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Abstract

This paper introduces a novel dataset of high-resolution
panoramic images from two Italian tunnels, specifically
designed for structural health monitoring (SHM). Its in-
novation lies in extensive annotations of key structural
damages—cracks, corrosion, spalling, seepage, and dam-
aged joints—created using the Segment Anything Model
(SAM) for pixel-level segmentation and bounding box an-
notations, formatted in COCO-style. This comprehensive
dataset supports various computer vision tasks, including
classification, instance segmentation, and object detection.
By enabling the benchmarking of advanced deep learning
models, our work provides an essential resource for auto-
mated damage detection, significantly advancing research
and practical infrastructure maintenance.

Introduction

In 2022, the Italian Ministry of Infrastructure and Sustain-
able Mobility introduced new guidelines for the classifi-
cation and management of risk, safety assessment, and
monitoring of existing tunnels through Ministerial De-
cree 247/22 (Ministero delle Infrastrutture e della Mo-
bilita Sostenibili, 2022). The primary objective of these
guidelines is to establish a quantifiable level of safety to
guide maintenance decision-making, aiming to minimize
the risk of hazardous situations and avoid the need for
urgent interventions. The document proposes a frame-
work structured into three main steps: collecting existing
data (e.g., tunnel length, location, previous maintenance
interventions, etc.), risk classification, and safety assess-
ment. The guidelines divide tunnels into segments called
”Conci”, each 20 meters long. Every segment is analyzed
and assigned a specific risk level called the ”Class of Atten-
tion”. These classes serve as the foundation for decision-
making in planning maintenance interventions.

As described in the guidelines, the Classes of Attention
are determined through a simplified assessment of the risk
factors associated with tunnels based on available knowl-
edge and inspections. The recordings and labeling pro-
cess of the defects to acquire the class of attention still
remain primarily manual and done by experienced tech-
nicians. Although advanced reality capture technologies
have improved the efficiency of automated tunnel data col-
lection (Wang et al., 2024a), the manual recording and

labeling process remains highly time-consuming, labor-
intensive, and prone to inconsistency (Huang et al., 2021).
Automating and accelerating this phase would help to get
updated Classes of Attention and better maintenance plan-
ning aligned with the actual condition of the infrastructure.
Recent advancements in Computer Vision methodologies
have received considerable attention for surface damage
detection, attributed to their capacity to provide clear vi-
sual evidence of damage in images (Cha et al., 2024).
Many studies have been utilizing computer vision tech-
niques for surface damage detection, specifically for tun-
nels and underground structures (Dong et al., 2019; Zhao
et al.,, 2021; Jiang et al., 2023). Among these tech-
niques, computer vision-based damage detection using
Deep Learning (DL) algorithms exhibits a superior per-
formance (Ye et al., 2024). Generally, these methods can
be categorized into three stages: the first one is image clas-
sification for damage identification (Hassan et al., 2019),
the second one is bounding box level object detection for
damage identification (Li et al., 2021), and the third is
pixel-wise segmentation (Xu et al., 2021). The pixel-wise
segmentation for damage detection is mainly divided into
semantic segmentation (Wang et al., 2024b) and instance
segmentation (Zhao et al., 2020). Each type gradually en-
hances the amount of information extracted from a single
image, ranging from classifying damage types to detecting
damage locations with bounding boxes, refining bound-
ary definitions more accurately, and ultimately achieving
instance-level recognition and segmentation.

Although computer vision DL-based algorithms have
shown promising results in detecting surface damages in
tunnels, challenges still persist when applying them to
real-world scenarios. These difficulties arise due to the
complexity of data acquisition and the lack of promis-
ing datasets for detecting severe deterioration present in
tunnel environments. Various studies present datasets
suitable for pixel-wise segmentation concerning detecting
tunnel defects from captured images Table 1. However,
most of these studies cover limited categories of defects
-mostly cracks- and a comprehensive public dataset con-
cerning various types of defects is still missing. In this
paper, we introduce a methodology for creating a multi-
type defect dataset suitable for instance segmentation tasks
derived from Panoramic Ultra High Resolution (UHR)
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Figure 1: Overview of proposed framework

Table 1: Comparison of Existing Datasets for Tunnel Damage

Detection
Dataset Defect Type N.Images Resolution Acq. Device
(Ren et al., 2020) Crack 919 512x512  Mobile Camera
(Joshi et al., 2022) Crack 3000 800x600 Mobile Camera
(Xu et al., 2023) Crack 8823 1072x712 Panoramic Image
Seepage Acq. Device
Ours Seepage 1700 1024x1024 Laser Scanner
Spalling
Corrosion
Crack
Dmg. Joint

images captured from Italian concrete tunnels, and con-
sequently, benchmark this dataset using two algorithms
based on Convolutional Neural Networks (CNNs) and one
Transformer-based algorithm.

Methodology
Overview

An overview of proposed methodology represented in
Fig. 1. The first part demonstrates the data acquisition
process and available reports from on-site inspection, in-
cluding an illustration of the data capturing technique, an
example of unprocessed raw images, and related reports.
The second section details the image processing workflow
and the SAM-based annotation technique used for label-
ing the defects, and lastly formats the dataset in compli-
ance with the COCO standard. Finally, the last section
describes the training and benchmarking procedures, uti-
lizing three State-of-the-Art instance segmentation algo-
rithms.

Preparation of the Dataset

The dataset was created from images captured in two road
tunnels in Italy, both constructed from concrete and in op-
eration for more than 50 years. Their locations provide ge-
ographic diversity: one is situated in the Abruzzo region

in eastern-central Italy, while the other is in the Liguria
region in the northwest. The images in this study were ac-
quired using a Mobile Laser Scanner, as laser point clouds
are commonly used for data collection under limited light-
ing conditions. The scanner used was the TS4 model de-
veloped by the Spacetec company (SpaceTec, 2024). This
instrument utilizes advanced technology to achieve high-
accuracy surveys in 2- or 3-lane tunnels. Its 360-degree
laser scanner captures the entire tunnel vault and roadway
by measuring distances through phase-difference calcula-
tions. With a rotating head acquiring up to 10,000 points
per full rotation, it collects data while mounted on a ve-
hicle moving at around 5 km/h. The scanner head rotates
at 200 revolutions per second, generating detailed point
clouds that represent the tunnel surface and provide re-
flectance data for material analysis. While the primary
output of this instrument is a point cloud, various out-
puts can be derived from this, including the unwrapped
tunnel panoramic images used for this study. These im-
ages are generated from a rigorous three-dimensional rep-
resentation, which ensures precision and reliability in the
analysis. The images obtained represent the full length
of the tunnels, and due to the different lengths of each
tunnel, each image has a unique dimension. For exam-
ple, the images of two tunnels discussed in this paper have
10.000 x 158.679 and 10.000 x 212.414 pixels. The im-
ages were stored in the . TIFF format as 8-bit grayscale. Af-
terward, the unwrapped panoramic view is obtained, the
real-world size corresponding to each pixel is calculated
according to the tunnel dimensions described in the tunnel
documentation.

Each tunnel has a report file containing a description of
different defects based on the Italian guidelines - (Minis-
tero delle Infrastrutture e della Mobilita Sostenibili, 2022)
- represented in every 20-meter section, by experienced en-
gineers through visual inspection. Consequently, the tun-
nel images were divided into 20-meter longitudinal sec-
tions along the tunnel direction and the pavement parts on



both sides were removed, leaving the tunnel lining for fur-
ther investigations.

In the images, the crown part of the tunnels and the side
walls have a noticeable color difference. The crown part
is significantly darker, while the side walls are lighter. To
decrease color differences in the images, to facilitate the la-
beling phase, and also to have better training performance,
a gamma correction (Bradski, 2000) equal to 0.5 was ap-
plied for both tunnels and improved the quality of the im-
ages as shown in Fig. 2.

> b 4,00 U |
Figure 2: Comparison of a tunnel section before and after
processing. The raw captured image is shown on the left, while
the processed version is on the right.

To make the labeling phase more efficient, each 20-meter
tunnel section is segmented into six patches of equal size,
respectively, three columns and two rows. The size of
these cropped images differs from each tunnel; the first
was sized 2155 x 3539 and the other images related to the
second tunnel were sized 2144 x 3821. For the labeling
phase, a semiautomatic annotation tool based on the Seg-
ment Anything Model (SAM) (Kirillov et al., 2023) (Ji and
Zhang, 2023) is used, this software significantly enhances
labeling efficiency by offering a prompt-based method to
create object masks with just a few points, which can later
be manually refined by adjusting the boundaries. Two ex-
perts were responsible for annotating the images; one per-
son performed the initial labeling and the other person was
responsible for reviewing the annotations to check the re-
liability and consistency of different classes.

The dataset contains five different types of defects. In the
first stage, the labeling phase is carried out by annotat-
ing the exact types of defects introduced by the guideline
(Ministero delle Infrastrutture e della Mobilita Sostenibili,
2022). This guideline introduces 61 types of defects in
12 categories. After implementing some tests, due to the
poor result of distinguishing the different defect classes,
the team decided to merge sub-categories and came up
with five classes for labeling the defects. Table 2 shows
the taxonomy of defects, while Fig. 3 shows an example
of these classes taken from the dataset. Each labeled im-
age contains an annotation file in JSON format generated
by the software (SAM). Consequently, the annotation file
was converted into a Microsoft COCO dataset (Lin et al.,
2014) through a Python script.

The total number of annotated images is 306, the annota-
tion consists of a dictionary containing two “main” keys:
info, where the image is described, and “objects” which

contains the list of things that has been categorized '.

Image Instance Segmentation

The objective of instance segmentation is to detect and de-
lineate each individual object instance in an image, even
if they belong to the same semantic category. As out-
put, we get a set of masks or bounding boxes, each as-
sociated with a unique instance ID and a class label. In
summary, instance-wise segmentation of defects, answer-
ing "Where are the individual objects and what are they?”.
In this study, we benchmark our proposed dataset with
three widely used and representative instance segmenta-
tion algorithms: two CNN-based architectures, Mask R-
CNN (He et al., 2017) and Cascade Mask R-CNN (Cai
and Vasconcelos, 2021), as well as one Transformer-based
model, Mask2Former (Cheng et al., 2022). In the future,
we plan to conduct a more comprehensive comparison by
evaluating additional CNN- and Transformer-based archi-
tectures alongside the publication of the dataset.

Mask R-CNN: designed for instance segmentation, dis-
tinguishes itself through its efficient, accurate, and extensi-
ble architecture, achieving high-quality instance segmen-
tation by effectively integrating mask prediction within
the Faster R-CNN framework (in a pixel-to-pixel man-
ner for each Region of Interest (Rol)) and introducing
the RolAlign layer for precise spatial alignment (avoiding
quantization by using bilinear interpolation).

Masked-attention Mask Transformer (Mask2Former):
is presented as a novel architecture for “universal” im-
age segmentation. It offers a flexible, efficient, and high-
performing architecture because of several architectural-
design choices like Masked Attention - restricts cross-
attention within predicted mask regions, Multi-Scale
High-Resolution Features - a feature pyramid from a pixel
decoder incorporates both low- and high-resolution fea-
tures) and Optimized Transformer Decoder - switching
self- and cross-attention order, learnable query features,
and removal of dropout. It represents a significant ad-
vancement towards a unified approach for diverse segmen-
tation tasks.

Cascade Mask R-CNN: Cascade R-CNN introduces a
multistage architecture comprising a sequence of detectors
trained with progressively increasing IoU thresholds. De-
tectors, within the cascade, are trained sequentially with a
higher IoU threshold than the preceding stage - Sequential
Detector Training, in this way each stage refines the in-
put of the object hypotheses for the subsequent - Progres-
sive Hypothesis Refinement. Thus, each detector stage is
trained with a sufficient and relevant set of positive exam-
ples - Resampling Mechanism. Atinference time, the same

Ithis part will be public available along with images used for training
and test.



Table 2: Taxonomy of Defects

Guidelines Categories Code Defects Description New Class
1.1 Drippings
1.2 Water Ingress
Defects caused by water presence 1.3 Concretions — Deposits — Encrustations Seepage
1.4 Effects of frost - traces of salts
1.5 Efflorescence on mortar or concrete
Defects in the coating materials (concrete) 1.19 Cracks and spalling due to reinforcement corrosion Corrosion
3.1 Presence of longitudinal cracks along the coating
32 Diagonal cracks
Defects related to the structural 33 Vi g ) K Crack
elements and geometry of the tunnel : ertical cracks racks
34 Shrinkage cracks
3.5 Curvilinear cracks
Defects relating to the structural e%ements and 3.14 Deterioration of concrete joints Damaged Joint
geometry of the tunnel- Construction Defects 3.15 Surface defects in concrete Spalling

Figure 3: Categories and corresponding annotations: a) Seepage, b) Spalling, c) Corrosion, d) Damaged Joint, and e) Crack

sequential refinement process is applied, aligning the qual-
ity of hypotheses with the increasing quality of detectors
in the cascade.

Experiments
Preprocessing

The original images in the dataset had dimensions of
2155 x 3539 and 2144 x 3821, respectively. A preprocess-
ing step was applied to standardize the input size for the
models. This step involved cropping each image into six
patches, arranged in three columns and two rows. Each of
these patches was then centrally cropped further to obtain
square images of size 1024 x 1024 (model input images).
To accommodate these modifications, the COCO annota-
tion files were updated to correctly reflect the new dimen-
sions of the images.

Once cropped in 1024 x 1024, the dataset comprises 1800
images. Among these images, 100 were found without an-
notations and excluded from the dataset. As a result, the
dataset counts 1700 images with 6821 annotations span-
ning five categories. For model training, the dataset was
divided into training and validation sets. Following estab-
lished practices in the field, 80% of the images were ran-
domly assigned to the training set, and the remaining 20%
to the validation set. To ensure robustness and reliability,
all experiments were repeated three times, each with a dif-
ferent train-validation split.

However, one limitation of this approach is that the split
was performed on the images rather than on the categories.
As aresult, the categories are not uniformly distributed be-
tween the training and validation sets, leading to an imbal-
anced dataset. This imbalance could affect the robustness
of the models. Addressing this issue will be the focus of fu-
ture work, in which the authors plan to explore strategies
to achieve a more balanced division of categories across
the splits.

Hardware

All experiments were conducted using NVIDIA A100
Tensor Core GPUs. The software environment consists of
MMCYV 2.1 and PyTorch 2.0.1 with CUDA version 11.7.

Experiment Parameter Setting

Three instance segmentation algorithms were utilized.
For each experiment, the MMDetection configuration file
(Chen et al., 2019) was used for all algorithms. For data
augmentation strategies, the configuration in the official
setup was applied. All models were implemented us-
ing the Swin Large (Liu et al., 2021) backbone, initial-
ized with ImageNet-22k pre-trained weights (Deng et al.,
2009), to leverage transfer learning benefits and improve
generalization. The input images were standardized to
1024 x 1024 to balance memory constraints and segmenta-
tion accuracy. The models were trained for 100 epochs us-



ing the AdamW optimizer (Loshchilov and Hutter, 2019),
selected due to its superior convergence properties com-
pared to other optimizer types in our preliminary tests. The
learning rate schedule follows a cosine annealing strategy
(Loshchilov and Hutter, 2017). Training begins with a lin-
ear warm-up phase lasting 1000 iterations to prevent in-
stability in the early training stages. The initial learning
rate was set at le —4 and gradually reduced to 1le — 7, as
preliminary experiments indicated that this schedule led to
better convergence and avoided overfitting.

Performance Metrics

The instance segmentation algorithms were used to per-
form the defect detection task. The evaluation of instance
segmentation models consistently follows the widely rec-
ognized official COCO (Microsoft Common Objects in
Context) evaluation metric for instance segmentation tasks
(Linetal., 2014). A prediction is correct if the Intersection
over Union (IoU) between the predicted instance’s box or
mask and the corresponding ground truth exceeds a thresh-
old T (in our experiment we refer to Detection Evaluation
metrics used by COCO for thresholds) and the expected
category matches the ground truth category. Intersection
Over Union (IoU) and Average Precision (AP) are widely
used metrics in computer vision, particularly in object de-
tection and segmentation tasks, to evaluate the accuracy
of a predicted region against a ground truth region. IoU
metric measures the overlap between two bounding boxes
or regions, providing a standardized way to quantify how
well a prediction aligns with the true object location. The
IoU is calculated using the following equation:

IoU = P 1

T TPYFP+FN )
where TP, FN, and F P denote the true positive, false neg-
ative, and false positive.
To better understand the results obtained, we provided a vi-
sual inspection of the predictions of each model. This anal-
ysis has two objectives: on one side, we make a compari-
son between the different models, and on the other side, we
try to capture which classes are poorly predicted by each
single model.
A prediction is considered accurate if the /oU between the
predicted instance’s result and the ground truth exceeds a
certain threshold 7, and the predicted category matches
the ground truth category. The related evaluation method
is as follows:

TP
Recalli = ——" 2
ecall; TP+ FN; )
TP
Precision; = ————— 3)
TP, +FP

1

AP = ﬁ X Z pime"l’”l“ﬁ"”(r) @)

r€0,0.01,...,1

where TP;, FN;, and FP; denote the true positive, false
negative, and false positive instances i, and pinterpolation (7)

Table 3: Result of Models

MethOd APb"X AP, ng AP, fo AP’"‘”]‘ AR?z?m‘k AP, Z(?x
Mask2Former 0.258 0.426 0.249 0.224 0.413 0.211
Mask R-CNN 0.241 0.452 0.228 0.222 0.413 0.206

Cascade Mask R-CNN 0.255 0.424 0.259 0.213 0.383 0.206

is the precision obtained by interpolation at the given
maximum recall level r. The precision is aver-
aged over the set of 101 equally spaced recall levels
[0.0,0.01,0.02,...,1.0]. Here, i =1,2,3,...,n, where n
is the total number of instances. The evaluation of in-
stance segmentation encompasses both bounding boxes
and masks, with the results presented as AP,,, for bound-
ing boxes and AP, for masks. AP, is regarded as the
key metric in this study, as our focus is on segmentation
performance. A higher value of AP corresponds to more
precise predictions of the instance box and mask, reflect-
ing improved instance localization and segmentation accu-
racy. Specifically, AP evaluates the performance with an
ToU threshold of 0.50, while AP75 is a more rigorous met-
ric using an IoU threshold of 0.75. Consequently, AP”
provides a more accurate assessment of box and mask ac-
curacy compared to AP,

Results

This section presents the results of the experiments to eval-
uate the efficacy of the instance segmentation models. Ta-
ble 3 shows the overall performance metrics, calculated on
the validation set considering the best model for each ex-
periment. The best model is the model that reaches the
highest score of AP, on the validation set, during train-
ing. Then Table 4 shows the evaluation concerning each
category.

Table 3 reveals that Mask2Former achieves the highest
overall performance, with an AP, of 0.224 on the val-
idation set. While the Mask R-CNN achieves a similar
APy s of 0.222. Cascade Mask R-CNN, the other com-
pared model, had the lowest AP, of 0.213 in the whole
experiment. It is important to notice that Mask R-CNN
has a slightly higher result on AP,,, with 0.452 at IoU of
50%; however, the overall performance in AP,,,5 was not
satisfactory compared to Mask2Former.

A detailed analysis per category is presented in Table 4. In
terms of specific defect categories, it’s important to note
the following:

* Seepage: Both Mask R-CNN and Mask2Former
demonstrate high performance, but Mask2Former
achieves the highest AP, of 0.396, indicating its
efficiency in identifying this class of defects. Cas-
cade Mask R-CNN has the lowest performance with
APyus= 0.333.

* Spalling: Mask2Former also shows the highest per-
formance in this case as well, outperforming other



Table 4: Comparative Analysis of instance segmentation algorithms on our dataset for specific categories.

Method Categories APpoy AP APJ APk AP APD
Seepage 0.378 0.561 0.408 0.364 0.562 0.384

Corrosion 0.081 0.152 0.059 0.072 0.156 0.052

Mask R-CNN Damaged Joint 0.229 0.555 0.117 0.112 0.393 0.021
Spalling 0.407 0.549 0.447 0.408 0.545 0.464

Crack 0.054 0.101 0.029 0.016 0.094 0.00

Seepage 0.404 0.596 0.422 0.396 0.624 0.420

Corrosion 0.081 0.216 0.070 0.088 0.210 0.063

Mask2Former Damaged Joint 0.314 0.640 0.246 0.158 0.561 0.054
Spalling 0.468 0.619 0.494 0.476 0.656 0.518

Crack 0.023 0.061 0.013 0.003 0.012 0.00

Seepage 0.355 0.485 0.386 0.333 0.484 0.368

Corrosion 0.100 0.162 0.113 0.081 0.149 0.059

Cascade Mask R-CNN Damaged Joint 0.182 0.333 0.126 0.082 0.324 0.010
Spalling 0.418 0.510 0.460 0.417 0.513 0.456

Crack 0.052 0.079 0.079 0.025 0.079 0.00

models with AP, = 0.476, which indicates supe-
rior precision in segmenting spalling defects. While
Mask R-CNN and Cascade Mask R-CNN show a
good performance, they have lower results compared
to Mask2Former.

¢ Corrosion: Mask2Former had an AP, of 0.088,
this is a slight improvement over both Mask R-CNN
(0.072) and Cascade Mask R-CNN (0.081). This
shows that all models struggle with the accurate
identification and delineation of corrosion-related in-
stances.

e Damaged Joints: In this category, Mask2Former
achieves the highest AP, score, of 0.158. The re-
sults reveal that Mask R-CNN and Cascade Mask R-
CNN performances are lower compared to other mod-
els, indicating an overall difficulty in detecting and
segmenting damaged joints.

* Cracks: All three algorithms exhibit a poor perfor-
mance in detecting cracks, the highest AP, of Mask
R-CNN was only 0.016, and Mask2Former and Cas-
cade Mask R-CNN both obtained lower results of
0.003 and 0.025 respectively.

These findings suggest that while Mask2Former generally
performs best across the dataset and particularly excels in
segmenting Seepage and Spalling, the limited performance
of all models concerning detecting Cracks needs to be ad-
dressed. Although in literature, there exist many data sets
which focus mainly on Crack defects like MCrack1300 (Ye
et al., 2024). We claim that our data set can be combined
with existing data sets to fill this performance gap.

Some visualized results derived from experiments are
shown in Fig. 4. These visualizations enable a qualitative
assessment of the models’ performance, helping to under-
stand where the algorithms succeed or fail. For example,
Mask2Former correctly identifies large seepage regions,

sometimes underestimating the size of smaller instances.
Mask R-CNN shows decent performance in spalling but
can struggle with accuracy when there are significant vari-
ations in texture or contrast. Cascade Mask R-CNN dis-
plays a consistent but moderate performance compared to
both Mask R-CNN and Mask2Former.

Conclusions

In this paper, we present a novel method for processing
high-resolution panoramic images from road tunnels to de-
velop a database suitable for computer vision models to
enhance the defect detection process concerning structural
health monitoring criteria to satisfy the new Italian regu-
lation concerns regarding to guide maintenance decision-
making, aiming to minimize the risk of dangerous situa-
tions and prevent the need for urgent interventions. The
database consists of five different categories of concrete
defects based on Italian regulations, including seepage,
spalling, crack, damaged joint, and corrosion. Subse-
quently, the database was trained and evaluated with in-
stance segmentation algorithms to verify efficacy and per-
formance.

The Mask2Former has shown the overall best performance
with AP, equal to 0.224. Regarding the categories,
seepage and spalling have a satisfactory result, while dam-
aged joints and corrosion have shown a slightly moderate
performance. For the cracks, performance was not satis-
factory. This may have been due to the lack of subsequent
data on this category in the database.

There are some limitations in our research. Firstly, the
imabalance of the dataset between different classes affects
the performance and efficacy fo the model. Furthermore,
more state-of-the-art architectures could be explored to
better evaluate the dataset and enhance performance anal-
ysis.

In future work, our aim is to address the class imbalance
by introducing more instances in underrepresented classes.
In addition, we plan to incorporate diverse architectures
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to gain deeper insights into dataset performance. Lastly,
integrating multimodal data sources, such as thermal and
RGB-D cameras, as well as data-driven Ground Penetrat-
ing Radar (GPR) methodologies, could further enhance
overall model performance.
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