Monitoring rail-corridor water from onboard
cameras using foundation-model patch descriptors
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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. OQur 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 Al
systems.

Our main contributions are:

o« We propose a computer vision pipeline for detecting
and segmenting track-adjacent water from onboard video
frames, targeting scalable rail infrastructure monitoring.

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

o 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 [I]]. In parallel, segmentation foundation models
such as SAM have enabled prompt-based mask generation and
are widely used as annotation support tools [[T1]].

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, DINOvV2 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 [I]]. 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 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. [T}

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



level classification of images where all, or almost all, of the
water was partially obstructed. There were also cases where
(not fragmented) specks of water were so small that it was
hard to decide if they should count. Overall, the masks were
considered sufficiently accurate for evaluating the proposed
image classification and segmentation method.

For obtaining the best possible models, it is important
to have water masks of high quality in the training set. In
addition, the dataset should contain images with both deep
and shallow water. As it turned out to be difficult to find such
images in the corpus with real images, we instead generated
synthetic images from some real images without water in the
corpus by adding puddles to the image using ChatGPT. For the
first training image, we added a puddle to an image with dense
forest in the background. Since initial PCA analyses indicated
that sky regions could have features similar to water, we chose
a second template with a clear blue sky in the distance and a
third one with clouds. The water areas in these images were
easier to annotate accurately than those in the test set. We
used OpenAI’s GPT-image-1 for inpainting puddles into three
images from our dataset.

Prompt:

Railway track through Nordic landscape. Add a
puddle close to the rails in this image. Please leave
light conditions as similar as possible to the original
image.

The generation process did not yield usable masks for the
inserted puddles. We therefore annotated the synthetic puddles
using SAM, following the same procedure as for natural
images containing water.

In addition, we chose an image with a large lake with
an irregular boundary, and prompted the model to re-create
the image, without instructing it to add or remove anything.
This gave a new version of the image with a smoother water
boundary, which was beneficial to the SVM model. Although
the lake in the image was too far away and too low below the
track to pose any threat to the train, we included it to train
the model to recognize a variety of water surfaces.

Lastly, we added a natural image where most of the terrain
was covered with snow, since the initial model was confusing
water and snow. This image, as well as those used as templates
for the GPT model were chosen from a dataset that did not
overlap with the test set.

The modified training images were 1536 x 1024 pixels,
which is smaller and has a different aspect ratio than the
test set images. The complete training set is shown in Fig.
where the first three are the images with added puddles, the
fourth is the re-created image with the lake, and the bottom
one is natural. The water bodies are shown with transparent
red masks.

IV. METHODS

DINOV3 is an openly available self-supervised vision foun-
dation model [E]] In our setup, we use it as a frozen feature
extractor that produces dense feature vectors on a regular grid
over the image with patch size of 16 x 16 pixels. The resulting

Fig. 2. The full training set with transparent red segmentation masks, top
four are synthetic, while the bottom is a natural image.

Fig. 3. Example images with PCA map from the training set (top) and test
set (bottom).

patch-level descriptors capture visual structure and can be used
as input to lightweight downstream classifiers.

A common approach to illustrating localized feature maps is
through principal component analysis (PCA). To this end, we
have computed the first three principal components from our
five training images, and mapped these to the RGB dimensions
using the scikit-learn package. Fig. [3] shows the resulting
transformations of a training image (top) and an image from
the test set (bottom). Note that “training” in this context does
not include the modification of any features; it only orients
the three display axes in the feature space in the way that best
captures the patch level variations in the training images.

We see that even without adaptation to segmentation masks,
the model is able to segment different objects reasonably well.
With only three PCA dimensions, it assigns similar colors



to water bodies and background pixels. However, when we
inspect further PCA components (not shown), it also separates
these well.

For adapting the model, we applied a form of linear probing
by adding a linear classification on top of the patch-level
features, and trained it by SVM, keeping the backbone frozen.
This is particularly efficient for cases with only two classes,
where a single output value can be used to separate them.

V. EXPERIMENTAL SETUP
A. Training protocol and evaluation metrics

Our few-shot setup used no more than five training images,
and we evaluated the performance for 1, ..., 5 images included
in the order shown in Fig. 2}

The intended use of the model is a two-stage process, where
we first classify an image as containing or not containing
water, and present a water mask when appropriate. We there-
fore define separate evaluation metrics for classification and
segmentation.

1) Classification: To map the model output to a real-
valued statistic, we aggregate the positive part of the SVM
patch output scores over the corresponding pixels, and label it
Y (image). In cases where all the patches have negative SVM
scores, we define ¥(image) as the maximum (least negative)
over these, as a tie breaker. We measure the classification
performance by the area under the receiver operating char-
acteristic curve (AUC) for X (image). AUC has the equivalent
definition of ’the fraction of positive-negative pairs that the
model orders correctly’, which may be more intuitive. It has
the advantage of measuring the model’s discriminative power
independently of the relative frequencies of the classes, while
a practical application would require us to trade off sensitivity
for specificity by setting a decision threshold.

2) Segmentation: To measure the model’s segmentation
quality, we use the Dice score, which is equivalent to a pixel-
level F1-score. We include both average Dice score over the
positive images (Mean Dice) and a pooled Dice score for all
pixels in all images, including the negative ones (Global Dice).

B. Implementation details

We used the DINOv3  backbone  checkpoint
dinov3-vitll6-pretrain-1lvdl689m. Patch
descriptors of dimension 1024 were taken from the DINOv3
patch tokens. The patch classifier was a linear SVM
implemented with the Python package sklearn.svm.SVC
using a linear kernel.

In the training set, we labeled a patch as water if all pixels in
the patch had been labeled as water pixels and as background if
all pixels in the patch had been labeled as background. Patches
with mixed labels were defined as unlabeled, and disregarded
in the SVM optimization. In order to support the analysis
of large images without down-sampling, we implemented
a pipeline where we cropped the image into four partially
overlapping parts, which were evaluated individually by the
model. For the overlapping parts, we split the SVM outputs

along the middle of overlaps, which reduced undesirable edge
effects.

VI. RESULTS

Table [[] gives the AUC and Dice scores as a function of
the number of images included in the training set, K. The
subsequent results are all for K = 5.

TABLE I
PERFORMANCE AS A FUNCTION OF THE NUMBER OF LABELED TRAINING
IMAGES K.
K  AUC (%) Mean Dice Global Dice
1 94.77 0.643 0.727
2 97.28 0.708 0.809
3 97.47 0.704 0.805
4 98.05 0.751 0.871
5 98.27 0.755 0.877

We used a decision threshold of 3(image) > 4000, which
yielded a false positive rate of 12/1500 = 0.8% and a false
negative rate of 150/1198 = 12.5%.

Fig. ] shows how the true positive rate and average Dice
scores for positive images vary with the size of the water mask.
For image groups where water covers more than 0.3% of the
image area, the true positive rate exceeds 0.8 and the mean
Dice score exceeds 0.6.
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Fig. 4. True positive rate and average Dice scores for positive images, as a
function of the water mask size.

Fig.[5]shows histograms of Dice scores for the image groups
above (blue) and below (orange) the 4000 threshold. Positive
images that fell below the 4000 limit had lower Dice scores
(average 0.33), while those above the threshold had higher
scores (average 0.82).

A. Qualitative error analysis

To complement the quantitative results, we show represen-
tative examples of failure modes. We overlay the annotation
mask in red and the model’s output mask in blue (purple where
they overlap).

Fig. [6] shows three examples with sub-optimal Dice scores,
with the original images to the left and the overlay visualiza-
tion to the right.
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Fig. 5. Frequencies of Dice scores for positive images, below and above the
classification threshold. The X-axis is grouped into Dice score bins of width
0.1, while the Y-axis gives the corresponding numbers of images with score
below 4000 (orange) and above 4000 (blue).

Fig. 6. Examples with sub-optimal Dice scores. Original images to the left,
and to the right the annotation masks (red) and the model’s output masks
(blue), with overlap shown in purple.

In the top image, the model may arguably have identified
parts of the water that was overlooked during annotation,
resulting in a Dice score of 0.60. In the second one, the model
has marked only the closer parts of water in a ditch, for a score
of 0.62. In the third image, parts of the water that showed
reflections of trees were identified by the model and not the
annotator, for a Dice score of 0.82.

We next consider classification errors at the selected deci-
sion threshold. The 150 positive images that were misclassified
were mainly images with small or narrow water areas, water
partially hidden by vegetation like grass or trees, water far
away from the train, and water areas with very shallow water
like water on asphalt or wet soil. Fig. [7] shows three examples
(same visualization as in Fig. [6). Note that in these false-
negative cases, the predicted water regions are typically small,
so only a few blue/purple pixels are visible.

Fig. 7. Examples of positive images that were misclassified (false negatives).
Original images to the left, and to the right the annotation masks (red) and
the model’s output masks (blue), with overlap shown in purple.

In the top image in Fig. /] the annotated water appears to be
wet mud. In the second, the annotated water is a thin line of a
river in the distance. In the third, the annotated water consists
of fragments seen through vegetation.

For the 12 images without water that were classified as
positive, we observed that in 5 cases there appeared to be
water present, while in 3 cases it was difficult to determine
whether water was present. In the remaining 4 images, water
was predicted on a masonry wall at the tunnel entrance, on a
trackside masonry strip, on a portion of a road surface, and in
a saturated area.

VII. DISCUSSION

Overall, the results show strong performance with very
limited supervision. The largest gain is obtained when in-
creasing the number of labeled images from K = 1 to
K = 2, while subsequent improvements are smaller (Table
). This suggests diminishing returns once the few-shot set
covers the main visual modes of water in the corridor imagery,
for example when additional synthetic puddles are visually
similar. Performance was high even though the training images
differed in aspect ratio and resolution from the test set.

In a practical monitoring setting, most frames will be
negative, and a given water body will typically be observed
across multiple frames and viewing conditions. This motivates
selecting a conservative decision threshold with low false
alarm rate. With X(image) > 4000, we obtain a false positive
rate of 0.8% at the expense of a higher false negative rate
(12.5%), indicating that the threshold is primarily tuned to
avoid frequent alarms.

The error patterns in the false negatives are consistent with
a small-signal regime: narrow or distant water regions and
water partially obscured by vegetation, as well as very shallow
water that is hard to separate from wet ground or asphalt.
These cases also align with the mask-size analysis in Fig. ]
where both true positive rate and Dice score improve with
increasing annotated water area. The overlap seen in the Dice



distributions above and below the threshold (Fig. [5) further
indicates that the decision threshold separates clear water cases
from more marginal detections.

Finally, the Dice score is a strict criterion that is reduced for
each pixel that is incorrectly classified. Since the qualitative
examples suggest that part of the apparent error can be due
to annotation ambiguity, a perfect Dice score should not be
expected.

VIII. FUTURE WORK

The planned application of our model is to run a real-time or
close to real-time analysis of forward-looking railway videos
and perform a running comparison to previous analyses of the
same track. Video analyses will allow temporal aggregation
across consecutive frames that is likely to reduce the number
of missed small water regions. The current model is applied
to full frames and may therefore respond to water anywhere
in the field of view. In deployment, we will restrict inference
to a region of interest around the track and trackside drainage,
reducing spurious alarms from distant lakes or rivers.

The main goal will be to create warnings in areas where
the build-up of water bodies is likely to create problems in
the near future, while in extreme cases it may also trigger
alarms that can stop the train immediately.

We also plan to extend the model to detect developing ice
patches and icicles along the railway tracks.

IX. CONCLUSION

The proposed few-shot setup uses DINOv3 as a frozen
patch-level feature extractor and a lightweight SVM-based
patch classifier trained from only five segmented images. On
the held-out test set, we obtained an image-level AUC of
98.27%, a mean Dice score of 0.755, and a global Dice
score of 0.877. These results indicate that pretrained patch
descriptors can support practical few-shot water segmentation
from onboard railway imagery despite ambiguity in the ground
truth annotations. This can enable scalable monitoring of track-
adjacent water from onboard video, supporting maintenance
planning and operational decision-making during heavy rain-
fall events.
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