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Abstract—Flooding and standing water near the railway
trackbed can compromise safety, increase maintenance needs
and, in severe cases, cause derailment risk. We study detection
and segmentation of track-adjacent water in forward-looking
video frames captured by onboard train cameras under a few-
shot supervision regime. Our approach uses a frozen DINOv3
vision foundation model as a dense feature extractor and trains
a lightweight linear SVM head on patch-level descriptors trained
from only K = 5 labeled images. We evaluate the method
on a held-out set of 1500 negative and 1198 positive frames.
Performance improves with K, reaching an image-level AUC
of 98.27%, a mean Dice score of 0.755 and a global Dice
score of 0.877 at K = 5. At a conservative decision threshold
selected for low false alarms, the false positive rate is 0.8%
with a 12.5% false negative rate. Qualitative analysis shows that
most errors occur for small or distant water regions, partial
occlusions by vegetation, and shallow water on wet surfaces.
The results indicate that descriptors from strong pretrained
foundation models enable practical few-shot water monitoring
from onboard railway video with minimal task-specific training.
This can enable scalable monitoring of track-adjacent water from
onboard video, supporting maintenance planning and operational
decision-making during heavy rainfall events.

Index Terms—flood detection, railway safety

I. INTRODUCTION

Securing the integrity of railway infrastructure is critical
for infrastructure owners to provide safe and uninterrupted
passenger and freight services. Flooding near the railway is
one of several hazards that can compromise track integrity,
and it is becoming increasingly relevant as climate change
drives more frequent and extreme weather. Water accumulating
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alongside the trackbed may infiltrate and weaken the subgrade,
reduce ballast stability, and trigger erosion and washout of em-
bankment material; in severe cases it may increase derailment
risk.

Detecting water accumulation along the railway is useful for
two main reasons. First, it can reveal locations with inadequate
drainage or blocked culverts intended to channel water beneath
the track structure, enabling targeted maintenance to reduce
the risk of erosion and washout during heavy rainfall. Second,
train drivers may report observed water build-ups, supporting
immediate mitigation actions such as reduced speed or tem-
porary line closure. Today, we rely on inspectors being in the
right place at the right time and on drivers having sufficient
attention to observe and report such events. Since manual
inspections are carried out only periodically and drivers must
prioritize operational tasks, the current approach to detecting
and monitoring flooding is insufficient.

Image foundation models (FMs), trained on large corpora
of unlabeled images, have become a standard approach for
robust computer vision. Trained on pretext objectives such as
reconstructing masked image regions, they learn transferable
representations and can often be adapted with minimal task-
specific training, requiring substantially less labeled data than
conventional supervision. A recent example is DINOv3 [1],
released by Meta, which has demonstrated strong performance
on segmentation and object detection in natural imagery. In
this paper, we apply a frozen DINOv3 encoder and train a
linear support vector machine (SVM) head to identify water
in images, and apply this to detect and segment flooding
near railways. We show that the SVM can be trained with



only a small number of labeled images and robustly identifies
water near the trackbed. Because real images of flooding near
or on the track are scarce, we also demonstrate synthetic
data generation using commercially available LLM-based AI
systems.

Our main contributions are:
• We propose a computer vision pipeline for detecting

and segmenting track-adjacent water from onboard video
frames, targeting scalable rail infrastructure monitoring.

• We adapt frozen DINOv3 patch descriptors with a
lightweight linear SVM head for few-shot water segmen-
tation in rail corridor imagery.

• We evaluate the approach using both image-level detec-
tion performance (AUC based on total predicted water
signal) and pixel-level segmentation quality (Dice), and
report performance as a function of the number of training
images ranging from 1 to 5.

II. RELATED WORK

Computer vision has a long history in railway inspection,
with a strong focus on detecting defects in rails, sleepers,
fasteners, and rolling stock. Recent reviews summarize a broad
set of sensing setups and learning-based pipelines, and point
out recurring challenges such as varying lighting and weather,
domain shift between different railway lines, and limited
public datasets for benchmarking [2]. Complementary work
also covers remote sensing as part of the monitoring toolbox,
often trading local detail for wider coverage [3]. UAV-based
inspection has become popular for targeted surveying, but it
does not provide the same continuous coverage as train-borne
sensing [4].

Flood and surface-water perception from images has been
studied in road and urban settings, both as segmentation and
as detection for operational decision support. Deep models can
segment water from fixed cameras, but reflections, wet asphalt,
and low visibility remain common failure modes [5]. For mov-
ing platforms, water hazard detection has also been addressed
with dedicated architectures that try to handle reflections and
appearance changes [6]. Several datasets support flood scene
understanding, but many are aerial or scenario-specific, which
complicates transfer to train-borne corridor imagery [7], [8].

Self-supervised vision transformers have made it practical
to reuse pretrained representations as general-purpose features.
DINO showed that strong semantic structure can emerge
without labels [9], and DINOv2 scaled this idea to more robust
visual features across domains [10]. DINOv3 further empha-
sizes high-quality dense features, which is attractive when
training data is scarce and it is desirable to keep most of the
model frozen [1]. In parallel, segmentation foundation models
such as SAM have enabled prompt-based mask generation and
are widely used as annotation support tools [11].

Few-shot semantic segmentation aims to produce pixel-wise
masks from only a small number of labeled examples, and
much of the literature focuses on episodic/meta-learning or
matching-based architectures [12]. In our setting, we instead
follow a representation-based approach: we keep a strong

Fig. 1. Examples of image crops that were difficult to annotate accurately
due to fragmented water regions.

backbone frozen and learn only a lightweight classifier from
the few available masks. This is consistent with how self-
supervised ViT features are evaluated for dense prediction;
for example, DINOv2 reports semantic segmentation results
using frozen features with a linear classifier [10], and DI-
NOv3 further targets high-quality dense features that transfer
well with minimal adaptation [1]. Recent work on few-shot
segmentation also argues that pre-trained ViTs already group
patches with similar semantics, which can be exploited under
limited supervision [13].

III. DATASETS AND ANNOTATIONS

We used a large corpus of forward-looking onboard dash-
board camera videos recorded from trains operating across
most of Norway’s railway network. From this corpus, we
constructed (i) a labeled few-shot training set of five frames
(Fig. 2), and (ii) a held-out test set of 1198 frames containing
water and 1500 frames without water. The image size varied,
with an average of about 4200 x 2000 pixels. Positive frames
include puddles, trackside ditches with water, shallow standing
water near the trackbed, and larger water bodies such as lakes
and rivers.

To annotate the images, we manually inspected the video
footage to identify frames containing water and sampled
frames with sufficient temporal separation to avoid near-
duplicates of the same scene. We used the base (ViT-B) version
of the original SAM model [11] for annotating water in the
images. Since the target water regions were identified by
the annotators, we used SAM with point prompts (point-and-
click), rather than other prompt types such as masks, bounding
boxes, or text prompts.

Accurate annotation of water in natural scenes is often
difficult, as vegetation and other foreground objects may
partially occlude the water surface. In such cases, a perfect
segmentation mask would be highly fragmented, as illustrated
in Fig. 1.

To obtain high quality masks for all kinds of images in the
training set in the interactive annotation process would have
been too time-consuming. We instead adopted a minimalist
annotation strategy by excluding heavily fragmented regions
from the water masks. There is, however, a gray zone where
partially fragmented areas could reasonably be included or
excluded. As a result, some mask boundaries reflect subjective
judgment, and the resulting ground truth is not expected to be
perfectly reproducible. This also applies to the binary image
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