 steps ahead (Eq.
(6.2)). Although training used fixed time windows, we evaluated all validation and testing
simulations over the full simulation time, without requiring any numerical solution as
input. We used p = 2 previous time steps as dynamic inputs, i.e., X; = (U*~2,0%"1,U?).
The loss function coefficients (Eq. (6.2)) were y; = 1 for water depths and y, = 7 for unit
discharge, as in Bentivoglio et al. (2025), to give a more balanced weight to water depths,
which are generally more than ten times larger than discharge values. All experiments ran
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on AMD INSTINCT MI200 GPUs with 64GB RAM, provided by the LUMI cluster (EuroHPC,
2025).

We trained the mSWE-GNN with a hidden feature size of 64, three mesh scales (details
found in Table 6.1), and a heterogeneous distribution of GNN layers across these scales.
Specifically, we used two layers for the finest scale after U-Net pooling, five and three
layers for the middle scale (before and after the U-Net bottleneck), and six layers for
the coarsest scale. Preliminary experiments showed that adding more layers, especially
before the U-Net bottleneck, increased model complexity and training time without im-
proving performance. This is because the coarsest scale already captures large-scale flow
dynamics, while the finer scales refine local details. Because of the high dimensionality
of the search space and long training times (estimated in about ten hours on eight AMD
INSTINCT MI200 GPUs, 64GB), we did not conduct an extensive hyperparameter analysis.

6.3.3. METRICS

We measured model performance using four metrics:

* Regression: we used a multi-step-ahead mean absolute error (MAE) for each hy-
draulic variable @} over the full simulation, expressed as MAE = % Zfz 1 [a* —u|q,
with H being the full simulation duration.

Classification: we used the critical success index (CSI), which measures spatial
accuracy in detecting a class (e.g., flood or no-flood) for a given threshold. CSI
is evaluated as CSI = #&F}V, where TP are true positives (cells where both
numerical and deep learning models predict water depth above threshold), FP are
false positives (cells where the deep learning model wrongly predicts water depth
above threshold), and FN are false negatives (cells where the deep learning model
does not predict water depth above threshold). We computed CSI, averaged over
time, for water depth thresholds of 0.05m and 0.3m, as in Bentivoglio et al. (2023).

* Speed-up: we measured computational speed-up as the ratio of numerical model
computation time to deep learning model inference time. Both times exclude mesh
creation, data pre-processing, and post-processing.

* Plausibility: we used the average relative mass error (ARME) as a validation metric

Table 6.1: Summary of mesh characteristics for the different meshes used in the mSWE-GNN, for both the
baseline case with meshes adapted to hydraulics structures and without adaptation (Sec. 6.4.4).

Mesh level #Faces #Edges Face area (m?) Edge length (m)
scale 1 (finest) 178124 298729 1490 + 1247 46.74+16.81
scale 2 (adapted mesh) 19869 14761 13470 £ 6986 178.52 +54.77
scale 3 (adapted mesh) 634 1486 422151+378531  3021.87 +£1596.29
scale 2 (not adapted mesh) 15563 11532 17196 +2791 202.20+27.17
scale 3 (not adapted mesh) 2630 3833 101752 + 18892 489.96 +67.13

scale 4 (not adapted mesh) 866 1237 308615+ 64612 854.12+126.44
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to assess the plausibility of model predictions in scenarios without ground-truth
simulations, as described in Section 6.2.2.

6.4. RESULTS AND DISCUSSION

6.4.1. MODEL INVESTIGATION

Table 6.2 shows the model consistently achieves high CSI values, indicating effective
prediction of the spatio-temporal evolution of floods across breach locations and return
periods. On the test dataset, the model attains an average CSI of 73.6% for the 5 cm
threshold and 71.1% for the 30 cm threshold, with mean absolute errors of 64.5 cm for
water depth and 1.31 m?/s for unit discharge. The model performs best in the central
range of flood volumes, where training data is concentrated, with lower errors and higher
CSI values. The difference between the performance on the training and test datasets
is driven by the large variability in total flood volumes, with testing volumes greatly
exceeding those in training (see Figure 6.6). The model also tends to over-predict flood
extent for the smallest events, since the loss function penalizes larger floods more than
smaller ones. Mean absolute errors in water depth tend to increase with the return period,
but those for unit discharge remain relatively stable. This is because the largest values of
unit discharge occur closest to the breach and then decrease over time with the inflow
hydrograph, while water depths accumulate over time, leading to larger errors for more
extreme floods.

Among the three test locations, HD073 shows the lowest MAE values, due to less
intense flooding. CSIs remain high except for the 100-year return period, where the
breach is upstream in a sloped area and small discharge variations cause large changes
in inundation. Location ND234 achieves the best overall performance, as it is located
downstream and floods consistently during large events, resembling training patterns.
ND111 has the highest MAEs, with all simulations producing flood volumes much greater
than those in training (Figure 6.6). Despite this, the model captures the spatio-temporal
variability of floods, as shown by high CSI values. At ND111, all return periods nearly fill
the domain with water, resulting in very high water depths, up to an average of 3.22m
covering 90% of the domain. These results highlight that model accuracy depends on
both the location and magnitude of flood events. The model performs best when test
scenarios resemble training conditions, while extreme or atypical events lead to higher
errors but still preserve spatial flood patterns.

6.4.2. MASS BALANCE ERROR
We tested the variability of the ARME on a set of 10,000 flood scenarios. This consisted
of 100 equidistant breach locations along the breachable dike perimeter, each with 100
unique breach discharge hydrographs, generated as in training and validation. We de-
signed this range to be purposefully much wider than for a practical scenario, to assess a
more complete response of the model to different boundary conditions and locations.
We define as “plausible” any simulation whose ARME is below a selected threshold.

We analysed how the ARME threshold affects the distribution of predicted flood
volumes over time in Figure 6.8. The number of plausible simulations increases with
the threshold, as expected, with approximately 50% of the simulations having an ARME
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Table 6.2: Training, validation, and testing metrics for the mSWE-GNN on dike ring 41, reporting mean and
standard deviation for the mean absolute error (MAE) for water depth and unit discharge and critical success
index for a water depth threshold 7 (CSI;). These metrics are reported also for the three test locations HD073,
ND234, and ND111, for the different return periods (RP). Arrows indicate whether higher (1) or lower (|) values
are better.

Dataset 1D RP Total volume MAE | CSI; [%] 1
[yrs] (106 m3) h(1072m]  |g/ (1072 m2s7]] 7=0.05m 7=0.3m
Train - - 220.1+131.4  29.56 +17.23 1.46 +1.00 81.74+9.34  80.40 +11.39
Val - - 184.7 £175.5  23.98 + 12.64 1.41£1.72 73.80 + 13.54  71.54 + 14.32
Test - - 323.4 +349.2 64.84 + 81.38 1.31+1.14 73.60 + 14.90 71.15 + 14.21
10000 89.70 26.32 0.99 75.21 71.78
HD073 1000 48.86 15.0 0.49 66.17 66.86
100 15.99 11.15 0.14 50.12 54.05
10000 299.45 30.65 0.89 88.49 85.75
Test ND234 1000 170.48 13.75 0.66 83.99 84.7
100 62.21 31.09 0.42 66.94 63.94
10000 974.55 247.81 3.25 69.53 61.43
NDII1 1000 734.98 152.26 2.85 74.75 67.45
100 395.71 55.51 2.13 87.15 84.39
1e8 ARME < 0.20 1e8 ARME < 0.40 1e8 ARME < 0.60 1e8 ARME < 1.00 1e8 ARME < 2.00
81 % Runs —— Real Volume 81 % Runs: 81 % Runs: 81 % Runs: 81 % Runs:
18. «— Predicted Volume 49.2% 72.7% 91.5% 96.9%
—6 6 6 6 6
E
% 4 4 4 4 4
s =
2 2 2 2 2
0 200 400 0 0 200 400 0 0 200 400 0 0 200 400 0 0 200 400
Time [h] Time [h] Time [h] Time [h] Time [h]

Figure 6.8: Comparison of real and predicted flood volumes over time for multiple ARME thresholds. The shaded
regions indicate one standard deviation away from the mean, at each time step, while the dotted lines represent
the envelopes of the minimum and maximum volumes at each time step. Increasing the threshold increases the
number of plausible simulations but also the discrepancy, both in terms of mean and standard deviation, from
the true volumes.
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Figure 6.9: Percentage of plausible simulations as a function of the total flooding volume, for different ARME
thresholds.
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Figure 6.10: Percentage of plausible simulations per breach location, total flood volume ranges, and ARME
thresholds. a) Distribution of the testing breach locations. The colours represent different breach location areas,
grouped by distance in 10 different zones. b) Frequency of total flood volumes and the corresponding quantiles
at 5%, 25%, 50%, 75%, and 95%, determined from the theoretical total flood volumes in each testing simulation.
c-h) Percentage of plausible simulations for different volume quartile ranges, for increasing values of the ARME
threshold.

< 0.4. For higher thresholds, model predictions tend to underestimate volumes, with
flood volumes capping at approximately 500 million m3, further explaining the lower test
performance for the largest floods. We can derive a similar conclusion from Figure 6.9,
which shows the percentage of plausible simulations for different total flood volumes
and ARME thresholds. Most predictions in terms of mass conservation have a range of
total volumes between 200 millions and 400 millions m? of water. This reflects well the
distribution of training simulations with a stronger bias towards higher volumes, because
of the training loss function that focuses more on the highest water depths.

Figure 6.10 shows how the percentage of plausible simulations changes with the
ARME threshold for different breach location areas and total flood volume quantiles.
Steeper curves closer to zero indicate better model performance, as more simulations
have low ARME. The central volume ranges (from approximately 150 mil m3 to 400 mil
m?) yield the best performance, with most simulations having a low ARME. Figure 6.9
also confirms the same finding, aligning with the test dataset’s optimal prediction range.
Across all volume ranges, most breach locations show similar trends, meaning that the
model’s performance is consistent independently of the breach location. Simulations
with breaches in the western downstream area (green colours) perform best across most
volume ranges, with pronounced responses to ARME threshold changes as floods starting
here tend to fill the area like a bathtub, creating a recognizable flow pattern.

In contrast, the highest and lowest volume quantiles, which fall outside the training
range, behave worse. For the largest floods, most simulations show a sharp increase in
ARME between 0.5 and 1, indicating consistent underestimation of volumes; however,
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Figure 6.11: Distributions of ARME values for the training, validation, and testing datasets, as a function of
CSI at 0.05/m and MAEs for water depth () and unit discharges (m?2/s). The colours match the location of the
breach, while the size, for the testing dataset, indicates the return period.

even for very high discharges, the model has no instabilities, as indicated by the lack of
exponentially increasing flood volumes curves (Figure 6.8). In the lowest volume quantiles,
curves have the highest variability, as small volume errors cause larger ARME changes
and lead to a bigger spread in performance. For this range, upstream locations (black,
grey, and purple markers) perform better, suggesting the model understands better flow
patterns for small floods when the terrain is sloped. The central-south area, dividing the
western downstream bathtub region from the eastern upstream sloped one, shows more
frequent errors, likely because small errors in flood routing cause larger inconsistencies,
also due to the presence of several canals and elevated elements.

We evaluated the correlation between CSI and MAE with the ARME for the training,
validation, and testing datasets, for which ground-truth data exists (Figure 6.11). Across
datasets, ARME and CSI exhibit a consistent negative dependence with correlation coeffi-
cients around -0.7, indicating that low ARME values are associated with high CSI values
(Table 6.3). Contrarily, we found little correlation with the mean absolute errors for water
depths (r = 0.6 only in training) and no correlation with the discharge mean absolute
errors. This means that simulations with a low ARME predict well the spatio-temporal
evolution of the flood and can be used as a valid proxy to determine the plausibility of
testing simulations, but are not always reliable in terms of hydraulic variables’ values.

Whereas numerical models require strict mass balance with an ARME close to zero,
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Figure 6.12: a) Cumulative number of plausible simulations and frequency different ARME thresholds. b) Spatial
distribution of the percentage of plausible simulations, assuming a ARME threshold of 0.4.

our experiments tolerate higher variability since we do not explicitly enforce mass conser-
vation and an ARME<0.4 always correlate with high CSI (>0.75), which means that the
spatio-temporal dynamics are well represented (Figure 6.11). For this reason, we selected
as areasonable threshold an ARME = 0.4, though lower values can also be employed based
on the desired level of model performance. For this threshold of ARME < 0.4, we analysed
the spatial distribution of the percentage of plausible simulations per breach location
(Figure 6.12Db). Similarly to what we found in the general analysis, the highest percentage
of plausible simulations is associated with the western breaches, thanks to the bathtub
accumulation pattern. There are also spurious locations for which no or few simulations
provided had an ARME < 0.4. For the two locations in the south-east border, this seems
to be correlated with the presence of an area that rarely gets flooded due to the locally
higher topography close to the breaches. This causes the model to severely underestimate
the intensity of flooding around that area if there is a local breach and, consequently, in

Table 6.3: Pearson and Spearman correlation coefficients (with 95% confidence intervals) between ARME and
each metric across datasets. Correlations higher than 0.6 are marked in bold.

Dataset Metric Pearson r [95% CI] Spearman p [95% CI]

CSIposm  —0.851[—0.924, —0.717]  —0.871 [-0.935, —0.753]
CSIps,m  —0.838[-0.918,-0.695]  —0.851 [-0.924, —0.716]

Train
MAE,, 0.611 [0.339, 0.789] 0.663 [0.414, 0.820]
MAEq 0.110 [-0.243, 0.436] 0.104 [-0.248, 0.432]
CSlposm  —0.781[-0.931, —0.404] —0.830[—0.948, —0.515]
CSlpsm  —0.684[-0.897,-0.213]  —0.733 [-0.915, —0.306]
Validation
MAEj, —0.059 [-0.591, +0.509] —0.261 [-0.710, 0.339]
MAEg4 —0.437[-0.796, +0.151] —-0.612 [-0.870, —0.092]
CSlposm  —0.604 [-0.875,-0.046]  —0.700 [—0.909, —0.211]
T CSlp.3m —0.709 [-0.912, —0.227] —0.700 [-0.909, —0.210]
est

MAE, 0.086 [-0.513, 0.629] 0.333 [-0.297, 0.762]
MAEg4 —0.093 [-0.633, 0.508] —0.050 [-0.606, 0.539]
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the rest of the domain.

6.4.3. PROBABILISTIC FLOOD MAPPING
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Figure 6.13: Predicted probabilities of maximum water depths exceeding different thresholds. They are de-
termined using only the selected simulations among the tested 10000 configurations that had a ARME < 0.4,
assuming that each simulation has the same likelihood of occurrence.

LARGE-SCALE UNCERTAINTY
We exemplified the model in a probabilistic setting by computing the conditional proba-
bility of exceeding a certain maximum water depth for the large-scale uncertainty analysis
in breach location and outflow as described in Section 6.4.2. Figure 6.13 shows the
likelihood on having a maximum water depth higher than 0.05m, 0.3m, and 1m. This
probability is conditional to a breach occurring and is independent of the return period,
meaning that all events have the same probability of occurrence. It is also computed over
all 10,000 testing simulations with an ARME < 0.4. Selecting only plausible results skews
the probability distributions to be less spread out with respect to the complete set, giving
a clearer distribution estimate. This analysis confirms that the western downstream area
of dike ring 41 is most likely to flood, due to its bathtub-like accumulation. The eastern
upstream part is less likely to flood, requiring either a breach in that area or a large event.
The model predicted all 10,000 simulations in about ten hours, the same average time
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Figure 6.14: Range of discharges and volumes over time for the deterministic and ensemble cases, for true
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the mean, at each time step, while the dotted lines represent the envelopes of the minimum and maximum
volumes at each time step.

the numerical model needs for a single numerical simulation, corresponding to speed-up
of 10,000 times. Even when considering that only 50% of the simulations were plausible
the approach is highly efficient, highlighting its potential for large-scale probabilistic
flood mapping and rapid scenario analysis.

COMPARISON OF ENSEMBLE AND DETERMINISTIC SCENARIOS

We quantified the uncertainty in flood hazard predictions in a test scenario by analysing
the variability in maximum water depths and flood arrival times for different boundary
conditions. We assumed a threshold of 0.05m for identifying when a cell got flooded. We
determined the breach outflow hydrograph from river water levels using the calibrated
conceptual method in Besseling et al. (2025). This approach models breach evolution
and outflow as either free flow or submerged flow, depending on whether the breach is
unconfined or confined. The outflow is calibrated via a parameter fitted using a ground-
truth reference outflow from a numerical simulation. The outflow hydrographs served
as boundary condition for the trained mSWE-GNN model. We compared the ensem-
ble results against the single-scenario prediction and its corresponding ground-truth
simulation. We refer to this single prediction as the ‘deterministic’ result.

We selected breach location HD073 and a return period of 10,000 years as a represen-
tative test. Using only non-identical hydrographs, sampled from the fragility curves, we
obtained 206 different boundary conditions. Considering only simulations with ARME
below 0.4, 25% of the ensemble produced flood volumes over time close to the ground
truth (Figure 6.14). While the deterministic prediction tends to overestimate the final
flood volumes, plausible ensemble members provide a more accurate representation
of the flood dynamics, both in terms of maximum water depths (Figure 6.15) and flood
arrival times (Figure 6.16). The 50! percentile of the ensemble predicts lower water
depths and slower propagation compared to the deterministic case, aligning more closely
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Figure 6.15: mSWE-GNN ensemble predictions of maximum water depths [m] for the 50 h percentile compared
to the ground-truth numerical simulation for breach HD073 and a return period of 10,000 years. The plots on
the right side represent the difference between the mSWE-GNN predictions and the numerical model’s.
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Figure 6.16: mSWE-GNN ensemble predictions of flood arrival times [h]for the 50° h percentile compared to the
ground-truth numerical simulation for breach HD073 and a return period of 10,000 years. The plots on the right

side represent the difference between the mSWE-GNN predictions and the numerical model’s.
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Table 6.4: Ablation study for the inclusion of hydraulic structures in the model as node, edge, or mesh features.
w/o =without.

DL model Dataset MAE | CSI; [%] 1
h [1072m] Igl 1072 m?s71) 7=0.05 m 7=0.3 m

base model val 23.98 + 12.64 141+1.72 73.80 +13.54 71.54 + 14.32
test 64.84 + 81.38 1.31+1.14 73.60 £ 14.90 71.15 + 14.21
w/o extra val 27.45+19.74 0.92 + 0.94 72.31 £15.20 70.11 + 15.46
node features test 70.83 £ 85.70 0.97 + 0.87 73.58 +14.24  70.15+ 13.70
w/o extra val 36.71 £ 31.31 1.09 + 1.17 69.14 +£ 14.22  65.65 + 15.60
edge features test 68.99 + 82.90 0.99 £ 0.88 73.27 £9.89 67.92 £ 10.26
only adapted val 34.43 +22.04 1.22 + 1.64 70.31 £16.03  67.97 + 16.14
coarse meshes test 71.32 £ 77.96 1.28 £ 1.00 70.42 £ 19.01 67.72 + 18.26
w/o adapted val 36.45 £ 17.69 1.21 +1.16 68.22 + 18.85 65.92 + 19.16
coarse meshes test 69.06 + 70.22 1.41 £1.01 68.72 £ 19.94 66.20 + 19.12
no hydraulic val 46.92 + 28.70 1.12+1.18 63.82 + 17.66 60.00 + 18.35
structures test 77.91 £ 79.46 1.20 £ 0.95 67.06 + 18.91 62.53 + 18.02
base model val 60.48 + 26.82 233+141 60.75 + 18.70 58.43 +20.36
(zee —2; =0) test 85.30 £ 41.87 2.88 +£1.42 63.49 £21.88  61.31 +21.32

with ground-truth observations. Although these predictions do not exactly correspond to
the ground-truth simulation, as they assume a smaller outflow discharge, they demon-
strate that the model’s performance can improve with slight adjustments to boundary
conditions, when selecting simulations with smaller ARME.

The predicted spread of the ensemble is larger than the theoretical one calculated
from the boundary conditions (Figure 6.14b), primarily because the chosen location
is upstream of multiple hydraulic structures, making it especially sensitive to minor
variations in outflow discharges, as also reflected in the elevated training error for one of
the upstream breaches (Figure 6.11, purple marker). This sensitivity is also amplified by
the limited amount of training data, which makes the model’s response more variable
in these conditions. In contrast, predicted uncertainty is lower for smaller events and
downstream locations, where the influence of small variations in boundary conditions is
reduced, leading to more stable and consistent predictions.

6.4.4. ABLATION STUDY: INCLUDING HYDRAULIC STRUCTURES

We analysed the impact of hydraulic structures as node and edge features, and coarse
mesh, as discussed in Section 6.2.1. For the case without adapted coarse meshes, we
used four scales (details found in Table 6.1) instead of three to compensate for the lack of
elongated cells. As in the base architectures, we distributed GNN layers heterogeneously
across scales: two layers for the finest scale after U-Net pooling, three and four layers
for scale one (before and after the U-Net bottleneck), four and two layers for the coarser
scale, and six layers for the coarsest scale.
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Table 6.4 shows that all proposed changes improved most metrics (row 1, base model).
Using coarse meshes that fit existing hydraulic structures produced the largest improve-
ment (cfr. row 5, w/o adapted coarse meshes), likely due to better treatment of canals,
which convey water quickly in a specific direction. In GNN models, the number of layers
should match the speed of water propagation within a given time range, set by the model’s
time step. Adding longitudinal mesh elements allows water to move efficiently without
requiring many GNN layers. However, adapting the meshes alone, without including edge
features for hydraulic structures, led to worse results, especially in testing (row 4, only
adapted coarse meshes). This suggests that while mesh adaptation helps, it is insufficient
alone; the model also needs explicit information about hydraulic structures to learn their
effects on flood propagation.

Adding elevated elements as an edge feature improved results mainly in validation
(cfr. row 3, w/o extra edge features). Its effect on the test dataset was less pronounced,
likely because very large floods overtop elevated elements easily. To further validate
the importance of elevated elements as edge features, we also tested the base model
after setting these values to zero (row 7, base model z,, — z; = 0). The marked drop in
performance confirms that the model has effectively learned to account for the influence
of these structures on flow dynamics.

Marking lakes and canals with a binary node feature had the least impact (row 2,
w/o extra node features), probably because the model already learns this information
from the water variable vectors. However, removing these features improved the MAE for
unit discharge for both validation and testing datasets. This suggests that the model can
infer the presence of these structures from the flow patterns, and explicitly providing this
information may not be necessary.

6.5. CONCLUSIONS

This study demonstrated the feasibility of using deep learning surrogates for probabilistic
flood hazard mapping in real case studies. To this end, we included hydraulic structures
such as canals, underpasses, and elevated roads as model inputs and introduced the
average relative mass error (ARME) as a physically-based plausibility metric to validate the
model in absence of ground-truth data. With this framework, we generated probabilistic
flood maps that quantify uncertainty in maximum water depths and flood arrival times
for varying breach locations and discharge hydrographs.

We found a strong correlation between the ARME and the critical success index (CSI),
confirming the ARME’s value as an indicator of simulation reliability when reference
data are unavailable. In a large-scale analysis of 10,000 scenarios, approximately half of
them produced physically consistent outcomes, predominantly within mid-range breach
outflows, suggesting that model generalization remains most reliable within trained
discharge regimes. Beyond quantifying uncertainty, the framework offers a practical tool
for identifying locations most sensitive to input variations and for prioritizing expensive
numerical simulations, thereby improving the efficiency of flood risk assessment.

While the current study focused on a single case study and simplified breach repre-
sentation, future research should validate the framework to multiple interacting breaches,
integrate dynamic river and breach evolution models, and validate across diverse case
studies. Moreover, future studies could include other sources of uncertainties, such
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as river water levels or floodplain roughness (Hall & Solomatine, 2008). Future studies
should also include the probabilities of dike failure by comparing the expected hydraulic
loads and the geotechincal properties of dike segments to obtain a complete probabilistic
map (e.g., Jongejan & Maaskant, 2015). Moreover, future works could explore the use
of mixture-of-experts models to improve the model performance across a wider range
of boundary conditions, for example by combining or selecting the output of different
models, each trained with a smaller range of conditions.

Overall, this framework advances the deployment of rapid surrogate models for proba-
bilistic flood analysis and flood hazard mapping. It enables real-time scenario assessment,
quantifies flood variability for different locations and boundary conditions, and helps
identify the most critical breach and discharge combinations. These capabilities sup-
port more effective and efficient flood risk management and represent a significant step
toward operationalizing deep learning surrogates in flood risk assessment.



CONCLUSIONS AND
RECOMMENDATIONS

A river cuts through rock, not because of its power, but because of its persistence.

James N. Watkins

7.1. CONCLUSIONS

This thesis establishes graph neural networks (GNNs) as a surrogate model to simulate the
spatio-temporal evolution of floods. We positioned its contributions via a thorough review
of the literature of deep learning (DL) methods for flood mapping and identified three
main research gaps related to generalization of DL models, their modelling limitations,
and operational issues. We define generalization as the capability of a DL model to
accurately predict the spatio-temporal evolution of floods under topographic settings
and boundary conditions that were not included in its training. Based on the identified
gaps, we formulated a series of research questions and, through their investigation,
demonstrated that graph neural networks provide a robust framework for real-time flood
uncertainty quantification in practical case studies. The aim of the developed surrogate
model is to replace the two-dimensional overland flow component with hydraulic models
required to produce flood hazard maps.

We first proposed a GNN model (SWE-GNN) based on the finite volumes method to
solve the shallow water equations (SWE). In this model, the propagation rule follows hy-
draulic principles, which allow it to preserve some physics by constraining water to spread
only from cells already containing water. The number of GNN layers is proportional to the
time resolution and the flood propagation’s speed. Combined with an innovative training
strategy, this model outperformed other DL models in terms of performance and gen-
eralization to unseen case studies. We then developed an improved multi-scale version
(mSWE-GNN) that could combine the flood propagation at different resolution to achieve
a better Pareto front in terms of accuracy and speed, compared to the non-multi-scale
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counterpart. The model could generalize to unseen time-varying boundary conditions,
thanks to the use of ghost cells, and to unseen mesh configurations, thanks to the use
of rotation-invariant inputs. Finally, we included hydraulic structures as inputs and we
estimated uncertainty in flood hazard mapping of a real case study in the Netherlands,
showecasing its accuracy and speed for practical applications. In this chapter, we summa-
rize the main conclusions of this dissertation, based on the proposed research questions,
highlight possible future research directions, and reflect on the impact of the proposed
models on a broader setting. Throughout the thesis, a series of benchmark datasets was
made available, which can openly accessed via Zenodo'”. Similarly, all models and codes
developed in this thesis are stored in GitHub repositories®"*.

7.2. ANSWERS TO THE RESEARCH QUESTIONS
We address the main research question as well as each research sub-question defined in
Chapter 1 with its corresponding conclusions.

Main RQ: How can we leverage deep learning models for spatio-temporal flood
prediction across varying case studies, boundary conditions, and mesh configurations in
support of hazard mapping?

Deep learning models can support spatio-temporal flood prediction across diverse
case studies, boundary conditions, and mesh configurations by combining physical prin-
ciples with graph-based architectures. Hydraulic-based graph neural networks embed
hydraulic knowledge, ensuring plausible predictions and enabling generalization to un-
seen locations including real case studies, while achieving speed-ups up to 10,000 times
compared with numerical models. Multi-scale designs, ghost cells, and rotation-invariant
features further allow adaptation to new boundary conditions and unstructured meshes
without relying on numerical model outputs. Large-scale ensemble simulations provide
fast uncertainty estimates, validated against conservation laws, enabling the generation
of accurate, physically consistent, and computationally efficient flood hazard maps across
varying scenarios, especially in the context of dike-breach floods.

RQ1: What is the state-of-the-art of deep learning for flood mapping?(Chapter 3)

Deep learning models outperform traditional numerical approaches and other ma-
chine learning techniques in terms of speed and accuracy, depending on the mapping
application. Convolutional neural networks are the dominant state-of-the-art architec-
ture for flood mapping thanks to their spatial inductive bias. However, their structure
makes them more suitable for flood mapping from satellite images than for surrogating
numerical simulations, because they cannot easily adapt to flexible meshes. On the other
hand, graph neural networks, which we develop and analyse in this thesis have that
potential.

Thttps://dx.doi.org/10.5281/zenodo.7764418
2https://dX.d()i.org/ 10.5281/zenodo.13326595
3htlps://giLhub.com/RB'I'\/1 /SWE-GNN-paper-repository-
4https://github.com/RBTV1/mSWE-GNN
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RQ2: How can deep learning surrogate models include hydraulic properties to support
the generalization of spatio-temporal flood predictions in unseen geographical
areas?(Chapter 4)

Deep learning surrogates based on graph neural networks (GNNs) allow to include
hydraulic constraints in the layer propagation rule. By leveraging the analogy with finite
volume methods for shallow water equations, a novel GNN layer (SWE-GNN) was devel-
oped that introduces a physical bias, ensuring that water spreads only from cells already
containing water. The optimal number of GNN layers is proportional to the mesh size
and output time resolution. Long-term prediction instabilities are mitigated through a
multi-step loss function combined with a curriculum learning strategy. This approach
is tested on three synthetic datasets of increasing difficulty showing that it enhances
generalization to unseen flood locations compared to other deep learning models.

RQ3: What principles from numerical solvers can be exploited to improve the
generalization of graph neural networks across boundary conditions and mesh
configurations without relying on numerical model initialization?(Chapter 5)

Multi-scale methods with ghost cells and rotation-invariant inputs enable general-
ization of graph neural networks to new boundary conditions and mesh configurations
without requiring initialization from numerical models. By applying GNNs at multiple
spatial resolutions and combining them via a U-Net style architecture, the model achieves
computational efficiency and scalability. Ghost cells handle time-varying boundary con-
ditions, while rotation-invariant node features allow adaptation across unstructured
meshes. This design allows the network to generalize to entirely new case studies achiev-
ing both speed and accuracy. The model also generalizes from synthetic simulations to a
real case study - dike ring 15 in the Netherlands - achieving a mean critical success index
(CSID) of 0.87 with a single fine-tuning simulation.

RQ4: How can graph neural networks be used to estimate uncertainty for flood hazard
mapping in case studies with hydraulic structures?(Chapter 6)

GNNs can estimate uncertainty in flood hazard mapping thanks to a large ensemble
of simulations carried out up to 10,000 times faster than with physics-based models. The
outputs should also be validated against a mass conservation criterion to ensure physical
plausibility, especially in conditions where no ground-truth data is available. Hydraulic
structures can be encoded in the model via modifications in the node, edge, or mesh
characteristics taken as input. This approach can be used in realistic case studies to
generate probabilistic flood hazard maps that consider uncertainty in breach location
and breach outflow discharges for dike-breach flooding. Testing on a real case study (dike
ring 41, the Netherlands) shows that the model can achieve a mean CSI of 0.74 across a
wide range of scenarios.

7.3. FUTURE RESEARCH DIRECTIONS

1. Other types of floods. While this thesis focused on dike-breach floods, the same
methods developed here can be applied with little modifications to other types
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of floods. For river floods, with or without defences, the model can work in the
same way since inputs and outputs are generally identical. For dam breaks, the
model does also not require any changes, but might benefit from high resolution
in the output temporal frequency, due to the rapidly-evolving flows. For pluvial
floods, precipitation data must be added as a node feature both using previous
values and forecasted ones, similarly to how this is done in distributed rainfall-
runoff modelling. For urban floods, 1D urban drainage systems can be combined
to 2D surface floods via links between the two computational graphs (e.g., Finaud-
Guyot et al., 2011). For coastal floods and tsunamis, water levels can be imposed
as boundary conditions, while additional forcings such as wind could be added as
node features.

. Large-scale flood warning. Several countries employ real-time early warning sys-

tems and flood mapping at a national and continental scales. These results are
currently obtained either with hydrological models or only performed at low fre-
quency for higher resolution maps. Employing fast surrogates can allow countries
to obtain both fast and accurate results at the same time, similarly to how meteoro-
logical agencies such as the European Centre for Meteorological Weather Forecast
(ECMWEF) already employ DL-based alternatives to traditional numerical models
(Lang et al., 2024). Similarly to what we report in this thesis, these models could be
used for real-time forecasting of floods and for uncertainty analysis.

. Foundational surrogate flood models. This thesis focused on low-lying areas as

case studies, since they are commonly protected by flood defences. Future studies
should also verify if the same model works under different topographical conditions,
such as mountainous areas and larger river systems. A collection of homogenized
simulations dataset can then be the starting point to develop a foundational model
for floods, i.e., a single model that works under very different flood conditions,
in terms of timings, dynamics, and spatial characteristics, similarly to what was
done in hydrology (Addor et al., 2017). The data efficiency of the models developed
in this thesis suggests that only a relatively small number of simulations may be
needed for such a large and diverse dataset. However, building a truly foundational
model ultimately requires integration with real-world data, which are often scarce,
heterogeneous, and cannot capture the complete spatio-temporal evolution of
flood events (see next point). Simulations therefore remain a necessary preliminary
step toward this goal.

. Data integration. Surrogate models are, by definition, trained on numerical sim-

ulations. However, for many case studies there are also observations that can be
used to fine-tune these models. These can be collected from measuring stations,
water marks, satellite images, and social-crowded images. A continuous integra-
tion of such data can potentially improve the accuracy of surrogate models to be
better than state-of-the art numerical methods, as was shown, for example, in
weather forecasting (Lam et al., 2023). This step is also essential in developing true
foundational models that are not exclusively dependent on simulations.

. Combination with morphological models. Morphological models determine the
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joint evolution of a flood over time and the river bathymetry. Because of the cou-
pling of equations that are highly unstable, these systems require even more com-
putational resources than hydraulic flood models (Williams et al., 2016). Since
the numerical structure of these problems is very similar to that of water flows
alone, the models developed in this thesis could provide a promising avenue to
supplement the field of morphodynamics with faster models.

6. Hybrid models. Preserving physical guarantees can only be done when constrain-
ing the model to respect physical equations. A possible future research direction
consists in combining numerical models with machine learning by making the
codes differentiable (Kochkov et al., 2024). In this way, the model preserves physical
meaningfulness but also allows to automatically calibrate the model on observa-
tions, for example by adjusting the roughness coefficient.

7. Other DL models. This thesis focused on graph neural networks because of their
relational inductive bias and computational similarity with finite volume meth-
ods, which allowed to integrate physical principles from numerical methods in
hydraulics. GNNs exploit the computational mesh as a structural bias for the
hydraulic computations. Advances in GNNs with spatio-temporal models (e.g.,
Sabbaqi & Isufi, 2023) or generalizations to higher-order interactions (e.g., Yang
etal., 2022) may further benefit this bias and achieve better performance. Moreover,
new promising models, such as neural operators (Li et al., 2020), neural fields (Xu
etal., 2021), and diffusion models (Chen et al., 2023), still have to make their way
into flood modelling. This is likely because they are generally developed for fluid
dynamics problems, for which the medium is generally continuous over the full
computational domain, contrarily to floods in which many areas might remain or
become dry during a flood event.

8. Flood hazard mapping. The models developed in this thesis focus on simulating
overland flow, to obtain deterministic and probabilistic flood hazard maps. To
obtain the true probabilities of occurrence, we need to weight the conditional
probabilities (Chapter 6) by the failure probability and return period. This provides a
more accurate measure of the probability of flooding, which can further be included
in flood risk mapping via the addition of vulnerability curves and exposure maps.

7.4. BROADER PERSPECTIVE

Deep learning is still at an early stage in flood management, but it could become as trans-
formative as numerical models. Rather than replacing existing tools, it can complement
them, especially where physics-based methods face limitations. Promising uses include
uncertainty quantification and real-time forecasting, which can leverage the speed and
accuracy of these approaches. Deep learning models can also serve as a rapid preliminary
assessment tool that flags scenarios for more detailed simulation with physics-based
models. This workflow already resembles how conceptual models are used in hydrol-
ogy. Still, operational deployment should proceed gradually and be backed by rigorous
benchmarking to build trust through consistent and demonstrable value.
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Interpretability, robustness, and uncertainty quantification remain critical challenges
to overcome before deep learning can support high-stakes decisions in disaster response
or infrastructure planning. To this end, it is essential to have a transparent evaluation
with standardized datasets and shared benchmarks. Adoption will also require institu-
tional and cultural changes, including closer collaboration among Al researchers, domain
experts, policymakers, and communities. Ultimately, this thesis contributes to that shift
by advancing more data-efficient, generalizable, and physically grounded models, paving
the way for trustworthy and scalable Al tools in flood management.
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