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• Upstream-aware terrain representations for capturing long-range dependencies.

• Validation on international case studies and mitigation measures.
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A B S T R A C T

Deep learning-based surrogate models can substantially accelerate pluvial flood simulations. However, most ex­

isting approaches struggle to generalize across heterogeneous terrains or modified topographies, limiting their 

applicability for real-world flood risk assessment unless retrained for each specific terrain. In this work, we in­

vestigate how deep learning flood surrogates can be designed to achieve robust spatial generalization across 

previously unseen terrain configurations without retraining. We train an attention-enhanced U-Net on diverse 

terrain and introduce upstream-aware input maps that propagate terrain properties into downstream regions, al­

lowing the model to capture long-range spatial dependencies and supporting the learning of generalizable spatial 

features. In addition, we add architectural design choices to improve the model’s capacity to generalize beyond 

the training domain. We further propose a two-stage training strategy with an adapter-like rainfall encoder that 

enables efficient adaptation to previously unseen rainfall intensities while preserving spatial generalizability. The 

resulting model predicts maximum water depths and is evaluated on unseen catchments in Germany, Austria and 

Denmark, as well as on artificially modified terrains, such as terrains with added dikes. Our results demonstrate 

that combining a large training dataset with upstream-aware terrain representations and a generalization-oriented 

architectural design enables accurate flood predictions across unseen terrains, reaching an RMSE of 0.05 m and 

CSI0.3 of 0.83 over all test domains. 

1 . Introduction

Pluvial flood events, i.e., floods caused by intense rainfall, cause 

significant damage to urban areas every year (Nicklin et al., 2019). 

With the increasing frequency and intensity of such events due to cli­

mate change (IPCC, 2022; Winsemius et al., 2016), the need for reliable 

flood prediction and risk assessment is growing. Accurate estimation of 

maximal water depths during heavy rainfall events is therefore essential 

for identifying areas at risk and for quantifying potential damage. Such 

predictions can support urban planning and mitigation measures, includ­

ing the design of retention basins, drainage upgrades, or targeted terrain 

modifications. Reliable prediction is thus indispensable for effective 
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risk mitigation, infrastructure design, and long-term climate-change 

adaptation strategies.

Physics-based hydrodynamic models are widely regarded as the gold 

standard for simulating pluvial flooding using the 2D shallow water 

equations (Cea and Costabile, 2022). These models reliably predict 

flood damage locations and severity and support systematic rainfall 

scenario analysis under varying topographic conditions, as well as 

flood mitigation strategies (Waser et al., 2011). However, their high 

computational cost – driven by the need for high-resolution topography, 

large spatial domains and small time steps for numerical stability – 

limits the speed and flexibility of analysis, making real-time forecasting 

and comprehensive scenario exploration challenging. Even when 

using high-performance computing and GPU acceleration (Buttinger-

Kreuzhuber et al., 2022; Luan et al., 2023), simulations over large do­

mains or multiple rainfall scenarios remain computationally demanding.

This motivates the development of machine-learning-based surro­

gate models that approximate physics-based simulations at substantially 

lower computational expense. Trained on simulation outputs, these 

models can quickly predict flood behavior for various rainfall or ter­

rain scenarios, enabling rapid screening to identify cases that warrant 

detailed numerical evaluation. Deep learning (DL) (LeCun et al., 2015) 

has proven particularly effective, as neural networks capture nonlin­

ear relationships and spatial dependencies. In this context, pluvial flood 

modeling is formulated as an image-to-image translation task. Some ap­

proaches predict the temporal evolution of flooding by modeling water 

depths at successive time steps (Bentivoglio et al., 2023; Kazadi et al., 

2024; Chaudhary et al., 2024; Bentivoglio et al., 2025; Xu et al., 2025;

Cao et al., 2025; Song et al., 2025b). Other approaches instead directly 

estimate the maximum water depth from the input maps. These methods 

either reduce computational cost by performing simulations at low res­

olution and subsequently applying super-resolution (Song et al., 2025a;

El baida et al., 2025), or predict maximum water depth using physics-

guided methods (Woo et al., 2025; Taghizadeh et al., 2025) or purely 

data-driven approaches (Guo et al., 2021; Löwe et al., 2021; Cache et al., 

2024; Do Lago et al., 2023). In the case of purely data-driven approaches, 

models are trained to map rainfall intensities and static input features – 

such as terrain elevation, land use, and flow accumulation – to maximum 

water depth. Commonly employed deep learning architectures include 

convolutional neural networks (CNNs) (Liao et al., 2023; Woo et al., 

2025), such as U-Nets (Löwe et al., 2021; Guo et al., 2021, 2022), some­

times enhanced with residual connections (Shao et al., 2024), as well 

as graph neural networks (GNNs) (Taghizadeh et al., 2025) and gen­

erative adversarial networks (GANs) (Hofmann and Schüttrumpf, 2021;

Berkhahn and Neuweiler, 2024; Shao et al., 2024; Burrichter et al., 2023;

Do Lago et al., 2023).

Several of these studies have investigated the ability to generalize to 

unseen rainfall events within the same spatial domain (Liao et al., 2023;

Guo et al., 2021; Shao et al., 2024; Hofmann and Schüttrumpf, 2021;

Berkhahn and Neuweiler, 2024; Pang et al., 2026; Burrichter et al., 2023;

Cao et al., 2025). While these studies demonstrate promising perfor­

mance within the given study area, extending the models to conditions 

outside the training domain or to modified terrains was generally not 

their primary focus. Only few studies have explored spatial general­

ization more explicitly. Löwe et al. (2021) trained a U-Net in Odense, 

Denmark, reserving separate spatial locations for validation, making it 

one of the earlier works to explicitly consider spatial generalization. 

Similarly, Cache et al. (2024) trained a multi-resolution model on data 

from Zurich and demonstrated that accurate predictions for multiple 

rainfall events in Lucerne and Singapore can be achieved by fine-tuning 

the model on the respective terrain using only a single rainfall event. 

Seleem et al. (2023) used a U-Net and a Random Forest to general­

ize between three catchments in Berlin, Germany, while Do Lago et al. 

(2023) employed a conditional GAN trained on multiple catchments in 

San Antonio, Texas. Guo et al. (2022) trained a U-Net to predict maximal 

water depths and velocities for a single rainfall event using data from a 

large number of catchments within the Canton of Zurich, reserving some 

catchments to evaluate spatial generalization to terrain not seen during 

training. This study is among the few to consider such a wide variety of 

terrains, representing an important step toward reliable generalization.

As a result, current deep learning surrogates for estimating maxi­

mal water depths for a given rain event perform well within regions 

seen during training but struggle on unseen terrains (Cache et al., 2024;

Seleem et al., 2023) or altered topographies – such as constructed 

dikes and retention basins – limiting their practical applicability despite 

their substantial computational speed-ups. This motivates our central 

research question: How can deep learning-based flood surrogates be de­

signed to achieve robust spatial generalization across unseen terrains 

and modified topographies without retraining? We investigate four key 

challenges:

• What extent of spatially distributed training data are required to 

enable robust transfer to entirely unseen terrain configurations?

• How can feature engineering and input representations be de­

signed to capture long-range spatial dependencies and improve 

generalization across catchments?

• Which architectural design choices most effectively enhance the 

model’s ability to generalize beyond training data?

• Can the model be efficiently adapted to previously unseen rainfall 

events without losing spatial generalizability?

To address these challenges, we make the following contributions: 

First, we explore the data requirements for achieving robust perfor­

mance, by exposing the model to a wide range of spatial patterns, allo­

cating distinct regions for training, validation, and testing. Second, we 

introduce input maps that propagate terrain properties into downstream 

regions, enabling the model to capture long-range spatial dependen­

cies. To the best of our knowledge, this is the first approach to include 

additional downstream-propagated terrain properties, rather than re­

lying solely on flow accumulation. Third, we investigate architectural 

design choices to enhance the model’s capability to consistently rep­

resent various spatial patterns. Specifically, we analyze the effect of 

incorporating attention mechanisms into the skip connections and the 

bottleneck, evaluating their impact on feature aggregation and overall 

model performance. Fourth, we introduce a two-stage training strategy: 

(i) training is performed on a single rainfall event to focus on learn­

ing robust spatial features that generalize to unseen domains; (ii) an 

adapter-like rain encoder is used to enable efficient rain fine-tuning, 

maintaining robust performance on additional rain events, with smaller 

amounts of reference simulation data. Together, these contributions 

form the basis of a surrogate model designed to predict maximum water 

depths and to support strong spatial generalization across unseen terrain 

configurations.

After training the model in Rhineland-Palatinate (RLP), a federal 

state of Germany, we evaluate it within unseen regions in RLP as well 

as in Austria and Denmark to examine its ability to maintain strong 

performance far outside the training area. Additionally, we evaluate 

performance in estimating changes in maximal water depth caused by 

artificial terrain modifications to investigate its potential for practical 

applications in flood risk assessment and management. After applying 

the two-stage training procedure, we apply the model to artificial and 

natural rain events with varying intensities and shapes to assess its capa­

bility to adapt to varying rainfall conditions. Finally, we investigate how 

different factors – including a large training dataset and careful input 

map design – contribute to reliable generalization and support accurate 

predictions in unseen terrains.

2 . Methodology

We present a methodological framework for developing, training, 

and evaluating a model that predicts maximal water depth during plu­

vial flood events. We begin by describing the data and simulation setup, 

including the input datasets and the generation of ground truth through 

numerical hydrodynamic simulation. Afterwards our input maps and 
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preprocessing pipeline are introduced, which encode terrain charac­

teristics to support accurate predictions with particular emphasis on 

capturing long-range dependencies. We then detail the machine learn­

ing model architecture and training procedure, both motivated by the 

need for effective spatial reasoning and stable training. Building on 

these components, an initial training stage produces a model designed to 

generalize to unseen domains under fixed rainfall conditions; a second 

training stage then extends the model’s applicability to varying rainfall 

scenarios by augmenting it with a dedicated rain adapter module and 

a lightweight fine-tuning process. Finally, we describe the evaluation 

strategy, including the metrics and validation protocols used to assess 

model performance in a rigorous and transparent manner.

2.1 . Data & simulation

To examine how training data size enables model generalization to 

unseen domains, we employ a large dataset covering a wide geographic 

area of RLP. The scale of the dataset exceeds that used in previous stud­

ies (Do Lago et al., 2023; Löwe et al., 2021; Cache et al., 2024; Seleem 

et al., 2023; Guo et al., 2022) and allows us to investigate how the num­

ber of training domains affects the model’s ability to learn transferable 

relationships that can be applied to previously unseen terrains.

Spatial domain. Fig. 1(a) shows the study region in RLP, covering 

approximately 20, 000 km2. The region was subdivided into 148 simula­

tion domains derived from catchments. Catchment size was artificially 

limited to 20 km2 by marking pixels with larger contributing area as 

invalid, thereby excluding pixels belonging to larger rivers and as­

sociated fluvial flooding from the simulations. Multiple catchments 

were then combined into a single simulation domain (see Figure S1 

in Supplementary Section A.1 for a more detailed description of the 

domain construction). The resulting domains were divided into 120
training, 14 validation, and 14 test domains. In addition, two evalua­

tion domains outside RLP were analyzed to assess model transferability 

across different geographic regions. The first domain is located near 

Odense, Denmark (∼173.86 km2), a relatively flat region previously used 

by Löwe et al. (2021), while the second is located in the vicinity of 

Mariazell, Austria (∼99 km2) to provide a contrasting mountainous set­

ting. As summarized in Table 1, the elevation values in both domains 

lie outside the distribution observed during training. To ensure compa­

rable scales, we adjusted the height field by shifting its mean to match 

the mean elevation of the training data. This adjustment is permissible 

since the target water depth is independent of absolute elevation. Pixels 

corresponding to the sea in the area of Odense were declared invalid. 

The boundaries of both evaluation domains were generated using a 

Fig. 1. AI-driven pluvial flooding prediction workflow. The workflow includes the single-event model 𝑀single and the multi-event model 𝑀multi, which extends 𝑀single

with a rainfall adapter. (a) Spatial partitioning of catchments in Rhineland-Palatinate (RLP) into training (blue), validation (Orange), and test (green) domains (left). 

Terrain data of a simulation domain (right). (b) Simulated maximum water depth for the simulation domain (top) and extracted patch (bottom), used as ground truth 

for model training. (c) Example input feature map derived from the domain’s terrain. (d) Neural network model 𝑀single processing spatially patched input maps: 

the encoder (Orange), bottleneck (blue), and decoder (green) generate a spatial prediction of maximum water depth. (e) Rainfall input workflow: hyetographs of 

various rainfall events, the selected hyetograph, and the rain adapter architecture (purple), which integrates rainfall data into the spatial model to extend 𝑀single to 

the multi-event model 𝑀multi. (For interpretation of the references to colour in this Figure legend, the reader is referred to the web version of this article.)
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Table 1 

Height statistics for Odense, Mariazell and RLP training 

domains.

Location Range [m] Mean [m]

Odense, Denmark 2–120 27

Mariazell, Austria 750–1200 910

RLP, Germany: Training Data 36–830 324

catchment-derivation algorithm, since, in contrast to RLP, no catchment

data were available.

Ground-truths. Fig. 1(b) presents the simulation output—the maxi­

mum water depths—including an inset highlighting a subregion of the 

simulated domain. Hydrodynamic simulations were performed with

scenarify, a computational framework that solves the shallow-water 

equations using finite-volume schemes (Buttinger-Kreuzhuber et al., 

2019, 2022). The simulations employed a uniform spatial resolution of 

2 m since finer resolutions would lead to prohibitively long computa­

tion times, whereas the neural network is designed to provide a rough 

estimate rather than fine-scale detail. To minimize potential sources of 

error and focus on generalization to unseen terrains, we use a spatially 

uniform Manning roughness coefficient (0.0313 s∕m1∕3) and neglect infil­

tration during ground truth generation (see also Do Lago et al. (2023)). 

While neglecting infiltration leads to less realistic simulations and gen­

erally higher maximum water depths, it simplifies the underlying flood 

dynamics and reduces additional sources of variability. At the same time, 

the resulting higher water depths can be interpreted as a worst-case 

scenario, where the soil can no longer absorb any surface water. Cells 

outside the domain were excluded from simulation and model predic­

tion, with boundary conditions defined to allow water to freely flow out 

at each time step. This allows for domain outflow while restricting the 

simulations to pluvial flooding, as fluvial flooding associated with larger 

river catchments is excluded based on the contributing-area threshold 

defined above. For the initial conditions, we assume zero initial water 

depth. Filled lakes and canals are represented as part of the terrain ele­

vation. Similar to Cache et al. (2024); Do Lago et al. (2023); Löwe et al. 

(2021); Guo et al. (2022, 2021), the simulations were driven by spatially 

uniform rainfall events. These include a 2 h, 100-year Euler Type II event 

derived from KOSTRA-DWD-2020 (Junghänel et al., 2023) – a dataset 

containing spatially interpolated design rainfall statistics provided by 

the German Weather Service (Deutscher Wetterdienst) – for RLP, addi­

tional 1-hour KOSTRA-DWD-2020 events with varying return periods 

and amplification factors, as well as natural rainfall patterns from the 

data provided by Löwe et al. (2021). Each simulation covered a period of 

4 h, producing maximum water-depth values across the domain, which 

were subsequently extracted as ground-truth data. The simulation end 

time is deliberately chosen to be significantly longer than the rainfall 

event to capture the runoff that continues after the rainfall has ended. 

The simulations capture long-range dependencies across the entire do­

main, with complex flow patterns arising from interactions between 

local terrain, neighborhood retention effects, and upstream contributing 

areas.

2.2 . Input maps & preprocessing

We designed input maps to systematically capture hydrologically 

relevant information across multiple spatial scales, from local terrain 

features to upstream catchment contributions. All input maps were de­

rived from the terrain using the open-source library WhiteboxTools 

(WBT) (Lindsay, 2017), with Table 2 summarizing each channel, its 

transformation, and a brief description. Each map is generated for the 

entire domain, providing a global representation of terrain and hydro­

logical characteristics, as exemplified in Fig. 1(c). The input features can 

be conceptually organized into three levels: terrain, semilocal, and global

descriptors. This hierarchical structure ensures that the model receives 

Table 2 

Overview of input maps used by our model with the corresponding trans­

formations applied during preprocessing and a short description of the input 

map.

Channel Transf. Notes

Terrain None Elevation relative to sea level.

Slope Square-root Magnitude of terrain slope.

Sink Depth Reciprocal

1∕(1 + 𝑥)
Height distance to outlet in local sink. 

Zero outside of sinks.

FLACC log10 Flow accumulation map.

Average 

Upstream Slope

log10 Mass flux of slope over upstream area; 

not used in prior studies.

Upstream 

Capacity

log10 Mass flux of sink depth over upstream 

area; not used in prior studies.

complementary information, ranging from point-wise terrain properties 

to aggregated upstream context, enabling it to capture both fine-scale 

and catchment-scale flow dependencies.

Terrain – referring to the digital elevation model (DEM) – char­

acterizes geometric properties at each grid cell independently of its 

surroundings. This feature encodes elevations, which govern local flow 

direction and immediate runoff behavior. As such, the terrain pro­

vides fundamental point-wise geometric information that is essential 

for predicting the local distribution of water accumulation. By captur­

ing fine-scale terrain characteristics, local features form the basis upon 

which more complex, scale-dependent representations can be built.

Semilocal features capture terrain characteristics that depend on 

the neighborhood surrounding each cell. In our study, this is represented 

by the Slope (calculated using slope from WBT) and Sink Depth – defined 

as the height difference from the outlet within a local sink (calculated 

using depth_in_sink from WBT). These features encode retention and 

storage potential, providing context beyond point-wise terrain informa­

tion and allowing the model to account for localized water accumulation 

and flow retention. By representing neighborhood-scale storage effects, 

Slope and Sink Depth contribute additional spatial context between 

point-wise terrain properties and catchment-scale influences.

Catchment-scale features encode aggregated upstream influence 

and capture long-range spatial dependencies across the entire domain. 

These features enable the model to account for how upstream terrain, 

slope, and storage characteristics affect water accumulation and flow 

at each location. In this study, we considered three such features: Flow 

Accumulation (FLACC), Average Upstream Slope, and Upstream Capacity

(all calculated using d8_mass_flux from WBT after filling the ter­

rain using fill_depressions from WBT). The general expression for 

calculating the upstream-aware maps is given by the mass flux:

𝐹𝑖 =

(

𝐿𝑖 − 𝛼𝑖 +
∑

𝑗∈Ω𝑖

𝐹𝑗

)

𝜂𝑖, (1)

where 𝐿𝑖 is the local property to be transported, 𝛼𝑖 is local absorption 

(set to zero for all maps in this study), 
∑

𝑗∈Ω𝑖
𝐹𝑗  is the total inflow from 

all upstream cells Ω𝑖 draining directly into cell 𝑖. We set the efficiency 𝜂𝑖
to 0 for cells 𝑖 that are invalid in the simulation domain and 1 for valid 

cells. This choice mirrors the behavior of the runoff simulation, where 

water is removed at invalid cells.

The choice of 𝐿𝑖 determines the type of catchment-scale feature:

• FLACC: 𝐿𝑖 = 1, measuring the contributing area of each cell. This 

quantifies the potential amount of runoff accumulating at a given 

location.

• Upstream Capacity: 𝐿𝑖 is set to Sink Depth, propagating informa­

tion about the volume of water that can be captured by upstream 

depressions.

• Average Upstream Slope: 𝐿𝑖 is set to the local slope. The map en­

codes upstream terrain steepness and its influence on flow velocity 

and runoff dynamics. In this case, the resulting flux is divided by 
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the FLACC to provide the mean upstream slope, giving the model 

a measure of the overall steepness of upstream terrain.

By propagating these properties downstream, catchment-scale fea­

tures provide the model with a multi-scale representation of how 

upstream terrain and storage characteristics influence water distribu­

tion.

Preprocessing and normalization. After feature generation, each channel 

is transformed and normalized using min-max scaling based on statistics 

computed from the training set. Following Löwe et al. (2021), the target 

maximum water depth is square-root transformed to reduce skewness. 

These preprocessing steps ensure that inputs and targets are represented 

on comparable numerical scales, which facilitates stable and efficient 

model training.

2.3 . Model architecture

Fig. 1(d) presents a schematic of the network corresponding to the 

base model 𝑀single, while Fig. 1(e) illustrates the rainfall-conditioned 

extension 𝑀multi (see Supplement Section A.2 for more details). The 

architecture is based on a U-Net with attention in the bottleneck 

(Petit et al., 2021) and attention gates at the skip connections (Oktay 

et al., 2018). Key hyperparameters are summarized in Table 3. The 

architectural design was guided by the following challenges:

Long-range dependencies. Rainfall response in catchments exhibits 

long-range spatial dependencies, as upstream terrain strongly influences 

downstream water accumulation. These interactions are partially cap­

tured through the input maps. However, the model must additionally 

ensure effective communication between all locations within an input 

patch, which is not guaranteed by fully convolutional neural networks 

– depending on the model parameters and patch size – due to their 

limited effective receptive field (Luo et al., 2017). We introduce a bottle­

neck with multi-head self-attention (see also Petit et al. (2021); Cache 

et al. (2024); Natarajan et al. (2026)), enabling information to prop­

agate across distant spatial positions within the input patch. Relative 

positional encoding (Shaw et al., 2018) preserves translation invariance 

while maintaining pairwise positional information. To provide adequate 

context for attention, we feed the network large input patches, which im­

poses memory constraints and motivates the use of group normalization 

instead of batch normalization.

Sparse gradient signals and training efficiency. Flood-relevant regions oc­

cupy only a small fraction of the domain, leading to sparse and noisy 

gradient signals. To facilitate training, residual connections are added to 

each double convolution block, creating shortcuts that allow the input 

signal to bypass intermediate layers. These shortcuts preserve original 

information and improve gradient flow (He et al., 2016). Additionally, 

attention gates (Oktay et al., 2018) in the skip connections between 

encoder and decoder suppress irrelevant features and emphasize impor­

tant regions, enhancing the signal-to-noise ratio of gradient updates and 

improving overall training efficiency.

Rainfall conditioning. The architecture described above defines the 

base model 𝑀single, which is trained on data from a single rainfall event. 

The pretrained model is then extended with a lightweight conditioning 

module, the Rainfall Adapter (see Fig. 1e), to obtain 𝑀multi. Rainfall char­

acteristics are encoded by a small multilayer perceptron and injected via 

Feature-wise Linear Modulation (FiLM) (Perez et al., 2018), which ap­

plies learned affine transformations to the feature channels, enabling 

rainfall-specific modulation while preserving the pretrained backbone.

2.4 . Training procedure

The proposed model is trained in two stages. First, the base model 

𝑀single is trained using simulations generated from a single rainfall 

event, allowing the network to learn robust spatial representations that 

Table 3 

Key hyperparameters of the attention-enhanced U-Net 

model.

Hyperparameter Value

Depth 5

Number of initial features 64

Number of attention heads 8

Dropout 0.01

generalize across catchments. In a second stage, the rainfall-conditioned 

model 𝑀multi is obtained by fine-tuning the network using multiple 

rainfall scenarios. The following subsections describe both stages.

2.4.1 . Spatial representation learning with 𝑀single

We train 𝑀single using the input maps from the 120 domains selected 

for training and the corresponding ground truths by simulating a 2 h, 

100-year event from KOSTRA-DWD-2000 (Junghänel et al., 2023). The 

following paragraphs describe the details of the training procedure:

Patch sampling. During training, patches of size 1020 × 1020 pixels 

(2040 m × 2040 m) are sampled from random spatial locations across 

all training domains. Patches containing more than 10% invalid pixels 

are discarded, as they provide limited useful information. Invalid cells 

in the input maps are set to zero, while the corresponding target cells are 

excluded from loss computation and evaluation metrics. For validation, 

each domain is subdivided using a structured grid to ensure consistent 

evaluation across epochs and training runs.

Stability. Due to the large patch size, GPU memory constrains the batch 

size to 4. Together with the skewed distribution of target values, this 

small batch size necessitates additional mechanisms to stabilize training. 

We therefore adopt the mean absolute error as the loss function:

L(𝑦, 𝑦̂) = 1
𝑁

∑

|𝑦 − 𝑦̂|,

which is robust to outliers and avoids large, destabilizing gradients. 

Optimization is performed using the Adam algorithm (Kingma and Ba, 

2014), providing stable and efficient parameter updates during train­

ing. The learning rate is gradually reduced from 10−4 to 10−5 via cosine 

annealing (Loshchilov and Hutter, 2016), promoting smooth and stable 

convergence.

Generalization. We apply two additional strategies to promote gener­

alization: (i) We apply data augmentations to increase patch diversity 

and discourage orientation-specific features (see also Do Lago et al. 

(2023); Cache et al. (2024)) using the 8 symmetry transformations 

generated by 90◦ rotations and vertical flips. These transformations 

are label-preserving for raster inputs, as applying the same transfor­

mation to both input and target yields a valid training pair. (ii) To 

obtain more stable evaluation behavior, we maintain an exponential 

moving average (EMA) of the model parameters with a decay rate of 

0.999 (Morales-Brotons et al., 2024). We maintain two sets of weights: 

the original network parameters for training and an EMA version, 

which is updated throughout training and used for validation and test­

ing. This approach can be viewed as a temporal ensemble of recent 

model states, which tends to favor flatter regions of the loss landscape, 

thereby improving the stability and generalization of the evaluated

model.

After applying this training procedure for 400 epochs with 10,000
patches per epoch, we obtain the model 𝑀single, trained to predict 

maximal water depths for the rain event used during training.

2.4.2 . Rainfall adaptation with 𝑀multi

The second training stage enables efficient adaptation to addi­

tional rainfall scenarios by decoupling spatial and rainfall variability. 
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While 𝑀single learns transferable spatial representations in the first 

stage, the rainfall adapter extends the model to additional rainfall con­

ditions without retraining the full network, reducing computational 

and data requirements. Besides the 2 h 100-year Euler Type-II event 

used in the first training stage, the dataset for training 𝑀multi in­

cludes 1 h Euler Type-II events with varying return periods from 

KOSTRA, a 100-year event with an amplification factor of 2, and natu­

ral rainfall patterns with varying temporal characteristics derived from

Löwe et al. (2021).

Training setup. In contrast to the first training stage, we use only 8 

out of the 120 available spatial domains (see Figure S5 in Supplement 

Section A.5) to reduce the number of simulations required to gener­

ate training data. For each sample, we randomly select an input patch 

and a hyetograph as well as the corresponding target patch. The model 

is fine-tuned for 15 epochs using 10,000 samples per epoch. During 

this stage, encoder weights are frozen to preserve the spatial feature 

representations learned during the first stage.

2.5 . Evaluation

After training, we evaluate the model across a range of scenarios 

to ensure robust performance in predicting maximum water depths. 

The domains are divided into patches with a 50% output overlap to 

mitigate boundary artifacts. Predictions from overlapping patches are 

combined using the arithmetic mean at each spatial location to recon­

struct the full domain, and evaluation metrics are computed on the 

reconstructed outputs. Only in Section 4, do we use patches without 

output overlaps to analyze the model’s performance within individual

patches.

To provide a comprehensive assessment, we employ several comple­

mentary metrics, each designed to capture different aspects of model 

performance (see Table 4).

The root mean-squared error (RMSEthr) is used as a global error met­

ric due to its sensitivity to outliers, providing insight into the distribution 

of prediction errors and highlighting extreme deviations.

The Critical Success Index (CSIthr) evaluates the model’s ability to 

detect pixels exceeding a given threshold.

At low thresholds, the CSI indicates the model’s ability to discrim­

inate between wet and dry pixels. At higher thresholds, it reflects the 

capability to detect extreme water depths.

2.6 . Technical implementation

The model was implemented in Python version 3.12.0 using PyTorch 

version 2.8.0. Training, evaluation, and timings for the physical sim­

ulation in Section 3.6 were performed on an NVIDIA GeForce RTX 

5090. In order to utilize the GPU’s performance on certain data types 

and reduce memory consumption, training was performed on data in

float16.

Table 4 

Evaluation metrics. The symbols 𝑦𝑖 and 𝑦̂𝑖 denote the 

ground-truth and predicted maximum water depth at 

pixel 𝑖, respectively. 𝑁  denotes the total number of 

evaluated pixels, and thr denotes the given threshold. 

We denote 𝐻thr as the number of pixels 𝑖 where 𝑦𝑖 > thr

and 𝑦̂𝑖 > thr (hits), 𝑀thr as the number of pixels where 

𝑦𝑖 > thr and 𝑦̂𝑖 ≤ thr (misses), and 𝐹𝐴thr as the number 

of pixels where 𝑦𝑖 ≤ thr and 𝑦̂𝑖 > thr (false alarms).

Metric Range Best

RMSE =
√

1
𝑁

∑𝑁
𝑖=1 (𝑦𝑖 − 𝑦̂𝑖)

2 [0,∞) 0

RMSEthr =
√

1
|{𝑦𝑖>𝑡ℎ𝑟}|

∑

𝑖∶𝑦𝑖>thr (𝑦𝑖 − 𝑦̂𝑖)
2 [0,∞) 0

CSIthr =
𝐻thr

𝐻thr+𝑀thr+𝐹𝐴thr
[0, 1] 1

3 . Results & discussion

3.1 . Performance evaluation

Table 5 summarizes the performance of the single-event model 

𝑀single in predicting maximum water depth on the training, validation, 

and test datasets, as well as the case studies discussed in the follow­

ing sections. Performance decreases from the training to the validation 

and test datasets, consistent with expected behavior. CSI values of ap­

proximately 0.8 and RMSE values near 0.05 m indicate robust predictive 

performance on unseen domains, while the close agreement between 

validation and test metrics suggests that the validation set provides a 

reliable estimate of generalization performance.

The results across different maximum water depth thresholds pro­

vide further insights into model behavior. The CSI values for the training 

dataset remain relatively stable, whereas the CSI values for the val­

idation and test datasets decrease as the threshold increases, which 

indicates the challenge of accurately predicting high maximum water 

depths, which is also reflected by the gap between RMSE and RMSE0.1. 

This is expected because the dataset is dominated by dry cells, resulting 

in a highly skewed and imbalanced distribution.

Meaningful direct comparison with previous studies is challenging 

because of substantial differences in simulation configurations, training 

strategies, and evaluation protocols. Spatial resolutions range from 1 m

(Cache et al., 2024) and 2 m (Guo et al., 2022) to 3 m (Do Lago et al., 

2023) and 5 m (Löwe et al., 2021), whereas our simulations use a resolu­

tion of 2 m. The treatment of infiltration also varies: Löwe et al. (2021) 

use spatially distributed infiltration to simulate, Cache et al. (2024) and 

Guo et al. (2022) assume uniform infiltration, whereas Do Lago et al. 

(2023) and the present study neglect infiltration. Training data com­

position differs substantially as well. Cache et al. (2024) trained on a 

single catchment (∼12.7 km2), while Löwe et al. (2021) used a single, 

larger catchment (∼135 km2) from which separate training and valida­

tion patches were sampled, with both studies considering many rainfall 

events. Do Lago et al. (2023) trained on multiple spatially distributed 

catchments (∼28.13 km2) using four rainfall events, whereas Guo et al. 

(2022) used numerous catchments (∼4000 km2, estimated from the in­

formation provided in the manuscript) but only a single rainfall event. In 

contrast, our framework is first trained on 120 domains (∼17, 600 km2) 

using a single rainfall event to obtain 𝑀𝑠𝑖𝑛𝑔𝑙𝑒, before being fine-tuned on 

10 additional rainfall events across 8 training domains (see Section 3.4).

Consequently, existing studies are best regarded as contextual refer­

ences rather than direct benchmarks. Models trained on a single domain 

generally report CSI values below 0.6 when evaluated on unseen terrains 

Löwe et al. (2021); Cache et al. (2024), whereas the multi-catchment 

approach of Do Lago et al. (2023) achieves CSI values of up to approx­

imately 0.8. Although these results are not directly comparable, they 

indicate that training across diverse domains substantially improves spa­

tial generalization. Our results are consistent with this trend and further 

demonstrate effective generalization to previously unseen terrains.

Some domains, such as the mountainous Test Domain 𝑇1 and 

Mariazell, achieve lower error metrics and higher CSI values compared 

Table 5 

Performance of 𝑀single for maximal water depth prediction. Results are shown 

for the overall training, validation, and test sets in RLP. Lower RMSE and higher 

CSI indicate improved performance.

Dataset RMSE [m] ↓ RMSE0.1 [m] ↓ CSI0.05 ↑ CSI0.1 ↑ CSI0.3 ↑ CSI1.0 ↑

RLP Training 0.025 0.084 0.883 0.900 0.908 0.894

RLP Validation 0.044 0.149 0.867 0.866 0.834 0.808

RLP Test 0.050 0.159 0.863 0.853 0.828 0.786

RLP Test Domain 𝑇1 0.024 0.110 0.890 0.908 0.913 0.867

RLP Test Domain 𝑇2 0.052 0.125 0.873 0.857 0.780 0.759

Odense 0.043 0.102 0.868 0.863 0.802 0.647

Mariazell 0.028 0.136 0.874 0.897 0.881 0.826
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to the aggregated performance in RLP Test, indicating that their char­

acteristics are well captured by the model. In contrast, the flatter test 

domain 𝑇2 and Odense exhibit mixed behavior, with comparable or 

improved RMSE and RMSE0.1 values but reduced CSI values at higher 

thresholds compared to the aggregated performance in RLP Test. This re­

duced performance in flatter terrain may partly be attributed to greater 

influence of micro-topography, which can cause upstream-aware terrain 

properties to be less informative, or even potentially misleading. This 

suggests that prediction quality, particularly for higher maximum wa­

ter depths, depends on the individual characteristics of the terrain. This 

dependency is further examined in the following section.

3.2 . Case studies

3.2.1 . Evaluation in RLP

We complement the global evaluation with a more detailed analysis 

for two test domains in RLP. As in the previous chapter, we use 𝑀single

and the corresponding single rain event to reduce computational costs 

while focusing on the model’s spatial generalization capability.

Test domain 𝑇1 – shown in the inset of Fig. 2(a) – is a mountainous 

region. The scatter plot shows a high density of points along the identity 

line, indicating strong agreement between predictions and simulations 

up to a maximum water depth of approximately 8 m, with no significant 

bias toward over- or underestimation. The corresponding boxplots re­

veal that the error remains close to zero for pixels with simulated water 

depths between 0.1 m and 0.5 m. For higher depths, the error distribu­

tion widens; however, even for pixels where the ground truth exceeds 

3.5 m, 50% of predictions still exhibit an error below 0.25 m.

Test domain 𝑇2 – shown in the inset of Fig. 2(b) – is comparatively 

flatter and exhibits less pronounced terrain structure. In this case, the 

scatter plot is more dispersed and indicates a slight tendency toward un­

derestimation for water depths above 3 m. Nevertheless, a high density 

of points remains along the identity line, indicating overall good agree­

ment between simulation and prediction. As in the first domain, water 

depths below 0.5 m are predicted accurately, as depicted in the boxplot 

in Fig. 2(b). For higher water depths, the task becomes more challenging, 

leading to larger errors. Still, for depths up to 2 m, the majority of pixels 

exhibit errors below 0.5 m, with noticeable underprediction occurring 

primarily at higher values.

A closer look at the highlighted region (see Fig. 2c) provides a specific 

example of the model’s performance. The largest errors occur at a loca­

tion where multiple flows meet and are surrounded by complex building 

structures. Such structures create narrow passages and retentive behav­

ior, making these cases more challenging for prediction. Despite this 

challenging scenario, the model successfully captures the locations of 

deep water, highlighting its reliability even in complex cases.

3.2.2 . International case studies

Fig. 3(a) provides an overview map of Central Europe, highlight­

ing the training region and the test domains in Mariazell (Austria) and 

Odense (Denmark). The geographical separation between these areas 

illustrates their suitability for evaluating the model’s applicability to 

domains that differ substantially from the training data.

Odense, Denmark. The region shown in Fig. 3(b), located in Odense, is 

relatively flat and comprises both urban and rural areas. The scatter plot 

shows a relatively strong clustering around the identity line. Despite the 

moderate spread reflecting prediction variability, we see that the model 

captures the overall relationship between the predicted and simulated 

values. When focusing on a smaller rural subregion, the model closely 

reproduces the reference solution, as reflected by consistently small 

prediction errors across the area. The spatial distribution of maximal 

water depths, including numerous small and deep puddles, is captured 

well by the model.

Mariazell, Austria. The scatter plot for the mountainous region in 

Fig. 3(c) shows a strong correspondence between predicted and 

simulated water depths except for a single offset diagonal structure 

(also see Supplement Section A.4.2). Compared to Odense, the spread 

of errors is reduced, supporting the observation that flat terrain poses a 

greater challenge for the model. The spatial comparison further confirms 

that the model captures the distribution and structure of water depths 

consistently across varying elevations, highlighting its robustness when 

applied to previously unseen terrain.

3.3 . Measures-awareness

Terrain modifications, such as the addition of basins and dikes, can 

produce disproportionately large changes in maximum water depth rel­

ative to their spatial extent. Accurately predicting the maximum water 

depths for scenarios with and without these measures, and consequently 

capturing the resulting changes in maximum water depth, poses a sig­

nificant challenge for the model. As in previous evaluations, we use 

𝑀single and the corresponding single rainfall event to reduce compu­

tational costs while isolating the model’s response to localized terrain 

modifications.

In Fig. 4(a), we see that 𝑀single demonstrates reasonable predictions 

for the maximal water depth with (ℎ̂on) and without the dike (ℎ̂off): 

Water accumulates upstream, while the dike holds back the first major 

flood, leading to reduced maximum water depths downstream. A direct 

comparison between the simulation results and the predictions for both 

cases is provided in Figure S8 in Supplement Section A.7.

In Fig. 4(b), we visualize the model’s ability to estimate the response

to the dike, defined as the difference between the simulation results 

with and without the measure. Within the patch where the terrain was 

modified, the predicted response (Δℎ̂ ∶= ℎ̂on − ℎ̂off) closely matches the 

reference response (Δℎ ∶= ℎon − ℎoff) accurately capturing both the wa­

ter accumulation upstream of the dike and the reduction in maximum 

water depths downstream. In order to isolate the effect of the upstream 

capacity, we run the model without updating this input map (while in­

cluding the modifications in all other inputs). The predicted maximal 

water depth ℎ̃on and corresponding response (Δℎ̃ ∶= ℎ̃on − ℎ̂off) show 

that the model still predicts water accumulation upstream of the dike, 

but the downstream impact is completely misrepresented, and beyond 

the patch borders, no response is visible. This highlights the critical 

importance of the upstream capacity map for modeling the effects of 

retained floodwater, as commonly encountered in mitigation measures.

To avoid drawing conclusions from a single example, we introduced 

eight terrain modifications in the RLP test areas in the form of retention 

basins, breaches and dikes to further assess the model’s performance (see 

Figures S9 and S10 in Supplementary Section A.7 for visualizations). 

Table 6 summarizes the quantitative performance of the model across 

all artificial terrain modifications in the RLP test domains. The response 

error (𝑅𝑀𝑆𝐸Δ ∶= 𝑅𝑀𝑆𝐸(Δℎ,Δℎ̂)) is highest for dikes, indicating that 

their pronounced influence on flood dynamics is the most difficult for 

the model to capture. The RMSE values are higher than those reported 

for the case studies because the evaluation is restricted to pixels affected 

by the terrain modifications in either the simulation or the prediction. 

Consequently, the analysis focuses exclusively on the most challenging 

regions. Comparing the RMSE and CSI values for predictions with and 

without the respective terrain modifications reveals improved perfor­

mance for scenarios with lower maximum water depths, namely those 

including dikes or retention basins and those excluding breaches.

The scatter plot in Fig. 4(c) shows strong agreement between pre­

dicted and reference values for most pixels, indicating reliable perfor­

mance in the scenarios with modified terrain. The individual scatter 

plots for each scenario can be seen in Figures S9 and S10 in Supplement 

Section A.7.

3.4 . Rain adapter fine-tuning

Fig. 5(a) shows the rain events used for training and evaluat­

ing 𝑀multi, covering a wide range of rainfall intensities and temporal 

patterns.
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Fig. 2. Results for predictions using the model 𝑀single for the corresponding single rain event in the test domains of RLP. (a) Scatter plot (density 1 to 105 pixels) 

of test domain 𝑇1 with terrain overlayed with maximum water depth as an inset (top), and corresponding error (prediction minus simulation) box plots binned by 

maximum water depth with a bin width of 0.5 m (bottom). Dry pixels (water depth below 0.1 m) are omitted. Box plots are restricted to the 1st–99th percentiles 

to exclude outliers and improve visualization clarity. (b) Scatter plot (density 1 to 105 pixels) of test domain 𝑇2 with terrain overlayed with maximum water depth 

as an inset (top), and corresponding error box plots (prediction minus simulation) binned by maximum water depth with a bin width of 0.5 m (bottom). Dry pixels 

(water depth below 0.1 m) are omitted. Box plots are restricted to the 1st–99th percentiles to exclude outliers and improve visualization clarity. (c) Detailed plots of 

the target, prediction, and their difference in the highlighted region of test domain 𝑇1.
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Fig. 3. Evaluation of the model 𝑀single on unseen test domains using the corresponding single rain event. (a) Map of Europe showing countries used for training (blue) 

and test regions (green) in Denmark (top) and Austria (bottom). The insets show the terrains of the simulation domains, and the highlighted regions are analyzed in 

more detail in the following panels. (b) Scatter plots (density 1 to 105 pixels) of simulated vs. predicted maximum water depth for all pixels in the simulation domain 

of Odense, Denmark (left), and for the highlighted patch (right). (c) Scatter plots (density 1 to 105 pixels) of simulated vs. predicted maximum water depth for all 

pixels in the simulation domain of Mariazell, Austria (left), and for the highlighted patch (right). (For interpretation of the references to colour in this Figure legend, 

the reader is referred to the web version of this article.)

The CSI values in Fig. 5(b) illustrate the model’s performance across 

different rainfall events. A comparison of 𝑀single and 𝑀multi for the initial 

2-hour 100-year event shows only a minor reduction in CSI, indicating 

that the fine-tuning stage successfully extends the model to additional 

rainfall events while largely preserving its original performance (see also 

Table S3 and Figure S6 in Supplement Section A.5). The lowest CSI val­

ues are observed for the 1-year and 2-year KOSTRA events, as well as 

for the natural events Natural 4 and Natural 5, which differ substantially 

from the initial event due to their considerably lower rainfall intensities. 

In contrast, the remaining KOSTRA events and the natural rainfall events 

Natural 1, Natural 2, and Natural 3 achieve performance levels compa­

rable to those of the initial training event, demonstrating the model’s 

ability to adapt to a range of additional rainfall patterns.

Fig. 5(c) demonstrates the model’s ability to accurately detect 

flooded areas (defined as regions with maximal water depth greater than 

0.1 m) across different rainfall intensities. Higher rainfall intensities lead 

to higher maximal water depths and larger flooded areas. As rainfall in­

tensity increases, the model consistently captures the expanding spatial 

extent of inundation.

3.5 . Ablation

We now examine a series of ablation experiments to investigate the 

contribution of different factors to the model’s capability for spatial 

generalization in greater detail. These experiments are designed to sys­

tematically quantify the impact of our architectural and training choices 

on overall model performance. By isolating individual components, we 

aim to better understand which design decisions are most critical for 

achieving robust generalization to unseen spatial domains.

3.5.1 . Experiment setup

To focus on spatial generalizability, we use 𝑀single as the baseline 

along with the corresponding rain event. To reduce computational costs, 

all models were trained for 100 epochs, compared to the 400 epochs 

used in the previous experiments. The results presented in Fig. 6 were 

obtained from the 14 test domains in RLP Test.

We perform the following experiments:

• Number of Training Domains. Providing a sufficient quantity of 

training data is a central factor in achieving robust spatial gen­

eralization. To assess the importance of training data volume, we 

trained multiple models using varying numbers of domains.

The domains were randomly selected such that the sets for 1 

(∼200 km2), 8 (∼1,400 km2), 16 (∼2,800 km2), 32 (∼5,100 km2), 64 

(∼ 10,300 km2), and 120 (∼ 17,600 km2) training domains formed 

nested subsets of one another. This ensures a controlled and fair 

comparison, allowing us to isolate the effect of increasing data 

quantity without introducing bias from different domain selections. 

The number of samples per epoch was kept constant, independent 

of the number of domains, to ensure comparability by maintaining 

equal computational effort across experiments.

• Input Maps. The input maps were divided into four categories 

based on the level of spatial context they provide. The terrain-only 

category includes solely elevation data. The semilocal category 

extends this by incorporating terrain, sink depth, and slope. The 

FLACC category additionally includes the flow accumulation map, 

which has been used in previous studies (Löwe et al., 2021; Seleem 

et al., 2023). The global category further augments the input with 

the upstream capacity and average upstream slope.

• Model Size. To evaluate the effect of model capacity, we con­

ducted multiple training runs with varying numbers of parameters. 

Model size was controlled by adjusting the number of filters in the 

first convolutional layer. As described in Section 2.3, the baseline 

configuration uses 64 filters in the first layer. We additionally 

evaluated configurations with 16 and 32 initial feature maps to an­

alyze how model capacity influences performance as well as a fully 
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Fig. 4. Evaluation metrics for predictions using 𝑀single under the corresponding single rain event in test domains with terrain modifications implemented in RLP. 

(a) Terrain with maximal water depth without a dike (ℎ̂off) and with a dike (ℎ̂on). The region of the modified terrain is highlighted (in red). (b) Simulation response 

(Δℎ = ℎon − ℎoff), prediction response (Δℎ̂ = ℎ̂on − ℎ̂off), and the prediction response without considering the dike in the upstream capacity (Δℎ̃ = ℎ̃on − ℎ̂off, where 

ℎ̃on denotes the prediction obtained using the upstream capacity without the dike). Dotted lines indicate the boundaries between inference output patches. (c) Scatter 

plot (density 1 to 105 pixels) of simulation (x-axis) versus prediction (y-axis) for the scenarios including the mitigation measures. All experiments were performed in 

the unseen test domains in RLP. (For interpretation of the references to colour in this Figure legend, the reader is referred to the web version of this article.)

Table 6 

Results for predictions using 𝑀single and the corresponding single rain event in the RLP test domains containing 

artificial terrain modifications in the form of retention basins, dikes, and breaches. The table reports the error 

of the predicted response RMSEΔ, defined as the difference between the maximum water depth with (ℎon) and 

without (ℎoff ) the measure (Δℎ = ℎon − ℎoff ) as well as the error metrics for simulations and predictions with 

the measures present and for the corresponding reference state without the measures. All mean-based metrics 

were computed only over grid cells where either the simulated or predicted response exceeded 0.05 m, thereby 

excluding irrelevant pixels with negligible response from the evaluation.

Structure RMSEΔ ↓ Scenario RMSE ↓ RMSE0.1 ↓ CSI0.05 ↑ CSI0.1 ↑ CSI0.3 ↑ CSI1.0 ↑

Basins 0.38 Measures On 0.31 0.35 0.88 0.85 0.78 0.82

Measures Off 0.20 0.21 0.93 0.89 0.83 0.78

Breaches 0.33 Measures On 0.22 0.23 0.92 0.89 0.80 0.65

Measures Off 0.47 0.52 0.89 0.86 0.79 0.67

Dikes 0.63 Measures On 0.39 0.45 0.88 0.86 0.85 0.81

Measures Off 0.26 0.29 0.94 0.91 0.88 0.86

Total 0.39 Measures On 0.30 0.33 0.90 0.87 0.81 0.77

Measures Off 0.34 0.37 0.92 0.88 0.82 0.76

convolutional U-Net with 64 initial filters, no attention mechanism 

in the bottleneck, and no attention gates.

3.5.2 . Results

As shown in Fig. 6(a) (more detailed results and loss curves are pro­

vided in Figure S7 in Supplement Section A.6), increasing the number 

of training domains has the most significant impact on performance. 

For a threshold of 0.1 m, the CSI improves from 0.6 to over 0.8 as the 

amount of training data increases. For thresholds of 0.3 m, 0.5 m, and 

1.0 m, training on a single domain yields CSI values below 0.5, indi­

cating unreliable performance, whereas expanding the training dataset 

substantially improves performance, increasing CSI values to 0.75 or 
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Fig. 5. Evaluation of 𝑀multi for various rain events. (a) Hyetographs of the rainfall events used during retraining. KOSTRA events (top) and natural events derived 

from Löwe et al. (2021) (bottom). (b) CSI values of inference results for KOSTRA events (top) and natural events from Löwe et al. (2021) (bottom). (c) Pixel-wise 

hits, misses and false alarms for threshold 0.1 m for KOSTRA events with return periods of 1, 10, and 100 years and 100 years with an amplification factor ×2 (left 

to right). All experiments were performed in the unseen test domains 𝑇1 and 𝑇2 in RLP.

higher. Performance improves rapidly up to 16 domains (∼2800 km2), 

after which gains become more gradual. This suggests that capturing 

the diversity of spatial patterns across different terrains requires a suf­

ficiently large and varied dataset. This effect is particularly pronounced 

for higher maximal water depths (>1m), where training on fewer than 

16 domains results in CSI values below 0.6, indicating that extreme 

water levels are not accurately captured. These findings further im­

ply that prior work (Löwe et al., 2021; Cache et al., 2024; Guo et al., 

2021), which relied on only one or two domains, likely faced substantial 

limitations in spatial generalization.

Fig. 6(b) illustrates the influence of different input map configura­

tions on model performance across CSI thresholds. While, in principle, 

sink depth should correlate with maximum water depths, we find no 

significant improvement in predictive performance from including this 

information and, in some cases, even observe a decrease in performance 

(compare Terrain and Semilocal). This may be because the terrain al­

ready describes the location and shape of depressions, while the sink 

depth alone does not indicate their fill state, making the information 

potentially ambiguous. Incorporating the FLACC consistently improves 

performance by providing information about the size of the contribut­

ing area. The upstream-aware maps, originally introduced to account for 

the effects of mitigation measures, yield an additional performance gain. 

For both FLACC and the upstream-aware maps, the largest performance 

gains occur at higher CSI thresholds, consistent with the expectation that 

higher maximum water depths are driven by runoff from larger upstream 

areas.

Fig. 6(c) shows the effect of changing the model complexity by in­

creasing the number of filters in the first layer or by incorporating atten­

tion mechanisms into the U-Net architecture. The results indicate that in­

creasing the number of initial filters improves model performance, sug­

gesting that the additional feature capacity allows the network to better 

capture relevant spatial patterns. However, the results indicate diminish­

ing returns as model capacity increases. Compared with a fully convolu­

tional U-Net (i.e., without attention in the bottleneck or attention gates) 
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Fig. 6. Ablation studies. (a) CSI values for different training dataset sizes. (b) CSI values for different input maps: terrain only, with semi-local maps (terrain, slope, 

sink depth), with FLACC (terrain, slope, sink depth, FLACC) and with upstream-aware maps (terrain, slope, sink depth, FLACC, average upstream slope, upstream 

capacity). (c) CSI values with increasing model complexity. All experiments were performed in the unseen test domains on RLP.

using the same number of initial filters, the 64-filter attention-enhanced 

model consistently achieves higher CSI values. In addition, the 32-filter 

model achieves competitive performance despite having approximately 

one-third of the parameters of the standard model (46 million compared 

to 133 million; see Table S1 in Supplement Section A.2), and even 

surpasses the U-Net baseline for higher maximum water depths.

3.6 . Timings

The computational performance of the proposed approach is assessed 

by comparing simulation, preprocessing, and inference times. The re­

ported timings were taken from the two test domains 𝑇1 and 𝑇2 in 

RLP, each having approximately 40 million valid cells (corresponding 

to 160 km2).

The numerical simulation requires approximately 10–15 min, de­

pending on the size of the domain and the number of grid cells. In 

contrast, model inference is significantly faster, taking around 3–20 s 

depending on oversampling and model size (see Table S2 in Supplement 

Section A.2). This includes dividing the input maps into patches, per­

forming predictions, and stitching the outputs back together to obtain 

maximal water depth estimates for the entire domain.

Preprocessing – which involves the computation of terrain-derived 

features such as sink depth, slope, FLACC, upstream capacity, and av­

erage upstream slope as well as transformations for each input map – 

overall takes approximately 40 s when performed using WhiteboxTools. 

This step can be further accelerated through optimization strategies, 

for example by propagating all global maps simultaneously rather than 

computing them sequentially. Moreover, preprocessing only needs to 

be performed when the terrain changes; multiple rainfall events over 

the same domain can reuse the precomputed input features without 

additional cost.

3.7 . Limitations & outlook

Despite the successes in the domain of spatial generalizability, 

several limitations remain.

Terrain classification. We showed that even though we achieve 

accurate results for all tested terrains, performance varies depending 

on the terrain characteristics. The results from RLP, Denmark, and 

Austria suggest that the model is more accurate in mountainous re­

gions. Further investigation of the characteristics associated with this 

variation could inform the selection of more suitable input maps. For 

example, upstream-aware maps derived from coarser-resolution DEMs 

may reduce the influence of micro-topography in relatively flat domains. 

Similarly, DEM-derived features used for flood delineation (Samela 

et al., 2017) may help identify candidate input maps that capture 

informative patterns across different slope scales. Beyond the design of 

more informative input features, classifying terrain characteristics could 

support a data-selection pipeline that maximizes terrain diversity, poten­

tially improving generalization while reducing the amount of training 

data required.

Representation of hydrological and hydraulic processes at catchment scale. 

Another limitation concerns the incorporation of additional properties 

commonly used in physical flood simulations, such as spatially het­

erogeneous infiltration and surface roughness. These properties were 

omitted to reduce experimental complexity and to focus on the spatial 

generalization of terrain features. After achieving sufficient generaliz­

ability with respect to terrain, these properties could be reintroduced. 

Introducing upstream-aware representations of infiltration and rough­

ness may help capture their long-range effects and improve accuracy 

when incorporating these properties into the model. Additionally, the 

catchment size was artificially restricted to 20 km2 in the simulations. 

Consequently, the resulting model may not generalize well to larger 

catchments, as doing so would require predicting for FLACC values 

outside the range encountered during training, thereby relying on ex­

trapolation. Enabling realistic estimations for larger catchments would 

further require accounting for spatially distributed rainfall. Combining 

our methods for spatial generalization with previous work on runoff pre­

diction under spatially distributed rainfall (Cao et al., 2025; Hofmann 

and Schüttrumpf, 2021) could further extend the model’s applicability 

to larger and more heterogeneous domains.

Mitigation measures. The application of machine learning models to 

predict the effects of flood mitigation measures has received some at­

tention in prior work (Guo and Leitão, 2025), but remains relatively 

underexplored. Our experiments demonstrate the potential of using this 

model to obtain a rapid, rough first estimate of the effects of potential 

mitigation measures. Such estimates can support the initial screening 

and comparison of mitigation options, while the detailed design and as­

sessment of selected measures should subsequently be carried out using 

physics-based simulations. Future research could build upon this ap­

proach to enable rapid machine learning-based assessments as an initial 

step in flood mitigation planning.

Preprocessing overhead. The preprocessing required to compute Sink 

Depth, FLACC, and other input maps must be repeated whenever the 

terrain is modified. Because these maps are globally defined, the maps 

have to be recalculated for the entire simulation domain, even when 
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the terrain changes are confined to a small, localized region, leading 

to significant overhead. Further optimizations, such as vectorization of 

the upstream propagation maps, can lead to significant reduction of this 

overhead.

Velocity prediction. Since velocity fields are relevant for assessing im­

pacts such as structural damage, extending our model to predict maximal 

flow velocity is a natural next step. This approach has been explored 

in previous work (e.g., Guo et al. (2021)) and would allow a more 

comprehensive assessment of flood hazards.

Spatio-temporal setting. Previous studies have investigated data-driven 

spatio-temporal flood prediction (e.g., Bentivoglio et al. (2023); Kazadi 

et al. (2024); Chaudhary et al. (2024); Bentivoglio et al. (2025); Xu 

et al. (2025); Cao et al. (2025); Song et al. (2025b)), demonstrating the 

potential of these approaches for modeling flood evolution. For larger 

domains divided into patches, high velocities and large time steps can 

cause information to propagate across patch boundaries. Our proposed 

modifications for capturing long-range dependencies, may improve per­

formance while enabling larger time steps and reducing computational 

cost.

Explainable AI. Given the high stakes associated with flood predic­

tion, it is crucial to better understand the capabilities and limitations 

of data-driven models. We found that despite the model’s impressive 

general performance, out-of-distribution scenarios still occur, leading to 

larger local errors (see Supplement Section A.4 for examples). Future re­

search should therefore further explore explainable AI (Barredo Arrieta 

et al., 2020) techniques and uncertainty quantification (as exempli­

fied by Chaudhary et al. (2022)) to provide more transparent and 

reliable predictions. Such approaches could help stakeholders better as­

sess the confidence of model outputs and support safer, more informed 

decision-making.

4 . Conclusion

In this work, we demonstrated that a deep learning model for flood 

prediction can achieve strong spatial generalization when trained with 

informative input maps and a sufficiently large dataset. Our model 

produces accurate predictions across previously unseen domains and 

diverse topographies. It achieves an RMSE of around 0.05 m and CSI 

scores between 0.78 and 0.91 at a threshold of 0.3 m. The model suc­

cessfully reproduces both flood extents and water depths in lowland 

and mountainous regions. This indicates that the learned representations 

capture general hydrological patterns rather than overfitting to specific 

terrains. We further showed that the model is capable of estimating the 

response to localized terrain modifications, such as adding dikes, and 

that its predictions propagate downstream when relevant flow-related 

inputs are provided, illustrating the potential of spatial generaliza­

tion to support scenario analysis for structural mitigation measures. By 

retraining the model on additional rainfall events, we demonstrated 

rapid adaptation to diverse precipitation scenarios while maintaining 

performance on previously seen events, further highlighting the robust­

ness of the learned spatial representations. Ablation studies confirmed 

that a diverse set of training domains, carefully designed input maps 

and adequate model capacity are crucial for capturing complex spatial

patterns.

Overall, these results highlight the effectiveness of combining spatial 

generalization with a flexible architecture and targeted retraining for 

rain events, enabling accurate and robust flood predictions across varied 

terrains, rainfall conditions, and structural modifications.

5 . Data sources

The terrain data for RLP was provided by LVermGeoRP (2022). A 

terrain for Austria with 1 m resolution was provided by BEV. A ter­

rain of Denmark with a spatial resolution of 0.5 meters was taken from 

open public data GeoDanmark and Danish Climate Data Agency (2023). 

The Non-KOSTRA rain events were derived from the supplementary data 

provided by Löwe et al. (2021).
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