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Abstract. Deep learning-based surrogate models represent a powerful alternative to numerical models for speeding up flood
mapping while preserving accuracy. In particular, solutions based on hydraulic-based graph neural networks (SWE-GNN)
enable transferability to domains not used for training and allow including physical constraints. However, these models are
limited due to four main aspects. First, they cannot model rapid differences in flow propagation speeds; secondly, they can
face instabilities during training when using a large number of layers, needed for effective modelling; third, they cannot ac-
commodate time-varying boundary conditions; and fourth, they require initial conditions from a numerical solver. To address
these issues, we propose a multi-scale hydraulic-based graph neural network (mSWE-GNN) that models the flood at different
resolutions and propagation speeds. We include time-varying boundary conditions via ghost cells, which enforce the solution
at the domain’s boundary and drop the need of a numerical solver for the initial conditions. To improve generalization over
unseen meshes and reduce the data demand, we use invariance principles and make the inputs independent from coordinates’
rotations. Numerical results on dike-breach floods show that the model predicts the full spatio-temporal simulation of the flood
over unseen irregular meshes, topographies, and time-varying boundary conditions, with mean absolute errors in time of 0.05
m for water depths and 0.003 m?s~*! for unit discharges. We further corroborate the mSWE-GNN in a realistic case study in
the Netherlands and show generalization capabilities with only one fine-tuning sample, with mean absolute errors of 0.12 m
for water depth, critical success index for a water depth threshold of 0.05 m of 87.68 %, and speed-ups of over 700 times.

Overall, the approach opens up several avenues for probabilistic analyses of realistic configurations and flood scenarios.

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 et al., 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
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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 and
Neuweiler, 2024; Liao et al., 2023; Kabir et al., 2020; Guo et al., 2021; He 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. Bentivoglio et al. (2023) 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 (Lino et al., 2022; Fortunato 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 et al., 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, discretized by irregular meshes, and
with different topographies and time-varying boundary 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.

The key novelties of this paper 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;
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— 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 rest of the paper is organized as follows: in Section 2 we give an overview of the methods, we describe the mesh creation
process; introduce the multi-scale hydraulic graph neural network model; describe how to include boundary conditions via
ghost cells; detail the inputs and outputs of the model; and present the training loss function. Then, in Section 3 we describe
the synthetic and case study datasets and present the results in Section 4. We discuss the method in Section 5 and conclude in

Section 6.

2  Methodology

We developed a multi-scale graph neural network that combines the information at progressively coarser resolutions to prop-
agate floods in space and time with different flow speeds (Figure 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 hy-
draulic 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 2.1) and the model architecture (Section 2.2).
Then, we show how to include boundary conditions (Section 2.3) and rotation-invariant inputs (Section 2.4). Finally, we
describe the employed loss function (Section 2.5). We denoted variables x at a given scale or resolution My, as 2™, 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 X. When the

superscript m is omitted, we refer to the variables at the finest scale.
2.1 Multi-scale mesh creation

We designed a multi-scale model that combines meshes with progressively coarser resolutions. 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 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 triangular 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.



Figure 1. Overview of the proposed mSWE-GNN model. The mogel) takes as input a ne mesh and its coarser versions, along with

the static and dynamic inputs de ned 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 ood. Boundary conditions are provided at each time step by assigning a known value to a set of cells in the dynamic
inputsU' 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. 4
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Figure 2. Left: adjacency matrix representation of the multi-scale graph, for a mesh with three gcllesRN " represents the

NP

adjacency matrix at scate, whileP™' " 2 RV " represent the prolongation matrix from scaileo scalen. Right: example connection

between a ne mesi ! and a coarse mesgh?, whereP?' ! indicates the connectivity across the two scales.

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 mes|
90 barycenters, as shown in Figure 2. If a ne mesh cell's center is within a coarse mesh cell center, then a directed inter-scale
edge exists between the two nodes.

We can describe the connectivity of the obtained multi-scale graph via a block-diagonal connectivity matrix composed
by adjacency matrice&™ and prolongation matriceB™' ". Adjacency matrices are squared matrices that represent the
connectivity of a graph at scafe by assigninga' =1 if edge(i;j ) exists. Prolongation matrices are rectangular matrices that

95 act like adjacency matrices, but connect one sgate its upper or lower scale2f m+1;m 1g. They can also be seen as

adjacency matrices for bipartite graphs whose nodes can be divided into two disjoint sets.
2.2 Architecture

We develop the Multi-scale Hydraulic Graph Neural Network (mSWE-GNN) by building upon Bentivoglio et al. (2023). This
is an encoder-processor-decoder architecture that auto-regressively predicts the hydraulic variabléslaagme

100 O = U'+ ( XsU' PYE); (1)

where the outpu'™* corresponds to the predicted hydraulic variablé'sare the hydraulic variables (water depth][and
unit discharger?s 1]) at timet, ( ) is an encoder-processor-decoder model that determines the evolution of the hydraulic
variables for a xed time stepXs are the static node featuré#!, P are the dynamic node features, i.e., the hydraulic variables
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for time stepst ptot, andE are the edge features that describe the geometry of the mesh. We include different mesh

resolutions by de ning the mode{ ) in a U-shaped architecture, inspired by Gao and Ji (2019), starting from a ne mesh to

coarser ones and back to a ne mesh output. Hereafter, we describe the details of the architecture shown in Figure 1.
Encoder. We increase the expressivity of the inputs by employing three separate encoders for processing the static node

featuresXs 2 RN 's, the dynamic node featureg U' P2 RN' O(P*D | and the edge featur&2 RE ", with N the

total number of noded,s the number of static node featuréé® the number of nodes at the nest sca®,the number of

hydraulic variablesp the number of input previous time stefs,the number of edges, arid the number of input edge

features. The encoded variables are de ned as
Hs= s(Xs);Ha= a(Xa):E’= - (E); ()

where () and 4() are 3-layer MLPs shared across all nodesdr2iRN € the encoded node featuresy( ) is a 3-layer

MLP shared across all edges that encodes the edge featur& hRE ¢, andG the number of features in the latent space.

The encoded variabless, Hg, andE° represent a higher-dimensional version of the original inputs that is more expressive.
We apply the shared encoders of the static featugé3 and - () to all features at all scales, while the encoder of the dynamic
features 4( ) is applied only to the nest 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 ne to coarse and a up-sampling branch
from coarse to ne, as shown in Figure 1.

In the down-sampling branch, we start by applylngsNN layers at the encoded node and edge fealltléesHé, ande®
at the nest-scale mesl ;. Then, we apply a down-sampling operatoM , ' M 41 that maps the features of the ner
scaleM , to the coarser scaM .1 . We repeat these two operations until the nal coarser scale. In the up-sampling branch,
we apply an up-sampling operatbrM .1 !'M 1, that maps the features from the coarser sbélg.; to the ner scale
M . We add skip connections to sum the output of the down-sampling GNN atMcglevith the output of the up-sampling
operator from scal® 41 to M ,. These connections facilitate information transfer and training, similarly to Ronneberger
et al. (2015). Finally, we apply another setlofGNN layers to the output of the skip connections and repeat these operations
until the nest 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

s ™= hgihg:hingny Rg) 3)

‘ X

N S I TR (4)
J2N
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where ():R% ! RCisanMLP, isthe Hadamard (element-wise) proddtg,) is the embedding of the dynamic inputs at
nodei and layer , h; is the embedding of the static inputs at nodandW(? 2 R® © are learnable parameter matrices. The
propagation rule in Eq. (3) has a hydraulic gradient-like thgH, hgi), that acts as a physical constraint that allows water to
propagate only from nodes which already have water. In Fgegts 0 only if nodei has both zero water depth and discharge,
since the dynamic node encoder has no bias term. The predicted uxes acrossjndtles combine the information from
neighbouring nodell; by following the principles of numerical methods.

The down-sampling operatérM ,, ' M 41 is @a mean pooling operafofrom a ne meshM , to a coarse mesM .1

de ned as
ot L X h3; 5
di iN m! m+1: di v ( )
J i J N M ome
whereN™ ™*1 s the set of neighbouring nodes in the ner mégh, connected vertically to the nodes in the coarser mesh

M m+1 andhg *1 2 RC are the down-sampled dynamical features at noti¢e used a mean pooling operation since physical
features at coarser scales should resemble those at the ner scale. This approach offers a trade-off between simpler resamplin
methods such as nearest neighbour and more computationally intensive ones such as cubic interpolation (Maeland, 1988).

The up-sampling operatét M .1 ' M, is a learnable operator de ned as

hgi MM b RGN G hg T ()

N

whereh{ are the up-sampled dynamic node features at riomescaleM ,, ™*' M():R* I RS is an MLP, and

N,™ 1M s the set of neighbouring nodes in the coarser mdsh.; to the nodes in the ner meshl ,,. This expres-

sion has two important features: rst, it is independent of the number of nodes in the ne scale, meaning that it works both

from one-to-one node or from one-to-several nodes; second, the multiplicatigf Byensures that this operation only acti-

vates when a node on the coarse cell has water in ithGE.l, 6 0. Differently from the SWE-GNN layer (Eq. (3)), we avoid

edge features, since there are none across scales, and the hydraulic gradient term since the values at one scale should be cl

to those at the previous scale. Thus, using a difference would result in a zero value when the features at two scales are identica
We add skip connections to combine the outputs of the down-sampling @lﬁlﬁlzwith the outputs of the up-sampling

operationshg}" , before applying another GNN layer. The skip connections can be expressed as

hy  hT*+ hD (7)

Skip connections should improve the connectivity between different parts of the architecture and combine the different propa-
gation speeds.

The obtained MSWE-GNN architecture allows us to model the ood'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 ow speeds are con

bined in the architecture allowing the model to capture better their variations from one time step to another. This is particularly

1Wwe also evaluated a learnable pooling operator, but the performance was lower, as highlighted in the ablation study in Sec. 4.3.



