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Abstract—Accurate flood prediction with explicit arrival times
is critical for effective evacuation planning. Traditional physics-
based models provide reliable predictions but are computationally
expensive, while existing data-driven approaches typically predict
binary flood extent or water depth without explicit timing
information. We propose a novel framework that represents flood
evolution as a temporal Signed Distance Field (SDF), enabling
efficient prediction of both flood boundaries and arrival times. Our
approach combines spatial-temporal deep learning with physics-
informed constraints in a variational optimization framework.
The predicted SDF naturally supports time-dependent evacuation
routing by providing continuous distance-to-flood information and
explicit arrival time fields. The proposed idea will be compared
with grid-based deep learning approaches as well as physical
constraints approaches regarding real-time evacuation planning
and arrival time accuracy.

Keywords-Signed distance function; Flood prediction; Evacuation
routing.

I. INTRODUCTION

Flooding is one of the most devastating natural disasters,
affecting millions worldwide annually. Effective evacuation
requires knowledge of not only where flooding will occur, but
critically when each location will be inundated. Traditional
approaches face a fundamental trade-off between computation
time and accuracy performance. Physics-based models (e.g.,
Hydrologic Engineering Center’s River Analysis System (HEC-
RAS) [1], LISFLOOD-FP [2]) provide reliable predictions
by solving shallow water equations but require hours of
computation, while data-driven methods [3] offer speed but
typically predict only binary flood extent or depth fields without
explicit timing.

To address this, we propose representing flood evolution as
a Signed Distance Field (SDF) [4][5], where ¢(x,y,t) encodes
the signed distance to the flood boundary at each location and
time. Compared to traditional ML grid-based methods and
physical modeling, SDF provides advantages in both geometric
encoding and physics constraint formulation. The direct and
continuous encoding of flood extent enables natural extraction
of arrival times from level set evolution and helps the model
learn continuous boundaries rather than discrete water depths.
Additionally, SDF uses information more efficiently for sparse
flooding patterns. For instance, for zero values, depth grids will

Seppe vanden Broucke
seppe.vandenbroucke @ugent.be
dept. Business Informatics and Operations Management
Ghent University
Gent, Belgium
Research Centre for Information Systems Engineering
KU Leuven
Leuven, Belgium

waste the capacity on zeros, while the distance field utilizes zero
as meaningful input indicating the flood boundary. Moreover,
SDF enables simpler, geometrically cleaner physical constraints
that allow constraining boundary motion without modeling all
fluid dynamics.

In summary, this work aims to introduce the following key
contributions:

o Apply temporal SDF evolution to flood prediction with
explicit arrival time modeling.

o Use a physics-informed variational optimization framework
to ensure realistic propagation.

o Enable end-to-end system from prediction to evacuation
routing with safety guarantees.

o Implement comprehensive evaluation against both physics-
based and data-driven baselines.

To the best of our knowledge, this is the first work applying
temporal SDF evolution to flood prediction.

The paper is organized as follows: In Section III, we discuss
the methodology of using SDF representations, the model
architecture, and the design of the physics-aware loss function.
In Section IV, we describe the experimental setup, including
the dataset, baselines, and selected evaluation metrics. The
initial results are presented in Section V, and we conclude in
Section VI.

II. RELATED WORK

SDFs have been widely used in computer vision [6], 3D
graphics [7], and robotic systems [8], where they play a critical
role in geometry processing, mapping, and planning.

Beyond these domains, SDFs have also been applied in
structural engineering tasks such as topology optimization [5],
and have been extended to incorporate physical awareness in
scenarios such as fluid simulation [9].

Despite their success in various physics-aware applications,
SDFs remain largely unexplored in the context of flood mod-
eling. Current flood modeling approaches are predominantly
divided into two categories: physics-based models and machine
learning or deep learning models [10][11], typically leveraging
multisource data such as rainfall, Digital Elevation Models
(DEMs), and land surface characteristics. Although the method-
ological spectrum continues to expand, the underlying data
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representation and prediction targets remain largely unchanged.
That is, the study area is typically discretized into grid cells,
and the flood state is predicted for each cell.

In this context, SDF-based representations offer a promising
alternative by encoding geometric and spatial information
in a continuous and physically meaningful manner. Unlike
discrete grid-based representations, SDFs naturally capture
boundary information and spatial relationships, which are
critical for accurately modeling flood dynamics such as water
propagation and interaction with terrain. Furthermore, SDFs
can be seamlessly integrated with machine learning and deep
learning models, providing rich geometric priors that may
improve generalization and robustness.

III. METHODOLOGY
A. SDF Representation
We define the flood state at time ¢ as:

e —d((x,y),08) otherwise

where ; is the flooded region, 09, its boundary, and d(-, -)
is Euclidean distance. The zero level set {¢ = 0} represents
the flood boundary.

Arrival time at location (x,y) is extracted as:

tar(z,y) = min{t : p(x,y,t) > 0} (2)

The representation shown in Figure 1 illustrates the differ-

ence between a grid-based field and a signed-distance field. In

the grid-based field, each discrete cell has its own target water-

depth value, whereas in the SDF representation, the target is a
continuous boundary of the water area.

B. Temporal SDF Evolution Model

Our model predicts the SDF trajectory {¢;}~_, given initial
conditions (o, terrain elevation z, and rainfall forcing 7 (¢).

The proposed hybrid spatial-temporal architecture consists
of three components, including a spatial encoder-decoder to
extract multi-scale spatial features from [py, 2, r¢], a temporal
model to capture long-range temporal dependencies efficiently
and a physics layer to enforce constraints during decoding.

ey

C. Physical-constraints Loss

We formulate training as a constrained optimization problem
with a physical-constraints loss applying penalty on both data
fitting error and physical feasibility.

L = ||@prea — Pobs||> +A1 |00 + v - Vo|?
data fit level set PDE

+ A2 |[ReLU(Vp - V2)||2 +-A3 ||volume; — rain||

3)

mass balance

The level-set term enforces /0t + v - Vi = 0 where v is
flood velocity (estimated from terrain/rainfall). This ensures the
SDF evolves consistently with flood propagation physics. The
downhill flow term is to enforce that flood propagation does
not move uphill, and the last mass term is to ensure flooded
water volume match rainfall input over time.

downhill flow

D. Evacuation Routing

Given the predicted SDF trajectory and arrival time field,
we solve time-dependent evacuation routing as follows (‘“‘safe
zone computation”): at current time t.., location (x,y) is safe
if:

tarr(xv y) > tc + Touffer (4)

IV. EXPERIMENTAL DESIGN
A. Datasets

We plan to evaluate our approach on both real and synthetic
datasets. The real-life dataset includes historical flood events
with satellite-derived inundation maps, Digital Elevation Mod-
els (DEMs), and rainfall records. In our initial experiments,
we use a UK flood event dataset from FloodCastBench [12].

However, existing real-world datasets are significantly limited
by the coarse granularity of rainfall data, the relatively small
number of recorded flood events, and the frequent absence of a
long-term temporal dimension. To address these limitations, we
plan to incorporate synthetic data in future work, particularly
for rainfall generation and flood extent simulation. Specifically,
we will leverage the open-source package Landlab [13], which
supports numerical modeling of Earth surface dynamics, in-
cluding rainfall generation and water-driven erosion processes.

B. Baselines

Two baseline categories will be included, i.e., physics-based
models and grid-based deep learning approaches. Physics-based
baselines, such as the industry-standard HEC-RAS 2D and
LISFLOOD-FP for large-scale floods, can be included into
comparison experiment. For deep learning baselines, we use
convolutional models with Long Short-Term Memory (LSTM
) kernels to predict water depth at each cell over time.

C. Evaluation Metrics

Performance will be evaluated across three dimensions: flood
prediction accuracy, evacuation performance, and computational
cost.

For flood prediction, we will use Intersection over Union
(IoU) [14][15] to measure the overlap between predicted and
ground-truth flood masks. We will also evaluate arrival time
accuracy using Root Mean Square Error (RMSE) between
predicted and actual inundation times.

For evacuation performance, we measure success rate, i.e.,
the percentage of evacuations reaching safety before flood
arrival. Finally, we record time and memory usage during
training and inference to assess computational cost.

V. INITIAL RESULTS

We conducted an initial proof-of-concept study on the
UK event from the FloodCastBench data set [12] to assess
whether an SDF target already provides practical value before
introducing the full physics-informed training setup. Each
sample consists of six past flood states together with the
DEM height map and a scalar mean-rainfall summary. The
model predicts the next six flood states in a direct sequence-to-
sequence manner. To keep the comparison controlled, we used
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Figure 1. Comparison of flood area representations using a grid-based method and a signed-distance field.

the same small U-Net style backbone across all runs and only
varied the prediction target. The resulting baselines compare
a signed-distance field with a classic coarse cell-based mask
representation.

The targets are organized as follows. For the mask approach,
each grid cell is assigned a binary label indicating whether
the corresponding area is flooded. For the SDF representation,
the target takes continuous values between -1 and 1, where
-1 denotes non-flooded areas, 0 represents the SDF boundary,
and 1 indicates flooded areas.

The UK event targets were cleaned up and evaluated using
a chronological train/validation/test split. We incorporated four
complementary evaluation metrics. Flood-extent overlap is
measured using Intersection over Union (IoU),

|P NG|
IoU= —— 5
© |[PUG| )
and Dice, 2PN
N
Dice = ———, (6)
1P| +1G|

where P and G denote the predicted and ground-truth flooded
regions. We additionally consider a boundary F1 score to assess
whether predicted and reference flood boundaries match within
a small spatial tolerance, and an arrival-time mean absolute

error
2 Precy Recy

Precs + Recy’
where Precy and Recy denote boundary precision and recall
after allowing a small tolerance around the reference contour,
and an arrival-time mean absolute error

N
1
N2

i=1

Flg = )

MAE,,, = ®)

tarr,i - tarr,i

to summarize timing differences between predicted and ob-
served first inundation.

Under this setup, the SDF approach achieved slightly
improved flood-extent performance compared to the coarse-cell
mask baseline, as shown in Table I. This suggests that, at least
for the current direct-prediction backbone, the SDF target is
viable and already competitive as a representation, even though
it does not yet yield a decisive aggregate-metric advantage over
the mask baseline. This is mainly due to the fact that this event
is generally stable in terms of flood-extent and that after an
initial on-fall of rain, the flood depths remain relatively stable
over time.

TABLE I. INITIAL HELD-OUT RESULTS ON THE CLEANED UK FLOOD

EVENT.
Model ToU Dice Fly MAE,,,
Coarse mask 0.9975 0.9987 0.9998  0.0074
SDF 0.9976 0.9988 0.9988  0.0059

At the same time, the qualitative behavior of the SDF
target is encouraging. As can be observed in the comparison
of Figure 2, Figure 3 and Figure 4, the SDF representation
yields a continuous geometric field that is easier to overlay
on top of terrain and more naturally highlights evolving
flood structure than a purely binary occupancy map. On the
particular frame shown, the SDF approach presents much better
evaluation metrics than the averaged results in Table I. The
initial experiments therefore support the core motivation of
the paper: SDF is a promising geometric representation for
flood prediction, even though larger gains will likely depend
on stronger temporal models and the full physics-informed
formulation proposed in this work.

These initial results refine the direction of the full study.
Rather than assuming that SDF will dominate grid-based targets
out of the box, the experiments indicate that the most promising
benefit of SDF lies in boundary-aware structure, interpretability,
and its compatibility with future physics-informed constraints.
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DEM + Depth t-1

Figure 3. The results of coarse cell-based mask prediction (without explicit
flood boundary delineation).

DEM + Predicted SDF loU=0.993, BF1=0.997

Figure 4. The continuous signed-distance field prediction (with explicit flood
boundary delineation).

This makes SDF a strong candidate representation for the next
phase of work.

VI. CONCLUSION AND FUTURE WORK

We present a novel physics-informed SDF framework for
flood prediction that combines geometric representation, tem-
poral evolution modeling, and optimization-based constraints.

By explicitly targeting arrival times alongside flood extent,
the framework is intended to bridge the gap between fast
data-driven methods and reliable physics-based models. Our
initial UK case study already indicates that SDF is a viable
and visually compelling representation, with performance
comparable to a grid-based mask baseline under a matched
small U-Net backbone and with clearer geometric structure for
qualitative analysis.

At the same time, several parts of the full idea remain
to be implemented and tested in the next phase. First, the
current results are based on simple direct-prediction baselines
rather than the full physics-informed temporal architecture.
Second, the physical-constraints loss still needs to be integrated
and evaluated systematically, including the level-set evolution
term, downhill-flow consistency, and mass-balance constraints.
Third, the arrival-time and evacuation-routing components
have been formulated conceptually but still need end-to-end
empirical validation. Finally, broader experiments are required
to test whether the representation advantage of SDF becomes
more pronounced under stronger temporal backbones (e.g.
autoregressive backbone models), harder forecasting regimes,
and more realistic operational settings.

Overall, the present study provides encouraging early evi-
dence for the representation itself and clarifies the most promis-
ing next steps for turning the proposed SDF framework into a
complete physics-informed flood forecasting and evacuation-
support system.
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