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Abstract

Flood hazard mapping is essential for disaster prevention but remains challenging in data-scarce regions, where traditional
hydrodynamic models require extensive geophysical inputs. This paper introduces ZeroFlood, a framework that leverages
Geo-Foundation Models (GeoFMs) to predict flood hazard maps using single-modality Earth Observation (EO) data,
specifically SAR imagery. We construct a dataset that pairs EO data with flood hazard simulations across the European
continent. Using this dataset, we evaluate several recent GeoFMs for the flood hazard segmentation task. Experimental
results show that the best-performing model, TerraMind, achieves an Fl-score of 88.36%, outperforming supervised
learning baselines by more than 3 percentage points. We shows the performance can be further improved by applying the
Thinking-in-Modality (TiM) mechanism. These results demonstrate the potential of Geo-Foundation Models for data-
driven flood hazard mapping using limited observational inputs. The dataset and experiment code are publicly available

athttps://github.com/khyeongkyun/zeroflood.

1 Introduction

Floods are among the most frequent and devastating nat-
ural disasters worldwide. They cause significant loss of
life, economic damage, and long-term social disruption
[} 20} 24]]. Consequently, there is an increasing need for
pre-event mitigation strategies, commonly referred to as
flood hazard mapping, which go beyond post-event flood
response.

Traditional approaches to flood hazard mapping rely on
hydrological and hydrodynamic simulations that require
multiple heterogeneous data sources. For example, digi-
tal elevation models, precipitation records, land cover data,
and river network information are commonly used [5} 23]
However, these approaches are difficult to apply in data-
scarce regions, where flood impacts are often more severe
due to the lack of reliable data.

To address this limitation, we introduce ZeroFlood, a
framework that leverages a Geo-Foundation model (Ge-
oFM) to predict flood hazards using unimodal Earth ob-
servation (EO) data, such as SAR imagery. As illustrated
in Figure |1} we first align the EO datasets with the corre-
sponding flood hazard simulation to build a training data
set. This data set is then used to train six different neural
networks and evaluate the flood hazard segmentation task.
Even under the single-modality setting, our results demon-
strate the benefits of the Thinking-in-Modality (TiM)
method, which compensates for missing modalities during
inference by internally generating intermediate feature rep-
resentations. These findings highlight the potential of deep
learning approaches for the flood hazard prediction.

This work addresses data scarcity in flood hazard mapping

by combining EO data with geospatial foundation models.
Our contributions are summarized as follows:

* We present ZeroFlood, a new dataset that pairs mul-
timodal EO data with flood hazard simulations, en-
abling data-driven research on flood hazard predic-
tion.

* We demonstrate that flood hazard maps can be pre-
dicted directly from a single EO modality, specifically
SAR imagery, offering a practical solution for flood
risk assessment in data-scarce regions.

* We benchmark several recent GeoFMs on the flood
hazard segmentation task and demonstrate their ad-
vantages over conventional supervised models.

* We analyze the impact of the TiM mechanism for
compensating missing modalities and show that it
further improves prediction performance in unimodal
settings.

2  Related Work

Simulation Model for Flood Hazard Mapping. Hy-
drological and hydrodynamic models play an important
role in identifying flood-prone areas through physics-based
simulations [23]]. Recent research has introduced several
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Figure 1 Overview of ZeroFlood framework. Data-rich regions provide the training dataset, which consists of flood
hazard simulations and EO data (left). The GeoFM is trained to predict flood hazards using a single modality. TiM pro-
cess supplements missing modalities during training (middle). The trained model can be deployed in data-scarce re-
gions to predict flood hazard maps using only unimodal EO data (right).

models, such as Delft3D, InfoWorks ICM, LISFLOOD-
FP, and CaMa-Flood, that simulate water flow and inun-
dation using high-resolution digital elevation models, pre-
cipitation, land use, and river network data [4] [5, 2T].
While these models provide accurate and physically inter-
pretable results, they require extensive, high-quality input
data and significant computational resources, which can
limit their application in data-scarce or rapidly changing
regions [2, [17]]. Studies highlight that the performance of
simulation models is inherently constrained by the quan-
tity and quality of input data, and large-scale implementa-
tions are often hindered by the trade-off between compu-
tational speed and accuracy [28]]. This dependency moti-
vates learning-based approaches that infer flood hazard di-
rectly from remote-sensing observations, reducing reliance
on dense physical inputs.

Machine Learning for Flood Hazard Mapping. Unlike
physics-based simulation models, Machine Learning (ML)
approaches can learn complex and nonlinear relationships
from diverse data sources, reducing the dependency on ex-
plicit physical modeling. Traditional ML methods, such as
Support Vector Machines, Random Forests, and Ensem-
ble models, have demonstrated high predictive accuracy
(16,18, 22]]. More recently, deep learning methods, includ-
ing MLP, CNN, and RNN architectures, have advanced the
extraction of spatio-temporal features and improved model
robustness and scalability [8] (11} [T4]. Nonetheless, their
performance still relies on the availability of sufficient and
diverse training data, as they are typically trained for a
specific downstream task. Therefore, data dependency re-
mains a key challenge for deployment in data-scarce re-

gions [9].

Geo-Foundation Models (GeoFMs). GeoFMs are large-
scale pre-trained models to unify EO modalities and en-
able downstream adaptations. They are built on diverse
geospatial datasets, including optical, radar, and multi-
spectral imagery, [13 23]. To overcome label scarcity,
GeoFMs typically leverage self-supervised learning tech-
niques such as Masked Autoencoders, Contrastive Learn-
ing, and Self-distillation [25] [12]. Owing to their
generalized geospatial representations, GeoFMs demon-
strate strong performance across various downstream tasks
under low-data regimes, making them ideal for flood man-
agement applications in data-scarce environments [[7, [13].
While multimodal and cross-modal approaches are becom-
ing increasingly common for extensive feature representa-
tions [12] 25 27], the practical applications of GeoFM for
flood-related tasks remain post-event like flood detection.
This motivates our exploration of using GeoFMs for pre-
event of flood disasters.

3 ZeroFlood Dataset

3.1 Data source & processing

The proposed model takes single-modal EO data as in-
put and produces a flood hazard map as output. To con-
struct the model input, we first curate data from the large-
scale EO dataset TerraMesh [3]. This dataset provides
five EO modalities—Sentinel-1 RTC (S1RTC), Sentinel-2
Level 2A (S2L2A), Digital Elevation Model (DEM), Land
Usage and Land Cover (LULC), and Normalized Differ-
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Figure 2 Data processing pipeline. TerraMesh samples
are filtered to ensure low noise and high information
content (top left). LISFLOOD-FP samples are cropped
according to the area of interest (top right). The filtered
samples are finally assessed and stored in the ZeroFlood
dataset (bottom).

ence Vegetation Index (NDVI)—with global coverage and
precise spatial alignment across modalities. In our exper-
iments, SIRTC data is used as the primary input modal-
ity. The remaining modalities, except NDVI, are used as
auxiliary information for data quality assessment and re-
sult analysis.

For flood hazard masks, we use raster data simulated by
LISFLOOD-FP [5]. This dataset provides simulated flood
hazard masks covering approximately 329,000 km of river
networks across Europe and the Mediterranean basin, gen-
erated for nine different flood return periods. In this work,
we use the 10-year return period masks as the ground truth
for our experiments.

These two datasets differ in both regional coverage and
spatial resolution. The TerraMesh S1RTC data has a spa-
tial resolution of 10 m and global coverage, whereas the
LISFLOOD-FP masks have a resolution of 3 arc-seconds
(~90 m) and cover only the European region. To align their
spatial characteristics and improve data quality, we apply
several processing steps, as illustrated in Figure 2]

First, samples from each dataset are filtered according to
predefined rules. During this step, spatial information is
exchanged between the datasets to synchronize the area of
interest. Therefore, the samples are spatially aligned and
cropped to the same regions. Finally, using the TerraMesh
LULC data together with the LISFLOOD-FP water/flood
masks, we select samples that clearly represent water bod-
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Figure 3 Spatial heat map of training samples in a one-
degree resolution.

Split ~ Samples WB in FH (%)
Median Mean Min  Max
Train 20868 87.31 75.48 4.87 100
Val 5217 86.88  75.17 5.07 100
Test 226 90.06  78.61 6.61 99.92

Table 1 Dataset statistics. WB in FH denotes the percent-
age of water bodies located within flood hazard masks. It
is close to 100 when the flood hazard mask is identical to
the water body.

ies and flood-prone regions. Specifically, the first condi-
tion identifies the identical presence of water bodies, while
the second condition removes samples where the flood haz-
ard region is narrower than the corresponding LULC water
body.

3.2 Data characteristics

Following the data processing procedure, the regional cov-
erage of the ZeroFlood dataset is limited to the European
continent. Figure[3|shows the distribution of training sam-
ples across this region. The validation and test samples
follow similar distribution characteristics.

In addition, the flood hazard masks obtained from the
source data are not explicitly distinguishable from exist-
ing water bodies. As a result, some samples contain flood
hazard masks that are nearly identical to the water bodies.
We include these samples in the dataset to improve model
robustness, as this allows the model to learn features of
both flood-prone and non-flood-prone regions. As summa-
rized in Table[l] the presented ZeroFlood dataset contains
20,868 samples for training, 5,217 samples for validation,
and 226 samples for testing. The size of the image and the
mask in all samples is 264 x 264 with a spatial resolution
of 10 m. The total data volume is approximately 42 GB.

4  Experimental Setup

4.1 Baseline & GeoFMs

We evaluate the effectiveness of several GeoFMs by fine-
tuning four representative models: SSL4EO-MAE [23]],
CROMA [10], DOFA [27], and TerraMind [12]. Their per-
formance is compared with two widely used baseline ar-
chitectures, U-Net [[19]] and Vision Transformer (ViT) [6]],
which are trained in a supervised learning manner.
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Figure 4 Forward process of Thinking-in-Modality.
LULC and DEM tokens are sequentially generated from
the SIRTC input.

We further investigate the effectiveness of the Thinking-in-
Modality (TiM) process to compensate for missing modal-
ities and improve model reasoning capabilities. TiM was
first introduced in TerraMind [12[], which is trained on mul-
tiple Earth Observation (EO) modalities and learns a shared
token space with any-to-any generation. As illustrated in
Figure [ the input modality SIRTC is first used to gen-
erate LULC tokens. Subsequently, through a chained gen-
eration process, both tokens are utilized to generate DEM
tokens. All generated and original tokens are then jointly
fed into the model to predict flood hazards. Based on this
mechanism, we hypothesize that missing modalities can
be approximated and used to improve flood hazard map-
ping. In this experiment, we incorporate three modali-
ties—S2L.2A, DEM, and LULC—within the TiM process.

4.2 Evaluation Metrics

To assess how accurately the model predicts flood hazard
pixels, we adopt the following three evaluation metrics [S]].
All scores are scaled to the range of O to 100, where higher
values indicate better performance.

Hit Rate, which corresponds to the Recall metric in seg-
mentation tasks, measures the proportion of ground-truth
flood hazard pixels (Fy;) correctly predicted by the model
(F pred):

th me’r’ed
F,

gt

Since Hit Rate alone does not penalize over-prediction, we
additionally use True Alarm, which corresponds to Preci-
sion. Measures the reliability of predicted flood pixels:

HitRate =

F,:NF
TrueAlarm = ~9——rred
Fprcd

To summarize overall performance, we compute F1-score,
which balances Hit Rate and True Alarm:

Fl—9x HitRate x TrueAlarm
- HitRate + TrueAlarm

4.3 Training Strategy

For the baseline models, U-Net and ViT are trained from
scratch. For the GeoFM-based models, the encoder is
frozen during training and only the decoder weights are up-
dated. Except for the U-Net baseline, all model encoders

Model Fl-score HitRate TrueAlarm
UNet 84.66 81.00 88.67
ViT 84.64 81.46 88.08
SSL4EO-MAE 85.23 81.39 89.44
CROMA 83.63 79.72 87.95
DOFA 86.90 84.80 89.11
TerraMind 88.36 86.77 90.02
TerraMind-TiM-1 89.12 88.45 89.80

Table 2 Performance comparison between models.
The best score in each column is shown in bold, and the
second-best score is underlined.

connect to UPerNet [26] as a decoder. We train the model
for 80 epochs, and the model with the highest mIoU in the
validation set is selected for evaluation. When the input
size of the model differs from the data resolution, sliding-
window inference is applied as follows [15]. All experi-
ments are conducted on a single NVIDIA A100 GPU node.
Training takes less than one day, while inference on test
samples requires less than one minute.

5 Results

We first evaluate flood hazard mapping performance us-
ing two supervised baselines, U-Net and ViT, together with
four GeoFM-based models, as summarized in Table[2} For
the TiM process, LULC are selected as an auxiliary modal-
ity. In general, most GeoFM-based models outperform
supervised baselines. Among the evaluated models, Ter-
raMind achieves an FI-score of 88.36%, outperforming
the second best GeoFM model DOFA by 1.46 percentage
points (pp). When the TiM process is activated, the per-
formance improves further up to 89.12%, yielding the best
overall result.

A similar performance trend can be observed for both Hi-
tRate and TrueAlarm. Particularly, HitRate is consistently
lower than TrueAlarm across all models. This pattern sug-
gests that the models adopt a conservative prediction strat-
egy, tending to avoid over-predicting flood hazards. The
gap is largest for CROMA (8.23 pp) and smallest for Terra-
Mind TiM (1.35 pp), indicating a more balanced prediction
behavior for the latter.

Furthermore, we analyze model performance with respect
to the percentage of water bodies within flood hazard
masks, as shown in Figure The plot confirms the trend,
where TrueAlarm consistently exceeds HitRate across dif-
ferent water-body ratios. All models received higher scores
as the proportion of water bodies within the flood risk area
increased, indicating that the models have a strong ten-
dency to predict flood-prone areas based on the shape of the
water bodies. However, the HitRate decreases noticeably
as the water-body ratio becomes lower, whereas TrueAlarm
remains relatively stable across models. Especially, Ter-
raMind TiM maintains more stable performance than the
other models in scenarios with low water-body ratios. This
improvement may be attributed to the TiM mechanism,
where internally generated modalities can enhance terrain-



100

CiE

90

: || i i |

o

HitRate

50
40 4
30
20

BE g COhE g (e

TrueAlarm

50 4
40 -

[ UNet H TerraMind
301 [ DOFA  EEE TerraMind-TiM-L
20 ; ‘ ; ; .
20 40 60 80 100

Water body in Flood Hazard (%)

Figure 5 Distribution of model scores by the percentile
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related information and help the model better capture the
relationship between surface characteristics and flood haz-
ards.

5.1 Ablation study on TiM

We further analyze the impact of different TiM config-
urations, as illustrated in Figure [ﬂ where model perfor-
mance is compared across varying the number of TiM and
its order. Overall, a single TiM consistently improves the
F1-score compared to the baseline model without the TiM
process. However, this improvement is primarily driven
by a consistent increase in HitRate across all TiM config-
urations, although it is accompanied by a degradation in
TrueAlarm. This trend shows that the TiM process tends to
relatively over-predict flood hazards.

Furthermore, as the number of TiM increases, the per-
formance gains diminish. This trend indicates that er-
rors in generated modalities may accumulate and propa-
gate through the chained generation process, negatively af-
fecting subsequent predictions. In addition, the order of
modality generation plays a significant role in model per-
formance. For example, the generation sequences involv-
ing S2L2A and DEM show noticeable differences in FI-
score depending on their order. Similarly, combinations
of S2L2A and LULC exhibit substantial variation in both
HitRate and TrueAlarm. These findings highlight that not
only the choice of modalities but also their order is critical
for achieving optimal performance in the TiM framework.

6 Conclusion and Future Work

This paper presents ZeroFlood, flood hazard mapping us-
ing a single data modality and GeoFMs. Experimental

results show that the TerraMind model achieves the best
performance among the evaluated models, and its perfor-
mance can be further improved with TiM settings. Fur-
thermore, our investigation of different TiM configurations
suggests that modality generation strategies can extend
model performance, but carefully consider the number and
order. Future work will evaluate the generalization capabil-
ity of the model across unseen geographic regions. In addi-
tion, incorporating minimal hydrological priors and river-
network information into the network may further improve
model performance. Collectively, these directions outline
a path toward a more general and scalable neural network
for flood hazard analysis.
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