POLITECNICO DI TORINO
Repository ISTITUZIONALE

Maintenance-oriented tunnel digital model generation via panoptic segmentation of ultra-high-resolution
images

Original

Maintenance-oriented tunnel digital model generation via panoptic segmentation of ultra-high-resolution images / Ye, Z.,
Li, Q.i., Desiderio, G., Huange, M., Liuc, W., Villa, V., Nini, J.. - In. COMPUTER-AIDED CIVIL AND INFRASTRUCTURE
ENGINEERING. - ISSN 1467-8667. - 43:(2026), pp. 1-14. [10.1016/j.cacaie.2026.100032]

Availability:
This version is available at: 11583/3012164 since: 2026-06-17T15:08:16Z

Publisher:
Elsevier

Published
DOI:10.1016/j.cacaie.2026.100032

Terms of use:

This article is made available under terms and conditions as specified in the corresponding bibliographic description in
the repository

Publisher copyright

(Article begins on next page)

15 July 2026



Computer-Aided Civil and Infrastructure Engineering 43 (2026) 100032

%ﬁ
Contents lists available at ScienceDirect L s
ENGINEERING

Computer-Aided Civil and Infrastructure Engineering

ELSEVIER journal homepage: www.sciencedirect.com/journal/computer-aided-civil-and-infrastructure-engineering

Research article ' :.)
Maintenance-oriented tunnel digital model generation via panoptic et

segmentation of ultra-high-resolution images

Zehao Ye®™!, Qi Li®!, Giuseppe Desiderio9, Mengqi Huang®, Wenxi Liu¢, Valentina Villad,
Jelena Nini¢®*

2 Department of Engineering, Durham University, Durham, UK

Y Department of Civil Engineering, University of Birmingham, Birmingham, UK

¢ Department of Computer Science, Fuzhou University, Fuzhou, China

d Department of Civil Engineering, Politecnico di Torino, Torino, Italy

¢ Department of Civil and Construction Engineering, Swinburne University of Technology, Melbourne, Australia

ARTICLE INFO ABSTRACT
Keywords: Ultra-high-resolution (UHR) panoramic imaging enables detailed capture of tunnel surface conditions.
Ultra-high-resolution segmentation Nevertheless, damage detection and reporting still rely on manual annotations after the inspection, as existing au-

As-damaged BIM

Tunnel monitoring

Defect detection

Panoptic segmentation
Segment anything model 2

tomated algorithms typically require downsampling (losing fine details) or patch-based processing (losing global
context) to handle the massive computational load of UHR data. This trade-off restricts the effective use of such
high-fidelity data, leaving comprehensive reporting reliant on manual annotation. To address this gap, a novel
framework has been proposed that directly operates on UHR panoramic images for automated damage detection
and 3D reconstruction employing Building Information Modelling to create digital model with annotated defects.
At its core is a flexible segmentation architecture with a side network that enables context extraction from larger
image patches, supporting panoptic segmentation of images over 6K resolution and accurate detection of tunnel
components and five main damage types. With the Segment Anything Model 2 backbone, performance further
improves, raising panoptic quality from 53.14 to 56.99. Industry Foundation Classes open data format has been
expanded to support the standardized and interoperable representation of damaged tunnels, based on which an
as-damaged BIM model is constructed to effectively record and visualize inspection outcomes and quantitative
significance levels, thereby enhancing the efficiency of tunnel monitoring and management. The source code is
publicly accessible at https://github.com/zxy239/UHR-segmentation-for-tunnel.

1. Introduction nearly half of the system’s tunnel mileage, a significant portion of which
has been operating for more than three decades. Yet only about 19%
of these tunnels fulfil the minimum regulatory safety requirements,
prompting the report (MIT, 2023) to call for preventive maintenance,
early risk mitigation, and the use of continuous monitoring together with
modern inspection technologies.

Panoramic imaging and point cloud acquisition have become the typ-
ical advanced surveying techniques for documenting tunnel surfaces in
recent years (Lin et al., 2024, 2025; Ye et al., 2025; Zhu et al., 2016).
These methods enable efficient acquisition of information about tunnel
surface conditions with high fidelity and completeness, capturing fine-
grained details while preserving the overall structural context, and pro-
viding consistent, continuous records for reliable analysis and mapping.

Tunnels are a critical component of transport infrastructure, serving
both road and railway systems and enabling connectivity across chal-
lenging terrain and within dense urban environments (Ye et al., 2026).
Tunnels contribute significantly to transport development by reducing
travel distances and construction costs while minimizing negative envi-
ronmental impacts (Chen et al., 2025). As a result, the tunnelling market
is expanding at an annual rate of approximately 9%, 2.5 times faster
than the overall growth of the global construction industry (ITA-AITES,
2019). Europe has an extensive and long-serving tunnel network now
facing ageing-related rehabilitation, further exacerbated by climate-
induced extreme weather such as heavy rainfall and flooding (Schade
et al., 2020). Across the Trans-European Transport Network, Italy hosts
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Such comprehensive documentation lays the foundation for subsequent
tasks such as Structural Health Monitoring (SHM), deformation analysis,
and digital twin construction (Babanagar et al., 2025; Ye et al., 2025;
Zhu et al., 2025). However, processing this massive volume of UHR data
presents a significant computational challenge. While deep learning-
based detection has advanced rapidly, standard algorithms struggle to
handle 4K or higher resolutions directly due to memory constraints.
Common workarounds, such as downsampling (Foria et al., 2022),
inevitably erode the visibility of micro-defects, while simple patch-
cropping disrupts the semantic continuity of large-scale damage (Xu
et al., 2025). Due to these technical bottlenecks, high-fidelity damage
detection and risk evaluation remain manual and subjective in practice,
making the process time-consuming, labour-intensive, and prone to in-
consistencies. Studies have reported a high level of subjectivity with
16-42% variation between inspectors when assessing the same visual
features (Kirillov et al., 2019), which might significantly influence tun-
nel condition evaluation. Consequently, such reliance can cause delays
and extra costs in maintenance planning, compromising timely safety
interventions (Huang et al., 2021).

Deep learning-based image analysis provides an effective means for
detecting structural surface damage and addressing this challenge (Cha
et al., 2017; Chai et al., 2025; Jiang et al., 2024; Liang, 2019; Ouyang
et al., 2023, 2025; Spencer Jr et al., 2025; Ye et al., 2024; Zhu et al.,
2024). Despite these advances, deploying such techniques in real-world
tunnel environments, especially in ageing and deteriorated infrastruc-
ture, remains highly challenging. Occlusions caused by maintenance
staff, inspection vehicles and Mechanical, Electrical and Plumbing
(MEP) installations, such as cable trays, lighting fixtures and ventila-
tion ducts, together with complex surface textures, variable lighting
conditions, and the coexistence of multiple damage types significantly
complicate automated detection (Ye et al., 2026). Therefore, a compre-
hensive framework is needed to interpret panoramic tunnel images and
efficiently manage detected components and damage.

Hence, the first practical challenge is that tunnel surfaces are typ-
ically documented as UHR panoramic images, exceeding 2K or even
4K in resolution (Liu et al., 2024). While these images provide rich
and detailed visual information, their large size introduces additional
computational and methodological challenges (Ouyang et al., 2025),
especially considering that conventional segmentation algorithms typ-
ically operate on images smaller than 1K. Effectively processing these
images requires not only robust feature extraction and segmentation
strategies but also the ability to maintain accuracy across the entire
spatial extent of the tunnel, ensuring that both subtle defects and exten-
sive damage are reliably detected. Previous approaches have included
direct downsampling (Foria et al., 2022), inference after simple crop-
ping (Ouyang et al., 2023), or cropping with high overlap, followed
by combining the predictions after multiplying by a fixed weighted
matrix (Chatterjee & Poullis, 2021). These methods either excessively
lose fine details and contextual information or increase computational
costs. Consequently, several segmentation methods (Cheng et al., 2020;
Li et al.,, 2024) have been developed for UHR images, but most re-
main highly specialized and are not easily adaptable to stronger Vision
Foundation Models (VFMs), limiting their generalizability. In particu-
lar, with the recent emergence of VFMs such as SAM (Kirillov et al.,
2023), SAM2 (Ravi et al., 2024), and DINOv3 (Siméoni et al., 2025) pre-
trained on massive datasets, it has been demonstrated that transferring
their backbone knowledge and applying further task-specific training
can substantially improve models (Ge et al., 2024; Ye et al., 2024).

Another important challenge concerns the effective management and
documentation of detected damage information (Ouyang et al., 2025).
Building Information Modeling (BIM) is a well-established approach for
the digital management of a building’s structural and operational fea-
tures, providing a unified information model that can be used through-
out the project lifecycle (Bui et al., 2024; Fang et al., 2025; Nini¢ et al.,
2024). Within this context, the Industry Foundation Class (IFC) stan-
dard serves as the backbone of BIM data exchange, offering an open
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and interoperable schema for representing physical and functional at-
tributes of infrastructure assets (buildingSMART International, 2024).
Prior studies (Alsharif et al., 2025; Tan et al., 2022; Zeibak-Shini et al.,
2016) integrated BIM into various aspects of infrastructure manage-
ment to enhance information efficiency, with applications extending to
risk management. Maharjan et al. (2025) developed a domain-adaptive
self-supervised learning framework for corrosion detection in steel
tunnels, mapping 2D inspection results into 3D BIM via Structure-from-
Motion and Multi-View Stereo (SfM-MVS) to facilitate digital-twin-based
maintenance. Accordingly, integrating rich semantics, in terms of both
damage elements and categorical information, from UHR tunnel image
into BIM is a promising way for management.

Additionally, although tunnel linings are relatively uniform, mul-
tiple damage types and interference from auxiliary structures (e.g.,
MEDP, signs, steel reinforcement mesh) complicate detection. Because
assessment is required to be performed at the instance level (MIT,
2023), panoptic segmentation was adopted to obtain both semantic
and instance information. Unlike semantic segmentation, panoptic seg-
mentation is instance-aware and can recover complete instances under
partial occlusion. Secondly, compared with instance segmentation, it
also recognises stuff categories (amorphous regions, such as auxiliary
structures inside tunnel) by distinguishing them from damage instances
(things) (Kirillov et al., 2019). Non-damage elements such as continu-
ous tubes or reinforcing mesh, though not individual instances, provide
important context and are also reconstructed in BIM model to improve
scene understanding.

In summary, three main research gaps remain in tunnel damage
detection from UHR images: i) Resolution Gap: conventional segmen-
tation models (standard input in ~1K) cannot accommodate the high
resolution of modern tunnel imagery. ii) Limited Adaptability: existing
UHR-oriented segmentation methods often adopt highly specialized ar-
chitectures that limit scalability and complicate integration with VFMs.
iii) Lack of BIM Integration: detected defects are not systematically
documented and integrated into BIM for tunnel asset management.

To address these gaps, a generalized algorithmic framework was pro-
posed, which is designed to directly process UHR tunnel panoramic
images for panoptic segmentation. This approach enables comprehen-
sive damage detection, automated condition evaluation, and subsequent
data integration for asset management within BIM. The fully automated
process classifies all pixels into five damage categories and auxiliary
structures, providing instance-level outputs aligned with risk assessment
requirements. The proposed generalized framework is a dual-branch
network, which includes a main network consistent with conven-
tional segmentation algorithms, a lightweight side network dedicated
to extracting contextual information, and a context-guided module.
Therefore, SAM2 (Ravi et al., 2024) can be easily integrated as the back-
bone to enhance segmentation performance in our framework. The final
result is an IFC-based 3D as-damaged tunnel BIM model, incorporating
auxiliary structures, embedded damage information, and corresponding
risk evaluations.

2. Related work
2.1. UHR segmentation algorithms

Currently, mainstream approaches to UHR segmentation can be
categorized into two paradigms. The first paradigm involves directly
downsampling the UHR image and applying conventional segmenta-
tion models (Cheng et al., 2022; Xie et al., 2021) for global inference,
followed by upsampling the segmentation result back to the original im-
age resolution. While this approach reduces computational overhead,
it often results in a considerable reduction of detailed information. To
alleviate this problem, we take cues from efficient semantic segmenta-
tion (Fan et al., 2021; Yu et al., 2021). Several works (Guo et al., 2022;
Ji et al., 2023; Li et al., 2024, 2025; Qin et al., 2025) have extended
this method by introducing dual-stream networks, comprising deep and
shallow branches. Specifically, the downsampled image is processed
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through the deep branch to capture global semantics while the original
UHR image is simultaneously fed into the lightweight shallow branch
to preserve spatial details. These two complementary feature streams
are then fused to produce the final segmentation result. However, this
paradigm still involves a trade-off between performance and compu-
tational efficiency, rendering it ineffective for real-world UHR image
processing.

The second paradigm divides the original image into smaller lo-
cal patches, performs segmentation on each patch independently using
conventional models, and then aggregates the results. This approach ef-
fectively preserves fine details and reduces GPU memory consumption.
However, due to the lack of global context, it struggles with recogniz-
ing large-scale objects. To address this limitation, recent efforts (Chen
et al., 2019; Huynh et al., 2021; Li et al., 2021; Liu et al., 2024) have in-
troduced additional contextual inputs, such as surrounding regions, into
each local patch, thereby enriching local predictions with contextual
cues and alleviating the limited receptive field inherent in local infer-
ence. This strategy significantly enhances object recognition and overall
segmentation accuracy. Nevertheless, the inclusion of extensive con-
textual information and the intricate interaction mechanisms between
local patches and contextual regions often results in overly complex ar-
chitectures, leading to a substantial increase in model parameters and
computational cost.

Additionally, some algorithms (Cheng et al., 2020; Shen et al.,
2022) refine segmentation outputs through post-processing models, but
they require careful parameter tuning and complex training pipelines,
limiting their practical deployment. Meanwhile, most existing UHR seg-
mentation models (e.g., ISDNet (Guo et al., 2022), WSDNet (Ji et al.,
2023), RUE (Qin et al., 2025)) are highly specialized, lacking gen-
eralizability and scalability, hindering their effective integration with
emerging VFMs to further improve performance.

2.2. As-damaged BIM application in tunnels

The integration of BIM is now well-established across the planning,
design, and construction phases of projects, offering proven benefits in
collaboration, coordination, and cost management (Sacks et al., 2018).
In tunnel engineering, BIM applications have progressed from early-
stage functions such as 3D geological modelling and segment collision
detection to comprehensive lifecycle management (Gall et al., 2025,
2026; Huang et al., 2023; Sanfilippo et al., 2025). Moreover, its role
has evolved from traditional as-built documentation to refined and dy-
namic asset management, where static models are transformed into
as-damaged or as-is representations that integrate and visualize structural
health information (Sun et al., 2025; Tan et al., 2022; Teng et al., 2022;
Zeibak-Shini et al., 2016), supporting more intelligent and data-driven
maintenance decision-making (Huang et al., 2021). These as-damaged
BIM applications are summarized into three aspects: sensor information
management, detected damage information recording, and the digital
documentation of the structure itself.

Sensor information management integrates live data from SHM sys-
tems directly into tunnel BIM. Tunnels are equipped with numerous
sensors that measure stress, movement, and leaks (Gémez et al., 2020;
Yin et al., 2020; Zhang et al., 2022; Zhu et al., 2024), often com-
plemented by advanced non-destructive evaluation techniques such
as infrared thermography for concrete defect detection (Sirca Jr &
Adeli, 2018). To enhance signal interpretation accuracy, these inputs
are frequently coupled with deep learning algorithms (Rosso et al.,
2024). By mapping these onto BIM, stakeholders can visually pinpoint
where stresses or deformations are occurring, transforming the static
3D model into a dynamic “Digital Shadow” or “Digital Twin” that
mirrors the tunnel’s real-world condition. This data-rich environment
supports advanced diagnostics, ranging from global and local health
assessments (Rafiei & Adeli, 2018) to precise structural response predic-
tions using Bayesian-trained recurrent neural networks (Perez-Ramirez
etal., 2019). Ultimately, such integrated systems provide a powerful tool
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for predictive maintenance and risk alerts (Zhang et al., 2024; Zhu et al.,
2024), aligning with the broader vision of smart cities by consolidating
structural control, monitoring, and energy harvesting (Javadinasab
Hormozabad et al., 2021).

As for detected damage information recording, although wide re-
search has been conducted on damage detection, studies that integrate
detected results into BIM models remain limited in the tunnel con-
text. Relevant approaches in other domains, such as buildings and
bridges, provide useful references. For instance, based on the IFC
standard, a Damage Information Model (DIM) has been developed to
represent bridge damage and support data exchange between BIM and
finite element (FE) environments, enabling automated assessment and
visualization of residual capacity in deteriorated reinforced concrete
bridges (Alsharif et al., 2025). Tan et al. (2022) used custom parametric
families to generate polylines mapping facade cracks onto BIM models,
while Sun et al. (2025) employed Mask R-CNN with camera pose in-
formation to project detected damages onto bridge components within
simplified BIM models. Both methods, however, are limited to planar
surfaces. Similarly, Artus et al. (2022) detected spalling on bridge point
clouds, triangulated the surrounding points, aligned them with the BIM
model using the GoICP algorithm, and subtracted the spalling mesh from
the main girder to construct an as-damaged BIM model. However, in
severely deteriorated tunnels, it can be difficult to differentiate spalling
from deformation in point clouds, as structural displacement may also
occur. Moreover, curved tunnel surfaces make simple 2D projection
methods largely ineffective, and the lack of a standardized open data
format further limits practical application.

The last aspect concerns digital documentation. As-damaged mod-
els with projected defects provide clear visual maps that support re-
pair planning, cost estimation, and monitoring of damage progression.
Beyond damage mapping, several studies (Kerle et al., 2019; Zeibak-
Shini et al., 2016) have also explored the application of Scan-to-BIM
techniques to severely damaged or deteriorated structures to recon-
struct as-damaged BIM models at the component level. Additionally,
digital documentation (Gao et al., 2015; Tang et al., 2010) also serves
as an important management approach for ageing structures, especially
for HBIM (Heritage BIM) (Yang et al., 2020). The integration of both
approaches can be regarded as a more comprehensive form of digital
documentation. BIM plays an increasingly important role in tunnel man-
agement, particularly for aged tunnels where accurate drawings may be
incomplete or unavailable. Mobile laser scanning enables precise as-is
3D reconstruction, and inspection-identified defects can be systemati-
cally recorded to form a digital health record (Guo et al., 2024; Rimella
et al., 2025). However, a fully integrated workflow that consolidates
digital documentation and semantic information without redundancy is
still lacking.

In summary, integrating real-world damage information into tunnel
BIM models represents a crucial step toward data-informed, system-
atic, and automation-driven optimization of infrastructure management.
Although significant progress has been made in data visualization and
defect detection across various fields, considerable challenges remain
in tunnel applications. These challenges include developing effective
methods for processing UHR scanned images and automatically linking
detected defects and components to their corresponding BIM elements.
This study aims to address these challenges.

3. Methodology
3.1. Overview

In this section, a detailed description of proposed approach is pre-
sented to address the identified challenges as shown in Fig. 1, including:
(a) the development of a general algorithmic framework for process-
ing UHR tunnel images (Section 3.2), and (b) the development and
generation of IFC-based as-damaged tunnel BIM via projection of de-
tected results (Section 3.3). This approach systematically bridges the
gap between 2D images and 3D BIM environment.
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Fig. 1. Proposed UHR segmentation framework and IFC-based as-damaged tunnel BIM generation.

Panoptic segmentation enables comprehensive segmentation of
tunnel damages (things) and auxiliary components (stuff) in a single
step, which makes it well suited for tunnel recognition. Hence, panop-
tic segmentation has been selected as task. To enable direct processing
of UHR images, a dual-branch network was proposed, where a simple
branch is dedicated to extracting contextual information that is sub-
sequently incorporated into the main network via a context guidance
module for panoptic segmentation. Next, the detected 2D masks are
converted into labelled closed polylines, whose vertices are direction-
adaptively projected onto the 3D tunnel surface and connected along
the curved tunnel geometry to generate the damage representations.
These representations are then integrated into a dynamic, data-rich as-
damaged BIM through our extended IFC schema tailored to represent
tunnels’ as-damaged condition, enabling intuitive visualization of the
tunnel’s structure.

3.2. Proposed UHR image segmentation framework

The proposed UHR image segmentation framework comprises three
stages, shown in Fig. 1. Initially, the UHR panoramic image U of di-
mensions W x H is uniformly partitioned into N x M overlapping local
patches, denoted as L;; of size w X h, arranged along the horizontal and
vertical axes. Here, the indices i and j correspond to the row and col-
umn indices of the patches, respectively, with i € {1,2,...,N} and j €
{1,2,..., M}. Second, the proposed model performs panoptic segmenta-
tion on each local patch. Third, all predicted local results are placed back
into their corresponding positions to form the final ultra-high-resolution
panoptic segmentation map.

Compared to the full panoramic image, individual local patches have
a limited field of view and often lack essential contextual cues. This
restriction impairs the model’s ability to achieve a holistic semantic
understanding, potentially leading to inaccurate segmentation or in-
complete representation of structural details. Moreover, it may cause
inconsistent predictions for adjacent patches, assigning different damage
types to the same region. To address this issue, in the first stage, extended

regions centred on each local patch are simultaneously extracted and in-
corporated into the segmentation model to provide additional contextual
information. As shown in Fig. 1, given a cropped local patch L, its
context C is not smaller than L and covers L, which has the width
w, and height h, (w. > w, h, > h). Specifically, when C is beyond
the UHR panoramic image, the area beyond is filled with zeros. To
improve the segmentation of L, local patch information is associated
with corresponding contextual information. C is first downsampled to
align spatially with L for computational efficiency, then both compo-
nents are simultaneously input into the proposed model. This dual-
stream input preserves detailed local features while maintaining context
awareness.

The proposed panoptic segmentation framework consists of two net-
works: a main network and a side network. In the main network,
each L undergoes initial processing via a general-purpose visual en-
coder to generate multi-level feature representations. These features,
denoted as XL e Rt>wiei, i e {1,2,3,4}, capture hierarchical visual
information necessary for fine-grained understanding. The extracted
features, after being guided and enhanced by contextual information,
are then passed to a standard panoptic segmentation decoder, such as
Mask2Former (Cheng et al., 2022), which produces the final panoptic
prediction. In the side network, the corresponding C is processed by
a lightweight encoder to extract multi-scale contextual features. These
features, denoted as XiC e Rhwixe ;g (1,2,3,4}, introduce rich
contextual information while incurring only minimal computational
overhead. No additional supervision is introduced for the side net-
work. This auxiliary context enhances the edge features of each L and
contributes to improved segmentation accuracy.

Empirically, the deepest feature map among the extracted multi-scale
features contains the most semantically meaningful information and is
thus exclusively utilized to enhance the local patch representation (Liu
et al., 2024). Specifically, the local features X f and contextual features
X f are fed into the context guidance module. To facilitate effective fea-
ture interaction, the contextual features are first projected to match the
channel dimensionality of the local features via a linear projection layer.
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Both feature maps are then reshaped and linearly projected into a unified
token sequence format of size N,,,,, X C. A multi-head deformable
attention mechanism is subsequently applied to establish fine-grained,
non-local correspondences, where the local features serve as the queries
(Q) and the contextual features act as both keys (K) and values (V):

X4L = DeformAttn(Q, K, V)

@
= DeformAttn(Q ., K ¢ VX4C)

Through this sparse attention mechanism, each local region adap-
tively aggregates the most semantically relevant contextual information
while suppressing redundant cues. Following the context guidance,
the context-enhanced local features are reshaped back to dimensions
hy X wy X ¢4 and fused with the original local features using a residual
connection.

XE=XxF+yxrl 2)

where y is a learnable weighting parameter. Finally, the enhanced lo-
cal features X 4L, together with the original multi-scale features X l.L,i S
{1,2,3} are input to the decoder in the main network to produce local
panoptic segmentation map S.

In the final stage, all local predictions .S are assembled into a full
panoptic map. Each patch is placed in its spatial position from left
to right and top to bottom, and in overlapping regions existing labels
are preserved to avoid overwriting. Overlaps are used only for prop-
agating instance IDs: when overlapping pixels share the same class,
their instance IDs are merged. This prevents duplicate or fragmented
instances and ensures consistent, unique instance segmentation across
the panoramic image, resulting in a complete UHR panoptic map.

3.3. As-damaged tunnel digital model generation

BIM models incorporate both geometric and semantic data to de-
scribe components and their relationships (Borrmann et al., 2018). This
study considers five visually identifiable and distinguishable damage
types in UHR tunnel images: seepage, cracks, spalling, damaged joints,
and corrosion. The detailed modelling process is described below.

3.3.1. Geometric data generation

After obtaining the complete UHR panoptic segmentation map, the
first step is to convert the masks from the map into closed 2D polylines
represented by continuous coordinates. These polylines also include
class and instance labels decoded from the panoptic segmentation map.
For interrupted masks with the same instance ID, the segments are
merged using their outer envelope, forming a single, unified instance.
Building on this representation, the vertices of the transformed 2D closed
polylines are subsequently projected into 3D coordinates. We consider
a tunnel aligned such that the Z-axis corresponds to the vertical di-
rection, the Y-axis follows the tunnel’s longitudinal direction, and the
X -axis points to the right, as shown in “Direction-adaptive Projection on
Arc” in Fig. 1(b). The tunnel cross-section is represented as a sequence
of N connected curve segments, where each arc R; has its own cen-
tre (X, ;, Z.;) and radius R;, for i = 1,2,..., N. While some segments
may be straight lines, these can be equivalently treated as circular arcs
with R; > 0.

A 2D closed polyline representing a damage instance is denoted as

P = {(x o)) (©))

where j serves as the vertex index of damage polyline and M is the total
number of vertices. The coordinates x; and y; correspond to the tunnel’s
transverse and longitudinal (Y) directions, respectively. The objective
is to project each vertex (x;, ;) onto the corresponding 3D tunnel sur-
face. For a vertex (x;, y;) located on the i-th circular arc R; with centre
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(X, Z,.,), the 3D projection is given by:

x;i— X,

3 J c,i
X0 =X, +R - =
Vo= X P +(Z, - Zep)
Y=y, ©)
Z. -7 .
Jj c,i
ZP=Z.+R

VO = X P +(Z, = 2,7

where (X ;D,YJ?D, ZED) is the projected 3D coordinate. If two consec-
utive polyline vertices (x;,y;) and (x;,,;;,) lie on different arcs R;
and R;,; with distinct centres, two intermediate vertices (xj’i, yj’i ) and

AR yj’iﬂ) are inserted at slightly extended positions on either side

of/the boundary between the arcs. This ensures that the resulting lo-
cal solids for R; and R, overlap, preserving continuity and facilitating
their merging. The 3D coordinates of each intermediate vertex are pro-
jected according to the arc it belongs to. Formally, the set of projected
3D vertices is:

M/
PP = (PP ZIPy )
i

where M’ > M includes both the original vertices and any inserted
intersection points. This procedure guarantees a continuous and geomet-
rically consistent mapping of 2D damage instances onto the 3D tunnel
surface.

The next step is to generate 3D damage instances conforming to the
tunnel geometry. Each instance is first processed within each circular R,
of the tunnel cross-section and then merged into a single 3D instance.
For each pair of consecutive 3D vertices (V;, V), a local plane (cutting
plane) I1 ; is established. The intersection of IT ; with the tunnel surface
S defines a spatial curve C;:

C;=1,nS. 6)

Since a plane through two points is not unique, and tunnel cross-
sections may exceed 180°, an arbitrary plane may intersect the surface
in two curves. To simplify computation and maintain consistency, we
restrict planes to two orientations, as shown in “Direction-adaptive
Projection on Arc” in Fig. 1(b):

1. Perpendicular to the X-Y plane, generating curves along the
tunnel cross-section.

2. Perpendicular to the Y-Z plane, with its cutting region restricted
to avoid intersecting the opposite tunnel wall.

The boundaries of the two projection cutting regions can be aligned
with a radial division line where R; changes, or with any other
user-defined boundary, as long as it prevents redundant intersection.
Although the most conservative approach would be to enforce that the
cutting plane always passes through the centre of the corresponding cir-
cular arc R;, this would require repeated angle calculations and increase
computational cost. The direction-adaptive projection balances accuracy
and efficiency. Then, the spatial intersection curves C; fall into three
fundamental types:

1. Line segment: plane aligned with the tunnel longitudinal direc-
tion (Y).

2. Circular arc segment: plane parallel to the cross-section (X-Z).

3. Elliptical arc segment: all other orientations.

and no other curve types occur due to the tunnel being composed of
circular arcs and straight segments.

Each damage instance is processed separately within its correspond-
ing circular segments R;. For each R;, a closed polyline is formed by the
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Fig. 2. UML class diagram for information model of tunnel inspection and damage representation.

union of consecutive spatial curves | JC;, which connects the damage
vertices to define a local surface patch S, ;. This patch is sampled us-
ing Poisson sampling, refined with Lloyd relaxation for a more uniform
distribution, and then extruded outward by an offset 4. The final 3D
damage instance Sy, is Obtained by:

Sdumage = U vlocal,i = U EXtrude( U Cj’ h>’ (7)
i i Jj

where i € {1,...,N} is the index of the circular segments R;, and
j € {1,...,M;} is the index of the vertices belonging to the i-th segment.
The inner union | J; topologically connects the M; vertices to form the
closed boundary for each S, ;, while the outer union | J; merges all lo-
cal patches across the N segments into the final continuous 3D geometric
damage instance. The parameter 4 denotes the radial offset and extru-
sion thickness. Seepage is represented as a surface element, while other
damage types are modelled as volumetric voids. Components inside the
tunnel are reconstructed similarly using their panoptic segmentation
masks and predefined BIM categories.

3.3.2. Semantic data generation

The IFC standard, developed by buildingSMART, has been increas-
ingly adopted for exchanging and visualising both geometric and
semantic information related to the visual-degradation of infrastruc-
ture (Alsharif et al., 2025; Bellon et al., 2025; Isailovi¢ et al., 2020).

This vendor-neutral standard has been adopted to reduce data loss and
support future inspections. The digitisation of damage segmentation
results is implemented using the IFC format, establishing semantic re-
lationships for tunnel inspection and damage (Fig. 2). This Unified
Modelling Language (UML) class diagram presents a dynamic extension
of the IFC 4x3 Add2 schema (buildingSMART International, 2024) for
representing inspection processes, tunnel components, and associated
damage information in tunnel asset management. The dynamic exten-
sion is achieved through the Property Set (Pset) mechanism (Borrmann
et al., 2018), which enables the independent definition of domain-
specific properties, such as those for the damage domain, without
schema changes.

The UML diagram begins with the inspection workflow. The IfcTask
entity, representing each inspection activity and recording meta-
data such as the inspector, inspection ID, and description, is asso-
ciated with the observed damage elements through the relationship
IfcRelAssignsToProcess, establishing a semantic link between the in-
spection process and the damaged components it identifies. At the
instance level, individual damage occurrences are represented us-
ing IfcBuildingElementProxy, which provides a flexible placeholder for
elements (in this case, damages) not explicitly defined in the IFC
schema. Each proxy instance captures geometric and semantic infor-
mation for a specific damage observation, including its 3D representa-
tion (via IfcProductDefinitionShape) and related quantitative attributes
such as severity, extent, observed date, inspector name, and repair
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Fig. 3. Data collection: (a) A vehicle-mounted scanner captures tunnel point cloud data. (b) The point cloud is converted into a tunnel panorama, with the road

removed and gamma correction applied. (c) Typical annotated “Things” and “Stuff”.

status through the relationship IfcRelDefinesByProperties, referencing the
Pset DamageOccurrence property set.

Reusable definitions of damage categories are represented us-
ing IfcBuildingElementProxyType, following the IFC schema by link-
ing type objects to shared properties through IfcRelDefinesByProperties
and the Pset DamageTypeCommon property set. This property set in-
cludes attributes such as Damage Category Enumeration, Defaulted
Severity (optional), and Defaulted Repair Method (optional), with
DamageCategoryEnum enumerating the primary five damage categories
observed in the study.

The IfcBuildingElementProxy instances reference their corresponding
IfcBuildingElementProxyType definitions so that similar damage occur-
rences share the same classification and property set. They can also be
spatially related to IfcTunnelPart, a concrete subtype of IfcFacilityPart,
which represents discrete physical and functional components of the tun-
nel (e.g., Tunnel Section, Portal, Crossway, Ring Section). This linkage
provides a complete semantic and spatial context for damage repre-
sentation within tunnel asset models. The related attributes such as
the level of detail (LoD), material, and reinforcement status are in-
cluded through the relationship IfcRelDefinesByProperties, referencing
the Pset TunnelPartCommon property set.

Two types of geometric forms have been implemented for dam-
age feature modelling, with seepage realised with poly-surfaces
and the others as created by volumetric additions. The entity
IfcProductDefinitionShape is used to represent the geometry, employ-
ing entities such as IfcTessellatedFaceSet for complex polygonal shapes.
Collectively, these extensions provide a standardized and interoperable
data structure for digitally representing and managing tunnel damage in
BIM.

4. Experiments and results
4.1. Data collection and dataset creation

In this study, a vehicle-mounted laser scanner traveling at approx-
imately 5 km/h was used to acquire 3D point clouds of the tunnel
(Fig. 3(a)). These point clouds were geometrically corrected and reg-
istered using fixed markers, then projected to generate UHR panoramic
tunnel unfold images. The final output consisted of 8-bit grayscale .tif
files containing laser intensity values, which were subsequently pro-
cessed with gamma correction (Fig. 3(b)). For efficient annotation, each
20-meter tunnel segment was split into 6 smaller images, annotated us-
ing a SAM (Segment Anything Model)-based tool (Ji & Zhang, 2024;

Table 1
Data distribution of training and validation set based on UHR image.

Class Type Instance count Pixel count  Pixel ratio (%)
(train/val) (Million) (train/val)
(train/val)
Seepage Things  2245/403 124/43 5.99/18.51
Corrosion Things  364/51 39/9 1.90/3.81
Spalling Things 1288/162 16/2 0.75/0.78
Damaged joint ~ Things  328/29 7/0.5 0.33/0.19
Crack Things  191/33 0.9/0.1 0.04/0.06
Tunnel Stuff 45/5 1,723/161 82.83/68.60
Equipment Stuff 45/5 91/10 4.40/4.57
Repair part Stuff 35/4 75/7 3.63/3.32
Signal Stuff 43/5 2/0.3 0.14/0.16

Kirillov et al., 2023), and then merged to form the complete annota-
tion. The annotations were based on on-site inspection reports from
engineers, with detailed labelling performed by a trained expert (cracks
were manually annotated) and a final review conducted by another
trained expert. Further details are available in (Mozafarian et al., 2025;
Ye et al., 2026).

As illustrated in Fig. 3(c), five damage types are annotated as
“things”, with contiguous regions of the same damage treated as sin-
gle instances even under partial occlusion (e.g., seepage behind pipes).
Auxiliaries such as steel mesh, lighting, pipes, signals, and intact lining
are categorized as “stuff”, since instance identification is not required
or appropriate for these objects. Although some are countable, grouping
all non-damage elements as “stuff” allows clear and intuitive instance-
level damage evaluation. After sub-image merging, instances spanning
multiple regions were unified. Two tunnels were annotated, producing
50 images at ~ 6K x 6K resolution, with 5 for validation and the rest for
training. The data distribution is shown in Table 1. For stuff, only one
ID is used for each image.

4.2. Evaluation method

The evaluation of the proposed UHR panoptic segmentation ap-
proach follows the standard metrics defined by Kirillov et al. (2019):
Segmentation Quality (SQ), Recognition Quality (RQ), and Panoptic
Quality (PQ).

Segmentation Quality (SQ) assesses the geometric precision of the
predicted segments, independent of detection errors. It is defined as the
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Table 2
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Summary of network configurations, experimental setups, and abbreviation definitions in ablation study.

Component Configuration

Notes

Main Encoder Swin-L backbone (Liu et al., 2021); Hiera-L variant (Ryali et al.,

2023) from SAM2 (Ravi et al., 2024)
Side Encoder Transformer-based EfficientViT backbone (Liu et al., 2023); CNN-
based STDCNet backbone (Fan et al., 2021)

Decoder Mask2Former panoptic segmentation decoder (Cheng et al., 2022)
Patch 1024 x 1024 resolution for random cropping; fixed cropping divides the
Extraction full image into a 6 x 6 grid.

Context Size Expanded by 128, 256, 512, 768, and 1024 pixels (12.5-100% of
patch size)

Baseline Mask2Former (Cheng et al., 2022) without contextual guidance

“swin” denotes Swin-L backbone (197M parameters), which is widely used one; while
“sam2” indicates the SAM2-L backbone (224M parameters), representing the latest
VFM backbone.

“b0”—“b3” denote EfficientViT variants, “stdc1net” and “stdc2net” denote STDCNet
variants. “2]1” means guidance from last two layers of side network; others use only
the final one.

Widely adopted panoptic segmentation head.

“fix” and “rd” refer to fixed and random cropping strategies for generating training
inputs, respectively.

“128”, “256”, etc., denote context expansion sizes used to evaluate contextual
influence.

Used for direct comparison without contextual expansion or side network input,
labelled as “no context”.

average Intersection over Union (IoU) calculated only for the matched
segments (True Positives):

SO = Z(p,g)eTP IoU(p, )
- ITP|

(8)
where p and g represent the predicted and ground-truth segments
respectively, and T P denotes the set of true positive matches.
Recognition Quality (RQ) evaluates the instance detection perfor-
mance. It penalizes both false positives (FP) and false negatives (FN):

TP
RO - TP

= 9
ITP|+|FP|+}|FN|

Panoptic Quality (PQ) serves as the unified metric, computed as the
product of SQ and RQ for each category. To obtain the final evaluation
metric for the entire dataset, we compute the macro-average over all C
semantic categories:

1

PO =~
°=1

Y (SO, x RO,) (10)

ceC

where PQ represents the final reported value used in our experiments.

4.3. Implementation details

All experiments were performed on NVIDIA A100. The main software
setup consisted of PyTorch 2.0.1 and CUDA 11.7. The implementation
is built on MMDetection, using data augmentation techniques from the
official Mask2Former setup. The models were trained on a dual-GPU
setup with a batch size of 2 per GPU, resulting in a total batch size of 4.
The AdamW optimizer was employed with a cosine annealing learning
rate that increased to le-4 in the first 250 iterations and then decayed
to le-7. Mixed-precision training was applied throughout, proving ef-
fective without compromising accuracy. No gradient accumulation was
employed.

Table 2 summarizes the network configurations and baseline.
Repeatedly reading UHR images and extracting local patches with con-
text during training is inefficient. Therefore, all UHR images were
preprocessed to generate local patches and their corresponding contexts
of various sizes in advance, reducing training time to about one-sixth
on our dataset, and minimizing randomness in ablation studies. A fixed
extraction strategy divides each 6K image into a 6 x 6 grid of non-
overlapping patches with contexts, trained for 100 epochs determined
empirically through testing (Ye et al., 2026). In the randomly sampled
strategy, 3600 annotated patch—context pairs were randomly extracted
from each UHR image and used only once during training, consistent
with the fixed extraction strategy. In context guidance experiments, us-
ing the final layer alone and the last two layers were evaluated. During
inference, patches overlapped by 25% to aid instance merging.

4.4. Results and ablation study

This section presents the experimental results, ablation studies, and
comparative evaluations against existing benchmark methods, with the
optimal iteration chosen based on PQ on the validation set. The ex-
perimental results show that incorporating contextual regions generally
enhances performance, with EfficientViT-b2 achieving the best overall
results among side-network configurations, improving PQ by 2.85%. The
flexible framework design also enables seamless integration of the SAM2
backbone, leading to a further 1% improvement in PQ.

Table 3
Comparison of different sizes of context.

Model PQ SQ RQ

No context-swin-rd 53.14 73.52 62.77

128-swin-b2-rd 53.68 78.30 64.42

256-swin-b2-rd 55.99 79.58 67.14

512-swin-b2-rd 54.10 79.38 64.51

768-swin-b2-rd 53.58 79.93 63.82

1024-swin-b2-rd 52.49 73.06 62.67

Table 4
Comparison of different side networks.

Model Params PQ SQ RQ
No context-swin-rd - 53.14 73.52 62.77
256-swin-b0-rd 0.7M 52.17 78.46 62.81
256-swin-b1-rd 4M 53.32 80.42 63.02
256-swin-stdc1net-rd 5M 53.40 79.80 62.66
256-swin-stdc2net-rd IM 53.63 72.28 64.17
256-swin-b2-rd 15M 55.99 79.58 67.14
256-swin-b2-21-rd 15M 54.30 78.38 64.82
256-swin-b3-rd 39M 54.23 78.19 65.31

Specifically, in Table 3, the effects of using different context sizes
were compared. It can be observed that expanding the patch by 256
pixels yielded the most effective balance in our dataset, resulting in im-
provements of 2.85 in PQ, 6.06 in SQ, and 4.37 in RQ compared to the
no-context random cropping baseline. However, performance degraded
as the context size continued to increase, with a clear decline at 1024
pixels, indicating that excessive context failed to provide useful guid-
ance in this scenario. This performance drop stems from two factors:
first, using a 1024-pixel context requires aggressive downsampling of the
original patch, which blurs fine-grained details crucial for detection; sec-
ond, distant context contributes little to the segmentation of the central
patch, leading to diminishing returns. The optimal context size may vary
across tasks and datasets, and thus should be tailored through empiri-
cal evaluation. For different side-networks shown in Table 4, the choice
between Transformer-based and CNN-based architectures appears to
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Table 5

Comparison of with/without context, including things(Th) and stuff(St).
Model PQ PQSt pQ™ SQ SQ% sQ™ RQ RQ® RQ™
No context-swin-rd 53.14 84.13 28.34 73.52 88.19 61.78 62.78 95.00 37.00
256-swin-b2-rd 55.99 83.95 33.63 79.58 87.84 72.98 67.14 95.00 44.87
No context-swin-fix 52.40 83.16 27.78 71.07 86.90 58.41 62.75 95.00 36.96
256-swin-b2-fix 53.62 83.37 29.82 79.51 87.15 73.41 63.73 95.00 38.71

Table 6

Comprehensive comparison of Swin and SAM2 backbones in terms of accuracy and efficiency.
Model PQ SQ RQ FPS GFLOPs Params(M) Memory(MB)
No context-swin-rd 53.14 73.52 62.77 4.21 971 215 3225
256-swin-b2-rd 55.99 79.58 67.14 3.86 1010 237 3277
No context-sam2-rd 55.49 79.03 66.93 3.91 977 232 3365
256-sam2-b2-rd 56.99 78.94 68.68 3.60 1013 251 3365

have little impact on performance (e.g., EfficientViT-b1 vs. STDC1Net),
while overall results remain correlated with model size, with larger
models generally performing better, possibly because the difference be-
tween these two architectures is minor at smaller model sizes (Mehta &
Rastegari, 2022). However, this trend does not always hold. Among the
variants, EfficientViT-b2 achieves the best results, while further increas-
ing the size to b3 (20% of the main network backbone’s parameters),
leads to performance degradation. Furthermore, applying context guid-
ance only at the final layer proved to be the most effective configuration,
as high-level features contain richer semantic information and are better
suited to integrate contextual cues without disturbing low-level spatial
details (Lin et al., 2017). We report the PQ, SQ, and RQ results for both
things and stuff in Table 5. We can see that random cropping consistently
outperforms fixed cropping, regardless of whether contextual informa-
tion is included. For the no-context model, applying random cropping
improves PQ from 52.40 to 53.14, yielding a 0.74% improvement. The
improvement is more pronounced for models with context (e.g., from
53.62 to 55.99 for 256-swin-b2-fix vs. 256-swin-b2-rd, a gain of 2.37).
The improvement of RQ is significant, while the marginal gain in SQ
is primarily due to a “dilution effect”. As RQ improves, the model de-
tects more challenging instances with complex boundaries. These new
samples typically yield lower IoU scores, which pull down the overall
average SQ.

Results for the SAM2 backbone integration can be found in Table 6,
which enhances performance both with and without contextual guid-
ance, ultimately achieving the highest PQ of 56.99 among all tested
models, representing an improvement of 3.85% over the baseline model
without contextual guidance. The results regarding detection efficiency
are also provided in Table 6. To ensure a consistent comparison, infer-
ence is measured on a per-local patch basis, with each patch sized 1024
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X 1024 x 3. The testing setup uses Python 3.11.7, PyTorch 2.7.0, CUDA
12.6, and an NVIDIA A40 GPU. For Frames Per Second (FPS) and mem-
ory measurement, 100 inference runs are first performed as a warm-up,
and the average is then calculated over 200 subsequent runs. It is ob-
servable that the incorporation of the lightweight side network incurs
minimal computational cost.

We conducted an examination of the overlapping regions and their
merging strategies, and the results are presented in Table 7. “First/Last”
retains the result from the first/last inference in the overlapping re-
gion. “Max” selects the class with the highest confidence for each pixel,
whereas “Mean” averages the class scores across all inferences. The re-
sults indicate that applying fusion strategies (Max or Mean) leads to
more stable results than relying on a single inference, although the im-
provement over “First” is marginal. This is consistent with the principle
of ensemble learning; therefore, we recommend using the Max strategy.

Table 7
Comparison of PQ across different merging strategies
in overlapping regions.

Model First Last Max Mean
256-swin-b2-rd 56.99 56.44 57.03 56.99
256-sam2-b2-rd  55.99  55.37 56.26  56.16

Fig. 4 shows the class-wise PQ comparison of the best models (256-
swin-b2-rd and 256-sam2-b2-rd) against the no-context baseline (rd).
Overall, contextual guidance improves performance across most cate-
gories except “Signal”, possibly due to randomness caused by its very

I No context
m 256-swin-b2

95.397.095.8
B 256-sam2-b2

Q&Q% %e,e,Q

Fig. 4. Model performance comparison by PQ for each category.
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Table 8
Comparison with leading UHR segmentation and panop-
tic segmentation models.

Model PQ SQ RQ

No context-sam2-rd 55.49 79.03 66.93
256-sam2-b2-rd 56.99 78.94 68.68
FCtL++ 55.41 78.50 66.58
RUE 53.10 73.20 62.65
No context-sam2 + PFPN-rd 53.84 80.75 63.62
256-sam2 + PFPN-b2-rd 54.69 80.24 64.84

limited pixel representation in the validation set. The primary advan-
tage of SAM2 is its enhanced recognition of damage-related classes,
particularly showing substantial gains in cracks.

We provide comparisons with leading methods specifically designed
for UHR segmentation, including FCtL++ (Liu et al., 2024) and RUE (Qin
et al., 2025). FCtL++ comprises a local network and two contextual net-
works, all employing identical yet independent backbone networks as
encoders. It further incorporates two carefully designed feature fusion
modules to enable deep interaction between local and contextual fea-
tures. The core architecture of RUE utilizes a deep network to process
images at a downsampled resolution for semantic information extrac-
tion, while simultaneously employing a lightweight shallow network
to handle images at the original resolution to capture fine-grained de-
tails, thereby achieving efficient inference. For a fairer comparison, we
made the following adaptations during the experimental process. All
backbone networks in FCtL++ adopt SAM2, whereas in RUE, the deep
network employs SAM2 while the shallow network remains unchanged.
Additionally, we unified the decoder by using the Mask2Former panop-
tic segmentation head. Furthermore, we evaluated another panoptic
segmentation model, PanopticFPN (Kirillov et al., 2019), using the SAM2
backbone to further assess the generalization capability of our side
network. All results can be seen in Table 8.

In FCtL++, the contextual network struggles to effectively extract
contextual information due to an excessive number of parameters (three
sam2 backbone) and consequently fails to utilize the advantages of the
VFM, yielding no improvement in segmentation accuracy. In particular,
this highlights the advantage of our proposed lightweight side network.
Conversely, RUE suffers from significant semantic information loss due
to downsampling, and its lightweight shallow network is unable to ef-
fectively capture complex detailed information, leading to suboptimal
segmentation performance. Additionally, incorporating our lightweight
side network into PanopticFPN demonstrates the generalization capabil-
ity of the side network architecture, with PQ improving from 53.84 to
54.69.

Table 9, presents a comparison with a multi-inference aggregation
post-processing method with varying context sizes based on instance
segmentation (Ye et al., 2026). This post-processing strategy applies slid-
ing windows of three sizes with 50% overlap to perform local inference
on UHR images and then merges all results through weighted aggre-
gation. While it effectively exploits the full potential of the prediction
model, it introduces considerable redundancy and computational cost,
requiring more than three times the inference runs compared to the
proposed method. Due to differences in task definitions and instance
partitioning rules, the results are compared using mean Intersection
over Union (mloU), following (Cheng et al., 2022), focusing solely on
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Context  Attention distribution

Local patch

Fig. 5. The visualized normalized attention distribution pattern while processing
the outermost three pixels of a local patch (outlined with white dashed lines).

semantic segmentation capability. For our panoptic segmentation re-
sults, all stuff classes are treated as background, and thing classes are
converted to a single semantic region by removing instance IDs. Our
method achieves consistent performance with the post-processing ap-
proach. The latter has been evaluated under “IoU with buffer” metric (Ye
et al., 2026), which was specifically designed for damage recognition,
and achieves a 90% damage recall, demonstrating practical value for
asset management. In contrast, our approach requires only a single
inference pass and no aggregation procedure, while still maintaining
consistent performance.

This demonstrates that the incorporation of the lightweight side net-
work effectively addresses the loss of contextual information in local
inference. The SAM2-based variant shows no mloU advantage over the
Swin-based version. This gap primarily stems from differences in pre-
training. SAM2 is trained with mask-only supervision, which emphasizes
instance regions, boundaries, and fine-grained spatial details, whereas
Swin is pretrained on ImageNet-21K (Deng et al., 2009) with seman-
tic labels and thus focuses more on high-level semantic representations.
Although Swin achieves competitive performance on semantic-oriented
metrics, SAM2 demonstrates clear advantages in PQ, producing more co-
herent instance predictions and preserving finer structural details, such
as thin and discontinuous cracks. This indicates that SAM2’s superiority
is not merely reflected in higher PQ values, but also in qualitatively bet-
ter instance completeness and boundary fidelity, which are critical for
fine-crack recognition.

4.5. Visualization of analysis results

The model’s attention distribution was examined while processing
the outer three pixels of a local patch (the edge region) in Fig. 5.
The model focuses mainly on the surrounding context beyond the
local patch. This suggests that edge feature extraction depends on
external contextual cues to compensate for the limited information avail-
able within the patch itself, supporting the design rationale of our
framework.

As shown in Fig. 6, incorporating contextual information improves
patch-level predictions and reduces errors caused by missing context.
Without it, several damaged regions remain missing or incomplete, and
even entire patches may remain unclassified as illustrated in Fig. 6(d).
Both Swin- and SAM2-based models benefit from contextual guidance,
with SAM2 producing more complete instances.

Table 9

Comparison of proposed method with post-processing method (Ye et al., 2026) in mIoU.
Method Background  Seepage Corrosion Damaged joint  Spalling Crack  mloU
without post-processing 0.908 0.698 0.359 0.349 0.487 0.088 0.481
with post-processing 0.904 0.726 0.448 0.418 0.495 0.066 0.510
256-swin-b2-rd 0.905 0.719 0.358 0.520 0.493 0.082 0.513
256-sam2-b2-rd 0.902 0.723 0.339 0.477 0.523 0.096 0.510
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Fig. 6. The visualized results: (a) original UHR image; (b) classification annotation; (c) instance annotation; (d) panoptic segmentation results without context; (e)
panoptic segmentation results of 256-swin-b2-rd, and (f) panoptic segmentation results of 256-sam2-b2-rd.

® (d)

Fig. 7. As-damaged tunnel BIM model generation: (a) original UHR image and UHR panoptic segmentation results; (b) simplified prediction results in 2D; (c) model
generated via Dynamo with damage (in Revit) and repaired pairs (in BIMVision) highlighted, separately; and (d) PyVista-based geometric solids and IFC format-based
results generated from IfcOpenshell.

4.6. As-damaged tunnel digital model instance generation was provided using both of the two most commonly
adopted approaches. One approach uses Dynamo to create the geometric
solid, which is then imported into Revit to embed information (instance
ID, category name, quantitative significance level and detected area)

Following our methodology, an automated workflow was imple-
mented to process the UHR panoptic segmentation results, as shown
in Fig. 7(a). After projected 3D vertices were obtained P3P, damage
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and exported in IFC format. The other approach generates the geo-
metric solids directly in Python environment using PyVista (Sullivan
& Kaszynski, 2019), which are then converted and saved as IFC files
using IfcOpenShell (IfcOpenShell contributors, 2023), following Fig. 2.
Quantitative significance levels are assigned based on the area distribu-
tion of each category in the training set: for every category, the largest
20% of instances are marked as high-risk (red), the smallest 20% as low-
risk (green), and the remaining instances as medium-risk (orange) (MIT,
2023). These rankings define two area thresholds per category for vi-
sualization. This method is presented as a visualization heuristic and
an initial screening tool designed to facilitate rapid data prioritization
in large-scale inspections. The generation of damage instances is con-
ducted on the virtual inner surface of the tunnel. To balance model
size and computational efficiency, the enclosing polylines of the dam-
age regions are simplified by constraining their geometric complexity.
A convex hull algorithm is applied to merge and simplify the defects,
while adjacent points on each polyline are spaced at least 5 cm apart.
This approach ensures a consistent reduction in point density while pre-
serving the overall geometric characteristics of the damage instance, as
shown in Fig. 7(b). Overall, after performing the 3D projection based
on our direction-adaptive method, the results can be seen in Fig. 7(c)
and (d). Since the input data come only from images without 3D infor-
mation, damage regions other than seepage are modelled with a fixed
thickness. Other tunnel elements, such as tubes and signage, are also
positioned through projection due to the lack of detailed 3D geometry
for modelling.

5. Conclusion

In this paper, we propose, for the first time, an architecture for
panoptic segmentation of ultra-high-resolution (UHR) images, enabling
automated, high-fidelity damage detection and as-damaged BIM gener-
ation for tunnel infrastructure. The key findings and contributions are
summarized as follows:

« Significant Performance Gains via Architecture Design: A dual-
branch architecture was proposed to resolve the conflict between
ultra-high resolution and computational constraints. By introduc-
ing a lightweight side network for context guidance, the framework
facilitates the integration of VFMs like SAM2. This approach
significantly outperforms baselines without contextual guidance,
achieving substantial improvements of 3.85, 5.42, and 5.91 in PQ,
SQ, and RQ, respectively, particularly in detecting fine-grained
cracks.

Efficiency Verification: The evaluation demonstrates that our
context-guided patch inference enables the accurate detection of
both large-scale and cross-patch damage. Critically, compared
to algorithms specifically designed for UHR segmentation and
traditional multi-inference aggregation methods, the proposed ap-
proach maintains comparable segmentation accuracy while signifi-
cantly reducing inference computational costs, making it viable for
large-scale industrial deployment.

Automated As-Damaged BIM Generation: An automated work-
flow was developed to bridge pixel-level detection with asset
management. By projecting detected instances onto the tunnel
geometry and populating semantic properties in standard IFC for-
mat, the framework successfully generates 3D as-damaged BIM
models, providing a data-driven foundation for intelligent tunnel
maintenance.

The limitations of this study are as follows: (a) The selection of
context size is dataset-dependent and globally fixed, which may not rep-
resent the optimal context for every patch. (b) In the absence of 3D
tunnel data and with only the unfolded drawings as input, the base
tunnel BIM model is built from design parameters and thus does not
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reflect actual displacements or deformations. (c) The absence of 3D in-
formation prevents depth characterization of damage and limits accurate
modelling of tunnel components that would otherwise be defined as pre-
cise BIM families. (d) The proposed priority-level classification, based on
statistical measures, is intended as a heuristic for prioritization, rather
than an exact risk assessment method, as it overlooks physics and struc-
tural interpretability such as location and orientation. Future studies will
incorporate spatial sensitivity and numerical analysis to refine the eval-
uation. (e) Our method currently does not support effective contextual
guidance on non-hierarchical ViT-based backbones due to the lack of
inherent multi-scale features.

The future work could be: (a) For tunnel-specific applications, UHR
algorithms can be further adapted by incorporating post-processing
techniques or multi-model ensemble learning strategies to refine the seg-
mentation results. (b) By integrating point clouds and images through
a combined 2D-3D data fusion approach, a more detailed and auto-
mated workflow for generating the as-damaged model can be achieved.
(c) Establishing numerical simulation models based on the obtained
as-damaged tunnel BIM to more accurately assess risks, incorporating
spatial sensitivity and mechanical analyses to refine the evaluation.
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