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 A B S T R A C T

In the realm of ageing tunnel infrastructure, accurately assessing structural damage remains a pressing 
challenge due to the inherent subjectivity and time demands of manual inspections. Although reality capture 
technology allows for digital representation of as-is condition of assets, converting these rich data sources 
into actionable risk assessments demands still requires innovative solutions. In this paper, we introduce 
a comprehensive, web-based automated framework that uses ultra-high-resolution (UHR) panoramic tunnel 
images to automatically generate detailed damage records and risk assessment reports. A significant challenge 
in this domain is the observation that damage regions often lack sharply defined boundaries; instead, they 
exhibit gradual, blurred transitions, which is not well-suited to conventional segmentation evaluation. To 
address this, we formally define the challenge of inconsistency of damage annotation in complex real-world 
scenarios and propose a novel evaluation metric: Intersection over Union with buffer zone (IoUb). This 
metric relaxes the rigid boundary precision requirements of traditional evaluation methods, focusing more 
on capturing the overall damage. We evaluated several instance segmentation algorithms and recommend 
adopting a lower confidence threshold, as it reduces missed detections without significantly increasing false 
positives. We introduce post-processing methods that aggregate the predictions from multiple inferences to 
meet the demands of processing UHR panoramic images, resulting in a 3% improvement in Macro IoU and 
IoUb, along with a 90% damage recall. Experimental results on Italian road tunnels demonstrate that our 
framework enhances automated damage detection. We then categorize damage severity using a statistically 
grounded methodology, enable natural language queries of statistical damage results, and handle visualization 
and report export, all within a single end-to-end web-based platform. The proposed framework significantly 
enhances the efficiency of professionals in planning and monitoring ageing tunnel assets. Our code is available 
at https://github.com/zxy239/Auto-damage-report-generation.
1. Introduction

Tunnel infrastructure plays a vital role in ensuring connectivity 
for people and goods, and supporting economic activities worldwide, 
especially in regions with challenging topographies. Across Europe, the 
maintenance and safety of ageing tunnels within the Trans-European 
Transport Network (TEN-T) have become a pressing concern due to 
increasing traffic demands and evolving safety standards combined 
with accelerated infrastructure deterioration due to impacts of climate 
change (Schade et al., 2022). For example in Italy, the mountainous 
terrain makes tunnels indispensable for connecting urban centres with 
rural areas, particularly in regions such as the Alps and the Apennines. 

∗ Corresponding author.
E-mail address: jelena.ninic@durham.ac.uk (J. Ninić).

Approximately half of the total number and length of tunnel sections 
within the TEN-T are located in Italy, with about 50% of these having 
been in operation for over 30 years, and only 19% comply with 
the minimum safety requirements suggested by regulations (Ministro 
delle infrastrutture e dei trasporti, 2023). This underscores the urgent 
need for stakeholders to take action. Currently, Italy is conducting a 
large-scale survey and investigation to monitor the condition of tunnel 
infrastructure. Guidelines (Ministero delle Infrastrutture e della Mobil-
ità Sostenibili, 2022) have been put forward, emphasizing a preventive 
approach aimed at reducing risks, prioritizing proactive maintenance 
over emergency interventions, and further highlighting the importance 
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Fig. 1. Damage report and exemplar images of actual severe degradation damage: (a) an example of manually annotated damage report (20 m along the tunnel 
direction): different coloured curves represent various types of damage. The colours green, orange, and red represent the severity levels subjectively assessed 
by the engineer, with risk progressively increasing from green to red. Rectangular labels are both colour-coded and labelled to specify the type of damage. (b) 
A raw gray-scale local laser panoramic image of the tunnel section (20 m along the tunnel direction). (c) Examples of RGB images of tunnel damage (spalling, 
seepage, crack, and their combinations) from the database used in this paper. (d) Examples of locally enhanced gray-scale images after gamma correction exhibit 
improved visualization; damage boundaries are highly complex and blurred, making precise annotation difficult. (For interpretation of the references to colour 
in this figure legend, the reader is referred to the web version of this article.)
of continuous monitoring and advanced surveying technologies.
Advanced reality capture technologies are used to automatically 

collect panoramic tunnel data (e.g. point clouds, images), significantly 
improving the efficiency of data collection (Zhu et al., 2016; Ma and 
Liu, 2018; Foria et al., 2019; Ye et al., 2025). Among these, the 
image data are typically of Ultra-High Resolution (UHR), usually above 
2–4 kilopixels (kpx) per section (i.e. image), which is much higher 
than the resolutions commonly used in general computer vision tasks, 
i.e. usually less than 1 kpx (Liu et al., 2024), and allows the tunnel to 
be captured and represented more comprehensively. However, damage 
labelling and recording are still primarily done manually. An example 
of the evaluated and labelled conditions is shown in Fig.  1(a). This is 
mainly generated based on field surveys, manual damage recording, 
and is prone to subjective grading, and scoring to identify high-risk 
areas for focused monitoring. The process is also time-consuming, 
labour-intensive, and prone to inconsistencies due to the subjectivity of 
evaluations and the experience of inspectors (Huang et al., 2021; Deng 
et al., 2022). Therefore, it is crucial to propose effective and highly 
automated methods for tunnel damage detection and risk assessment, 
as these evaluations are vital for maintaining the functionality and 
safety of these critical assets.

The use of computer vision algorithms for identifying tunnel surface 
damage is regarded as a key method for achieving automated detection, 
with many studies already exploring this approach (Attard et al., 2018; 
Jiang et al., 2023). We summarized in Table  1.
2 
Among them, Deep Learning (DL) algorithms often demonstrate 
superior performance, particularly Transformer-based algorithms or 
models that incorporate attention mechanisms (Ye et al., 2024; Huang 
et al., 2024; Zhang et al., 2024). Various types of DL-based image 
recognition and segmentation algorithms have been applied, which 
can be categorized into object detection, semantic segmentation, and 
instance segmentation. Each type progressively increases the amount 
of information extracted from a single image, respectively ranging from 
describing damage locations with bounding boxes, to providing more 
precise boundary definitions, and ultimately to offering instance-level 
recognition and segmentation. Recent trends show a rising interest 
in instance segmentation, especially for non-crack defects, and an 
increasing emphasis on multi-defect detection.

Additionally, recent studies on deep learning for tunnel and under-
ground infrastructure have moved beyond static defect detection to 
address predictive maintenance. Some studies have explored tempo-
ral modelling of defect evolution. For example, An and Kang (2024) 
used ConvLSTM to predict crack growth in concrete, linking image-
based detection to long-term deterioration analysis. In tunnels, LSTM 
models have been applied to forecast surrounding rock deformation 
and vault settlement (He and Chen, 2023), showing deep learning’s 
potential in capturing temporal patterns. Beyond sequence learning, 
statistical and machine learning approaches have been used to model 
deterioration, such as combining regression trees with optimization 
algorithms (Abdelkader et al., 2025) or comparing multiple models for 
tunnel degradation assessment (Ahmed et al., 2021), highlighting the 
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Table 1
Summary of tunnel defect recognition studies.
 Author Task Defect type Best model  
 Ren et al. (2020) SS Crack CrackSegNet  
 Zhao et al. (2020) IS Moisture Mask R-CNN  
 Li et al. (2021) OD Crack, Falling Block, Leakage Improved Faster R-CNN  
 Foria et al. (2022) SS Seepage U-Net  
 Liu et al. (2022) OD Crack YOLOv5  
 Ouyang et al. (2023) SS Crack DeepLab V3+  
 Xu et al. (2023) SS Leakage Improved U-Net++  
 Geng et al. (2023) IS Leakage Improved BleedMask  
 Zhou et al. (2023) SS Crack, Leakage, Peeling Fireproof Coating, Multiple Defects MC-TLD  
 Feng et al. (2023) SS Crack, Leakage Hybrid Model  
 Zhang et al. (2024) IS Spalling, Crack, Rebar Exposure, Water Seepage YOLOv8-CM  
 Wang et al. (2024) SS Crack Improved Cascade R-CNN 
 Feng et al. (2025) SS Crack TCSegNet  
 Ouyang et al. (2025) SS Crack DeepLab V3+  
 Lin et al. (2025) IS Leakage, Damage Improved SOLOV2  
 Yang et al. (2025) IS Damp, Unfilled corner, Creep, Crack, Chip YOLO-SH  
Note: Object Detection (OD); Semantic Segmentation (SS); Instance Segmentation (IS).
 

value of predictive analytics in maintenance planning. MIRET-Tunnel 
AI employs convolutional neural networks for damage detection and 
integrates human supervision into the AI workflow to optimize mainte-
nance scheduling (Foria et al., 2024; Glab et al., 2025). Overall, while 
there has been considerable research on tunnels, challenges remain in 
fully addressing their inherent complexities and translating predictive 
models into effective maintenance decision-making, due to issues such 
as limited long-term validation and scarce large-scale datasets.

To sum up, applying DL-based image algorithms to tunnel surface 
damage detection, along with explorations into predictive maintenance, 
has proven effective and promising. However, challenges remain when 
addressing real-world tunnel scenarios, particularly those with severe 
deterioration. Here, we summarize the three specific and pressing 
challenges identified in this study, which align well to the challenges 
faced by most researchers and engineers for practical applications: (i) 
the dilemma of data annotation: classification of defects, annotation 
efficiency and consistency in data annotation, (ii) the need for more 
focused training and evaluation methods, and (iii) the processing of 
ultra-high-resolution panoramic images and automation workflows. In 
the following we discuss each of these challenges in detail.

Firstly, annotation is especially difficult in real cases, making dataset
creation challenging and potentially leading to inaccuracies when 
evaluating models on validation datasets. Many defect detection studies 
rely on well-labelled datasets with relatively simple damage classifi-
cations, such as cracks, thus overlooking the complexities of severely 
damaged real-life scenarios. In reality, structures with severe degrada-
tion typically contain multiple types of damage that are intertwined 
and overlapping. To achieve comprehensive detection, it is necessary 
to distinguish and label all types of damage, which complicates the 
annotation process. Additionally, unlike the relatively clear boundaries 
of objects in common computer vision datasets, damage in tunnels 
often lacks well-defined edges, shown in Fig.  1(b), (c) and (d). Some 
experiments (Kirillov et al., 2019) have shown that annotation incon-
sistencies can occur on common datasets, such as Cityscapes (Cordts 
et al., 2016), ADE20k (Zhou et al., 2017), and Vistas (Neuhold et al., 
2017) datasets. This issue is even more pronounced when dealing 
with severely deteriorated tunnels. These inconsistencies occur even 
between different annotators or when the same annotator re-labels 
the images after some time. In particular, on large objects (with an 
area greater than 962 pixels), the similarity of the segmentation mask 
(Segmentation Quality from panoptic segmentation evaluation) reaches 
above 80%, while on small objects (less than 322 pixels), it is even 
below 70% (Kirillov et al., 2019).

Some research (Tsai and Chatterjee, 2017; He et al., 2024) also 
discussed this issue in damage detection tasks, for example, the context 
of crack recognition evaluation. Due to the narrow width of cracks 
(sometimes only a few pixels), inconsistencies between the annotation 
3 
and prediction masks can, under extreme conditions, result in no over-
lap, meaning an Intersection Over Union (IoU) of zero. However, the 
crack may have actually been successfully detected near the annotation 
with the correct shape. To address this, Tsai and Chatterjee (2017) 
designed an enhanced Hausdorff distance-based evaluation method, 
which uses a piecewise function to evaluate performance, with the non-
penalized and low-penalty buffer around the crack serving as the basis 
for the design. This method introduces some computational overhead 
and requires hyper-parameters, such as the actual image resolution, and 
is not fully compatible with current mainstream IoU-based evaluation 
methods. However, it offers valuable insights for addressing such issues.

The second challenge is adapting DL-based algorithms to better 
align with real-world engineering requirements, ensuring their prac-
ticality, reliability, and effectiveness in complex applications. Specif-
ically, in the context of damage detection, engineers prioritize mini-
mizing missed detections, even if it results in a small number of false 
positives. This approach is common in critical tasks such as medical 
diagnosis (Yankaskas et al., 2001), fraud detection (Chung and Lee, 
2023), and spam filtering (Guzella and Caminhas, 2009), where the 
consequences of missed detections are severe. As a result, metrics like 
recall and related evaluation measures are given greater emphasis. 
Meanwhile, regarding the accuracy of damage boundaries, annotating 
these boundaries is, as mentioned earlier, a challenging and time-
consuming task. Moreover, engineers are generally more concerned 
with whether the predicted masks cover the damage areas, rather 
than achieving exact matches of the edges. Therefore, a more suitable 
evaluation method should be introduced to meet these engineering 
requirements.

However, when we look at the related research in the field of com-
puter vision, in contrast, more studies focus on how to conduct more de-
tailed evaluations of mask quality. As a result, more refined evaluation 
methods have been proposed, including boundary-based evaluations 
such as Trimap IoU (Chen et al., 2017), Boundary IoU (Cheng et al., 
2021), and F-measure (Perazzi et al., 2016). Trimap IoU calculates 
the IoU around the GT boundary only, considering the region near 
the boundary, and such region is obtained through morphological 
operations of erosion and dilation. Boundary IoU calculates IoU by 
applying dilation or erosion operations to both the predicted and GT 
boundaries, and then computing the IoU within this modified region. 
F-measure matches the predicted and GT contours if they are within a 
specified pixel distance threshold 𝑑. We summarize their characteristics 
and suitable use cases in Table  2, along with the general IoU.

Clearly, these boundary-based evaluation methods are very different 
from our application scenario and requirements, but they still provide 
many valuable insights for us. First, it is best to base the evaluation on 
IoU, as this would make the evaluation method compatible with most 
current segmentation tasks. Second, we can design more suitable eval-
uation method, IoU with buffer zones, by focusing on boundaries and 
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Table 2
Comparison of evaluation methods for mask segmentation.
 Method Characteristics Use case  
 Trimap IoU Focuses on boundary quality, ignores outer errors. 

The calculation is asymmetric; less sensitive to 
dilated predictions.

Evaluating the quality of the region around the 
boundary, especially in tasks with a focus on 
boundary accuracy.

 

 Boundary IoU Accurate for boundary overlap, considers 
geometric relationship. Sensitive to small objects 
or misalignments, high variance.

Boundary overlap evaluation, suitable for tasks 
requiring precise boundary shape assessment.

 

 F-Measure Tolerates small misalignments, robust to 
ambiguity. Sensitive to small errors, discontinuous 
for slight changes.

Boundary detection tasks, particularly in scenarios 
with tolerance for boundary misalignments.

 

 General IoU Evaluates the entire mask overlap. Insensitive to 
boundary misalignment, less accurate for fine 
details.

General segmentation tasks, overall mask 
evaluation.

 

 

their neighbourhoods. Additionally, in our task, we should prioritize 
recall. By integrating the impact of inconsistencies in data annotation 
from first challenge as well, the precision of the mask boundaries 
is not as critical. Accordingly, more robust and reliable evaluation 
methods should be used to assess the performance of DL-based image 
segmentation algorithms in our task.

The final challenge is that, while successful detection and effective 
algorithm evaluation are crucial, developing an end-to-end system 
is equally valuable. Panoramic tunnel images are typically the final 
output produced by the data acquisition devices used in tunnel moni-
toring, and they have a very high resolution (Zhu et al., 2016; Attard 
et al., 2018; Li et al., 2021; Foria et al., 2022). Foria et al. (2022) 
downscaled tunnel panoramas up to 20k to 12.5% of their original 
size and further cropped them into 320 × 320 tiles to train a U-Net 
for seepage detection. While this improves efficiency, it sacrifices a 
significant amount of detail. Therefore, to preserve data fidelity, the 
best approach is to perform training and prediction tasks with minimal 
downsampling whenever possible. A new system should fully automate 
the process of taking panoramic tunnel images as input, maintain-
ing high fidelity throughout the processing pipeline, and generating 
comprehensive damage reports as output by following the related 
guideline, to effectively guide maintenance operations. Specially, it 
includes pre-processing and cropping of the UHR panoramic tunnel 
images, followed by post-processing to merge defect instances across 
images after inferences, and present results for each individual tunnel 
lining segment. Ideally, a long-term tracking system and a historical 
database should be established, enabling continuous monitoring of 
individual damage instances over time. Such data would serve as a 
critical source of information for deterioration modelling and predictive 
maintenance (Ninic et al., 2025). Eventually, the system provides all 
relevant outcomes necessary for the damage report, along with final 
risk assessment values, to guide subsequent focused monitoring efforts.

One of the aims of this paper is to develop a data processing 
platform for damage detection, quantification, and risk assessment that 
supports inspections. Therefore, we summarize some of the research 
gaps in current tunnel inspection platforms. Taking MIRET (Foria et al., 
2022) as an example, it relies on semantic segmentation models, though 
instance segmentation is preferable, as it can both distinguish indi-
vidual overlapping damages and provide instance-level damage iden-
tification. They also lack the capability for high-fidelity processing 
of UHR images without significant downsampling. Additionally, these 
platforms do not provide auxiliary annotation tools, despite the re-
cent widespread adoption of methods such as SAM in various fields. 
Finally, standard IoU-based evaluation metrics excessively penalize 
ambiguous defect boundaries; hence, inspired by other fields, a new 
problem-specific metric is needed.

In this paper, we address the aforementioned challenges by propos-
ing a highly integrated, web-based framework that takes UHR panoramic
laser images of tunnels as input and executes a sequential workflow 
in automated way to perform instance-level, multi-category damage 
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detection and generate statistical damage reports. To achieve practical 
defect detection in these complex real-world scenes, this paper presents 
the following contributions:

• We establish a dataset encompassing five categories of damage 
(seepage, corrosion, damaged joint, spalling and crack), cover-
ing all types of tunnel defects that are visually identifiable and 
distinguishable in UHR images. We employed Segment Anything 
Model (SAM)-based prompt annotation for instance labelling, 
enabling overlapping annotations, which greatly streamlined and 
accelerated the annotation process.

• We introduce a more reliable and practical metric, IoU with buffer 
zones. It is designed to emphasize holistic recognition of damage 
rather than precise boundary delineation. Several mainstream 
instance segmentation algorithms are comprehensively assessed 
by proposed metric on real-world case studies.

• We propose a multi-inference aggregation method inspired by 
ensemble learning. Single model performs multiple full-image 
inferences with different crop sizes, capturing various levels of 
contextual information. By overlapping and combining these re-
sults, we significantly improve segmentation accuracy on UHR 
images.

• We developed an end-to-end web-based platform that central-
izes UHR image processing, integrating pre-processing, multi-
inference aggregation, post-processing, and statistical analysis, 
with interactive visualization and exportable outputs in .pdf and 
.json formats for unified data management.

The remainder of this paper is structured as follows. Section 2 
presents the methodology, detailing how damage detection tasks are 
performed on UHR tunnel panoramic images with a new evaluation 
method, and the processes for automated damage report and risk area 
generation on web-based platform. Section 3 describes the implementa-
tion details of the entire end-to-end system, including the establishment 
of the dataset, damage detection model training process and parame-
ters, as well as the pre-processing, post-processing, and other settings 
for the model. Section 4 presents the model results along with a series 
of discussions based on ablation studies. A demonstration of the web-
based damage report will also be provided. Section 5 concludes the 
paper, discussing its limitations and suggesting directions for future 
work.

2. Methodology

2.1. Overview

The overview of the methodology can be seen in Fig.  2. The first 
section focuses on data creation (see Section 2.2), including the process 
of collecting tunnel panoramic image and the use of SAM-based tools 
for annotating various types of tunnel damage. The second section 
discusses the introduction of IoUb (see Section 2.4), which aims to 
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Fig. 2. Overview of proposed framework.
mitigate the impact of annotation inconsistencies, particularly in highly 
deteriorated tunnel environments. The third section explores the adap-
tation of common instance segmentation algorithms to UHR images 
and how multi-inference aggregation improves the final segmentation 
quality for UHR images (see Section 2.3). The final section presents 
a web-based interactive platform (see Section 2.5) that integrates the 
entire end-to-end algorithm pipeline, taking UHR images as input, 
visualizing the final segmentation results, and generating user-friendly 
damage assessment reports.

2.2. Dataset creation

The tunnel panoramic images in this study were collected using 
Mobile Laser Scanner, as laser point clouds are commonly used for 
data collection in the tunnel’s limited lighting conditions. The scanner 
developed by Spacetec, referred to as TS4 (spacetec, 2019). This instru-
ment generates a pair of sinusoidal laser pulses and measures distance 
by calculating the phase difference between the emitted and received 
waves. Due to potential limitation of the phase shift, the maximum 
effective scanning distance is limited to 15 m, which is sufficient for 
surveys in tunnels, even those with three lanes. With a field of view 
of 360-degree, shown in Fig.  3, the laser scanner can capture the 
entire tunnel vault and roadway. Data acquisition occurs while the 
vehicle moves at approximately 5 km/h. The scanner’s head rotates 
at 200 revolutions per second, collecting 5,000 points per revolution, 
enabling the seamless collection of detailed point clouds representing 
the tunnel’s surface, along with reflectance data for material charac-
terization. The primary output of this technology is therefore a point 
cloud, and in addition, the device can directly produce files in other 
formats, including tunnel panoramic unwrapped images used for this 
study. These images are generated from a rigorous three-dimensional 
representation, ensuring precision and reliability for analysis.

The data evaluated in this study are 8-bit gray-scale images in .tif 
format using laser intensity as the colour value. Each image represents 
an entire tunnel with a fixed width of 10,000 pixels, while the height 
5 
Fig. 3. An illustration of a collection vehicle equipped with a scanner per-
forming 360-degree rapid scanning while moving through a tunnel.

varies depending on the actual length of the whole tunnel. More 
detailed information can be found in Mozafarian et al. (2025). The 
real-world size of each pixel can be calculated as 𝐿∕𝑝, where 𝐿 is 
the total scanned tunnel length and 𝑝 is from .tif files, recording the 
number of pixels along the tunnel. For example, if 𝐿 = 200m and 
𝑝 = 100,000, the real-world width/height of each pixel represents 
2 mm. Therefore, based on the tunnel parameters and the .tif file, the 
real-world size of each pixel can be calculated. Pixel size may vary 
slightly between tunnels, as all .tif files have a fixed width of 10,000 
pixels. According to the guidelines (Ministero delle Infrastrutture e 
della Mobilità Sostenibili, 2022), the tunnel is divided into sections 
with a 20-meter longitudinal spacing (along the direction of tunnel 
advancement), and the road sections on both sides of the panoramic 
image are cropped, leaving only the tunnel lining. The crown of road 
tunnels and the side walls exhibit a significant colour difference: the 
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Fig. 4. Challenging damage annotations: (a) Overly complex damage boundaries, (b) Blurred transitions of damage boundaries. The annotation follows the 
principle of covering as much of the damage as possible. Blue represents seepage, yellow indicates corrosion.
top is dark, while the side walls are relatively lighter. To facilitate 
better annotation and training, we applied gamma correction (Bradski, 
2000), as shown in Fig.  5(a), which significantly enhanced the visibility 
of the images, by making details in the dark areas more visible while 
preventing overexposure in the light areas.

It should be noted that, due to the inherent ambiguity and uncer-
tainty in the boundaries of tunnel damage areas (see Fig.  4), defining 
and annotating these boundaries has always been one of the major 
challenges in this study. To address this issue and further enhance anno-
tation efficiency, we introduced a SAM-based prompt annotation tool 
for labelling the damages (Kirillov et al., 2023; Ji and Zhang, 2023). 
This tool enables the generation of reasonably accurate masks with just 
a few manually provided prompt points. The annotation process was 
carried out using the original SAM with the ViT-H backbone, which 
has the largest parameter size (632 MB). Throughout the annotation 
process, we create masks automatically and then refrained them for 
intricate boundary details. This was an effective approach for two 
key considerations: first, the generated masks from prompt already 
provided sufficient coverage of the damaged areas, which partially 
alleviates inconsistencies among different annotators; second, defining 
highly complex boundaries is inherently challenging and is rather the 
opposite of actual inspection practices. However, this approach proved 
less effective for damage types with particularly irregular or elongated 
shapes, such as damage joints and cracks. For these categories, manual 
annotation remained essential. Overall, while SAM-based annotation 
cannot fundamentally resolve inconsistencies, it substantially mitigates 
this issue and greatly improves annotation efficiency. Importantly, our 
annotations are designed to capture the full extent of damage, even 
when boundaries are inherently ambiguous, as illustrated in Fig.  4.

The default input size for SAM is 1024 × 1024 pixels, so we divided 
each 20-meter tunnel section into multiple sub-images and controlled 
the side length of the cropped sub-images to ∼2–3 k pixels, enabling 
SAM to generate masks with acceptable detail while also improving an-
notation efficiency. Two experts have been involved in the annotation 
process: the first was responsible for performing the initial labelling 
using the aforementioned SAM-based prompt annotation tool, mainly 
based on existing manually drawn damage reports, while the second 
expert was tasked with reviewing the annotations, and manually re-
fining annotations that challenging for the SAM-based tool to generate 
accurately. After all annotations were completed, the sub-images were 
further cropped to a size with a side length of ∼1 kpx. In the end, we 
obtained 1800 images, which included damage annotations for two full 
tunnels. Specifically, a 20 m section of the first tunnel (6465 × 7078) 
was divided into six non-overlapping sub-images (2155 × 3539 each) 
for annotation, and these were further split into approximately 1 kpx 
resolution images (1077 × 1179 each) for model training. Similarly, a 
20 m section of the second tunnel (6432 × 7078) was divided into six 
sub-images (2144 × 3821 each) for annotation, which were then further 
split into 1 kpx resolution images (1072 × 1273 each) for training. We 
selected 5 tunnel sections (three from the first tunnel and two from the 
second one) for the validation set, which including 180 images. The 
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distribution of the validation set is shown in Fig.  5(c). The remaining 
images, excluding those without annotations (no damages), amounted 
to 1430 and were used for training.

Computer vision methods can only identify damage types based 
on surface observation images. For example, damages like voids are 
difficult to observe from the surface and therefore were not included. 
Ultimately, we labelled five major types of tunnel damage that can 
be directly distinguished through images, including seepage, corrosion, 
damaged joint, spalling, and crack. Their typical examples are shown 
in Fig.  5(b). As mentioned earlier, we use an instance segmentation 
algorithm for damage detection, as instance-level segmentation is the 
most suitable for generating damage reports. According to the guide-
lines (Ministero delle Infrastrutture e della Mobilità Sostenibili, 2022), 
the record of damage is at the instance level, and when two damages 
are close to each other and connected, they should be recognized as 
a single damage and their area calculated as a whole. Therefore, our 
annotations also follow this principle. Additionally, we simplified the 
instance definition by treating all connected areas of the same type 
of damage as a single instance, making annotation with SAM more 
efficient. SAM struggles with efficiency when instance regions are non-
contiguous, and some damage areas in the panoramic image may be 
interrupted by auxiliary structures (tubes, pipes). While it is possible 
to annotate these separately and assign a consistent instance ID, the 
blurred edges of damage, the irregular shapes of defect instances, and 
the occlusion caused by auxiliary structures make this particularly 
challenging. Therefore, as a practical solution, we currently define each 
closed mask as a single instance, which helps reduce the complexity of 
annotation and training.

2.3. Instance segmentation on UHR tunnel panoramic images

We conduct instance segmentation algorithms task due to its unique 
advantages. Unlike object detection, instance segmentation provides 
damage-covering masks essential for area-based damage assessment. 
Compared to semantic segmentation, it offers instance-level informa-
tion, better aligning with the need for damage evaluation based on 
individual instances. It also handles overlapping instances, reflect-
ing real-world tunnel conditions where multiple types of damage of-
ten overlap. Additionally, unlike panoptic segmentation, it reduces 
unnecessary focus on background classes, prioritizing damage analysis.

The final report is generated section by section, with each tunnel 
section covering 20 m. Accordingly, we use the cropped panoramic 
images of tunnel sections at 20-meter intervals as input, removing 
the road portions from the images. In our dataset, these localized 
panoramic images have a resolution of ∼6 k, qualifying as UHR images. 
Although some specialized algorithms (Cheng et al., 2020; Guo et al., 
2022; Li et al., 2024) for UHR images exist, we opted for general 
instance segmentation algorithms combined with fixed pre-processing 
and post-processing steps to address this challenge through cropping 
and stitching. This choice ensures greater flexibility in integrating or 
replacing the latest algorithms.
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Fig. 5. Illustration of panoramic tunnel unfolded image and damage types (particularly clear case): (a) Original image (left) and gamma-corrected image (right); 
(b) Representative examples of five damage types. (c) The annotation distribution of damage instance for validation set.
In this paper, we focused on several mainstream and represen-
tative instance segmentation algorithms, including Mask R-CNN (He 
et al., 2018), Cascade Mask R-CNN (Cai and Vasconcelos, 2019), and 
Mask2Former (Cheng et al., 2022), to carry out our tasks, for testing our 
new model evaluation method (IoUb). Additionally, all models used the 
Swin-L backbone (Liu et al., 2021), and the actual input should be the 
image with a resolution of ∼1 kpx.

During inference, we follow the process outlined in Fig.  6 to perform 
UHR tunnel panoramic image segmentation. Specifically, it includes 
pre-processing and post-processing based on conventional instance seg-
mentation. As for pre-processing, in order to minimize the loss of 
contextual information during inference on individual images, we ap-
plied a cropping strategy with a 50% overlap along the both horizontal 
and vertical directions of the UHR image. All cropped images were 
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then input into the instance segmentation algorithms for inference, 
producing logits (the raw prediction values of the model) for each 
image.

For post-processing, there are two main tasks: (1) Mask adjustment 
for overlapping regions: the predicted logits in overlapping areas are 
recalculated using a weighted approach, with the weights decreasing 
from the centre of the cropped image toward the edges (Chatterjee 
and Poullis, 2021). (2) Merging instances across images: masks in 
overlapping regions with some overlap and belonging to the same 
category are merged into a single instance. Finally, it generates the 
segmentation map of the UHR tunnel section.

Notably, for Region Proposal Network (RPN)-based networks like 
Mask R-CNN (He et al., 2018) and Cascade Mask R-CNN (Cai and 
Vasconcelos, 2019), the logits are multi-channel matrices. Each channel 
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Fig. 6. Single inference process for UHR tunnel panoramic image.
corresponds to the confidence score of a specific class for each Region 
of Interest (RoI). The class logits (𝐋𝑐) form an 𝐋𝑐 ∈ R𝑁×(𝐶+1) matrix, 
where 𝑁 is the number of instances, and 𝐶 + 1 includes 𝐶 object 
classes and one background class. The mask logits (𝐋𝑚), on the other 
hand, form an 𝐋𝑚 ∈ R𝑁×𝐶×𝐻×𝑊  matrix, where 𝐻 and 𝑊  are the 
height and width of the predicted mask for each instance and each 
class. The post-processing merging of such algorithms has been widely 
practised (Chatterjee and Poullis, 2021).

In query-based methods like Mask2Former (Cheng et al., 2022), 
there is a fundamental difference: each query corresponds to the com-
plete mask logits and class logits for several potential instance. This 
approach differs from traditional RPN-based methods. Due to the lim-
ited research in this area, we provide a detailed explanation here: the 
mask logits are represented as 𝐋𝑚 ∈ R𝑄×𝐻×𝑊 , where 𝑄 denotes the 
number of queries, and each query generates a mask for a specific 
instance. The class logits are given by 𝐋𝑐 ∈ R𝑄×(𝐶+1), where each query 
corresponds to a class prediction for the respective instance. During 
training, Mask2Former does not apply activation functions when con-
verting mask logits into binary images. Instead, it directly thresholds 
the discriminative values at 0, meaning that all values less than 0 are 
considered background.

By combining the class logits and mask logits, the model au-
tonomously computes 𝑄 × 𝐶 scores, as formulated in Eq. (1), and 
selects the top 𝐾 results. Notably, a single query can be associated with 
multiple masks, eliminating the need for traditional Non-Maximum 
Suppression (NMS). 

𝑆𝑐𝑜𝑟𝑒 = 𝑆𝑐𝑙𝑎𝑠𝑠 ×
∑

(

𝜎(𝑀𝑎𝑠𝑘𝑙𝑜𝑔𝑖𝑡𝑠) ×𝑀𝑎𝑠𝑘𝑏𝑖𝑛𝑎𝑟𝑦
)

∑

𝑀𝑎𝑠𝑘𝑏𝑖𝑛𝑎𝑟𝑦 + 1𝑒 − 6
(1)

where, 𝜎 is the sigmoid activation function applied to the mask logits. 
The final detection score combines both the classification confidence 
and the quality of the predicted mask.

Then, based on the confidence threshold, the corresponding logits 
are extracted. For each cropped image, we construct an empty matrix 
𝐌 ∈ R𝐶×𝐻×𝑊  and sequentially populate it with mask logits for each 
class. For logits belonging to the same class, we apply a maximum value 
aggregation at the same pixel position, ensuring that only the maximum 
logits value is retained for each pixel: 
𝐌𝑐,ℎ,𝑤 = max

𝑖
𝐋(𝑖)
𝑐,ℎ,𝑤, ∀𝑐 ∈ {1,… , 𝐶}, ∀(ℎ,𝑤) ∈ 𝐻 ×𝑊 (2)

where 𝐋(𝑖) represents the mask logits of the 𝑖th cropped image.
Once these matrices are obtained for all cropped images, we begin 

merging the logits class by class to generate the final 𝐶 UHR mask logits 
for the local panoramic tunnel section. During this merging process, as 
mentioned before, a weighted matrix 𝐖 is applied to adjust the logits 
from adjacent cropped images in the overlapping regions: 
𝐋merged,𝑐,ℎ,𝑤 =

∑

𝐖(𝑖)
ℎ,𝑤 ⋅𝐌(𝑖)

𝑐,ℎ,𝑤 (3)

𝑖

8 
An important observation was that using a fixed cropping size may 
result in over-segmentation or under-segmentation for certain instances 
located within the overlapping regions during the merging process. 
Therefore, inspired by the idea of ensemble learning (Géron, 2022) and 
Test Time Augmentation (TTA) (Sun et al., 2020), we perform three 
separate inferences for each tunnel panoramic image, using different 
cropping sizes, as shown in Fig.  7. Ensemble learning typically improves 
model robustness by aggregating predictions from multiple models 
or different inference settings. Similarly, in our approach, multiple 
inferences with varying cropping sizes serve as diverse ‘‘weak learners’’, 
helping to mitigate the over-segmentation and under-segmentation 
issues observed with a fixed cropping size. The final logits are ob-
tained by merging the outputs from these different inferences using a 
maximum value aggregation across logits again at each pixel location, 
ensuring that the most confident prediction is retained. We also believe 
that this approach can more effectively capture all potential damage 
with higher recall, ultimately generating the most reliable mask logits.

Although it increases inference time, this approach allows the con-
textual information of each cropped image to vary during each infer-
ence, helping to more comprehensively avoid missing damage instances 
and ultimately improving segmentation quality. After completing the 
three inferences, we obtain three sets of different predicted logits. A 
detailed discussion can be found in Section 4.4. Next, we extract the 
instance masks by selecting the regions with values greater than 0.

Overall, this simple yet effective approach ensures accurate seg-
mentation, even with the challenges posed by UHR images. This post-
processing method makes it adaptable to most segmentation algo-
rithms, addressing issues like overlapping regions and class-specific 
adjustments. By applying a weighted matrix to adjust logits in over-
lapping areas and integrating the results from multiple inferences with 
different cropping sizes, our method combines these outputs into final 
logits, helping to mitigate the loss of contextual information caused 
by image cropping and ensuring more accurate segmentation of the 
panoramic image. Its flexibility make it a valuable tool for handling 
large-scale, high-resolution data in many real-world applications.

2.4. IoU with buffer

As we discussed in Section 2.2, in the annotation of tunnel damage, 
boundaries are often not clearly defined but rather exhibit fuzzy or 
gradual transitions. These non-unique transition areas make it difficult 
to maintain consistency in manual annotations, leading to subtle yet 
significant discrepancies between annotators that can impact evalu-
ation accuracy. Traditional IoU evaluation methods rely heavily on 
precise boundary matching, which can result in harsh penalties for 
model predictions that are otherwise reasonable when dealing with 
ambiguous boundaries. To address this issue, we propose an IoU with 
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Fig. 7. Multiple inference process for UHR tunnel panoramic image and each inference can generate 𝐶 mask logits 𝐌 ∈ R𝐶×𝐻×𝑊 . The final logits are generated 
through maximum value aggregation, producing the final segmentation mask.
buffer (IoUb) evaluation method, to optimize complexity for the given 
task. By introducing a buffer zone, we aim to strike a balance be-
tween strict boundary matching and the inherent ambiguity in dam-
age annotations, ensuring a more robust and interpretable assessment 
of segmentation performance, mitigating evaluation bias caused by 
boundary uncertainty. This method better aligns with the real-world 
characteristics of damage distribution, ensuring a more stable and 
reliable evaluation. Meanwhile, it is also highly suitable for all current 
image segmentation tasks, as it aligns with the IoU-based evaluation 
used in semantic, instance, and panoptic segmentation. Inspired by 
enhanced Hausdorff distance–based quantitative performance evalua-
tion method (Tsai and Chatterjee, 2017), our evaluation method is 
opposite to boundary-based IoU (Chen et al., 2017; Cheng et al., 2021). 
Specifically, Boundary IoU quantifies segmentation quality by comput-
ing the IoU only between predicted and GT boundaries within a defined 
range, emphasizing boundary accuracy rather than overall mask region 
overlap. In contrast, IoUb incorporates a buffer around the GT bound-
ary, treating all pixels within this zone as True Positive (TP), thereby 
relaxing boundary precision requirements and prioritizing overall mask 
region consistency.

Similarly, IoUb constructs a boundary buffer zone around the GT 
boundary by applying dilation (𝛿) and erosion (𝜖) operations. A pre-
dicted pixel is considered correct if it falls within this buffer zone. 
Inconsistencies outside the buffer are evaluated using standard IoU. Let 
𝐵GT, 𝑀GT and 𝑀pred denote the GT boundaries, masks and predicted 
masks, and the boundary buffer zone is : 

IoUb =

⎧

⎪

⎪

⎨

⎪

⎪

⎩

𝑀pred ⊆ ,  = 𝛿(𝐵GT) ∪ 𝜖(𝐵GT) predicted pixel inside buffer,
|

|

|

𝑀GT ∩𝑀pred
|

|

|

|

|

|

𝑀GT ∪𝑀pred
|

|

|

otherwise (standard IoU).

(4)

Boundary IoU compares the boundaries of the predicted and GT 
masks by simultaneously dilating (or eroding) both boundaries to main-
tain symmetry, while our goal is to create a buffer zone to account for 
annotation errors, and constructing a buffer along the GT boundary is 
sufficient. Meanwhile, our comparison is still based on the entire mask, 
and unlike Trimap IoU, IoUb is equally sensitive to both overly large 
and overly small predictions. 

𝐼𝑜𝑈𝑏 = 𝑇𝑃
𝑇𝑃 + 𝐹𝑃 + 𝐹𝑁

(5)
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As shown in Fig.  8, a illustration is provided to demonstrate pixel-
level evaluation. The evaluation formula follows Eq. (5). The black 
border represents the GT, the red border represents the prediction, and 
the green and blue borders correspond to the boundaries after dilation 
and erosion based on the GT, which are used to construct the buffer 
zone. Furthermore, TP refers to the predicted area that falls within 
the dilated or eroded GT area. False Positive (FP) refers to the part 
of the predicted area that lies outside the dilated GT area, and False 
Negative (FN) refers to the part of the GT area that is not covered by 
the predicted area, but excludes the part outside the eroded GT area. 
At this point, as shown in Fig.  8, the predictions lie entirely within the 
buffer zone. Consequently, according to Eq. (5), the IoUb achieves a 
value of 1, whereas the original IoU is approximately 0.6857. Similar 
to any boundary-based IoU (Cheng et al., 2021; Chen et al., 2017), the 
parameters for dilation and erosion could be implemented by extending 
a fixed number of pixels or in proportion to the image resolution or 
the size of the GT region. In this paper, we adopt the Boundary IoU 
setup (Cheng et al., 2021) and set the dilation and erosion distances for 
the buffer zone process to a fixed value of 15 pixels, which corresponds 
to ∼ 5cm in the real-world tunnel distance from our dataset. For cracks, 
which have a narrow and elongated instances, we adjust the buffer zone 
value to 5 pixels, equivalent to around 1.5 cm.

2.5. Web-based report generation

To facilitate the visualization and reporting of tunnel damage anal-
ysis, a web-based platform (see Fig.  9) was developed as part of this 
research. The platform is built based on Gradio (Abid et al., 2019). 
Our platform streamlines and integrates the process of batch image pro-
cessing, performing model predictions, and generating comprehensive 
damage reports. It also provides a simple natural language interaction 
feature for viewing relevant statistics of the final detection results. 
Users can batch upload UHR panoramic images of tunnel sections or 
retrieve them directly from the internal server and set the detection 
parameters (Zone A in Fig.  9), and then, the platform automatically 
processes each image follow the step of Section 2.3. Therefore, the 
trained model will be applied in the platform to predict and analyse 
potential damage areas. The final output is the damage prediction 
results for tunnel sections based on a 20-meter length.

According to the encoding pattern of the file name, users can 
interactively explore the results by selecting any tunnel sections (Zone 
B in Fig.  9) for detailed visualization. The platform provides synchro-
nized displays of the original image alongside various analysis outputs, 
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Fig. 8. Illustration of IoUb. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
Fig. 9. A web-based interactive interface diagram for displaying tunnel panoramic image damage detection results.
including binary masks of damage, the damage probability map, and 
damage contour map (Zone C in Fig.  9). The damage probability map 
provides a standardized probability map for all damages corresponding 
to the UHR tunnel panorama in one go. It can be considered as a 
probability map distinguishing normal surfaces from damaged surfaces. 
This map is generated by aggregating the final logits from different 
classifications, which are derived from the merged UHR image, as 
described in Section 2.3.

The damage boundary map is the primary output and will be 
generated using a method similar to that shown in Fig.  1, with ad-
ditional clearer visual improvements. One localized example can be 
seen in Fig.  10, where each contour (representing the predicted mask 
10 
edge) will enclose a damage instance. These contour lines are colour-
coded according to the damage type (see legend from Zone B in 
Fig.  9 or Fig.  10). Next, we draw bounding boxes for each damage 
instance using three colours: green, orange, and red. The damage 
intensity is determined through a statistical ranking method to assign 
the appropriate colour. For each type of damage, we rank individual 
instances based on their respective area measurements, using statistical 
distributions derived from the training set. The area of each damage 
instance is calculated by multiplying the actual area per pixel in the 
specific tunnel with the pixel area of the instance mask. The ranking 
follows a descending order, where larger damage areas receive higher 
ranks. According to the guidelines (Ministero delle Infrastrutture e della 



Z. Ye et al. Tunnelling and Underground Space Technology incorporating Trenchless Technology Research 168 (2026) 107194 
Fig. 10. A localized example of the damage boundary map and legend for boundary. (For interpretation of the references to colour in this figure legend, the 
reader is referred to the web version of this article.)
Mobilità Sostenibili, 2022), the top 20% of damages with the largest 
areas are classified as high-intensity (red), the bottom 20% as low-
intensity (green), and the remaining as medium-intensity (orange). As 
a result, for each type of damage, we obtain two area thresholds, which 
determine the bounding box colour. Additionally, we label the damage 
type in the top-left corner of each bounding box.

This drawing information will also be saved back to the database for 
further dataset expansion. As the dataset expands, these area thresholds 
will become increasingly accurate. Ultimately, once a tunnel section 
has at least one type of damage classified as high risk, the segment will 
be marked as a key monitoring target. Overall, these digitization and 
visualization serve as key components of the tunnel damage assessment, 
offering multiple perspectives on the detected damage. In addition 
to interactive visualization, the platform supports the generation of 
exportable reports in .pdf format, which include all the analysis in-
formation mentioned above (Zone E in Fig.  9). Users can compile 
the visualized results into a Portable Document Format (PDF) report 
with additional coordinates, which consolidates the analysis outputs 
into a structured and professional format. Similarly, digital damage 
annotations can also be directly exported. Here, we record them in the 
COCO-format annotations, saving and exporting the predicted damage 
annotations as a .json file.

On the web platform interface, a simple natural language query 
function is provided for inquiring about detected damage, returning 
statistical results and visualized charts (Zone D in Fig.  9). The process 
begins with obtained COCO-format annotations, where the segmen-
tation field (used to describe mask polygons) is removed to reduce 
unnecessary information (token) for subsequent statistical analysis. The 
processed .json file is then used as input for the natural language model. 
System prompts are designed to include at least the following points for 
supporting statistical queries:

- Generate results solely based on the provided processed .json file 
and refuse to answer unrelated questions.

- Convert user queries into Python code, which is then executed for 
statistical analysis. Store and return two variables: the statistical 
results and statistical charts.

- Optionally, describe the format of the input file.
- Optionally, provide examples of statistical charts.

When the user queries statistical questions, such as ‘‘how many 
instances were detected for each type of damage’’, the large lan-
guage model can automatically generates Python code to process the 
processed .json file, executing it in an isolated sandbox environment 
and returning statistical results and charts on the web platform. Con-
verting user queries into Python code effectively prevents hallucina-
tions from the language model and ensures statistical accuracy. Since 
COCO-format annotations are widely used, no additional explanation is 
required, whereas user-defined formats necessitate clarification. Mean-
while, providing sample statistical charts further ensures consistency in 
the final output.
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Overall, these features provide valuable support to the owner (the 
infrastructure concession holder in our case), in making informed 
decisions about maintenance investment priorities. They facilitate the 
efficient sharing and documentation of tunnel damage assessments, 
making the platform a practical and effective tool for real-world ap-
plications.

3. Implementation

3.1. Conventional evaluation methods

We used instance segmentation algorithms to implement the dam-
age detection task. Therefore, their mainstream evaluation will be 
introduced as well. The evaluation method for instance segmenta-
tion usually follows the widely recognized COCO (Microsoft Common 
Objects in Context) official evaluation criteria (Lin et al., 2014). A 
prediction is considered accurate if the IoU between the predicted 
instance’s result and the GT exceeds a certain threshold 𝜏, and the pre-
dicted category matches the GT category. Related evaluation method is 
as follows: 

𝑅𝑒𝑐𝑎𝑙𝑙𝑖 =
𝑇𝑃𝑖

𝑇𝑃𝑖 + 𝐹𝑁𝑖
(6)

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛𝑖 =
𝑇𝑃𝑖

𝑇𝑃𝑖 + 𝐹𝑃𝑖
(7)

𝐴𝑅(𝜏) = 1
𝑁

𝑁
∑

𝑖=1

𝑇𝑃𝑖(𝜏)
𝑇𝑃𝑖(𝜏) + 𝐹𝑁𝑖(𝜏)

(8)

𝐴𝑃 = 1
101

×
∑

𝑟∈0,0.01,…,1
𝑝𝑖𝑛𝑡𝑒𝑟𝑝𝑜𝑙𝑎𝑡𝑖𝑜𝑛(𝑟) (9)

where 𝑇𝑃𝑖, 𝐹𝑁𝑖 and 𝐹𝑃𝑖 denote the true positive, false negative and 
false positive instances 𝑖, and 𝑝interpolation(𝑟) is the precision obtained 
through interpolation at the given maximum recall level 𝑟. Here, 𝑖 =
1, 2, 3,… , 𝑛, where 𝑛 represents the total number of instances. The 
Average Recall (AR) measures the average recall across a dataset and 
is computed as the mean recall over a set of predefined IoU thresholds 
𝜏 or a single IoU level. It quantifies the model’s ability to detect or 
segment objects, considering both true positives and missed detections. 
The Average Precision (AP) quantifies the area under the precision–
recall curve and is computed as the mean precision over 101 equally 
spaced recall levels: [0.0, 0.01, 0.02,… , 1.0]. The evaluation of instance 
segmentation encompasses both bounding boxes and masks, with the 
results presented as 𝐴𝑃𝑏 for bounding boxes and 𝐴𝑃𝑚 for masks. Over-
all, we provide AR and AP at IoU or IoUb thresholds of 0.5, 0.75, and 
the average over 0.5 to 0.95 with a 0.05 interval.

Meanwhile, we also provide some pixel-level evaluation methods, 
which will be applied in Section 4.3 for comparison. These evaluation 
methods also include recall and precision, which are consistent with the 
aforementioned Eqs.  (6) and (7). However, under current situation, the 
calculations are performed at the pixel level rather than the instance 
level. Accuracy, F1-score and F2-score, with the latter placing greater 
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Table 3
Results of Mask R-CNN (He et al., 2018), Cascade Mask R-CNN (Cai and Vasconcelos, 2019) and Mask2Former (Cheng et al., 2022) under IoU and IoUb. The 
table also shows the absolute and percentage increases from IoU to IoUb.
 𝐴𝑃𝑏 𝐴𝑃 50

𝑏 𝐴𝑃 75
𝑏 𝐴𝑃𝑚 𝐴𝑃 50

𝑚 𝐴𝑃 75
𝑚 𝐴𝑅𝑚 𝐴𝑅50

𝑚 𝐴𝑅75
𝑚  

 Mask R-CNN
 IoU 0.230 0.384 0.212 0.195 0.350 0.184 0.259 0.440 0.245  
 IoUb 0.352 0.429 0.361 0.384 0.444 0.395 0.467 0.523 0.474  
 Inc. +𝟎.𝟏𝟐𝟐 +0.045 +𝟎.𝟏𝟒𝟗 +0.189 +0.094 +0.211 +0.208 +0.083 +0.229 
 Cascade Mask R-CNN
 IoU 0.221 0.314 0.233 0.188 0.310 0.179 0.228 0.354 0.217  
 IoUb 0.299 0.356 0.296 0.316 0.358 0.318 0.353 0.387 0.356  
 Inc. +0.078 +0.042 +0.063 +0.128 +0.048 +0.139 +0.125 +0.033 +0.139 
 Mask2Former
 IoU 0.258 0.426 0.249 0.224 0.413 0.211 0.366 0.632 0.348  
 IoUb 0.372 0.475 0.383 0.433 0.509 0.433 0.721 0.806 0.726  
 Inc. +0.114 +𝟎.𝟎𝟒𝟗 +0.134 +𝟎.𝟐𝟎𝟗 +𝟎.𝟎𝟗𝟔 +𝟎.𝟐𝟐𝟐 +𝟎.𝟑𝟓𝟓 +𝟎.𝟏𝟕𝟒 +𝟎.𝟑𝟕𝟖  
emphasis on recall, will also be provided. The aforementioned pixel-
level evaluation will also be conducted separately based on IoU and 
IoUb. The relevant formulas are as follows: 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃𝑖

𝑇𝑃𝑖 + 𝐹𝑃𝑖 + 𝐹𝑁𝑖
(10)

𝐹𝛽 − 𝑆𝑐𝑜𝑟𝑒 = (1 + 𝛽2) × Precision × Recall
𝛽2 × Precision + Recall

, 𝛽 = 1, 2 (11)

3.2. Training parameter setting

All experiments were conducted using NVIDIA A100 Tensor Core 
GPUs. The software environment consists of MMCV 2.1 and PyTorch 
2.0.1 with CUDA version 11.7. Three classic instance segmentation 
algorithms were employed to accomplish our task: Mask R-CNN (He 
et al., 2018), Cascade Mask R-CNN (Cai and Vasconcelos, 2019) and 
Mask2Former (Cheng et al., 2022). The official configuration files 
for all three algorithms from MMDetection (Chen et al., 2019) were 
utilized, applying the data augmentation strategies configured in the 
official setup. All models follow the strategies below during the training 
process. The model input is standardized to 1024 × 1024. The total 
number of epochs is fixed at 100. The AdamW optimizer (Loshchilov 
and Hutter, 2019) is employed during training, with the learning rate 
schedule following a cosine annealing strategy (Loshchilov and Hutter, 
2017). Training begins with a linear warm-up phase lasting 1000 
iterations, after which the learning rate is set to 1e−4 and gradually 
reduced to 1e−7.

4. Results and discussion

4.1. Result of different instance segmentation algorithms

The results of three classic instance segmentation algorithms: Mask 
R-CNN (He et al., 2018), Cascade Mask R-CNN (Cai and Vasconcelos, 
2019) and Mask2Former (Cheng et al., 2022) are shown in Table  3. 
We selected several cropped images to display the results of the three 
algorithms, shown in Fig.  11. All models used Swin-L (Liu et al., 2021) 
as backbone, and were trained starting from weights pre-trained on the 
ImageNet-22k dataset (Deng et al., 2009). We selected the final epoch 
to report the results and present both IoU and IoUb. We also present 
the comparison between IoU and IoUb, showing the increase in values 
from IoU to IoUb. Additionally, the details for five categories are shown 
in Table  4. We also tested the impact of different backbone sizes and 
demonstrated that the model can learn a bit more information from our 
data as the number of parameters increases. For details, please refer to 
the Appendix  A. 
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After a comprehensive comparison, we found that under the condi-
tions of our current dataset, Mask2Former performs the best, followed 
by Mask R-CNN. The reason for this is because Mask2Former has a 
better Transformer-based architecture (Cheng et al., 2022). From IoU to 
IoUb, the differences between models are not only maintained but also 
amplified to some extent, particularly in 𝐴𝑅𝑚-related metrics, where 
Mask2Former shows a more significant increase compared to Mask 
R-CNN. Obviously, there is some randomness in this process, as AP 
and AR-related metrics are calculated based on IoU/IoUb thresholds, 
and increases are only observed once a certain threshold is reached. 
However, the overall trend remains consistent. This pattern is also 
evident in Cascade Mask R-CNN, which performs the worst on the 
current dataset and exhibits the smallest increase from IoU to IoUb.

This seems counter-intuitive since our proposed evaluation method 
relaxes the boundary constraints by introducing a buffer zone around 
defect instances. Intuitively, tolerance increases, which should benefit 
weaker models more, as they often struggle with edge precision. In 
contrast, strong models, being already highly accurate, would likely 
gain less from this added tolerance. However, while IoUb relaxes 
boundary constraints and Boundary IoU (Cheng et al., 2021) focuses on 
edge precision, both enhance evaluation differences between models, 
but they do so in different ways. IoUb emphasizes overall shape cover-
age, while Boundary IoU prioritizes boundary refinement. As a result, 
models like Mask2Former outperform Mask R-CNN in both aspects, 
illustrating the multidimensional nature of segmentation performance. 
Ultimately, effectiveness of metrics depends on how well it aligns with 
the task’s specific goals.

Moreover, we further examined the visualization results. Since in-
stance segmentation algorithms treat individual instances as segmenta-
tion targets, overlaps between instances can occur. From the visualiza-
tion, we observed that some larger instances were often fully covered 
by multiple smaller instances. This is primarily because damage detec-
tion under complex conditions is a highly challenging task, making it 
difficult for the algorithm to accurately distinguish individual instances. 
This is also why we introduced a simple post-processing step to merge 
instances in our methodology.

We can further observe the differences between categories in Table 
4. The most significant increase are observed in damaged joints and 
crack. Damaged joint has become the highest-scoring category in both 
𝐴𝑃𝑚 and 𝐴𝑅𝑚, achieving a significant leap in detection performance. 
This is because the general shape and occurrence of ‘‘damaged joints’’ 
follow some pattern, making them relatively easier for model to learn 
and detect compared to other categories. Similarly, under the IoU-
based evaluation, most cracks are nearly impossible to recall. However, 
with the addition of a small buffer zone in the IoUb evaluation, the 
𝐴𝑅  for cracks grows from 0.062 to 0.636, a 925.8% increase in 
𝑚
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Table 4
The model comparison under specific categories, where the left side of the slash represents IoU and the right side represents IoUb.
 Algorithm IoU/IoUb Seepage Corrosion Damaged joint Spalling Crack  
 

Mask R-CNN

𝐴𝑃𝑚 0.364/0.518 0.072/0.116 0.112/0.612 0.408/0.543 0.016/0.132 
 𝐴𝑃 50

𝑚 0.562/0.622 0.156/0.192 0.393/0.691 0.545/0.568 0.094/0.147 
 𝐴𝑃 75

𝑚 0.384/0.528 0.052/0.114 0.021/0.660 0.464/0.542 0.000/0.132  
 𝐴𝑅𝑚 0.461/0.614 0.131/0.208 0.205/0.695 0.474/0.611 0.026/0.208  
 𝐴𝑅50

𝑚 0.646/0.692 0.265/0.304 0.552/0.759 0.607/0.628 0.128/0.231  
 𝐴𝑅75

𝑚 0.498/0.621 0.098/0.206 0.086/0.724 0.541/0.612 0.000/0.205  
 

Cascade Mask R-CNN

𝐴𝑃𝑚 0.333/0.449 0.081/0.117 0.082/0.425 0.417/0.511 0.025/0.079 
 𝐴𝑃 50

𝑚 0.484/0.529 0.149/0.149 0.324/0.492 0.513/0.539 0.079/0.079  
 𝐴𝑃 75

𝑚 0.368/0.451 0.059/0.129 0.010/0.428 0.456/0.504 0.000/0.079  
 𝐴𝑅𝑚 0.403/0.506 0.138/0.189 0.109/0.448 0.466/0.546 0.026/0.077  
 𝐴𝑅50

𝑚 0.536/0.567 0.225/0.225 0.379/0.500 0.551/0.566 0.077/0.077  
 𝐴𝑅75

𝑚 0.442/0.508 0.127/0.206 0.017/0.448 0.500/0.541 0.000/0.077  
 

Mask2Former

𝐴𝑃𝑚 0.396/0.580 0.088/0.161 0.158/0.701 0.476/0.631 0.003/0.092  
 𝐴𝑃 50

𝑚 0.624/0.697 0.210/0.273 0.561/0.783 0.656/0.676 0.012/0.117  
 𝐴𝑃 75

𝑚 0.420/0.579 0.063/0.132 0.054/0.733 0.518/0.628 0.000/0.094  
 𝐴𝑅𝑚 0.573/0.792 0.299/0.468 0.279/0.903 0.619/0.805 0.062/0.636 
 𝐴𝑅50

𝑚 0.816/0.886 0.520/0.657 0.759/0.931 0.811/0.837 0.256/0.718 
 𝐴𝑅75

𝑚 0.623/0.801 0.275/0.471 0.155/0.914 0.689/0.801 0.000/0.641 
Fig. 11. Some visualization examples from different instance segmentation algorithms.
Mask2Former. This actually indicates that a large number of cracks 
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can be detected, but the IoU penalty is too severe due to its shape, 
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does not accurately reflect real-world conditions. All of this can also be 
observed in the subsequent visualizations. Therefore, the introduction 
of the IoUb buffer zone mitigates the excessive impact of narrow and 
elongated shapes on detection accuracy and the inherent inaccuracies 
in damage annotations, leading to a more realistic representation of the 
results (Tsai and Chatterjee, 2017). The remaining categories, including 
seepage, corrosion, and spalling, show increases of 38%, 56.5%, and 
30% in AR and 46.5%, 83% and 32.6% in AP, respectively. Among 
these, the boundary of corrosion is the most ambiguous during an-
notation due to its gradually transition with the background, while 
boundary of spalling is usually clearer.

4.2. Result of different confidence thresholds

Normalized confusion matrix under difference confidence score 
(0.5, 0.3, 0.2, 0.1) of three instance segmentation algorithms are shown 
in Figs.  12 and 13. The confusion matrix is calculated by comparing the 
predicted masks with the GT masks. An instance is recognized when 
the matched instance satisfies IoU or IoUb greater than 0.5. Taking 
the matrix in the last row and last column of Fig.  12 as an example 
(Mask2Former with a confidence threshold of 0.1), for the ‘‘seepage’’ 
category, 72% of instances were correctly identified, 2% were detected 
but misclassified as ‘‘corrosion’’, 1% were misclassified as ‘‘spalling’’, 
and 22% of instances were not detected, predicted as background.

Through these comparisons, we can observe the following findings. 
First, in most cases, whether using IoU or IoUb, lowering the confidence 
threshold alleviates missed detections without significantly increasing 
misclassification or false detections (identifying the background as 
damage). For example, in Mask R-CNN under IoU, when the confidence 
threshold is reduced from 0.5 to 0.1, the proportion of ‘‘seepage’’ 
instances misclassified as background decreases from 42% to 34%, a 
reduction of 8%, while false detections increase by only 2%. Second, we 
can analyse different categories by observing the matrix. It is evident 
that ‘‘corrosion’’ is the most frequently misclassified category, often 
mistaken with ‘‘seepage’’, whereas misclassification in other categories 
is not as pronounced. This observation aligns with real-world scenarios. 
Moreover, by transitioning from IoU to IoUb, the matrix provides a 
clearer representation of category-specific changes again, particularly 
for ‘‘damaged joint’’ and‘‘crack’’, whose scores increase the most sig-
nificantly. Third, confidence thresholds affect different categories with 
varying sensitivity. Specifically, for ‘‘crack’’, using IoUb as an example, 
a lower confidence threshold typically results in more detections. For 
instance, in Mask2Former, reducing the confidence threshold from 0.5 
to 0.1 increases detected crack instances from 0% to 50%. On the other 
hand, ‘‘spalling’’ is the least sensitive, with its detection rate increasing 
by only 9%, from 65% to 74%. Similar trends are observed in the 
other two algorithms. One possible reason is that cracks are inherently 
difficult to detect due to their irregular and narrow and elongated 
shape. We present a more extreme example in Fig.  14, where the 
confidence threshold is lowered to 0.001. At this situation, almost all 
cracks are detected with limited misclassification. However, for other 
categories, it is clearly not recommended to use such a low confidence 
threshold for detection, as it would introduce too many misclassifica-
tion. Therefore, it seems feasible to apply a lower confidence threshold 
specifically for crack category.

Overall, in damage detection tasks, IoUb adapts well to the task 
requirements, effectively reflecting the distinction between different 
models and providing a better representation of detection results for 
various damage categories. Lower confidence thresholds typically lead 
to more comprehensive detection, with only a very limited increase in 
misclassification. In other words, any defects detected by the model 
could have some basis, hence it is worth being questioned. For cracks, 
which are more difficult to detect, significantly higher recall is achieved 
at much lower confidence thresholds.
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4.3. Result of post-processing

In this section, we compare the effectiveness of our proposed post-
processing method for local tunnel panoramic images with the infer-
ence results obtained by directly stitching non-overlapping cropped 
images. Since instance information in the merged large images differs 
from that in the cropped images, making direct instance segmenta-
tion evaluation impractical. To ensure a meaningful and fair assess-
ment, we adopt a pixel-level evaluation approach similar to semantic 
segmentation.

The first step involves reconstructing instance annotations for each 
local tunnel panorama sections. Specifically, we merge the annotations 
of all sub-images within each 20-meter section of the validation set, en-
suring that adjacent cross-image instances are correctly combined. This 
process results in 5 local tunnel panoramas with instance segmentation 
annotation. However, such annotations have some instance overlap 
remains, hence cannot be directly converted to semantic segmentation. 
To address this, we transform instance segmentation into semantic 
segmentation by generating 𝐶 + 1 separate binary masks (𝐶 object 
categories plus a background class) for both the GT and predictions. 
This approach ensures that pixels belonging to multiple instances of 
different categories are properly accounted for. The background mask 
is defined as: 
𝑀bg = 1 − max

(

𝑀1,𝑀2,… ,𝑀𝐶
)

, (12)

where 𝑀𝑖 represents the binary mask for category 𝑖. Next, we compute 
the Intersection over Union (IoU) and other pixel-based evaluation 
metrics separately for each of the 𝐶 + 1 masks. Additionally, we report 
macro-averaged results over all categories: 

IoUmacro =
1

𝐶 + 1

𝐶
∑

𝑖=0
IoU𝑖. (13)

The evaluation process for the cropped images follows the same 
methodology, with annotation conversion and calculations performed 
on all 180 validation images. The pixel-level evaluation results are 
presented in Tables  5 and 6. Among them, the confidence threshold 
is set to 0.2 in our post-processing setup, except for cracks (0.05). For 
directly stitched results, we use confidence threshold 0.3, which is the 
default value for most algorithms in MMCV (Chen et al., 2019). 

We can observe that all macro-averaging metrics, except for the F2 
score under IoUb, show improvement after post-processing, whether 
in terms of IoU or IoUb. Specifically for each category, all classes, 
except for the crack category, show an increase in performance after 
post-processing. This is because we significantly lowered the confidence 
threshold for the crack category, which leads to a decrease in the F2 
score under IoU-based metrics and also affects the background class. 
This led to a substantial increase in recall under IoU (from 0.205 
to 0.630), while this affects the precision, thereby impacting other 
metrics. As previously discussed in Section 4.2, we set this threshold for 
crack instances based on the premise of detecting as much as possible. 
If we maintain a consistent threshold with other categories, all metrics 
will show improvement. Under IoUb-based evaluation, we can achieve 
an IoUb of 0.304 for the crack category (an improvement of 0.073 
compared to methods without post-processing), a Macro-F2 Score of 
0.824 (a 0.037 improvement), and a Macro-IoUb of 0.642 (a 0.063 
improvement). Although this would yield better scores, we prefer a 
more comprehensive detection approach.

Additionally, we observed that under IoUb, recall reached 1 re-
gardless of whether post-processing was applied, meaning that all 
cracks we annotated were detected at the pixel level. As for why the 
instance segmentation result did not reach 100, this is because instance 
segmentation is evaluated based on individual instances, and pixel-level 
evaluations do not take instance-specific considerations into account. 
The pixels being fully captured could be the result of multiple instances 
being merged. Each instance may not be considered as TP compared 
with GT individually. Therefore, adjusting or merging instances could 
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Fig. 12. Normalized confusion matrices of three instance segmentation algorithms based on IoU at different confidence thresholds.
Table 5
Pixel-level evaluation of IoU and IoUb without post-processing.
 Background Seepage Corrosion Damaged joint Spalling Crack Macro 
 Under IoU
 Precision 0.938 0.840 0.502 0.389 0.613 0.133 0.569  
 Recall 0.966 0.805 0.557 0.772 0.704 0.205 0.668  
 Accuracy 0.924 0.937 0.962 0.997 0.994 0.999 0.969  
 F1 score 0.952 0.822 0.528 0.517 0.655 0.161 0.606  
 F2 score 0.960 0.812 0.545 0.645 0.683 0.185 0.638  
 IoU 0.908 0.698 0.359 0.349 0.487 0.088 0.481  
 Under IoUb
 Precision 0.958 0.879 0.538 0.530 0.646 0.231 0.630  
 Recall 0.978 0.868 0.641 0.988 0.873 1.000 0.891  
 Accuracy 0.949 0.956 0.968 0.998 0.996 0.999 0.978  
 F1 score 0.968 0.873 0.585 0.690 0.743 0.376 0.706  
 F2 score 0.974 0.870 0.617 0.843 0.816 0.600 0.787  
 IoUb 0.937 0.775 0.414 0.527 0.591 0.231 0.579  
15 
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Fig. 13. Normalized confusion matrices of three instance segmentation algorithms based on IoUb at different confidence thresholds.

Fig. 14. Normalized confusion matrices of Mask2Former based on IoUb at lower confidence thresholds.
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Table 6
Pixel-level evaluation of IoU and IoUb with post-processing (values with differences compared to results without post-processing).
 Background Seepage Corrosion Damaged joint Spalling Crack Macro  
 Under IoU
 Precision 0.942 0.867 0.678 0.473 0.622 0.069 0.608  
 (+0.004) (+0.027) (+0.176) (+0.084) (+0.009) (−0.064) (+0.039) 
 Recall 0.958 0.816 0.570 0.781 0.709 0.630 0.744  
 (−0.008) (+0.011) (+0.013) (+0.009) (+0.005) (+0.425) (+0.076) 
 Accuracy 0.922 0.944 0.973 0.998 0.995 0.996 0.971  
 (−0.002) (+0.007) (+0.011) (+0.001) (+0.001) (−0.003) (+0.002) 
 F1 score 0.950 0.841 0.619 0.589 0.662 0.124 0.631  
 (−0.002) (−0.019) (+0.091) (+0.072) (+0.007) (−0.037) (+0.025) 
 F2 score 0.955 0.826 0.589 0.691 0.689 0.239 0.665  
 (−0.005) (+0.014) (+0.044) (+0.046) (+0.006) (+0.054) (+0.027) 
 IoU 0.904 0.726 0.448 0.418 0.495 0.066 0.510  
 (−0.004) (+0.028) (+0.089) (+0.069) (+0.008) (−0.022) (+0.029) 
 Under IoUb
 Precision 0.961 0.910 0.721 0.674 0.665 0.126 0.676  
 (+0.003) (+0.031) (+0.183) (+0.144) (+0.019) (−0.105) (+0.046) 
 Recall 0.971 0.878 0.657 0.990 0.879 1.000 0.896  
 (−0.007) (+0.010) (+0.016) (+0.002) (+0.006) (0.000) (+0.005) 
 Accuracy 0.947 0.963 0.979 0.999 0.996 0.997 0.980  
 (−0.002) (+0.007) (+0.011) (+0.001) (+0.000) (−0.002) (+0.002) 
 F1 score 0.966 0.894 0.687 0.802 0.757 0.224 0.722  
 (−0.002) (+0.021) (+0.102) (+0.112) (+0.014) (−0.152) (+0.016) 
 F2 score 0.969 0.885 0.669 0.906 0.826 0.420 0.779  
 (−0.005) (+0.015) (+0.052) (+0.063) (+0.010) (−0.180) (−0.008) 
 IoUb 0.935 0.809 0.524 0.670 0.609 0.126 0.612  
 (−0.002) (+0.034) (+0.110) (+0.143) (+0.018) (−0.105) (+0.033) 
be an area for further exploration in future research. Additionally, 
all the results based on IoUb maintain a similar level of distinction 
compared to those based on IoU.

Finally, we present a complete visualization example of a local 
panoramic tunnel in Fig.  15 to fully demonstrate the benefits of our 
introduced post-processing method. In Fig.  15(c), the directly stitched 
results of instance segmentation predictions on cropped images with-
out overlap are presented. Different colours are used to distinguish 
instances, with the class label displayed at the top-left corner of each 
bounding box. Notably, for larger cross-image instances, direct merging 
is suboptimal. For example, the large ‘‘seepage’’ instance (indicated by 
the blue oval in Fig.  15(c)) near the lower central region of the image 
shows noticeable missing areas and demonstrates very poor continuity. 
Similarly, we observe that the loss of contextual information due to 
cropping leads to abrupt misalignments at the boundaries of many 
cross-image instances, and the random, unpredictable loss of various 
instances. Fig.  15(d) presents our post-processed merged result, which 
effectively resolves the cross-image instance issues. The instance edges 
are smooth, the overall integrity is well-defined, and no artifacts arise 
from contextual information loss. Although it is essentially the same 
model as in Fig.  15(c), enhancing the inference process has significantly 
improved the final results. Meanwhile, we significantly lowered the 
confidence threshold for cracks (0.05), and in the images, we even 
detected some cracks that were not annotated in the GT.

4.4. Local tunnel panoramas image merging

We conducted study on the merging strategy used in the process 
of merging 20-meter local panoramas image of tunnel. The following 
discussion is based on the Mask2Former (Cheng et al., 2022). To 
minimize the loss of contextual information between adjacent cropped 
images, we set a high overlap ratio of 50%. During the merging process, 
we tested three different strategies for handling logits in overlapping 
regions: averaging (mean), gradual adjustment (gradual), and maxi-
mum value aggregation (max). The gradual adjustment approach based 
on a cosine function. In this way, the final logits for each pixel in 
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the overlapping region are contributed by all original logits covering 
that pixel. The contribution weights are assigned based on the pixel’s 
distance from the centre of the corresponding cropped image, with a 
value of 1 at the centre and 0 at the edges. The visualization of weight 
matrices are shown in Fig.  16.

After tested the three merging strategies, we found out that with 
a fixed crop size, which implies fixed contextual information, it is 
hard to strike a balance between TN and FP when merging cropped 
images, regardless of the merging strategies employed. More detailed 
visual analyses and comparisons are provided in Appendix  B. There-
fore, to address this issue, our solution is to use multiple inferences 
combined with fusion. The multiple inferences employ different crop 
sizes, which introduces rich variations in the contextual information 
for each inference.

Specifically, during the merging of cropped images into a local 
tunnel panorama, we use a gradual adjustment overlay method. This 
method is less aggressive than the maximum value overlay and gen-
erally more effective than simple averaging, offering a robust and 
conservative stitching strategy. After multiple inferences (in our ex-
periment, we conducted three inferences, each with square crop sizes 
of 1000, 1400, and 1800) on a local tunnel panorama, we apply the 
maximum value overlay to fuse the results. Since each single inference 
is already conservative, this ensures that no detected instances are 
missed during fusion. A local multiple inference example is presented 
in Fig.  17. In this example, we can see that using different crop sizes 
for single inference often misses some instances (marked in green and 
red). Merging multiple results gives more reliable outcomes.

4.5. Damage report

The front-end interactive interface is built using the widely adopted 
Gradio (Abid et al., 2019). As shown in Fig.  18, users can batch 
upload images, adjust unified confidence thresholds (with a dedicated 
threshold of 0.05 for ‘‘crack’’, as previously discussed, while a unified 
threshold of 0.2 is applied to all other categories), view legends for 
boundary maps, switch between different visualization modes, and 
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Fig. 15. A local panoramic tunnel example: (a) panoramic tunnel image; (b) manual annotation; (c) directly stitch from 1 kpx resolution images without post-
processing; (d) proposed multi-inference stitching method.
export/download COCO format annotation file and PDF reports. The 
visualization area simultaneously displays the original image along 
with four selected visualization analysis maps, including segmentation 
maps, probability maps, binary maps, and boundary maps. The area 
below the visualization is the dialogue area for natural language query 
statistical results. The left side includes the question area and the 
returned statistical results, while the right side displays the statistical 
charts.

The process of generating PDF reports is based on PyPDF2 (Fenniak 
et al., 2022) and FPDF2 (py-pdf organization, 2021). We first created 
a template .pdf file that includes necessary legends and blank tables 
for information to be filled in. Then, we perform secondary processing 
on the boundary maps, where we draw a coordinate system with the 
bottom of the vertical axis set to 0 m and the top to 20 m. This serves 
as a reference for drawing the coordinate grid. For the horizontal axis, 
we set the centre of the image as 0, with the right side being positive, 
aligning with the format used in the manual report shown in Fig.  1. The 
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processed image is then embedded into the template .pdf file. Finally, 
the necessary text information is printed in the corresponding table.

Taking one tunnel as an example, each 20 m section with a resolu-
tion of 6465 × 7078 requires about 270 cropped images for inference 
at three scales (50% overlap). Specifically, resolutions of 1000, 1400, 
and 1800 correspond to 156, 72, and 42 patches, respectively. The 
cropping principle ensures full edge coverage by adjusting the last 
patch to extend to the image boundary whenever the remaining area 
is smaller than 25% of the patch size (the minimum overlap). Using 
a single NVIDIA A100 Tensor Core GPU, Mask2Former achieves an 
inference speed of approximately 7 images per second (Ye et al., 2024), 
so processing 270 cropped images (one UHR image) takes roughly 
40 s. With pre-processing and post-processing, the entire process is 
completed in under a minute. Unlike manual labelling methods, which 
are time-consuming and subjective, our approach automates damage 
detection for a 300 m-long tunnel (15 sections of 20 m) in just 15 min, 
providing consistent, objective, and repeatable results. An example of 
two pages from different tunnels are presented in Fig.  19. The overall 
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Fig. 16. Gradual adjustment weight matrices for overlapping area based on cosine function. These four weight maps represent the cropped images located at the 
top-left corner (1, 1), top edge (1, 2), left edge (2, 1), and non-edge and non-corner (2, 2).
Fig. 17. A local multiple inference example: (a) local panoramic image with only ‘‘seepage’’ annotation; (b) prediction results; (c) predicted logits under different 
crop sizes and fusion results, and all values less than 0 are represented as 0. (For interpretation of the references to colour in this figure legend, the reader is 
referred to the web version of this article.)
segmentation performance is notably strong in both tunnel, demonstrat-
ing clear delineation of damage locations and effectively distinguishing 
between different damage types. Furthermore, many potential cracks 
were captured, which is very beneficial.

Overall, in the current state, the platform provides an end-to-end 
solution for UHR tunnel image analysis, aiming to generate damage 
reports with quantitative and qualitative evaluations and digitized an-
notations to replace manual processing. It integrates hyper-parameter 
setting, pre-processing, multi-inference aggregation, post-processing, 
statistical analysis, and interactive features including visualization and 
natural language queries, with exportable outputs in .pdf and .json 
formats. Future development suggestions for the platform may include: 
(i) further optimizing the interactive front-end to allow online editing 
19 
and correction of annotations; (ii) supporting historical data updates to 
automatically track changes for the same instances; (iii) continuously 
optimizing damage detection models; (iv) incorporating more quan-
titative and probabilistic risk metrics; (v) integrating with numerical 
simulation models to enable predictive analysis of damage evolution.

5. Conclusion

In this paper, we introduce a web-based framework for automated 
tunnel damage report generation based on UHR laser panoramic im-
ages, serving as a decision-support tool for the client. We also propose 
an new evaluation method, called IoU with buffer zone (IoUb), which 
reduces annotation inconsistencies in defects and more effectively as-
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Fig. 18. Interactive interface for tunnel panoramic image damage detection.
Fig. 19. Automatically generated damage report examples from two different tunnels based on 20 m tunnel local panoramic images.
sesses the defect prediction models, while allowing flexibility in bound-
ary precision. We recommend a lower confidence threshold for better 
20 
defect recall while it does not add excessive false positives. The main 
conclusions of this paper are:
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• We present an end-to-end platform that automates the process-
ing of UHR tunnel panoramic images, from pre-processing and 
post-processing to statistical-based multi-class damage severity 
estimation and report generation. Our approach enables the eval-
uation of UHR tunnel panoramas to segment highly complex 
scenes with multiple damage categories, an extremely challenging 
computer vision task. The system seamlessly outputs a detailed 
PDF report with digital damage annotations, eliminating the need 
for manual intervention, and supports centralized data manage-
ment to facilitate unified storage and access. Hence, one of our 
contributions lies in integrating these steps into a fully automated 
pipeline for UHR images in the field of tunnel monitoring.

• In highly deteriorated tunnels, damage boundaries are often un-
clear, with gradual transitions, leading to inconsistent manual 
annotations and evaluation issues. We propose a new evaluation 
method that adds a buffer zone to the conventional IoU, focusing 
on the overall shape of the damage rather than potentially unre-
liable boundaries. This approach enables more objective evalua-
tions in complex tunnels and better distinguishes between models. 
We found that in our task, better instance segmentation mod-
els lead to a greater absolute increase in IoUb-based evaluation 
scores.

• We introduced a post-processing method for UHR image seg-
mentation, which can adapt to both query-based and NMS-based 
decoder, where we perform multiple inferences on different crop 
sizes and then aggregate the results. This approach yields better 
evaluation and visualization results. Compared to direct inference 
and stitching, the average IoU and IoUb improved from 0.481 and 
0.579 to 0.510 and 0.612, respectively. Ultimately, it can recall 
approximately 90% of the damage based on Mask2Former.

• We generate damage reports with our framework that clearly 
map the locations of five types of damage, ranking each in-
stance by area to classify its severity. Unlike the current process, 
which is difficult, time-consuming, and highly subjective, our 
approach automates this task in one minutes per 20 m section, 
delivering consistent, objective, and repeatable results. This trans-
formation significantly enhances the efficiency of maintenance 
and monitoring efforts. Moreover, this system revolutionizes the 
management of inspections and lays the groundwork for creating 
a database for predictive maintenance. As a key component of the 
decision-support platform (Villa et al., 2025), the tool supports 
the concessionaire in making strategic decisions about budget dis-
tribution for both routine and extraordinary maintenance across 
the tunnel infrastructure spread throughout Italy.

There are some limitations in our current method. The first aspect 
is algorithmic. During annotation and inference, connected damaged 
areas of the same type are treated as a single instance, which may 
misrepresent risk in cases where damage is interrupted by pipes or 
maintenance structures. Additionally, multi-inference on UHR images 
requires large overlaps and multiple passes, increasing computational 
cost and leaving room for optimization. Second, the current work-
flow has not been designed to track historical information, which is 
important for observing changes in the same instance over time and 
provides valuable data for time-series deterioration models. Third, the 
current risk classification is statistically derived from damage charac-
teristics and serves only as a reference rather than a definitive basis for 
maintenance prioritization.

To further develop the framework of fully automated damage de-
tection and evaluation,future work will revolve around : (a) A more 
suitable method for identifying damage instances involves considering 
the occlusion relationships with tunnel accessories, while also taking 
into account tunnels with different structural characteristics and poten-
tially extending the proposed UHR image processing approach to other 
types of infrastructure. (b) Using multiple sensors, such as thermal 
cameras and RGB-D cameras, to generate different types of data and 
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fuse them together, combining the advantages of each modality to pro-
vide better data for inspection and analysis; (c) Developing specialized 
UHR algorithms for tunnels to improve the accuracy and inference 
efficiency of tunnel panoramic image recognition; (d) Establishing nu-
merical simulation models based on identified surface damage to more 
accurately estimate risks; (e) Integrate this system with the Tunnel 
Asset Management platform to enable the seamless transfer of real-time 
data captured from the images to the control dashboard, allowing for 
efficient monitoring, analysis, and decision-making.
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Appendix A. Impact of different backbone size

We evaluated the model’s performance on IoU and IoUb across 
different backbone sizes to analyse the impact of model performance on 
IoUb. Using varying backbone sizes provides a controlled way to adjust 
model capacity, as larger backbones are expected to yield progressively 
better results. The results are shown in Tables  A.1 and A.2. 

In most metrics, Swin-L still demonstrates the best performance. 
However, the overall gap is not substantial, which can be attributed 
to the limitations of the dataset (with a total of 1,430 images). A 
larger backbone cannot capture significantly more information due to 
the size of the dataset. Nevertheless, the most comprehensive metric, 
𝐴𝑃𝑚, reveals that results under IoUb show a clear and well-defined 
increase in differences across the various backbone sizes. A larger 
dataset with more precise annotations could potentially lead to greater 
differentiation.

https://www.baskerville.ac.uk/
http://www.birmingham.ac.uk/bear
http://www.birmingham.ac.uk/bear
http://www.birmingham.ac.uk/bear
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Table A.1
Results of Mask2Former (Cheng et al., 2022) across different backbone sizes under IoU; Swin-T and Swin-S backbones are pre-trained on ImageNet-1k dataset 
(Deng et al., 2009).
 Backbone 𝐴𝑃𝑏 𝐴𝑃 50

𝑏 𝐴𝑃 75
𝑏 𝐴𝑃𝑚 𝐴𝑃 50

𝑚 𝐴𝑃 75
𝑚 𝐴𝑅𝑚 𝐴𝑅50

𝑚 𝐴𝑅75
𝑚  

 Swin-T 0.247 0.404 0.242 0.221 0.411 0.210 0.371 0.659 0.353 
 Swin-S 0.240 0.382 0.235 0.219 0.405 0.208 0.362 0.621 0.348 
 Swin-B 0.255 0.400 0.260 0.217 0.391 0.212 0.363 0.635 0.351 
 Swin-L 0.258 0.426 0.249 0.224 0.413 0.211 0.366 0.632 0.348 
Table A.2
Results of Mask2Former (Cheng et al., 2022) across different backbone sizes under IoUb.
 Backbone 𝐴𝑃𝑏 𝐴𝑃 50

𝑏 𝐴𝑃 75
𝑏 𝐴𝑃𝑚 𝐴𝑃 50

𝑚 𝐴𝑃 75
𝑚 𝐴𝑅𝑚 𝐴𝑅50

𝑚 𝐴𝑅75
𝑚  

 Swin-T 0.360 0.459 0.359 0.422 0.501 0.427 0.717 0.813 0.729 
 Swin-S 0.352 0.450 0.348 0.424 0.503 0.432 0.701 0.799 0.708 
 Swin-B 0.367 0.462 0.365 0.429 0.510 0.426 0.699 0.778 0.703 
 Swin-L 0.372 0.475 0.383 0.433 0.509 0.433 0.721 0.806 0.726 
Fig. B.1. Under-segmentation example: (a) the two adjacent cropped images with annotations overlap with each other, and the instances marked with red dashed 
box is the one being discussed. (b) the original logits of the two cropped images, with the left side representing the upper one and the right side representing 
the lower one. (c) the merging of the two cropped images using three strategies, with only the portions greater than 0 are visualized. (For interpretation of the 
references to colour in this figure legend, the reader is referred to the web version of this article.)
Appendix B. Under-segmentation and over-segmentation

Here, we provide examples of under-segmentation and
over-segmentation for the seepage category with a fixed crop, as shown 
in Figs.  B.1 and B.2, to illustrate why we designed this post-processing 
workflow. In Fig.  B.1, only when using the maximum value overlay 
can we capture the seepage instance (red dashed box) near the centre 
of the overlapping region. This is because in the predictions of the two 
adjacent cropped images, only the top image correctly recognized this 
instance. Although the bottom image also roughly outlines the instance 
and shows significant differences from the surrounding background, the 
overall logits are below 0, meaning it is still considered as background. 
Therefore, both the averaging and progressive overlay methods lead to 
the loss of this seepage instance. Only with the maximum value overlay 
can it be successfully captured.

However, for the example in Fig.  B.2, the bottom image is cropped 
right at the edge of a large seepage instance due to the cropping. 
This loss of contextual information, a highly uncommon case, causes 
the bottom cropped image to incorrectly segment the boundary of 
the seepage, leading the top-right corner of the cropped image to be 
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mistakenly considered within the range of the seepage instance. In 
contrast, the top image, with its more holistic semantic information 
for this instance, better outlines the edges of the seepage. When both 
images are overlaid, the reduction effect from the region considered 
as background in the top image allows the final logits from both the 
averaging and progressive methods to better distinguish the edges of 
this instance. However, using the aggressive maximum value overlay 
results in over-segmentation.

In summary, using multiple inferences with different crop sizes 
helps address the challenge of balancing TN and FP during image 
merging by introducing varied contextual information. We can also 
see in Fig.  B.1, the most aggressive method, max, is the best, but 
the gradual method also detects some instances and outperforms the 
average method. While in Fig.  B.2, it is clear that the gradual method 
yields the best results. Therefore, we selected the gradual method for 
its stability and robustness, as it provides a more consistent stitching 
approach in most cases during a single inference process. We present 
the local prediction results in Fig.  B.3. Through the aforementioned 
method, we successfully captured both instances from the examples in 
Figs.  B.1 and B.2.
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Fig. B.2. Over-segmentation example: (a) the two adjacent cropped images with annotations overlap with each other, and the area marked with red dashed 
box is the one being discussed. (b) the upper part visualizes the merged logits directly, while the lower part visualizes only the portions greater than 0. (For 
interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
Fig. B.3. The local prediction results demonstrate that our method effectively balances TN and FP: (a) image with GT, (b) boundary map of prediction results.
Data availability

Data will be made available on request.
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