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Abstract

Accurate damage localization is essential for infrastructure inspection, but conventional segmentation methods rely on dense pixel-
level annotations that are costly to obtain and difficult to scale. This paper presents a foundation model-based pipeline for data-
efficient damage localization in built infrastructure. The proposed workflow combines DINOv3 features for image-level classifica-
tion, Grad-CAM for weak localization, and the Segment Anything Model (SAM) for prompt-guided pixel-level segmentation. The
resulting masks are further transferred into 3D space for spatially contextualized visualization.
The pipeline is evaluated on two case studies. On a subset of Sewer-ML, three representative sewer defect classes are used to
compare pretrained backbones and to qualitatively assess downstream localization. The DINOv3-based classifier achieves a higher
average F2-score than a Google ViT baseline, reaching about 0.72 versus 0.64. On a custom historic masonry dataset, the method
is quantitatively evaluated for material-loss segmentation using manually annotated test masks. The proposed heatmap-guided
prompting strategy achieves a mean Dice score of 0.69 and a mean IoU of 0.53, while the classification stage reaches an F2-score
of 0.99. A proof-of-concept experiment further demonstrates that segmented damage regions can be visualized within a larger local
3D scene. Overall, the results show that the proposed foundation-model based pipeline can support data-efficient and spatially
meaningful damage localization across different infrastructure domains.

1. Introduction

Accurate detection and localization of structural damage are es-
sential for maintaining the safety and durability of built infra-
structure. In recent years, artificial intelligence (AI) has been
increasingly applied to automate damage detection, with sub-
stantial progress in both classification and segmentation. How-
ever, standard supervised approaches typically require dense
pixel-level annotations, which are costly and time-consuming
to produce. This limits their practical use in domains where
annotated data are scarce, heterogeneous, or difficult to collect,
such as underground infrastructure, heritage sites, and construc-
tion environments.

Moreover, many existing approaches operate solely in two di-
mensions. While 2D predictions may indicate the damage loc-
ation in an image, they lack the spatial context needed for geo-
metric documentation, comparison across views, or integration
into digital representations of assets. For infrastructure inspec-
tion workflows, and especially for digital twin applications, it is
desirable to localize damage accurately and relate them to three-
dimensional geometry. Achieving this in a data-efficient man-
ner remains challenging, particularly when dense segmentation
annotations are unavailable. This gap hinders reliable, large-
scale condition assessment and delays actionable maintenance
decisions.

To address these limitations, this study proposes a data-efficient
pipeline that combines pretrained foundation models with 3D
reprojection, eliminating the need for segmentation annotations
and providing spatially contextualized results for large-scale
inspection. The proposed pipeline follows a multi-stage pro-
cess that combines semantic understanding from classification
with geometric precision from segmentation and spatial map-
ping. First, visual features are extracted from images using the

self-supervised DINOv3 model (Siméoni et al., 2025). These
features are then used by a lightweight classifier to determ-
ine the damage category. Next, Gradient-weighted Class Ac-
tivation Mapping (Grad-CAM) (Selvaraju et al., 2017) is used
to generate class-specific activation maps that localize the re-
gions most relevant to each classification decision. These ac-
tivation maps are subsequently used as prompts for the Seg-
ment Anything Model (SAM) (Kirillov et al., 2023) to obtain
refined, pixel-level masks. Finally, the resulting masks can
be mapped into 3D space by combining pixel-level segmenta-
tion using available geometric information and camera pose es-
timates, enabling spatially contextualized damage localization.
Unlike conventional supervised approaches that rely on dense
pixel-level segmentation annotations, the proposed pipeline loc-
alizes damage without the need to segment training data by
leveraging pretrained foundation models. This approach en-
sures data efficiency while preserving semantic interpretability
and geometric accuracy.

The proposed pipeline is evaluated through a combination of
classification, segmentation, and 3D localization experiments.
On the Sewer-ML dataset (Haurum and Moeslund, 2021a),
the study investigates the effectiveness of pretrained backbones
for multi-label damage classification and presents qualitative
examples of heatmap-guided segmentation for representative
sewer defect classes. To complement this, a historic masonry
dataset acquired with a stereo camera is used to quantitatively
evaluate the segmentation stage for material loss using manu-
ally annotated masks. In addition, a proof-of-concept exper-
iment demonstrates how the segmented damage regions can
be reprojected into 3D space for spatial visualization. In this
way, the paper aims to show that the proposed pipeline can sup-
port data-efficient and spatially meaningful damage localization
across different infrastructure domains.
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This paper is structured as follows. Section 2 reviews related
work on AI-based damage detection, weakly supervised local-
ization, and spatial damage mapping. Section 3 presents the
proposed pipeline, including feature extraction, classification,
heatmap generation, segmentation, and 3D reprojection. Sec-
tion 4 describes the datasets, implementation details, and evalu-
ation metrics used in the experiments. Section 5 reports the ex-
perimental results on Sewer-ML and historic masonry datasets,
including classification performance, segmentation evaluation,
and the 3D proof-of-concept demonstration. Finally, Section 6
concludes the article with the main findings, limitations and the
direction for future work.

2. Related Work

Computer-vision-based condition assessment has matured from
heuristic feature engineering to deep learning pipelines that ad-
dress classification and segmentation of surface and material
defects (e.g., cracks, spalling, corrosion, efflorescence), often
to support safety-critical inspection and maintenance decision
making. The goal is to automatically and robustly convert in-
puts (e.g. images or videos) into actionable condition informa-
tion (Spencer Jr et al., 2019). However, challenges remain, in-
cluding viewpoint variation, illumination changes, and the dif-
ficulty of integrating model outputs into real inspection work-
flows in a way that supports practical decision making.

The growth of this field has been supported by the emer-
gence of benchmark datasets across different infrastructure do-
mains. In sewer inspection, Sewer-ML has provided a large-
scale benchmark for multi-label defect classification and has
helped standardize evaluation for image-based condition as-
sessment (Haurum and Moeslund, 2021b). In adjacent areas
such as concrete and masonry inspection, numerous crack and
surface-defect datasets have enabled progress in damage detec-
tion, as summarized in recent reviews (Hamishebahar et al.,
2022, König et al., 2022). However, compared with image-
level or defect-level labels, pixel-level annotated segmentation
datasets remain relatively scarce, especially for infrastructure
defects with thin structures, diffuse material loss, or ambigu-
ous boundaries on rough surfaces. Creating such annotations at
high quality is labor-intensive and often subjective, which lim-
its the scalability of fully supervised segmentation approaches.
Reviews of crack analysis consistently show that segmentation
is valuable because it supports measurement and quantifica-
tion, but it is also sensitive to annotation quality and demands
substantial manual labeling effort (Hamishebahar et al., 2022,
König et al., 2022). This motivates the search for weaker forms
of supervision that can still provide spatially meaningful out-
puts.

A major line of work in this direction is weakly supervised loc-
alization and segmentation. Class Activation Mapping (CAM)
was originally introduced to reveal the image regions most re-
sponsible for a classifier’s decision (Zhou et al., 2016), and re-
lated variants have since become widely used as localization
cues in weakly supervised semantic segmentation. Their appeal
lies in the fact that they can be obtained from image-level labels
alone. However, CAMs are typically spatially coarse, tend to
focus on the most discriminative region rather than the full ob-
ject extent, and therefore require additional refinement for seg-
mentation. (Fan et al., 2020). In addition, classical weakly su-
pervised semantic segmentation usually requires a multi-stage
pipeline in which CAMs are refined into pseudo-labels and then

used to train a dedicated segmentation network, as in affinity-
based refinement (Ahn and Kwak, 2018), cross-image affinity
learning (Fan et al., 2020), and self-supervised CAM regular-
ization approaches (Wang et al., 2020). This increases pipeline
complexity and still leaves performance strongly dependent on
the quality of the initial activation maps.

Recent foundation models offer new opportunities to bridge the
gap between weak localization and precise segmentation. Self-
supervised visual encoders such as DINOv3 provide semantic-
ally rich feature representations that can support robust image-
level recognition and localization with limited task-specific su-
pervision (Siméoni et al., 2025). At the same time, the Seg-
ment Anything Model (SAM) has shown strong promptable
segmentation capability across diverse image settings (Kirillov
et al., 2023). The combination of activation maps with SAM
is therefore emerging as a promising alternative to classical
weakly supervised segmentation pipelines. A particularly relev-
ant precedent is the “From SAM to CAMs” framework, which
uses SAM to enhance CAM quality within a weakly super-
vised segmentation setting rather than relying only on post-
processing (Kweon and Yoon, 2024). Similar ideas have also
appeared in medical imaging, where CAM-guided SAM frame-
works have been used to obtain lesion masks from image-level
supervision in breast ultrasound, and more recent work has ex-
plored SAM-based weak supervision for medical image seg-
mentation more broadly (Yue et al., 2026, Wang et al., 2025).
These studies are closely related to the present work because
they show that foundation-model priors can help convert coarse
weak localization cues into sharper masks without fully su-
pervised pixel annotations. However, most of them remain
focused on 2D segmentation benchmarks and do not address
infrastructure-oriented damage mapping in 3D space.

A further line of related work concerns the integration of
image-based damage evidence into geometric models and di-
gital twins. In heritage and infrastructure inspection, 3D point
clouds and reconstructed surfaces are increasingly used to doc-
ument deterioration because they provide geometric context for
localization, measurement, and temporal comparison. Recent
reviews on damage detection in heritage construction based on
3D point clouds highlight both the potential of these repres-
entations and the continuing need for more automated analysis
pipelines (Sanchez-Aparicio et al., 2023). Likewise, recent
digital-twin-oriented studies have shown how damage observa-
tions from inspection images can be mapped onto 3D models
for large-scale assets (von Benzon and Chen, 2025). Never-
theless, many such workflows assume that reliable 2D detec-
tions or masks are already available, leaving open the question
of how to obtain them efficiently when segmentation annota-
tion is scarce. The present study is positioned at this inter-
section: it combines foundation-model-based classification and
heatmap-guided segmentation with a 3D localization step, aim-
ing to provide a data-efficient route from image-level labels to
spatially contextualized damage mapping.

3. Methodology

This section presents the proposed pipeline for damage local-
ization, which combines pretrained visual feature extraction,
lightweight classification, heatmap-guided segmentation, and
3D localization. The workflow (Figure 1) is designed to re-
duce the dependence on dense pixel-level annotations while still
producing spatially meaningful outputs. First, visual features
are extracted from each image using DINOv3 (Siméoni et al.,
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2025). These features are then used to train a lightweight clas-
sifier for damage recognition. Next, Grad-CAM (Selvaraju et
al., 2017) is applied to the trained classifier to generate class-
specific heatmaps that highlight the image regions most relev-
ant to the prediction. The most activated regions are then con-
verted into box prompts for SAM (Kirillov et al., 2023), which
produces refined pixel-level masks. Finally, the segmented re-
gions are reprojected into 3D space using available geometric
information and camera pose estimates.

Figure 1. Proposed workflow.

3.1 Feature Extraction

Visual feature extraction is performed using a pretrained found-
ation model, which provide semantically rich image represent-
ations without requiring task-specific pretraining on the target
datasets. In this study, the main focus is placed on DINOv3 due
to its strong self-supervised representation learning capability.
Given an input image, the backbone produces a set of feature
embeddings that encode high-level semantic information. For
classification, a global image representation is derived from the
backbone output and used as input to the downstream classifier.
By keeping the feature extractor fixed and training only a light-
weight task-specific head, the pipeline remains data-efficient
and reduces the risk of overfitting, especially in settings where
annotated data are limited.

3.2 Classification

The extracted global feature embeddings are used as input to a
lightweight classifier for damage recognition. Specifically, the
classifier is implemented as a single linear layer, in which the
number of input neurons corresponds to the dimensionality of
the extracted feature vector and the number of output neurons
corresponds to the target damage categories. In this way, each
output neuron represents one damage type, and the classifier
learns a direct mapping from the pretrained visual represent-
ation to the task-specific label space. Since multiple defects
may co-occur within the same image, the classification stage is
formulated as a multi-label problem. By training only this lin-
ear classification head while keeping the backbone frozen, the
model preserves the general semantic knowledge encoded in the
pretrained encoder while adapting efficiently to the inspection
task. This design is also flexible, as the output dimension can be
readily adjusted to accommodate different damage taxonomies
across infrastructure domains. The predicted class scores then
provide the semantic basis for the subsequent localization pro-
cess, determining which class-specific heatmaps are generated
and passed to the segmentation stage.

3.3 Heatmap Generation

To localize the image regions that contribute most strongly to
each classification decision, Gradient-weighted Class Activa-
tion Mapping (Grad-CAM) (Selvaraju et al., 2017) is applied

to the trained classifier. Grad-CAM generates a class-specific
activation map by using the gradients of the target class score
with respect to the activations of a selected intermediate layer,
thereby highlighting the regions that contribute most to the pre-
diction. These heatmaps provide weak localization cues derived
from image-level supervision alone. In the proposed pipeline,
they are not treated as final segmentation outputs, but rather
as intermediate spatial priors that indicate where the damage
is likely to be located. This allows the classification stage to
be extended toward spatial localization while preserving inter-
pretability and avoiding the need for dense segmentation super-
vision.

3.4 Segmentation

The class-specific heatmaps are subsequently used to guide the
segmentation process. For each predicted damage class, the
most activated regions in the heatmap are identified and con-
verted into prompts for the Segment Anything Model. In the
current implementation, bounding boxes derived from high-
activation regions are used as prompts, allowing SAM to re-
fine coarse localization cues into pixel-level masks with clearer
object boundaries. In this way, the pipeline combines the se-
mantic guidance of the classifier and Grad-CAM with the strong
prompt-based segmentation capability of SAM. Manually an-
notated segmentation masks are not required during training.
Instead, segmentation emerges from the interaction between
weak localization cues and the pretrained segmentation model.

3.5 3D Reprojection

To extend the 2D segmentation results into a spatially mean-
ingful inspection context, the predicted masks are mapped into
3D space using available geometric information and camera
pose estimates. For a segmented image, the pixels belonging
to the predicted damage region are associated with their corres-
ponding 3D points. These segmented points can then be placed
into a shared reference frame together with surrounding scene
geometry, enabling damage visualization within a larger local
context. In the present study, this stage is demonstrated as a
proof of concept that shows how image-based localization can
be transferred into 3D space for spatial interpretation. This 3D
step is intended as a general component of the pipeline and can
be implemented with different sources of geometric informa-
tion, depending on the acquisition setup.

4. Experimental Setup

This section describes the datasets, implementation details, and
evaluation metrics used to evaluate the proposed pipeline. The
experiments were designed to evaluate different stages of the
workflow across two infrastructure domains. On sewer inspec-
tion imagery, the focus is on multi-label damage classification
and qualitative localization and segmentation. On historic ma-
sonry imagery, the focus is on segmentation performance for
material loss and a proof-of-concept 3D localization experi-
ment.

4.1 Datasets

Two datasets are used in this study. The first is a subset of
the Sewer-ML dataset (Haurum and Moeslund, 2021a), which
provides annotated sewer inspection imagery for multi-label de-
fect classification. Following the scope of this work, three rep-
resentative defect classes are selected (Figure 2): connection
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(CO), displaced joint (FS), and cracks, breaks, and collapses
(RB). For each class, approximately 5,000 images are used for
training and 500 images for validation. Since Sewer-ML is for-
mulated as a multi-label problem, the same image may belong
to more than one defect class. This subset is used to evaluate the
feature extraction and classification stages and to provide qual-
itative examples of heatmap-guided segmentation. No separate
test split was constructed for this subset; therefore, the Sewer-
ML case study is used primarily for validation-based compar-
ison of backbone performance and qualitative assessment of the
downstream localization pipeline.

The second dataset is a custom historic masonry dataset ac-
quired at the historic wall of Arenberg Castle Park (Leuven,
Belgium) using a ZED 2i stereo camera. For this case study,
the task is formulated with the classes normal and material
loss (Figure 3). The dataset contains 2,000 images per class
for training, 250 per class for validation, and 250 per class for
testing. To support quantitative evaluation of the segmentation
stage, the material-loss images in the test set are manually an-
notated with pixel-level masks.

(a) CO (b) FS (c) RB

Figure 2. Sewerage examples.

(a) Material loss (b) Normal

Figure 3. Historic masonry examples.

4.2 Implementation Details

The proposed pipeline consists of feature extraction, classific-
ation, heatmap generation, segmentation, and 3D localization.
Visual features are extracted from input images using pretrained
Vision Transformer backbones, while keeping the backbone
weights frozen throughout training. In the main experiments,
DINOv3 ViT-B/16 (Siméoni et al., 2025) is used as the primary
backbone, and Google ViT-B/16 (Dosovitskiy et al., 2021) is
included as a comparison in the sewerage case study. Extracted
global image embeddings are then used to train a lightweight
linear classifier, whose input dimension matches the feature em-
bedding dimension and whose output dimension corresponds to
the number of target damage classes.

The classifier training setup differs between the two case stud-
ies. For the sewerage case study, the classification task is for-
mulated as a multi-label problem over the three selected de-
fect classes. The linear classification head is trained for 100
epochs using the AdamW optimizer, with a learning rate of
0.001, batch size 256, and binary cross-entropy-based loss. Sig-
moid activation is applied to obtain class-wise probabilities, and
a threshold of 0.4 is used to determine positive predictions. For
the historic masonry case study, the same frozen-feature classi-
fication framework is adopted with two target classes, normal
and material loss. In this case, the classifier is trained for 10
epochs using the same settings as the sewerage case study.

After classification, Grad-CAM is applied to the trained classi-
fier to generate class-specific activation maps. For the DINOv3
backbone, the target layer corresponds to the norm1 layer of the
last transformer block. For each predicted class, the most sali-
ent regions in the activation map are extracted and converted
into prompts for the SAM. In this study, bounding boxes de-
rived from the dominant activated regions are used as prompts
to guide SAM toward refined pixel-level masks. Weak and
spatially insignificant responses are removed, and the resulting
boxes are slightly enlarged to retain relevant local context be-
fore segmentation. The SAM variant employed in this study is
vit-h, using the official pretrained checkpoint.

For the historic masonry case study, a proof-of-concept 3D loc-
alization experiment is further performed. The segmented im-
age regions are associated with corresponding stereo-derived
3D points, and the resulting segmented points are integrated
into a larger local scene using camera pose estimates from
nearby frames. This enables the localized material-loss regions
to be visualized within their geometric context rather than as
isolated 2D detections.

4.3 Evaluation Metrics

Different metrics are used to evaluate different stages of the
pipeline. For classification, performance is assessed using the
F2-score, which emphasizes recall and is therefore suitable for
defect detection scenarios where missed damage is particularly
undesirable. In the sewerage case study, classification perform-
ance is compared across backbone models using this metric.

For segmentation on the historic masonry dataset, performance
is evaluated using Dice score and Intersection over Union (IoU),
computed between the predicted masks and the manually an-
notated ground-truth masks. In addition, F2-score is used to as-
sess the classification performance. The 3D localization stage is
presented as a qualitative proof of concept, focusing on the spa-
tial visualization of segmented damage regions within a local
3D scene rather than on a separate quantitative benchmark.

5. Results

5.1 Case Study: Sewerage

The sewerage case study focuses on the classification and weak
localization stages of the proposed pipeline. Using the selected
Sewer-ML subset, this experiment serves two purposes: first, to
compare the effectiveness of different pretrained visual back-
bones for multi-label defect recognition, and second, to qual-
itatively assess how class-specific heatmaps can be translated
into refined segmentation masks through SAM. Since no sep-
arate test split is used for this subset, the analysis is based on
validation performance together with qualitative inspection of
the downstream localization results.

To assess the influence of the visual backbone on classification
performance, two pretrained Vision Transformer models are
compared: DINOv3 ViT-B/16 and Google ViT-B/16. In both
cases, global image features are extracted from the frozen back-
bone and used to train a linear classification head. Performance
is indicated using the F2-score, which emphasizes recall and is
therefore suitable for defect detection scenarios where missed
damage is particularly undesirable. The results show that the
classifier based on DINOv3 features consistently outperforms
the classifier based on Google ViT features over the training
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process. After 100 epochs, the DINOv3-based model achieves
an average F2-score of approximately 0.72 across the three se-
lected classes, whereas the Google ViT-based model reaches
about 0.64 (Figure 4). These results indicate that DINOv3
provides more discriminative and task-relevant feature repres-
entations for sewer defect recognition in this setting.

0 20 40 60 80 100
Epoch

0.35

0.40

0.45

0.50

0.55

0.60

0.65

0.70
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e

DINOv3 ViT-B/16
Google ViT-B/16

Figure 4. Comparison of backbone performance.

Beyond classification, the sewerage case study also illustrates
how the predicted class labels are translated into segmenta-
tion outputs. For each predicted defect class, Grad-CAM is
used to generate a class-specific activation map highlighting
the image regions that contribute most strongly to the classi-
fication decision. These activation maps are then converted
into bounding-box prompts for SAM, which refines the weak
localization cues into pixel-level masks. Qualitative examples
for CO, FS, and RB (Figure 5-7) show that the generated heat-
maps generally concentrate on visually relevant defect regions
and that the SAM outputs produce more spatially precise delin-
eations than the raw activation maps alone.

(a) Original (b) Heatmap (c) Segmentation

Figure 5. CO example.

(a) Original (b) Heatmap (c) Segmentation

Figure 6. FS example.

(a) Original (b) Heatmap (c) Segmentation

Figure 7. RB example.

The qualitative results further suggest that the combination
of DINOv3, Grad-CAM, and SAM provides a coherent route

from image-level recognition to class-aware localization, even
without segmentation annotations during training. While this
case study does not provide a separate quantitative evalu-
ation of segmentation accuracy, it demonstrates that the pro-
posed pipeline can generate interpretable activation patterns and
plausible defect masks for representative sewer defects. These
observations support the use of Sewer-ML as a validation-based
benchmark for the classification and weak localization stages of
the workflow, while the quantitative segmentation assessment is
deferred to the historic masonry case study.

5.2 Case Study: Historic Masonry

The historic masonry case study is used to evaluate the later
stages of the proposed pipeline, namely segmentation and 3D
localization, on a real built-heritage dataset. In contrast to the
sewerage case study, which focuses primarily on validation-
based backbone comparison and qualitative localization, this
case study provides a quantitative assessment of segmentation
performance using manually annotated pixel-level masks. The
dataset was collected at the historic wall of Arenberg Castle
Park using a ZED 2i stereo camera and is formulated with two
target classes: normal and material loss.

For classification, the same frozen-feature framework is adop-
ted as in the sewerage case study, using DINOv3 features and a
linear classifier. The classifier is trained for 10 epochs and eval-
uated with the test set using the F2-score. The resulting clas-
sification performance reaches an F2-score of 0.99, indicating
that the extracted DINOv3 features provide a reliable semantic
basis for downstream localization in this binary masonry set-
ting.

The segmentation stage is then evaluated on the material-loss
images in the test set, for which pixel-level ground-truth masks
are manually annotated. For each predicted material-loss im-
age, Grad-CAM is first used to generate a class-specific activa-
tion map, and the dominant activated regions are converted into
bounding-box prompts for SAM. Quantitative evaluation on the
material loss test images yields a mean Dice score of 0.69 and a
mean IoU of 0.53. These results show that the proposed found-
ation model-based strategy can produce meaningful pixel-level
delineation of material-loss regions without requiring segment-
ation annotations during training.

(a) Original (b) Ground truth

(c) Heatmap (d) Segmentation

Figure 8. Representative historic masonry example.

A qualitative example of the full workflow is shown in Figure
8, including the original image, the manually annotated ground-
truth mask, the Grad-CAM heatmap with derived bounding
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boxes, and the final SAM segmentation. The comparison il-
lustrates that the activation map successfully highlights the rel-
evant damaged region, while SAM refines the coarse local-
ization cue into a more spatially coherent mask. Although
some discrepancies remain near irregular boundaries and low-
contrast regions, the overall result demonstrates that the pro-
posed pipeline is capable of recovering the main extent of vis-
ible material loss.

To extend the 2D result into a spatial context, a proof-of-
concept 3D localization experiment is further conducted. The
segmented pixels of the target image are associated with their
corresponding stereo-derived 3D points, and these segmented
points are then placed into a larger local scene using the poses
of nearby frames. Figure 9 presents the resulting 3D visualiz-
ation, in which the detected material-loss region is highlighted
within the surrounding scene geometry. While this experiment
is qualitative and limited in scale, it demonstrates the feasibility
of transferring image-based damage localization into 3D space
without a separate fully supervised segmentation model.

Figure 9. 3D Reprojection.

Overall, the historic masonry case study complements the sew-
erage experiments by providing quantitative evidence for the
segmentation stage and an initial demonstration of 3D spatial
integration. Together, these results support the main claim
of the paper: that pretrained foundation models, combined
with weak localization and prompt-guided segmentation, can
provide a data-efficient route from image-level labels to spa-
tially meaningful damage localization.

6. Conclusion

This paper presented a foundation model-based pipeline for
data-efficient damage localization in built infrastructure. The
proposed workflow combines pretrained DINOv3 features, a
lightweight classifier, Grad-CAM heatmaps, and SAM-based
prompt-guided segmentation, followed by 3D reprojection for
spatial visualization. By relying on image-level supervision
during training, the pipeline reduces the dependence on dense
pixel-level annotations while still producing interpretable and
spatially meaningful outputs.

The experiments across two infrastructure domains demonstrate
the potential of this approach. On the Sewer-ML case study,
DINOv3-based features achieved stronger multi-label classific-
ation performance than the Google ViT baseline and produced
meaningful activation maps and plausible defect masks for rep-
resentative sewer defects. On the historic masonry case study,
the proposed heatmap-guided segmentation strategy achieved
a mean Dice score of 0.69 and a mean IoU of 0.53 on manu-
ally annotated material-loss test images, while the classification
stage reached an F2-score of 0.99. In addition, the proof-of-
concept 3D experiment showed that the segmented regions can

be transferred into a larger local scene and visualized in geo-
metric context.

Overall, the results indicate that pretrained foundation mod-
els, combined with weak localization and prompt-guided seg-
mentation, provide a promising route from image-level labels
to spatially contextualized damage localization. At the same
time, the present study has several limitations. The sewerage
case study is based on validation data rather than a separate
test set, and the 3D stage is demonstrated qualitatively rather
than through a dedicated quantitative benchmark. Future work
will therefore focus on broader multi-domain evaluation, more
systematic comparison of heatmap generation and prompting
strategies, and more rigorous assessment of 3D localization
quality in operational inspection settings.
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