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Physics-Informed Signed Distance Fields for Flood Arrival Time Prediction and
Evacuation Routing

Yameng Guo
yameng.guo @ugent.be
dept. Business Informatics and Operations Management
Ghent University
Gent, Belgium

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(2,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 — obs||> +A1 |00 + v - Vio||?
data fit level set PDE

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

3)

mass balance

The level-set term enforces dp /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 + Thuffer (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 Precs 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 1. 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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Abstract—Railway sinkholes represent a critical geotechnical
hazard for rail infrastructure safety and require reliable detection
methods based on high-resolution topographic data. This paper
proposes an integrated methodology combining geomorphological
analysis and machine learning for the automated detection of
railway sinkholes from Light Detection and Ranging (LiDAR)-
derived Digital Elevation Models (DEMs). The proposed frame-
work relies on a two-stage approach. First, a geomorphological
processing chain is applied to generate high-resolution DEMs and
delineate topographic depressions using watershed segmentation.
This step enables the systematic extraction of candidate basins
potentially corresponding to sinkholes. Second, each extracted
basin is characterized using a set of handcrafted geometric
and morphometric descriptors capturing properties, such as
shape, depth, volume, and spatial structure. These features
are then used within a supervised learning framework to
discriminate true sinkholes from other terrain irregularities.
Several classification algorithms, are implemented and compared
to assess their performance and robustness. Experimental results
demonstrate that integrating feature-based machine learning with
geomorphological segmentation significantly improves detection
accuracy and reduces false positives compared to a purely
morphological approach. The proposed workflow contributes
to spatial terrain analysis and infrastructure monitoring by
providing a scalable and data-driven methodology for railway
risk assessment based solely on elevation data.

Keywords-Railway Sinkholes; LiDAR Point Clouds; Digital
Elevation Models (DEM); Geomorphological Analysis; Supervised
Learning.

I. INTRODUCTION

A railway sinkhole is a localized ground collapse caused
by the upward propagation of a void roof failure until rupture
reaches the surface. It typically originates from the collapse of
shallow underground cavities of natural origin (karst dissolution,
gypsum dissolution, internal erosion) or anthropogenic origin
(abandoned quarries, underground galleries, buried infrastruc-
tures). The process begins with cavity roof failure, followed by
the progressive formation of a collapse chimney that migrates
upward (Figure 1). When the overburden becomes too thin
to sustain arching effects, a sudden surface rupture occurs,
forming a circular or funnel-shaped crater. While early stages

may develop slowly, the final collapse is often abrupt and
difficult to predict. Precursory signs are frequently subtle or
absent [1], making sinkholes inherently hazardous.

Railway infrastructures are particularly vulnerable to such
instabilities. Due to strict geometric tolerances required for
safe operation, even small vertical displacements—on the
order of a few centimeters—may lead to speed restrictions
or traffic [2]. Several recent incidents in France have resulted
in emergency traffic suspensions and costly geotechnical
interventions. Beyond safety concerns, these events generate
significant operational and economic impacts.

These constraints highlight the need for reliable methods
capable of identifying surface depressions potentially associated
with sinkholes. Given the morphological variability of sinkhole
manifestations and the highly structured nature of railway
environments, detection approaches must distinguish true
geotechnical instabilities from benign topographic irregularities.
Developing robust, scalable detection strategies is therefore
essential for improving risk prioritization in railway monitoring
systems.

Figure 1. Stages of sinkhole formation [3].

The remainder of this manuscript is structured as follows.
Section II reviews existing sinkhole detection approaches in
railway and geotechnical contexts. Section III presents the
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proposed two-stage framework combining geomorphological
segmentation and supervised classification. Section IV reports
experimental results on both training and independent test
datasets. Finally, Section V discusses limitations and perspec-
tives for large-scale deployment.

II. RELATED WORK

The detection of railway sinkholes is challenging due to
their localized nature and their potentially rapid impact on
track stability. Detection-oriented approaches aim to identify
already formed sinkholes or advanced degradation signs from
surface or near-surface observations. Existing methods can be
broadly categorized into four families.

Track geometry monitoring relies on measurement trains
that record longitudinal level, alignment, cross-level, and
gauge. Although primarily developed for maintenance purposes,
these indicators have been investigated as indirect proxies for
substructure degradation [4]. Time-series analysis can reveal
localized settlements possibly linked to sinkhole formation,
but such approaches remain indirect, provide no explicit
information about cavity geometry, and may lack sensitivity
when structural stiffness compensates small-scale instabilities
[5].

Surface morphological analysis has expanded with the
availability of airborne Light Detection and Ranging (Li-
DAR) and Unmanned Aerial Vehicle (UAV) photogrammetry,
enabling automated sinkhole detection from high-resolution
DEMs. Typical methods identify closed depressions using
morphometric indices, contour-tree structures, or statistical
susceptibility mapping [6], [7]. While effective for surface-
visible sinkholes, DEM-based approaches are sensitive to
anthropogenic structures and topographic artifacts. In railway
environments, engineered platform geometries complicate the
discrimination between genuine sinkholes and benign features,
limiting purely morphometric thresholding strategies.

Ground Penetrating Radar (GPR) detects near-surface anoma-
lies by analyzing reflected electromagnetic waves [8]. Railway-
mounted systems provide decimetric-resolution profiles of the
track substructure, and machine learning techniques have been
proposed for automated anomaly detection in radargrams [9].
However, interpretation depends strongly on soil conditions and
acquisition parameters, and GPR requires dedicated inspection
campaigns, which limits continuous large-scale monitoring.

Satellite Radar Interferometry (InSAR) estimates ground
deformation from multi-temporal radar acquisitions. Persistent
Scatterer and SBAS approaches enable millimetric subsidence
monitoring along railway corridors [10], and have identified
progressive deformation associated with sinkhole activity in
karst or mining regions [11]. Nevertheless, InNSAR measures
surface deformation rather than cavities directly and is less
sensitive to small-scale or abrupt collapses without prior gradual
settlement.

In this context, our work focuses on surface morphological
analysis from high-resolution LiDAR-derived DEMs. Instead
of relying solely on morphometric thresholding, we propose a

two-stage framework combining watershed-based geomorpho-
logical segmentation with supervised classification, aiming to
preserve morphological sensitivity while improving statistical
discrimination in structured railway environments.

III. METHODOLOGY

The proposed methodology addresses the limitations of
purely geomorphological segmentation when applied to en-
gineered railway DEMs. In previous work, a marker-controlled
watershed framework was introduced to delineate depressions
from LiDAR-derived DEMs, successfully extracting sinkhole-
like basins [12]. However, in railway environments, this
approach generates numerous false positives due to ballast
roughness, drainage features, and other anthropogenic micro-
relief patterns. To overcome this limitation, a two-stage
framework is adopted: (i) watershed segmentation is retained as
a high-recall candidate generator, and (ii) the extracted basins
are reformulated as a supervised classification problem using
a compact set of handcrafted geometric and morphometric
descriptors.

Stage 1: Geomorphological Watershed Segmentation

The first stage applies a marker-controlled watershed seg-
mentation to LiDAR-derived DEMs to extract candidate
topographic depressions (Figure 2). The complete framework
was introduced in our previous work [12]; only the main
principles are summarized here.

The DEM is first denoised using an adaptive Wiener filter
to reduce local noise while preserving terrain morphology [13].
The watershed transform interprets the DEM as a topographic
surface and partitions it into catchment basins associated with
local minima [14]-[16]. In our implementation, segmentation
is applied to the gradient magnitude of the filtered DEM, so
that low-gradient areas form basin interiors while high-gradient
zones define separating ridges.

To limit over-segmentation, a marker-based formulation is
adopted. Morphologically significant minima are selected using
an h-minima operator, while border-connected components are
discarded. The parameter h is chosen conservatively to preserve
all potential sinkholes, even at the cost of generating additional
non-relevant basins. The resulting labeled depressions constitute
high-recall candidates that are subsequently refined through
supervised classification.

Stage II: Basin-Level Feature Extraction and Supervised
Classification

Each watershed basin is represented by a compact set of
geometric and morphometric descriptors computed at the region
level. These features (Table I) characterize basin size, shape,
depth, and internal topographic variability.

Because these descriptors span different numerical ranges,
feature scaling is applied when required. Standard normal-
ization is used for scale-sensitive classifiers (e.g., logistic
regression and Support Vector Machine (SVM)), while tree-
based models are trained directly on raw features.
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Figure 2. Overview of the non-learning watershed segmentation pipeline.
From DEM and gradient computation to raw and filtered minima, and final
watershed segmentation. Highlighted regions represent candidate basins used
for feature extraction and supervised classification.

Table 1
TABLE I. BASIN-LEVEL DESCRIPTORS USED FOR SUPERVISED
CLASSIFICATION
Feature Definition / Meaning
Area Number of pixels in the basin
(surface extent)
Perimeter Length of basin boundary
. . 4m - area
Circularity C=—""->
perimeter
. major axis
Elongation E=——r

minor axis

dioc = Gauss(DEM) — DEM
max(djoc) over basin
Mean of djoc

Mean terrain slope over basin

Local depth
Maximum depth
Mean depth
Mean slope
Mean gradient Mean gradient magnitude

Mean local DEM standard deviation
(5%5 window)

Mean roughness

Stage III: Supervised Basin Classification

Following feature extraction, each candidate basin is repre-
sented by a descriptor vector f;. The objective of Stage III
is to learn a binary decision function C : f, — {0,1}
that discriminates true sinkholes from non-relevant terrain
depressions. Given the moderate size of the dataset and the
structured nature of the engineered features, we evaluate
four complementary classification models, ranging from linear
baselines to ensemble-based non-linear methods.

a) Logistic Regression: Logistic regression serves as
a linear probabilistic baseline [17]. It models the posterior
probability P(y = 1 | f) = o(w'f + b), yielding a linear
decision boundary and directly interpretable feature weights.

b) Support Vector Machine: Support Vector Machines
(SVM) aim to maximize the margin between classes [18]. By
employing a Radial Basis Function (RBF) kernel, the model
captures non-linear decision boundaries while maintaining
strong generalization capabilities, particularly suited to small-

to-medium datasets.

c¢) Random Forest: Random Forest is an ensemble learn-
ing method composed of decorrelated decision trees trained
via bootstrap aggregation and randomized feature selection
[19]. The final prediction is obtained through majority voting,
allowing the model to capture complex non-linear feature
interactions while reducing overfitting.

d) LightGBM: LightGBM is a Light Gradient Boosting
Machine (LightGBM) framework based on sequentially con-
structed decision trees [20]. Each tree is optimized to minimize
the residual errors of previous iterations, enabling efficient
learning of high-order feature interactions in structured tabular
data.

Experimental Setup: The framework is evaluated on
20 LiDAR-derived DEMs containing confirmed railway sink-
holes. For each DEM, marker-controlled watershed segmen-
tation (Stage I) extracts candidate basins, followed by post-
segmentation filtering to retain only morphologically valid
regions suitable for descriptor computation. This yields 60
labeled basins: 20 true sinkholes and 40 non-sinkhole regions,
defined based on spatial overlap with ground-truth masks.

Supervised learning is performed at the basin level using
stratified cross-validation to preserve class proportions. Lo-
gistic Regression, SVM (RBF kernel), Random Forest, and
LightGBM are trained on the training folds and evaluated on
the corresponding validation folds. Performance is primarily
assessed using Precision—Recall (PR) metrics to account for
class imbalance.

IV. RESULTS AND DISCUSSION

This section evaluates the proposed watershed-based basin
classification framework through a two-stage analysis. First,
classifier performance is assessed during training using 5-fold
stratified cross-validation on the watershed basins extracted
from the training DEMs. Second, the trained models are
evaluated on an independent dataset composed exclusively
of real railway DEMs in order to assess their generalization
capability and robustness under realistic operational conditions
characterized by class imbalance, geomorphological variability,
and segmentation artifacts.

A. Comparative Analysis of Supervised Classifiers on Training
Data

This section evaluates the performance of the supervised
classifiers trained on a dataset composed of N = 60 watershed
basins, including 20 sinkhole basins (positive class) and 40
non-sinkhole basins (negative class). The prevalence of the
positive class is therefore 7 = 20/60 = 0.333.

In this imbalanced setting, accuracy alone may conceal
unfavorable classification behavior, particularly over-prediction
of the majority class. Performance is therefore analyzed using
Precision—Recall (PR) curves, which are more informative
when the primary objective is to detect a relatively rare class.
The Area Under the Precision—Recall Curve (AUPRC) is used
as the main ranking metric. It is important to note that, in PR
space, the expected performance of a random classifier equals
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Figure 3. Precision-recall curves (5-fold cross-validation). (a) RF: 0.79, (b)
LGBM: 0.63, (c) SVM: 0.63, (d) LR: 0.47.

the class prevalence; therefore, a non-discriminative method
would yield an AUPRC close to 0.333.

The PR curves shown in Figure 3 indicate that all models
outperform the random baseline (AUPRC > 0.333), confirming
the existence of a discriminative signal within the morphome-
tric basin descriptors. However, performance differences are
substantial.

Random Forest achieves the highest AUPRC (0.787), more
than twice the random reference. This result indicates a strong
ability to rank basins according to their probability of being
sinkholes. In particular, the top-ranked basins exhibit high
precision, which is critical in a detection pipeline aiming to
reduce false positives prior to inspection or post-processing.
The curve shape suggests a high-precision / moderate-recall
regime, enabling the adoption of a strict decision threshold to
retain only highly reliable detections.

LightGBM and SVM obtain comparable AUPRC values
(0.630 and 0.628, respectively), substantially above the random
baseline (absolute gain of approximately +0.30 over 0.333), yet
clearly inferior to Random Forest. Their curves appear more
irregular, reflecting increased sensitivity to the limited dataset
size (only 20 positive samples) and to fold variability. These
models remain capable of prioritizing sinkholes, but precision
decreases more rapidly as recall increases, leading to higher
false-positive rates when targeting high recall.

Logistic regression reaches an AUPRC of 0.471, above the
random reference (0.333) but significantly lower than the non-
linear models. This suggests that linear separation in feature
space is insufficient to capture the diversity of basin geometries
produced by watershed segmentation. This result is consistent
with the problem structure: discriminative morphological
signatures likely depend on non-linear interactions between
descriptors (e.g., area, circularity, perimeter, and depth).

Aggregated 5-fold cross-validation metrics are reported in
Table II. Results are presented as mean + standard deviation
to quantify variability induced by data partitioning, which

Table II
TABLE II. MEAN PERFORMANCE (+ STD) FROM 5-FOLD
STRATIFIED CROSS-VALIDATION

Model Acc. Prec. Rec. F1 AUPRC

RF 0.83+0.12  0.83+0.21  0.65+£0.20  0.72+0.18  0.79+0.12
LGBM  0.78+0.10  0.60+0.15  0.62+0.18  0.61+0.14  0.63+0.13
SVM 0.76+£0.11  0.58+0.17  0.60+£0.20  0.59+0.16  0.63%0.15
LR 0.70+£0.10  0.54+0.15  0.65+0.26  0.58+0.17  0.47%0.15

is particularly relevant given the limited number of positive
samples.

The values reported in Table II confirm and complement
the PR analysis. Random Forest provides the strongest overall
performance, with a mean Fl-score of 0.72 £ 0.18 and high
precision (0.83 £0.21), indicating a favorable balance between
recall and false-positive control under moderate class prevalence
(m = 0.333).

LightGBM and SVM exhibit intermediate performance,
with Fl-scores close to 0.60 and increased variability across
folds, reflecting greater sensitivity to the small number of
positive samples. Logistic regression, although outperforming
the random baseline, remains consistently weaker across
metrics, confirming the limitations of a purely linear decision
boundary for this task.

Based on these training results, Random Forest is selected as
the primary model for subsequent evaluation on an independent
test set composed exclusively of real railway DEMs.

B. Comparative Analysis of Supervised Classifiers on the Test
Phase

The evaluation phase is conducted on an independent test
dataset composed of real DEMs not used during training.
Twelve DEMs, each containing one confirmed sinkhole, are
processed using the same marker-controlled watershed segmen-
tation pipeline described previously. The segmentation of these
12 DEMs produces a total of 72 valid basins, including 12 true
sinkhole basins and 60 basins corresponding to non-relevant
morphological structures.

The number of basins generated by the watershed is not
constant and strongly depends on the local morphology of
each DEM, particularly surface roughness, the presence of
topographic irregularities, and the level of over-segmentation
induced by the method. Consequently, some DEMs generate a
larger number of candidate basins than others, independently
of the actual number of sinkholes present. This pronounced
imbalance reflects a realistic operational scenario in which
sinkholes represent a rare class among numerous candidate
depressions. The performance reported in this section therefore
evaluates the ability of the models to generalize and discrimi-
nate sinkholes under practical conditions, without any post-hoc
adjustment of the watershed outputs.

The corresponding confusion matrices are presented in
Table III, and the performance metrics associated with the
sinkhole class (positive class) are summarized in Table IV.

The analysis of the confusion matrices (Table III) reveals
several important trends. Logistic regression, although correctly
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Table 111
TABLE III. CONFUSION MATRICES FOR THE FOUR MODELS
(TEST SET: 72 BASINS)

Logistic Regression SVM (RBF)
Pred. 0 Pred. 1 Pred. 0 Pred. 1
True 0 37 23 True 0 42 18
True 1 6 6 True 1 3 9
Random Forest LightGBM
Pred. 0 Pred. 1 Pred. 0 Pred. 1
True 0 55 5 True 0 51 9
True 1 3 9 True 1 4 8

Table IV
CLASSIFICATION SCORES FOR THE sinkhole CLASS

Model Accuracy Precision Recall F1-score
Logistic Regression 0.597 0.207 0.500 0.293
SVM (RBF) 0.708 0.333 0.750 0.462
LightGBM 0.819 0.471 0.667 0.552
Random Forest 0.889 0.643 0.750 0.692

identifying half of the sinkholes (6/12), produces a very large
number of false positives (23), confirming insufficient linear
separability between basin classes. The RBF SVM substantially
reduces false positives (18) while detecting the majority of
sinkholes (9/12), benefiting from its ability to model non-linear
decision boundaries.

Tree-based methods (Random Forest and LightGBM) exhibit
the most balanced confusion matrices, with few false negatives
(3—4) and a limited number of false positives (5-9), indicating
improved robustness to local DEM variations. Random Forest
achieves the clearest separation, with only 5 false positives and
3 false negatives.

The metrics reported in Table IV confirm these observations.
Logistic regression yields moderate recall (0.500) but extremely
low precision (0.207), resulting in a limited F1-score (0.293).
The SVM significantly improves performance, particularly in
recall (0.750), but still suffers from numerous false alarms.
LightGBM provides intermediate performance, balancing sen-
sitivity and error reduction. Random Forest emerges as the
most reliable and balanced model, achieving the highest F1-
score (0.692) and the best trade-off between sinkhole detection
and false-positive control. Its stability can be attributed to
the aggregation of weakly correlated trees, which smooths
geomorphological noise while effectively capturing non-linear
relationships between basin descriptors.

Comparing cross-validation results with independent test
performance reveals overall consistency. For Random Forest,
LightGBM, and SVM, test scores fall within the variability
range defined by the mean * standard deviation observed
during cross-validation, indicating satisfactory generalization
capacity. Logistic regression constitutes a notable exception,
with a marked performance drop on the test set, highlighting the

intrinsic limitations of a linear model in a strongly imbalanced
and non-linear problem setting.

Figure 4 illustrates classification results on a representative
test DEM, comparing the initial watershed segmentation with
predictions produced by the four evaluated models.

Figure 4. Comparative visualization of final predictions for the four models:
original DEM (top left) with true sinkholes outlined in red, watershed
segmentation (top center), Random Forest predictions (top right), Light GBM
(bottom left), Logistic Regression (bottom center), and SVM (bottom right).
Basins predicted as sinkholes are shown in brown.

Performance Analysis of the Random Forest Model:
Figure 5(a) presents feature importance computed using the
Gini impurity criterion within the Random Forest. This metric
reflects how frequently each descriptor contributes to node
splitting across the ensemble and therefore highlights struc-
turally dominant variables in the learned decision process. The
descriptors circularity and area emerge as the most influential,
indicating that global shape properties define the primary
decision boundaries in the basin feature space. Additional
variables such as depth_mean, elongation, perimeter, and
slope_mean also contribute meaningfully to tree construction.

A more predictive evaluation is provided by permutation
importance (Figure 5(b)), which measures performance degra-
dation when each variable is independently shuffled. Unlike
the Gini-based ranking, this analysis reveals that area is by
far the most decisive descriptor for effective classification,
followed by circularity and perimeter. Secondary geometric
variables (rough_mean, grad_mean, slope_mean, elongation)
exhibit minimal influence on predictive performance, suggesting
redundancy or weak discriminative contribution. The negligible
role of depth_max confirms its limited relevance for the
detection task.

The overall discriminative capacity of the model is illustrated
by the Receiver Operating Characteristic (ROC) curve in
Figure 5(c). The Area Under the Curve (AUC = 0.799)
indicates good separation between sinkhole basins and non-
relevant depressions. The curve lies clearly above the random
baseline, demonstrating that the model captures meaningful
structure despite the limited dataset size and inherent variability.
Decision threshold optimization yields an optimal threshold
of 0.763, maximizing the F1-score at 0.700. The distribution
of predicted probabilities (Figure 5(d)) further supports this
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interpretation. Most basins receive low probabilities (< 0.4),
reflecting a conservative prediction regime, while true sinkholes
predominantly cluster in the high-probability region (> 0.75),
naturally justifying the selected threshold. The intermediate
interval (0.4-0.7) corresponds to geometrically ambiguous
basins where morphological cues are less distinctive. This
structured distribution explains why the optimal operating point
lies well above the default threshold of 0.5.

Overall, the Random Forest effectively extracts the mor-
phological patterns associated with railway sinkholes while
maintaining robustness to geometric heterogeneity and terrain
variability.

Importance des variables par permutation (Random Forest)

(a) Gini-based importance (b) Permutation importance

Distribution des probabilités (Random Forest)

ROC Curve - Random Forest

104 — AUC=0.799

00 02 04 06 o8 10 00 08 10

False Positive Rate

(c¢) ROC curve (AUC = 0.799)

Figure 5. Random Forest performance analysis.

04 06
Probabilité prédite pour la classe 1
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V. CONCLUSION AND FUTURE WORK

This study proposed and evaluated a structured two-stage
framework for the detection of railway sinkholes from LiDAR-
derived Digital Elevation Models. The methodology combines
(i) a geomorphological watershed segmentation to extract
candidate depressions and (ii) supervised classification of basin-
level morphometric descriptors to distinguish true sinkholes
from non-relevant surface irregularities.

Experimental results demonstrate that the watershed seg-
mentation provides a consistent and physically grounded
partition of the terrain, enabling systematic candidate extraction
while preserving all relevant depressions. When coupled with
supervised learning, this representation proves effective for
discriminating sinkholes within a challenging and imbalanced
setting. Among the evaluated classifiers, tree-based methods
— particularly Random Forest — achieve the best overall
performance, reaching an Fl-score of 0.692 on an independent
test set composed exclusively of real railway DEMs. Feature
importance analyses consistently emphasize the dominant
role of geometric descriptors such as area, perimeter, and
circularity, confirming that basin shape constitutes a robust and
interpretable signature of railway sinkholes in the considered
dataset.

Overall, the proposed framework establishes a reproducible
and operational baseline for automated railway sinkhole de-
tection based on geomorphological reasoning and supervised
learning. While the approach relies on predefined morphome-
tric descriptors and watershed-based candidate generation, it
provides a transparent and explainable decision process that is
well adapted to structured terrain analysis.

Future work may explore extensions toward richer spatial
representations, including learning-based approaches operating
directly on three-dimensional data or point clouds. Such devel-
opments could further enhance robustness and generalization
across heterogeneous railway environments, while building
upon the geomorphological insights established in this study.
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