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High-rise building facade inspection is essential but hazardous and labor-intensive. Although UAV imaging
and defect segmentation methods can recognize defects, most studies stop at 2D masks and lack the scale and
instance structure needed for grade quantification. Public facade datasets remain scarce, often low-resolution,
crack-only, and annotated for semantic segmentation. This paper introduces CUBIT-InSeg, a high-resolution
UAV building facade defect instance segmentation dataset. It contains 6996 images at 4800 x 3200 with 62,187
annotated instances of two safety-critical defects, cracks and spalling, in realistic multi-instance scenes. Over
80 models were benchmarked under a unified protocol, and transferability was assessed via zero-shot testing
on two cross-domain datasets. A deployment workflow was further demonstrated that registers defects to an
as-is digital twin and converts segmentation masks into metric measures (e.g., crack width/length, spalling
area) for standard-aligned severity evaluation. In real-world validation, the workflow based on CUBIT-InSeg
dataset enables reproducible research toward scalable, quantitative facade condition assessment.
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1. Introduction downstream quantification, instance-wise engineering statistics, and
interpretable severity evaluation for maintenance decision-making [9].

Despite this progress, deep learning models are notoriously data-
hungry and require large, high-quality, domain-specific datasets. Mod-
els trained on generic datasets such as MS COCO [10] do not transfer
reliably to building facade defects due to substantial differences in
viewpoint, surface texture, scale distribution, and background clutter,
while dense pixel-level annotations are expensive in real inspection en-
vironments. More importantly, from the perspective of practical facade
inspection, the ultimate objective is not merely visual recognition, but
severity grading for condition evaluation and maintenance prioritiza-
tion, which in turn requires a reliable defect modeling pipeline based

Civil infrastructure is vulnerable to damage induced by environmen-
tal exposure, external loads, material deterioration, and construction
deficiencies. For high-rise buildings, facade defects such as cracks and
concrete spallings not only degrade durability but may also pose safety
hazards, motivating periodic inspections for condition assessment and
maintenance planning. In practice, close-range visual inspection and
non-destructive testing (NDT) devices (e.g., optical imaging [1], laser
scanning [2], impact echo [3], and ground-penetrating radar [4])
are commonly used for defect investigation. However, human-centric
inspection is subjective, labor-intensive, and potentially hazardous,
especially for high-rise facades and large inspection areas. To improve

safety and efficiency, robotic platforms such as unmanned aerial ve-
hicles (UAVs) have been increasingly adopted to facilitate facade data
collection and automated defect analysis [5]. Meanwhile, deep learning
has enabled rapid progress in visual recognition [6], outperforming
many traditional feature-based pipelines [7], and has been increasingly
adopted in the architecture, engineering, and construction (AEC) do-
main [8]. For facade inspection, pixel-level understanding is crucial
since defects are often thin, irregular, spatially distributed, and strongly
multi-scale, while multiple defects can co-exist in the same view. In
this context, instance segmentation is particularly suitable due to pro-
viding both instance-level localization and pixel-accurate masks, which
not only separate multiple defect instances but also directly support
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on physically interpretable defect attributes. Public defect datasets
are therefore scarce and predominantly focus on pavement scenar-
ios; many are crack-only, low-resolution, and annotated for binary
semantic segmentation rather than instance segmentation [11]. This
limitation is particularly restrictive for our task, because semantic
labels alone are insufficient when downstream engineering analysis
requires defect-wise localization, physical quantification, and aggrega-
tion at the facade-component level. In particular, UAV-based facade
inspection must maintain a non-negligible standoff distance from the
wall for flight safety and coverage; at such distances, low-resolution
imagery often fails to resolve fine-grained defects (e.g., tiny cracks),
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Fig. 1. Overall pipeline of the pixel-to-physical modeling for infrastructure defects.

Table 1
CUBIT-InSeg dataset card.
Attribute

Description

Dataset Name CUBIT-InSeg dataset, where CUBIT stands for
CUHK Building Information Technology and
InSeg stands for Instance Segmentation

RGB images T

High-resolution RGB forward-looking cameras
mounted on UAVs

4800 x 3200

Target Type Crack, Spalling

Dataset Scale 6996 images with 62,187 instances

Splits Train (5596)/val (699)/test (701)

Annotation Type Bounding Box (Det) + Mask (Seg)

Modality
Sensor Type

Resolution

rendering many existing datasets impractical for realistic UAV facade
defect segmentation [12]. Moreover, translating pixel-level predictions
into metric, standard-aligned severity indicators remains insufficiently
standardized in existing practice, partly because most public datasets
provide RGB images and visual labels only, without controlled acqui-
sition geometry or physical scale information needed for reproducible
quantification and condition grading [13].

To address the gap, we present CUBIT-InSeg, a UAV-collected high-
resolution building facade defect dataset with instance-level annotations
tailored for high-rise inspection and downstream physical quantifica-
tion. The starting point of this paper is therefore not simply to release
a new dataset, but to establish the necessary data foundation for a
severity-grading-oriented technical route. During the development of
our defect physical modeling workflow, we found that existing pub-
lic datasets could not adequately support this objective due to their
limited resolution, annotation granularity, scene realism, and lack of
compatibility with controlled UAV inspection geometry. CUBIT-InSeg
contains 6996 high-resolution images at 4800 x 3200 acquired by
UAVs, with 62,187 annotated defect instances. The dataset covers two
safety-relevant defect types, cracks and spallings, and includes realistic
multi-instance inspection scenes with complex textures, illumination
changes, and aerial viewpoints. Moreover, the dataset is primarily
collected under an approximately equal-distance imaging strategy, and
is compatible with multi-UAV collaborative acquisition in practice, bet-
ter reflecting the operational geometry of high-rise facade inspection.
In this sense, CUBIT-InSeg is characterized not merely by its dataset
scale, but by its deliberate design as an engineering bridge from high-
resolution facade defect instance segmentation to downstream physical
quantification, defect modeling, and DT-oriented severity assessment.

Beyond releasing the dataset, we establish reproducible baselines
through systematic benchmarking to provide a unified reference for
model comparison and to examine the usability of CUBIT-InSeg as a
benchmark resource. We evaluate more than 80 representative state-
of-the-art (SOTA) models under a unified training and evaluation

protocol, spanning (1) End-to-end frameworks covering both CNN-
based and transformer-based paradigms, and (2) Single-stage, real-time,
deployment-oriented YOLO-style variants. To assess robustness and
external validity, we further conduct cross-domain zero-shot eval-
uation by directly testing models trained on CUBIT-InSeg on two
public infrastructure crack datasets without target-domain fine-tuning
(Highway-Crack [14] and Crack-Seg [15]).

Finally, while many studies of defect recognition only report in-the-
lab recognition metrics (e.g., AP/IoU), practical inspection workflows
require more than visual recognition alone. Accordingly, we connect
instance-level predictions to a downstream deployment-oriented, digi-
tal twin (DT) quantification workflow. Under the equal-distance acqui-
sition assumption, pixel masks are converted into physically meaningful
measures such as crack width/length and spalling area, while instance-
level localization (bounding boxes) supports defect registration and
aggregation at the facade component level. These component-level
indicators enable standard-aligned severity grading consistent with BS
ISO 15686-7:2017 [16] and local facade inspection practice in Hong
Kong [17,18]. Based on the quantified crack and spalling metrics,
we derive component-level severity ranks and store the results in
the DT to support reporting, visualization, and maintenance decision-
making. This establishes a closed-loop workflow from visual sensing
and instance segmentation to metric computation, component-level
assessment, and DT-enabled decision support, as illustrated in Fig. 1.
To further demonstrate the practical applicability of this pipeline, we
select YOLOV9 [19] as the best-performing model based on compre-
hensive results across CUBIT-InSeg and two cross-domain test sets, and
present a real high-rise facade inspection scenario with DT-oriented
registration, metric quantification, and severity rating.

The main contributions are summarized as follows:

+ A high-resolution facade defect instance segmentation
dataset. We curate and annotate 6996 high-resolution facade
images at 4800 x 3200 with 62,187 defect instances, cover-
ing safety-relevant defect types (crack and spalling) and real-
istic multi-instance inspection scenes. A compact dataset card
is provided in Table 1 to give a quick overview of the dataset
characteristics.

Systematic benchmarking of more than 80 models to vali-
date dataset usability. We conduct unified training and eval-
uation on more than 80 representative models, including end-
to-end instance segmentation families (covering both CNN-based
and transformer-based paradigms) and a broad set of single-
stage YOLO-style variants, providing reproducible baselines for
the community.

Cross-domain zero-shot evaluation to assess transferability.
We directly test models trained on CUBIT-InSeg on two pub-
lic cross-domain datasets in a zero-shot manner (i.e., without
target-domain fine-tuning), which provides a practical protocol
for examining transfer performance across related inspection sce-
narios.
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» DT-oriented defect registration, physical quantification, and
severity grading. We select the best-performing model for real-
world high-rise facade inspection, and demonstrate a complete
pipeline from instance-level predictions to defect registration (via
instance footprints and bounding boxes), metric quantification
(via pixel masks), and standard-aligned severity grading on a DT.

Overall, these contributions form a coherent pipeline rather than
a set of isolated components. The practical need for severity grading
motivates the construction of a high-resolution, UAV-oriented instance
segmentation dataset as the necessary data foundation. Based on this
foundation, the large-scale benchmark and cross-domain evaluation es-
tablish reproducible baselines and verify the usability of the dataset for
method development. The subsequent DT-oriented physical modeling
workflow then demonstrates how instance-level segmentation outputs
can be further translated into engineering-relevant defect descriptors
and severity indicators. From the perspective of reproducibility, we
consider the dataset to be the primary entry point for the community,
while the benchmark protocol and the DT-oriented workflow provide
reference pathways for follow-up studies on model evaluation and
deployment-oriented defect assessment. The remainder of this paper is
organized as follows. Section 2 reviews the related works of our re-
search. Section 3 introduces the methodology of dataset establishment.
Section 4 presents the physical quantification and DT integration work-
flow. Section 5 reports the benchmark and cross-domain evaluation
results. Section 6 presents the real-world DT-oriented fagade inspection
case. Section 7 makes a conclusion, and discusses the limitations.

2. Related work

We reviews the related research that is relevant to this paper from
three perspectives. Section 2.1 surveys public infrastructure defect
datasets, with particular attention to collection scenarios and annota-
tion granularity, in order to clarify the remaining gap in UAV-based
facade instance segmentation. Section 2.2 then summarizes represen-
tative defect segmentation methods, spanning semantic segmentation,
end-to-end instance segmentation, and deployment-oriented single-
stage frameworks. Section 2.3 further reviews recent efforts on defect
quantification and DT integration for UAV-based inspection, thereby
linking visual defect recognition with downstream physical assessment
and management-oriented deployment.

2.1. Infrastructure defect datasets

Existing infrastructure defect datasets can be understood from two
complementary perspectives: (1) collection scenario and (2) annotation
granularity/task type. From the scenario perspective, public datasets
are dominated by pavement surfaces (such as GAPs series [20,21] and
its variants GAPs-10m [22], Crack500 [23] and EdmCrack600 [24]),
followed by the deck of bridge scenarios (Xu [25] and Philipp [26]),
while datasets targeting buildings [27] are the scarcest. More im-
portantly, a substantial domain gap often exists across infrastructure
types: even for the same defect category (e.g., cracks), the foreground
morphology (width, orientation, and scale distribution) and the back-
ground appearance (material textures, coatings, and stains) can differ
markedly with the asset type and viewing geometry, making cross-
scenario reuse of data and models non-trivial [11]. Many pavement
crack datasets [22,24] are captured under near-planar viewpoints with
relatively homogeneous textures and predominantly focus on crack-
type defects, which inherently limits their transferability to facade
inspection where textures are more complex, viewpoints are oblique,
illumination varies significantly, and defect scales span a wider range.
Even among unmanned-system captured datasets, Highway-Crack [14]
is one of the few UAV-acquired datasets; however, it remains con-
strained to post-earthquake highway surfaces and does not reflect the
operational geometry and visual characteristics of high-rise facade
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inspection. Public datasets for building facades are even more limited:
Crack-Seg [15] contains partial building scenes but lacks UAV-faithful
viewpoints and sufficient resolution, while UAV75 [28] provides UAV
imagery but includes only a small number of low-resolution samples,
making it inadequate for training and benchmarking modern deep
segmentation models.

From the annotation perspective, a clear granularity gap also exists.
Early resources often adopt image-level classification annotations for
defect presence or coarse categories, like CCIC [29], GAPs series [20,
21], Xu et al. [25] and Philipp et al. [26] proposed datasets. Later
datasets introduce box-level detection labels for coarse localization,
like RDD series [30,31] and Zhao et al. [27] proposed datasets. More
commonly, datasets provide semantic segmentation mask, typically bi-
nary (one defect type vs. background), especially for cracks, such as
GAPs-10m [22], Crack500 [23], Highway-Crack [14], Crack-Seg [15],
EdmCrack600 [24] and UAV75 [28]. While useful for pixel-level delin-
eation, semantic masks do not separate multiple instances of the same
defect type and are less suitable for instance-wise statistics, tracking,
and component-level registration. In contrast, instance segmentation
datasets that jointly support object-level localization and pixel-accurate
boundaries are much rarer, particularly under UAV viewpoints and for
building facades.

To further expose the practical gap in unmanned system-captured
datasets for segmentation-oriented tasks, Table 2 compares recent de-
fect segmentation datasets acquired by unmanned platforms
(UAV/UGV). This comparison shows that UAV-acquired datasets are
scarce, with only two such datasets identified, and only one of them
targets building scenarios. Moreover, these UAV datasets provide pixel-
level semantic masks rather than instance-level annotations. Quanti-
tatively, compared with UAV75 dataset, which is the only prior UAV
building dataset listed in Table 2, CUBIT-InSeg increases the image res-
olution from 512 x 512 to 4800 x 3200 and the number of images from
75 to 6996, while additionally providing 62,187 instance-level annota-
tions. Together with the commonly observed limitations in resolution,
defect density, which often corresponds to single-defect images, and
defect-type diversity, existing resources remain insufficient for realistic
high-rise facade inspection and downstream engineering assessment.
Based on Table 2, several representative datasets are further compared
qualitatively in Fig. 2, which more intuitively illustrates that these
existing datasets not only focus on a single defect type, namely cracks,
but also contain annotation errors, highlighted by yellow ellipses.

Overall, these observations call for a public benchmark that is
simultaneously high-resolution, UAV-faithful, facade-centric, multi-type,
and instance-level, enabling reproducible training and evaluation, cross-
domain validation, and subsequent workflows such as defect regis-
tration, metric quantification, and standard-aligned severity grading.
CUBIT-InSeg is constructed to fill this gap.

2.2. Defect segmentation methods

Defect segmentation methods can be broadly categorized into se-
mantic segmentation and instance segmentation. Semantic segmen-
tation models (e.g., U-Net and DeepLab families) have been widely
used for crack/spalling region extraction in civil infrastructure [32,33].
These methods are effective for pixel-wise defect region delineation
and have played an important role in infrastructure inspection, espe-
cially for crack-focused studies. Recent works have further explored
task-specific designs for thin and elongated crack patterns under com-
plex backgrounds. For example, DSYOLO [34] incorporates dynamic
snake convolution into a YOLOv8-seg framework to better adapt to
tortuous crack morphology and preserve fine structural continuity in
challenging tunnel environments. Although developed for tunnel lining
cracks, this line of work is highly relevant to facade inspection because
facade cracks also exhibit slender geometry, low contrast, and strong
background interference. At the same time, facade inspection is not
limited to cracks alone, but also involves other defect categories such
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Table 2

Comparison between other unmanned system-captured defects segmentation dataset with CUBIT-InSeg dataset.
Dataset Image volume Resolution Data collection platform Defect type Infrastructure type Material type Task type
GAPs384 [23] 384 1920 x 1080 Ground Vehicle Crack Pavement Asphalt Pixel Level
GAPs-10m [22] 20 5030 x 11505 Ground Vehicle Crack Pavement Asphalt Pixel Level
EdmCrack600 [24] 600 1920 x 1080 Ground Vehicle Crack Pavement Asphalt Pixel Level
Highway-Crack [14] 4118 512 x 512 Unmanned Aerial Vehicle Crack Pavement Asphalt Pixel Level
Crack-Seg [15] 4,029 416 x 416 Ground Vehicle Crack ﬁ:gj{iﬁl . f\:;;:‘tte Pixel Level
UAV75 [28] 75 512 x 512 Unmanned Aerial Vehicle Crack Building Concrete Pixel Level
CUBIT-InSeg (Ours) 2’29327 instances 4800 x 3200 Unmanned Aerial Vehicle g;:llzng Building Concrete Instance Level

GAPs384 GAPs-10m

EdmCrack600
N .

Fig. 2. Samples of existing defect segmentation datasets collected by un-
manned systems.

as spalling, efflorescence, and moisture-related deterioration, which
makes broader defect representation necessary.

Despite their usefulness, semantic segmentation methods typically
cannot separate multiple defect instances in the same image, which
limits instance-wise counting, tracking, registration, and quantitative
reporting. This limitation is particularly relevant in UAV-based facade
inspection, where multiple defects of different categories may co-exist
within a single high-resolution image. Instance segmentation provides
both instance-level localization and pixel-accurate masks, making it
more suitable for engineering-oriented defect representation and down-
stream quantification. Mainstream approaches include (1) end-to-end
two-stage or unified frameworks (e.g., Mask R-CNN [35] and its ex-
tensions) that often achieve strong accuracy but with higher com-
putational cost; (2) transformer-based instance/panoptic segmentation
frameworks that leverage global context for robustness under complex
textures, such as Deformable-DETR [36] and MaskFormer [37]; and (3)
deployment-oriented single-stage instance segmentation, often repre-
sented by YOLO-style variants, which emphasize efficiency and real-
time capability, such as YOLOv8 [38] and Hyper-YOLO [39]. Multi-
modal large vision model-driven segmentation (e.g., SAM [40]) has also

attracted attention, but reliable fine-defect delineation and consistent
instance outputs in engineering settings still depend on domain-specific
data and evaluation benchmarks [41]. Given the rapidly evolving
model space and the strong dependence on data properties, we con-
duct unified benchmarking on more than 80 representative models to
establish reproducible baselines and support practical model selection.

2.3. Defect quantification and DT integration for UAV-based inspection

With the widespread adoption of UAVs in facade and infrastruc-
ture inspection, vision-based defect detection has become a de facto
solution in both research and practice. However, many current UAV
deployments still rely on largely manual or experience-driven acqui-
sition strategies, where image quality, viewing geometry, and data
consistency are difficult to control [42]. Such practices limit not only
the achievable detection accuracy, but also the reproducibility, scala-
bility, and traceability of inspection results across buildings and over
time [43]. As a result, there is an increasing need to couple UAV-
based visual inspection with data- and management-oriented require-
ments, including controlled image quality, consistent acquisition ge-
ometry, and reliable data provenance, to support systematic inspection
workflows rather than isolated visual surveys [44].

Alongside data acquisition, a more critical challenge lies in how
high-accuracy detection and segmentation results are utilized for in-
spection management and engineering decision-making. While ad-
vances in learning-based perception have gradually shifted research
attention from defect detection toward physically meaningful defect
modeling and condition assessment [45], many existing studies still
emphasize visual outputs or geometric reconstruction without deliver-
ing actionable quantitative indicators. Earlier works focused primarily
on identifying defect regions in images, such as road damage detec-
tion [46] and building defect recognition [47], whereas more recent
efforts aim to recover geometric and metric attributes to support
engineering evaluation. Two complementary directions have emerged:
integrating multi-view photogrammetry or depth-enhanced imaging to
reconstruct cracks or damaged regions in 3D for shape-aware [48]
or volume-aware assessment [49], and leveraging point clouds with
graph-based learning to build defect representations enriched with
geometric and semantic attributes [S50]. In parallel, aligning UAV
observations with DT representations has been explored as a prac-
tical route toward component-level localization and life-cycle asset
management [13].

Despite this progress, real-world facade inspection remains con-
strained by the lack of reproducible physical scale and standard-aligned
severity indicators in public datasets and evaluation protocols [51]. In
high-rise inspection scenarios, UAVs must operate at a safe standoff dis-
tance; without controlled acquisition geometry or explicit scale assump-
tions, pixel-level predictions cannot be reliably converted into crack
width, length, or spalling area, nor can they be consistently registered
and aggregated at the component level for assessment [52]. CUBIT-
InSeg is therefore collected under an approximately equal-distance
acquisition strategy to facilitate metric conversion from instance-level
predictions, while enabling defect registration and DT-oriented aggre-
gation for quantitative facade condition assessment.
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3. Dataset establishment and analysis

In this paper, we develop an equal-distance UAV imaging frame-
work for the establishment of a high-quality facade defect instance
segmentation dataset, as illustrated in Fig. 1. The sample images of
CUBIT-InSeg are shown in Fig. 3. The central idea is to capture facade
images from a prescribed, nearly constant standoff distance to the
building surface, so as to maintain a stable image scale across view-
points and fagades. This acquisition strategy is important for improving
annotation consistency, defect visibility, and cross-image comparability
in UAV-based facade inspection. To achieve this, our framework ex-
tends recent explore-then-exploit multi-UAV coverage schemes (shown
in Fig. 4) for infrastructure inspection [12] and integrates them with
equal-distance viewpoint generation and facade-oriented inspection
planning, forming the basis for reproducible dataset collection and
subsequent analysis.

3.1. Path planning for data collection

We adopt an explore-then-exploit paradigm for multi-UAV facade
inspection, following recent hierarchical coverage frameworks. Dur-
ing the exploration stage, each UAV performs depth-visual SLAM to
estimate its six-degree-of-freedom pose and incrementally reconstruct
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the facade surface and surrounding obstacles. The environment is dis-
cretized into a 3D occupancy grid, where each voxel stores occupancy
probability, distance to the nearest obstacle, and a reconstructability
score reflecting multi-view observability and safety margins. This yields
a density map R(p) that guides coverage toward regions with high
reconstruction potential.

Let W c R? denote the workspace and P(f) = [p;(¥),...,P,®)]
the UAV positions. To coordinate multiple UAVs, the workspace is
partitioned into Voronoi cells V(r), and a density-weighted coverage
cost

1P =Y [ Ip-piIR@ap &)
i=1 i

is minimized to achieve a centroidal Voronoi deployment. Collision
avoidance is ensured by intersecting the Voronoi cells with hyperplane-
based safe convex corridors, so that UAV motions remain within
collision-free regions.

Once exploration converges and a sufficiently accurate facade sur-
face model is obtained, the exploitation stage generates equal-distance
viewpoints for high-quality imaging. For each reconstructed surface
point s, with outward normal n,, a desired camera position is defined
as

Vi =S8t dtarget n, (2)

where di,e; Is the nominal standoff distance selected based on the
required measurement resolution, camera hardware parameters (focal
length f and pixel pitch §,), and flight-safety constraints. Viewpoints
are further filtered to satisfy overlap, viewing-angle, and collision-free
requirements, ensuring a reproducible imaging strategy.

The viewpoints assigned to each UAV are further partitioned us-
ing capacity-constrained Voronoi tessellation to account for limited
endurance. For each subregion, a traveling salesman problem is formu-
lated with edge weights given by collision-free path lengths, producing
short and feasible inspection routes. These routes are finally converted
into time-parameterized flight plans (position, yaw, and camera trig-
ger events) compatible with UAV autopilots, enabling automatic and
DT-ready equal-distance facade imaging.

3.2. Data cleaning and annotation

After data collection, we perform data cleaning to remove unneces-
sary or visually unreliable samples, which not only reduces annotation
workload but also improves the overall dataset quality. In total, we
collected over 8000 raw images. We removed images that contain no
defect instances, as well as samples with severe motion blur, defocus,
overexposure, underexposure, or other visual conditions under which
defect boundaries cannot be reliably judged by human inspection. After
cleaning, 6996 images were retained for annotation.

We then conduct instance-level defect annotation using the widely-
used open-source annotation tool LabelMe [53], where each defect
object is delineated by an independent polygon (i.e., one polygon
per instance). The upper part of Fig. 5 illustrates the LabelMe user
interface. The left panel displays the image, where annotators click
sequential points to form a polygon that tightly encloses a target defect
instance. The right panel provides the customized defect category list,
the instance list, and the image list to be annotated. During annotation,
we follow two strict principles: (1) each defect instance must be fully
contained within its corresponding polygon, and the polygon boundary
should fit the defect contour as closely as possible; (2) every defect
instance that can be reliably identified and delineated in an image
should be annotated without omission.

To ensure high-quality and consistent labels, our annotation work-
flow consists of three stages. First, three student annotators carry
out the initial labeling of the images. Second, they cross-check each
other’s annotations to identify samples with ambiguous or questionable
labels. Third, the remaining ambiguities are resolved by the first author
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TXT/PNG annotation file for

training and validation
<class_id> <X > <y;> <X;> <y,>

Json annotation file from M

LabelMe tool

{ <X3><P3> <Xy> <Vy>
"label": “spalling”,
“points": [[x1, y1], [%2, 2], -1,
"group_id": null,
"description”: “”,
"shape_type": “polygon”,
"flags" §,
"mask": null
}

Fig. 5. Interface of LabelMe tools (upper-side) and the format of JSON, TXT
and PNG annotation file (lower-side).

together with a professor with relevant domain expertise, and the
confirmed decision is then communicated to the annotators as a unified
labeling criterion for similar cases. This process is used to improve the
practical consistency and reliability of the instance annotations.

Typical borderline cases arise when defect boundaries are affected
by non-uniform light-shadow transitions, noisy or stain-like background
interference, low-contrast texture patterns, or partial overlap between
different defect types. Rather than applying a single fixed size thresh-
old as a universal inclusion rule, we determine inclusion according
to whether a defect instance can be clearly recognized and reliably
delineated in the native high-resolution image. Defect-like patterns
that are extremely faint, visually indeterminate, or highly ambiguous
are excluded. In particular, fine-scale cracks are annotated only when
their extent can still be visually traced with sufficient confidence.
In addition, when crack and spalling regions overlap, we prioritize
spalling annotation to avoid inconsistent double labeling of the same
damaged area.

Since LabelMe exports annotations in JSON format, which is not al-
ways directly compatible with common training and validation
pipelines, we further convert the labels into both PNG mask images and
YOLO-style polygon TXT files while preserving the instance boundaries.
For each image, LabelMe produces a JSON file as shown in the lower-
left of Fig. 5, where each polygon vertex is stored as a pixel coordinate
[x;,¥;]. We convert these coordinates to normalized YOLO polygon
coordinates by x; = x;/W and j; = y;/H, where W and H denote the
image width and height, respectively (see the lower-right of Fig. 5). The
bounding box for defect localization is defined as the smallest enclosing
rectangle of each polygon. Consequently, each image is associated with
a YOLO-format TXT label file and a PNG mask, which are used for
subsequent training and evaluation.

3.3. Analysis of CUBIT-InSeg dataset

After describing the data collection strategy and the annotation
workflow, we further examine the statistical and geometric characteris-
tics of CUBIT-InSeg. The following analysis focuses on two aspects: the
overall dataset statistics together with the spatial distribution of defect
instances, and the size distributions of foreground and background
boxes, which together help reveal the scale diversity and practical
complexity of the dataset.
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Fig. 6. (a) Defect categories; (b) Defect instance area-ratio; (c) Background
scenarios of data collection; (d) Defect instances position distribution.

3.3.1. Statistics and target position distribution analysis of CUBIT-InSeg
dataset

Fig. 6 summarizes the dataset statistics and instance distribution
of CUBIT-InSeg. In the 6996 images, we annotated 62,187 defect
instances, including 51,865 crack instances (83%) and 10,322 spalling
instances (17%) (shown in Fig. 6(a)). The large gap between the two
categories further reflects the scarcity of spalling in real-world facade
inspection. Notably, spalling is typically associated with more severe
structural deterioration and potential safety hazards; therefore, despite
being less common than cracks, it merits particular attention and moti-
vates dedicated data acquisition efforts. We further categorize instances
by their pixel-area ratio within the image (Fig. 6(b)): small (<5%),
medium (5%-10%), and large (>10%). Large instances dominate the
dataset (41,299; 66%), followed by small instances (14,334; 23%) and
medium instances (6554; 11%).

Fig. 6(c) reports the background scenarios demonstrated in Fig. 3.
Low-texture backgrounds constitute the largest portion (3195 images),
followed by noisy backgrounds (2433 images), with the remainder
belonging to locally high-contrast conditions induced by illumination
and shadows. Overall, the diverse and challenging scene settings in
CUBIT-InSeg dataset provide a solid basis for cross-domain evaluation
and real-world deployment tests.

Beyond instance counts, the spatial distribution of targets is an-
other critical factor in evaluating an instance segmentation dataset.
The placement of defects within images influences a model’s spatial
awareness, which represents its ability to recognize objects across
different locations, and directly affects robustness to target offset or
positional shifts. In practical UAV inspection scenarios, defects often
appear sparsely and unpredictably across the facade. Models trained
on datasets with well-distributed targets are therefore more capable
of detecting defects located near image borders, in corners, or in
unconventional positions. Fig. 6(d) visualizes the scatter plot of ground-
truth bounding-box centers for all defect instances. The distribution is
reasonably uniform across the image plane, with a moderate concentra-
tion near the central region: approximately 63% of all targets (39,078
instances) fall within the normalized range [x, y] € {0.5+0.175}. Such a
distribution ensures that models trained on our CUBIT-InSeg dataset
develop strong spatial generalization capabilities and exhibit higher
robustness when deployed in real-world UAV inspection scenarios.
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Fig. 7. (a) Distribution of annotated bounding box sizes for defects; (b)
Distribution of sizes for sampled non-overlapping background bounding boxes.

3.3.2. Foreground and background box sizes analysis of CUBIT-InSeg
dataset

To further characterize the geometric variability of CUBIT-InSeg,
Fig. 7(a) illustrates the size distribution of ground-truth defect bound-
ing boxes. The defects span an exceptionally wide scale range: crack
instances form thin, elongated structures with short sides sometimes
below 5 pixels, whereas spalling regions may exceed 4800 pixels along
their longer dimension. The strong concentration of points near the
lower boundary of the “Smaller side” axis reflects the high anisotropy
and extreme slenderness of cracks, while the marginal histograms
reveal a long-tailed distribution covering both microscopic and very
large facade defects. This pronounced scale diversity poses a significant
challenge for both detection and segmentation.

Fig. 7(b) shows the distribution of background boxes, which are ran-
domly sampled non-defect patches used as a reference for contrastive
analysis. These background patches are intentionally constrained to
moderate sizes so that they remain representative of local non-defect
regions. The empty region in the lower-left corner is expected: back-
ground boxes smaller than 20 pixels on either side are excluded,
corresponding to the 20-pixel receptive field induced by the 32xdown-
sampling operation (P5-stage) in common instance segmentation mod-
els (input size 640/32 = 20). Patches below this scale do not constitute
meaningful semantic context for the model and are therefore omit-
ted. Compared with the highly heterogeneous foreground distribution,
the background boxes exhibit a more compact and uniform pattern,
highlighting the intrinsic difficulty of detecting tiny cracks that may
occupy less than 0.01% of the image while simultaneously handling
large-scale structural defects. Together, these characteristics underscore
the geometric richness and real-world complexity embodied in the
CUBIT-InSeg dataset.
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4. Physical quantification and DT integration

While the previous section focuses on dataset establishment and
analysis, the value of CUBIT-InSeg also lies in its compatibility with
physically grounded facade assessment. In this section, we describe
how pixel-level defect segmentations can be converted into physically
interpretable measurements and further integrated into a DT-oriented
facade representation. Benefiting from the equal-distance imaging setup
and calibrated geometric conversion, defect attributes such as crack
length, crack width, and spalling area can be estimated in consistent
physical units and then registered to corresponding facade elements
in the reconstructed model. This enables the transition from image-
level defect recognition to component-level condition description and
severity-aware defect management.

4.1. Physical-based defect measurement from pixel-level segmentation

Given the equal-distance UAV imaging and automatic flight plan-
ning strategy described in the previous subsection, all facade images in
CUBIT-InSeg are captured at a prescribed, nearly constant standoff dis-
tance dy,,. from the building surface. This imaging geometry enables
pixel-level defect instance segmentations to be directly converted into
physically meaningful measurements, which are later used for DT-based
defect quantification with the workflow in Fig. 8.

Let I; denote the ith UAV image captured at distance dy,. With
camera focal length f and pixel pitch §, (physical size of one pixel
on the sensor). Under the pinhole camera model, the ground-sample
distance (GSD) on the facade plane can be approximated as

dlargel

GSD = 5 3

s
where f is the camera focal length and §, is the pixel pitch. As for
the equal-distance imaging strategy, the GSD is approximately constant
across all images and within each fagade patch. In practice, images with
excessive lens distortion or misalignment are filtered out. This ensures
that the remaining images provide a reliable basis for metric conversion
and DT-based defect quantification, while the approximately constant
GSD allows pixel measurements to be converted to physical units for
cracks and spalling.

To assess the effect of deviations from the equal-distance assump-
tion, we consider a simple sensitivity analysis. If the realized standoff
distance deviates from d,,,. by a relative factor #, then crack width
and spalling area are perturbed by Aw/w = n and 44/A = (1 +
n? — 1, respectively. For example, +5% and +10% distance devia-
tions lead to approximately +5% and +10% errors in crack width,
and +10.25% and +21% errors in spalling area at the individual-defect
level. These cases are intended as conservative sensitivity bounds:
for typical inspection distances above 10m, a +10% deviation would
already correspond to about a 1m standoff error, which is unusually
large and not representative of normal planned operation. Moreover,
the final engineering assessment is based on aggregated component-
level indicators and interval-based SI grading rather than on a single
raw defect measurement, so the practical impact on severity assessment
is typically much smaller than the defect-level upper-bound sensitivity
alone may suggest.

Using the instance-level segmentation model trained on CUBIT-
InSeg, each image I, is associated with a set of defect instances M, =
{_ka)};:il, where .ng) C 7 denotes the pixel set of the kth defect
instance (either crack or spalling) in image I;.

For crack-type instances, we first compute a skeletonized represen-
tation to decouple crack length and width. Let FI.(") be the skeleton pixels
of instance ka), extracted by a standard thinning algorithm, and let t(p)
be the unit tangent direction along the skeleton at pixel p € F,.(k). The
corresponding normal direction is n, (p) = Ry t(p), where Ry rotates
a 2D vector by 90°.
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Fig. 8. Physical-based facade defect quantification workflow: (a) Defect reg-
istration; (b) Defect assessment.

Crack width For each skeleton pixel p, we count the number of
consecutive crack pixels along n, (p) that remain inside Q;k): N,(p) =
{qe ka) | g on the normal line p}|.

The local physical crack width at p is then

w(p) = N, (p) GSD. )

An instance-level crack width can be defined as the mean or maximum
of wgk)(p) over all p e l"i(k), e.g.

—= ¥ ). ®)
[ per®

Crack length Similarly, the crack length is obtained by summing
the physical distances between adjacent skeleton pixels along Fl.(k). Let

) =

Fl.(k) ={pp,....p,} be ordered along the crack centerline; the physical
length is approximated as
Ly—1
LY % 3 Ipj4r = pyll, GSD. ©)
=1

i=

Spalling area For spalling-type instances, the primary geometric
descriptor at the image level is the defect area. Given an instance
mask .Q?k) labeled as spalling, its area in pixels is simply |.Q§k)|; the
corresponding physical area is

AW = 19" Gsp. )

Additional shape descriptors, such as equivalent diameter, aspect ra-
tio, or compactness, can be derived from the pixel mask and converted
to physical units by scaling lengths with GSD. These descriptors form a
physically consistent feature set for spalling, which is particularly im-
portant given its higher severity in facade safety assessment compared
with cracks.
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The above procedure yields, for each defect instance Q?k), a col-
lection of physically interpretable measurements, e.g., (Ll(.k) , LDE"), A;k),
defect type), all expressed in metric units under the equal-distance
imaging assumption. These image-level measurements are aggregated
at facade- or component-level (e.g., by grouping instances within the
same facade panel or elevation zone), providing a compact statistical
description of defect conditions. Since the final assessment is based
on aggregated defect statistics rather than a single local measurement,
moderate random perturbations in individual width, length, or area
estimates are partly smoothed out at the component level.

4.2. DT-oriented defect quantification

Building upon the physically measurable crack and spalling de-
scriptors derived from pixel-level segmentations, this section integrates
these measurements into a DT representation of the facade. The ob-
jective is to transform 2D image-based defect indicators into facade-
element-level condition assessments that are physically interpretable
and consistent with international building pathology standards, includ-
ing BS ISO 15686-7:2017 and the inspection guidelines issued by the
Hong Kong Buildings Department (BD) and the Hong Kong Institute of
Surveyors (HKIS).

Let the facade DT be composed of M surface or BIM elements
{&;} j"i |- Each defect instance detected in images is associated with one
or more facade elements based on its image footprint and the camera
field-of-view at the time of acquisition.

For each defect instance k detected in image I;, the set of physically
measurable attributes is denoted as

K _ 70 k) 4
@7 ={L", w;’, A", type}, 8)

where Lﬁk) and u‘)l(.k) denote the crack length and mean geometric width,
respectively, Al(.k) denotes the spalling area, and type € {C, S} indicates
crack or spalling.

A defect instance is assigned to fagade element ¢&; if it appears
within the region of the facade imaged when capturing I;. Let K;
denote the set of all defect instances associated with €;. The aggregated
defect state of element &, is therefore

o¢Ey= o®. ©)
kek;
For practical facade assessment, the following element-level statis-
tics are computed:

Legp= Y LY 10
kek;, type=C
- 1 _(k
W) = e 2 @l an
i keks
AsEp= Y ab, (12)
kEK;, type=S

where £{ and K7 denote the crack and spalling instances, respectively.
These quantities constitute the defect signature of each facade com-
ponent and serve as the input for severity grading and maintenance
prioritization.

According to BS ISO 15686-7:2017 [16], the Hong Kong Build-
ings Department [17], and the Hong Kong Institute of Surveyors
(HKIS) [18], cracks and spalling are both regarded as safety-relevant
facade defects. Cracks may lead to moisture ingress, reinforcement
corrosion, and progressive deterioration, while spalling is classified as a
high-risk defect due to the potential for concrete detachment and falling
hazards.

To align with these standards while accounting for the characteris-
tics of UAV-based image measurements, a unified severity index (SI) is
defined for each facade element:

SIE) = ay Lo(&) +ay WE(E) + s Ag(E)), 13)
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Table 3
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Severity classification aligned with the proposed SI and ISO/HK inspection practice.

Severity level SI range Crack extent (Length) Effective opening (Qualitative) Recommended action

Low SI <025 Short, isolated cracks (< 0.5 m) Narrow/visually minor Routine monitoring

Moderate 0.25 <81 <0.50 Multiple or medium-length cracks Moderate opening Preventive repair planning

Severe 0.50 < .S1<0.75 Long or connected crack patterns Large effective opening Urgent maintenance required

Critical ST >0.75 Extensive or through-facade cracking Very large opening/detachment risk Immediate action and safety measures

where a; + ay + s = 1 and a; > ay, reflecting the engineering
observation that crack extent is often more indicative of facade-level
risk than localized width measurements.

Here, L denotes the normalized total crack length, Wg” denotes an
effective crack opening indicator derived from geometric width using
a soft, logarithmic mapping to avoid over-sensitivity to large apparent
widths in image space, and ZS denotes the normalized spalling area.
All normalized terms take values in [0, 1].

Based on the computed SI, each facade element is classified into
one of four condition levels consistent with ISO 15686 and Hong
Kong inspection practice, as summarized in Table 3. The classifica-
tion emphasizes crack extent and effective opening in combination,
while reserving the highest severity levels for extensive or potentially
hazardous defect patterns.

The final DT representation stores, for each fagade element &;, the
numerical SI, the underlying physical defect metrics, and the corre-
sponding condition level:

(SIE), D(E)), Severity Level). (14)

This enables quantitative visualization of facade conditions, time-
series monitoring across repeated UAV inspections, and risk-informed
maintenance prioritization within the DT environment.

5. Benchmark evaluation experiments of the proposed CUBIT-
InSeg dataset

To comprehensively evaluate the proposed CUBIT-InSeg dataset,
we trained an extensive suite of deep learning models, encompassing
17 model families and more than 80 individual networks, including
convolution-based architectures (Starnet [54], FasterNet [55],
MobileNetV4 [56], EMO [57], ConvNeXtV2 [58]), transformer-
based architectures (Swin-Transformer [59], CSwin-
Transformer [60], RepViT [61], EfficientViT [62]), and YOLO
variants (YOLOv8 [38], YOLOv9 [19], YOLOv10 [63], YOLOv11 [64],
YOLOv12 [65], YOLOv13 [66], Mamba-YOLO [67], Hyper-YOLO
[39]). These SOTA approaches cover a wide spectrum of design
paradigms and represent the leading techniques in modern object detec-
tion and instance segmentation. Leveraging such architectural diversity
allows us to establish a comprehensive benchmark and to compare
how different model families behave under a unified evaluation setting
on CUBIT-InSeg. This helps position CUBIT-InSeg as a standardized
benchmark resource rather than attributing performance differences to
the dataset itself.

For evaluation metrics, we utilize mean Average Precision (mAP)
by following the widely adopted MS COCO [10] instance segmentation
task, reporting bounding GT-Box mAP, s and mAP 5.5 for objects
localization, as well as mask mAP, 5 and mAPs.,¢5 for objects seg-
mentation. Adopting these widely accepted metrics also aligns our
dataset with common object-centric benchmarks, thereby enhancing its
comparability and general applicability within the broader community.

5.1. Experimental setup

All experiments, including both the benchmark evaluation on
CUBIT-InSeg and the cross-domain validation on external datasets, are
conducted on an Ubuntu 22.04 workstation equipped with an Intel i9-
13900K CPU and dual NVIDIA RTX 4090 GPUs. All models are trained
for 300 epochs with a batch size of 16. To ensure fair comparison,

Table 4

Key training and validation/test settings of experiments.
Input images size 640/512/416

CUBIT-InSeg/Highway-Crack/Crack-Seg

Epochs 300
Batch size 16
Optimizer type SGD
Learning rate schedule Linear
Initial learning rate « le-2
Final LR factor (Irf) le—4
Momentum p 0.937
Weight decay ¢ 5e—-4
Warmup epochs 3.0
Warmup momentum 0.8
Warmup bias learning rate 0.1
Loss coefficients A, Apoys Aaf 0.5, 7.5, 1.5
HSV-H augmentation 0.015
HSV-S augmentation 0.7
HSV-V augmentation 0.4
Translation 0.1
Scaling 0.5
Horizontal flip 0.5
Vertical flip 0.5
Mosaic 1.0
MixUp 0.5
Copy-paste 0.0
Degrees 0.0
Shear 0.0
Perspective 0.0
Random seed 0
Deterministic training Enabled

no model is initialized with pre-trained weights from generic object-
detection or defect-related datasets (e.g. MS COCO [10]). Stochastic
gradient descent (SGD) is used as the optimizer, and the key training,
augmentation, and reproducibility settings are summarized in Table 4.
In addition, all experiments are conducted with a fixed random seed
(seed=0), and deterministic computation is enabled where supported
by the Ultralytics framework.

During inference, non-maximum suppression (NMS) [68] is applied
to remove redundant detections. For instance segmentation, although
the segmentation mask is ultimately evaluated using mask-level IoU,
the suppression process still relies on the GT-Box IoU, consistent with
the procedure defined in Algorithm 1. Given an initial list of detected
bounding boxes B and their confidence scores .S, NMS iteratively selects
the box with the highest confidence score, denoted as M, and adds
it to the final detection set D. All remaining boxes b; € B whose
box IoU with M exceeds the suppression threshold N, are removed
along with their corresponding scores. Although mask-level IoU is later
used to compute mask-based evaluation metrics such as Mask AP, 5
and Mask_APj 5. o5, the suppression step remains box-based to ensure
consistency and computational efficiency. These mask-based metrics
evaluate the quality of the predicted segmentation masks by mea-
suring their pixel-level agreement with the ground-truth shapes, thus
reflecting the accuracy of instance-level defect delineation.

The IoU criterion evaluates the overlap ratio between a predicted
box/mask (P-Box/P-Mask) and the ground-truth box/mask
(GT-Box/GT-Mask). We adopt a confidence threshold of 0.25 and an
IoU threshold of 0.7, which follows the setting of Ultratlytics frame-
work unless other noted. A visual illustration of the IoU of computation
is provided in Fig. 9.
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Fig. 9. Visualization of Intersection-over-Union (IoU). Red and orange repre-
sent the ground-truth bounding box/mask (GT-Box/GT-Mask) and predicted
box/mask (P-Box/P-Mask) of this spalling sample, respectively. In IoU equa-
tion, the denominator symbolizes the union of the GT and the P, which is
represented by a blue area. The overlapping area of the GT and the P, which
denoted their intersection, is also indicated by the blue part.

For benchmark training and testing on CUBIT-InSeg, the dataset is
split into training (5596 images, 80%), validation (699 images, 10%),
and test (701 images, 10%) sets, with all images resized to 640 x 640.
Among the aforementioned SOTA models, both convolution-based and
transformer-based architectures serve as powerful feature extraction
backbones. To ensure a fair and controlled comparison, we integrate
all these backbones into the Ultralytics [38,64] framework, which is
also used by the YOLO series and its variants. In our unified benchmark,
only the backbone is replaced across different model variants, while the
neck and detection/segmentation heads are kept consistent under the
same Ultralytics (YOLOv11-style) design. Specifically, the multi-scale
feature maps extracted by each backbone are aligned and connected
through the corresponding P3, P4, and P5 levels to the same shared
neck and head for subsequent feature fusion, detection, and instance
segmentation. As a result, the primary variation among compared mod-
els comes from the backbone itself, whereas the neck, head, prediction
pipeline, training recipe, and inference protocol remain unified. Such
a design is intended not to fully preserve every original architecture-
specific component, but to establish a controlled, reproducible, and
horizontally comparable benchmark setting for CUBIT-InSeg. For a
dataset work, this unified protocol is important because it reduces
confounding factors introduced by heterogeneous implementations and
allows performance differences to more clearly reflect how different
backbone families respond to the dataset. Unless otherwise noted, data
preprocessing settings (including image resizing, normalization, and
anchor settings) follow the default Ultralytics pipeline implementation.
Accordingly, the benchmark results should be interpreted primarily as
differences among model architectures under a common protocol, while
the contribution of CUBIT-InSeg lies in providing the high-resolution,
instance-level, and reproducible evaluation setting (see Fig. 10).

5.2. Evaluation metrics

We evaluate all models using the standard COCO evaluation pro-
tocol, which is applicable to both object detection and segmentation.
For each predicted instance, the IoU between the prediction and its
corresponding ground truth is computed—using bounding boxes for
detection and pixel-level masks for segmentation. Based on IoU, a
prediction is classified as a True Positive (TP), False Positive (FP), or False
Negative (FN).

10
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Algorithm 1: Non-maximum suppression (NMS) procedure used
in instance segmentation pipeline

Input: The input initial detection boxes B, the corresponding
confidence scores .S, and the IoU suppression threshold N,.
Output: The output final selected boxes D and their corresponding

scores S.

1D«g

2 while B # empty do

3 Select the maximum value in the set of .S, and give this value to

m. m < argmax(sS)

4 M <b,

5 D < DuUM

6 B<B-M

7 for b, in B do

8 if iou(M,b;) > N, then

9 LB«—B—bI;S<—S—s‘v;

10 return D, S

The fundamental metrics Precision (P) and Recall (R) are defined
as:

TP TP
TP+ FP’ TP+ FN’
measuring the correctness of predictions and the ability to recover
ground-truth defects, respectively.

To summarize performance across different recall levels, we adopt
the COCO-style Average Precision (AP), computed by integrating the
Precision-Recall curve. Following the COCO protocol, AP is evaluated
at IoU threshold 0.5 (AP, 5) and averaged across ten thresholds from
0.50 to 0.95 (AP s.(95). For multi-class tasks, the mAP is obtained by
averaging AP over all defect categories.

Precision = Recall = (15)

1 1 C
AP /O prydr, mAP = - ; AP,. (16)
where ¢ and C represent each defect class and total defect class num-
bers, respectively.

We report both Box mAP (based on box IoU) and Mask_mAP (based
on mask IoU). The box-based metrics evaluate localization accuracy,
while the mask-based metrics assess pixel-level agreement and bound-
ary fidelity—crucial for infrastructure defect segmentation.

5.3. Benchmarking experiment and analysis

Based on the experimental setup and evaluation metrics described
above, we report the benchmark results of more than 80 models on
CUBIT-InSeg, together with the corresponding cross-domain zero-shot
evaluation results. The following analysis covers three aspects: overall
and category-wise instance segmentation performance, the relationship
between network attributes and practical efficiency, and zero-shot
transferability to external defect datasets.

5.3.1. Overall and category-wise performance analysis of instance segmen-
tation

Table 5 and 6 not only show the overall experimental results but
also report the per-defect-type evaluation results tested on our proposed
CUBIT-InSeg dataset.

Since all SOTA methods in our benchmark are re-implemented
under a unified Ultralytics protocol to ensure fair and reproducible
comparison, we first conduct a supplementary ablation on three rep-
resentative backbones, which are FasterNet-s [55], ConvNeXtV2-
tiny [58], and Swin-Transformer-Tiny [59], -covering
lightweight CNN, modern CNN, and modern Transformer families, by
comparing their official MMDetection-based [69] Mask R-CNN [35]
implementations with our unified re-implementations. As shown in
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Table 5
Benchmark results of selected end-to-end models on the test set of CUBIT-InSeg dataset.
Models #Params(M)  FLOPS(G)l  FPST | BoxmAPSy1 Box mAPLY, 1 Apf;j““ b0 - A;Zﬁ""i}ﬁz?x) | Mask AT Mask mAPGY. 1 AP,EC:a';k ) - As::,lrngAg:[f,“k)T
0, 0.5:0.9: 0, 0.5:0.95 0. 0.5:0, 0. 0.5:09:
Conv-based Models
EMO-1IM (n) [57] 3.27 13.1 498.35 84.5% 74.4% T1.1% 54.5% 97.9% 94.4% 76.1% 52.7% 54.7% 19.0% 97.4% 86.3%
EMO-2M (s) [57] 9.06 37.1 356.96 88.0% 78.7% 77.6% 61.9% 98.4% 95.5% 78.6% 55.3% 59.6% 22.4% 97.7% 88.2%
EMO-5M (m) [57] 20.46 86.1 242.75 90.4%; 82.2% 82.0%, 68.0% 98.8%, 96.4% 81.6%; 57.5% 64.9%, 25.2%, 98.3%; 89.8%
EMO-6M (1) [57] 32.12 149.5 203.45 90.5%, 82.4%, 82.1%,  682%, | 988%,  96.7% 81.2% 57.9%, 64.0% 250% | 983%  90.7%
MobileNetV4-S (s) [56] 10.19 41.8 59227 78.3% 66.4% 58.9% 40.8% 97.7% 92.0% T1.2% 48.5% 45.5% 13.3% 96.9% 83.7%
MobileNetV4-M (m) [56] 2327 140.0 340.33 79.1% 67.6% 60.4% 42.3% 97.8% 93.0% 71.3% 48.6% 45.7% 13.7% 97.0% 83.4%
MobileNetV4-L (1) [56] 3449 154.7 285.14 80.9% 70.0% 64.1% 46.1% 97.6% 93.8% 72.9% 50.5% 48.6% 14.8% 97.1% 86.1%
FasterNet-t0 (n) [55] 4.15 13.1 729.19, 79.7% 68.2% 61.7% 43.2% 97.8% 93.1% 722% 49.0% 47.1% 14.1% 97.4% 84.0%
FasterNet-t1 (n) [55] 7.79 21.7 640.52 82.1% 70.6% 66.0% 47.4% 98.2% 93.9% T4.4% 50.3% 51.0% 16.0% 97.8% 84.7%
FasterNet-t2 (n) [55] 15.17 394 508.73 82.7% 71.3% 67.4% 48.9% 98.1% 93.7% 74.2% 50.6% 50.7% 15.5% 97.7% 85.8%
FasterNet-s (s) [55] 35.85 100.2 302.47 85.8% 78.0% 72.8% 54.2% 98.8% 95.3% 76.0% 52.3% 53.8% 16.9% 98.1% 87.7%
FasterNet-m (m) [55] 65.57 2284 160.52 87.6% 71.3% 76.5% 58.8% 98.8% 95.8% 77.9% 53.9% 57.5% 19.2% 98.2%, 88.5%
FasterNet-1 (1) [55] 109.29 349.8 124.97 88.4% 78.2% 78.0% 60.2% 98.9%, 96.2% 78.5% 54.5% 58.8% 19.9% 98.3%; 88.9%
Starnet-s50 (n) [54] 2.19; 8.9, 828.82; 72.9% 61.0% 48.8% 31.9% 97.1% 90.0% 67.6% 46.0% 39.1% 11.2% 96.1% 80.8%
Starnet-s100 (n) [54] 2.69, 10.4, 689.58 76.8% 65.0% 56.0% 38.2% 97.5% 91.8% 69.9% 47.5% 43.1% 12.8% 96.7% 82.2%
Starnet-s150 (n) [54] 3.19 11.2 665.89 77.1% 65.1% 56.7% 38.5% 97.6% 91.7% 70.8% 47.8% 44.7% 13.2% 96.8% 82.4%
Starnet-s1 (s) [54] 8.45 30.8 480.88 82.3% 71.3% 66.5% 48.3% 98.1% 94.2% 74.8% 51.5% 52.1% 17.2% 97.5% 85.9%
Starnet-s2 (m) [54] 16.4 91.6 341.02 85.6% 75.4% 12.5% 55.1% 98.7% 95.6% 77.0% 53.4% 56.3% 18.4% 97.8% 88.3%
Starnet-s3 (1) [54] 21.7 104.3 287.39 86.0% 75.4% 73.3% 55.5% 98.8% 95.3% 77.4% 53.4% 56.8% 18.7% 98.0% 88.1%
Starnet-s4 (x) [54] 433 223.0 173.83 86.6% 76.1% T4.4% 56.7% 98.8% 95.5% 78.3% 54.1% 58.6% 19.8% 98.0% 88.4%
ConvNeXtV2-nano (n) [58] 17.91 47.8 210.86 87.6% 79.6% 77.4% 63.8% 97.8% 95.4% 79.1% 55.8% 60.7% 23.0% 97.4% 88.6%
ConvNeXtV2-tiny (s) [58] 35.36 97.7 136.16 87.8% 79.7% 77.5% 63.2% 98.2% 96.2% 79.3% 56.5% 60.7% 22.7% 97.8% 90.4%
ConvNeXtV2-base (m) [58] 103.21 335.6 60.87 89.0% 81.0% 79.7% 65.9% 98.3% 96.2% 80.6% 57.0% 63.2% 24.3% 97.9% 89.7%
ConvNeXtV2-large (1) [58] 217.03 656.9 37.58 90.1% 82.5%, 81.8% 68.4%, 98.5% 96.7%, 81.5%, 57.7% 65.1%, 25.1%; 98.0% 90.4%
Transformer-based Models
Swin-Transformer-Tiny (n) [59] 29.97 81.5 200.99 82.6% 72.3% 67.4% 50.4% 97.9% 94.2% 74.0% 51.9% 50.7% 17.2% 97.4% 86.5%
Swin-Transformer-Small (s) [59] 55.57 168.8 129.89 86.2% 76.2% 74.1% 57.0% 98.3% 95.3% 76.3% 53.7% 54.7% 18.9% 97.9% 88.5%
Swin-Transformer-Base (m) [59] 62.77 228.0 111.19 87.1% 77.6% 75.5% 59.0% 98.6% 96.1% 77.3% 54.6% 56.4% 19.8% 98.1% 89.5%
Swin-Transformer-Large (1) [59] 66.04 2374 101.03 87.9% 78.3% 77.2% 60.9% 98.6% 95.8% 78.2% 55.0% 58.3% 20.4% 98.1% 89.6%
CSwin-Transformer-Tiny (n) [60] 23.94 74.4 210.68 81.8% 69.2% 66.3% 46.2% 97.2% 92.2% 72.9% 49.7% 49.1% 14.4% 96.8% 84.9%
CSwin-Transformer-Small (s) [60] 40.39 129.1 136.11 84.4% 72.8% 71.5% 52.3% 97.4% 93.3% 76.2% 52.1% 55.5% 17.6% 96.8% 86.7%
CSwin-Transformer-Base (m) [60] 90.53 318.7 72.24 86.1% 75.0% 74.7% 56.0% 97.5% 94.1% 77.3% 53.8% 57.9% 18.9% 96.8% 88.7%
CSwin-Transformer-Large (1) [60] 190.15 621.2 42.75 86.4% 75.3% 75.2% 56.7% 97.6% 93.9% 78.5% 54.5% 59.6% 20.1% 97.4% 88.9%
EfficientViT-MO (n) [62] 3.99 11.8 641.55 79.1% 67.4% 60.3% 41.9% 97.9% 92.9% 71.6% 48.6% 45.7% 13.1% 97.5% 84.2%
EfficientViT-M1 (n) [62] 4.63 16.5 546.71 81.3% 69.3% 64.4% 45.4% 98.1% 93.3% 73.6% 50.1% 50.1% 15.1% 97.2% 85.1%
EfficientViT-M2 (s) [62] 9.81 35.2 474.59 84.2% 73.0% 70.0% 51.3% 98.3% 94.8% 76.0% 52.3% 54.2% 17.4% 97.8% 87.1%
EfficientViT-M3 (m) [62] 19.71 97.8 312.00 87.0% 76.7% 75.2% 57.6% 98.8%, 95.9% 78.2% 54.4% 58.3% 19.8% 98.0% 89.0%
EfficientViT-M4 (1) [62] 24.88 109.2 264.32 87.3% 71.2% 75.7% 58.3% 98.8%, 96.1% 78.7% 54.7% 59.2% 20.3% 98.2%, 89.0%
EfficientViT-M5 (x) [62] 48.60 236.1 172.96 89.0% 79.4% 79.1% 62.2% 98.9%, 96.5%, 80.0% 56.0% 61.8% 21.8% 98.2%, 90.2%
RepViT-m09 (n) [61] 6.68 20.9 504.95 82.5% 71.1% 66.9% 48.8% 98.0% 93.8% 75.2% 51.4% 53.0% 16.9% 97.4% 86.0%
RepViT-m10 (s) [61] 125 424 384.80 86.2% 75.9% 13.7% 56.3% 98.8%, 95.4% 78.1% 54.3% 58.1% 20.4% 98.1% 88.3%
RepViT-m11 (m) [61] 211 105.2 294.08 87.0% 71.2% 75.2% 58.0% 98.9%, 96.4% 78.7% 54.8% 59.2% 20.6% 98.1% 89.0%
RepViT-m15 (1) [61] 30.2 129.7 239.38 87.3% 71.2% 75.9% 58.5% 98.6% 95.8% 78.8% 54.8% 59.5% 20.3% 98.1% 89.4%
RepViT-m23 (x) [61] 59.3 281.0 129.65 87.7% 71.5% 76.4% 59.1% 98.9%, 95.9% 79.2% 54.9% 60.2% 20.8% 98.1% 89.0%

(1) 1 (1) indicates that larger (smaller) values lead to better (worse) results. The best are in orange, the second best are in blue.
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Fig. 10. Qualitative results of the test-set from the proposed CUBIT-InSeg dataset. Yellow ovals highlight the regions where the models instance segmentation
effects are relatively good.
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Table 6
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Benchmark results of selected single-stage real-time models on the test set of CUBIT-InSeg dataset.

Models #Params(M FLOPs(G FPS Box_mAP!“Y! Box_mAP! Crack (Box) Spalling (Box) Mask_mAP“ Mask_mAP* Crack (Mask) Spalling (Mask)
D1 (G FPS| | BoxmARY1  BoxmAP[ sl |~gper— per | gpery AP, | MRSKMARG T MaskmAR( ! pper e ape Ape T
YOLO Series Models
YOLOvV8(8.1)-n [38] 325 12.0 835.53, 82.9% 73.0% 68.3% 52.2% 97.5% 93.7% 75.3% 52.0% 53.7% 19.2% 96.9% 84.9%
YOLOV8(8.1)-s [38] 11.78 42.4 545.83 88.4% 79.2% 78.2% 62.6% 98.6% 95.8% 79.6% 55.7% 60.9% 22.7% 98.2% 88.8%
YOLOV8(8.1)-m [38] 27.22 111.0 311.14 90.5% 82.4% 82.3% 68.2% 98.6% 96.5% 81.6% 57.8% 65.2% 25.5% 98.0% 90.0%
YOLOV8(8.1)-1 [38] 4591 220.1 220.34 91.5% 83.8% 84.0% 70.7% 99.0%, 96.9% 82.6% 58.7% 66.7% 26.6% 98.5%, 90.7%
YOLOV8(8.1)-x [38] 71.72 343.7 145.91 92.0% 85.1% 85.1% 73.1% 98.8% 97.1% 83.0% 59.4% 67.9% 28.1% 98.2% 90.7%
YOLOvV9-n [19] 3.09 54.1 536.10 80.7% 70.6% 63.7% 47.6% 97.8% 93.6% 74.0% 52.0% 50.8% 17.5% 97.3% 86.4%
YOLOvV9-s [19] 8.52 75.4 408.28 87.6% 78.5% 76.9% 61.5% 98.3% 95.5% 79.6% 55.9% 61.3% 23.0% 97.9% 88.7%
YOLOV9-m [19] 2225 131.2 275.07 91.0% 82.9% 83.2% 69.3% 98.8% 96.5% 81.4% 57.8% 64.9% 25.4% 98.0% 90.2%
YOLOV9-c [19] 27.62 157.6 235.83 91.9% 84.3% 85.0% 71.7% 98.8% 96.8% 82.5% 58.7% 66.8% 26.6% 98.2% 90.9%
YOLOv9-e [19] 59.68 244.4 128.57 92.5%, 85.7%, 86.0%, | 742%, | 989% | 97.3%, 83.9%, 60.4%, 69.6%; 29.5%, 98.3% | 912%,
YOLOv10-n [63] 2.84 11.7 836.54, 84.4% 74.8% 71.2% 55.7% 97.7% 93.9% 77.5% 53.6% 57.5% 21.1% 94.4% 86.1%
YOLOV10-s [63] 9.17 40.5 530.40 89.3% 80.6% 80.1% 65.3% 98.5% 96.0% 80.7% 56.7% 63.3% 24.5% 98.0% 88.9%
YOLOV10-m [63] 19.33 101.4 305.73 90.7% 82.8% 82.8% 69.2% 98.7% 96.3% 82.6% 58.3% 67.0% 26.8% 98.2% 89.8%
YOLOV10-b [63] 25.48 166.6 254.87 90.9% 83.0% 83.2% 69.4% 98.6% 96.6% 82.2% 58.4% 66.4% 26.7% 98.1% 90.1%
YOLOV10-1 [63] 30.79 194.9 224.79 90.8% 83.2% 82.7% 69.5% 98.9% 96.9% 82.3% 58.7% 66.2% 26.9% 98.4%, 90.5%
YOLOv10-x [63] 39.52 276.9 154.25 91.4% 84.2% 83.9% 71.3% 99.0%, 97.2%, 83.0% 59.3% 67.5% 27.9% 98.4%, 90.7%
YOLOv11(8.3)-n [64] 2.83 10.2, 72371 78.9% 66.8% 60.1% 41.2% 97.8% 92.4% 71.4% 48.3% 45.8% 13.5% 97.0% 83.1%
YOLOvV11(8.3)-s [64] 10.07 353 466.25 85.8% 74.8% 73.2% 54.8% 98.3% 94.8% 77.8% 53.3% 57.7% 19.3% 98.0% 87.2%
YOLOV11(8.3)-m [64] 22.34 123.0 283.47 88.8% 78.5% 78.7% 61.3% 98.9% 95.7% 79.2% 55.0% 60.2% 21.2% 98.3% 88.8%
YOLOV11(8.3)-1 [64] 27.59 1419 240.49 89.1% 79.7% 79.3% 62.9% 98.9% 96.5% 80.0% 56.1% 61.7% 22.4% 98.3% 89.8%
YOLOV11(8.3)-x [64] 62.01 318.5 131.13 90.9% 81.8% 82.8% 66.8% 99.1%; 96.7% 81.1% 57.2% 63.7% 23.9% 98.4%, 90.4%
YOLOv12-n [65] 2.81, 10.2, 727.60 79.9% 68.2% 62.6% 44.0% 97.3% 92.5% 72.4% 49.2% 47.9% 14.6% 96.9% 83.9%
YOLOvV12-s [65] 9.89 352 450.47 85.1% 74.1% 72.0% 53.6% 98.2% 94.7% 77.0% 52.5% 56.0% 18.4% 97.9% 86.6%
YOLOv12-m [65] 2241 122.4 24822 87.0% 76.2% 75.4% 57.0% 98.5% 95.3% 77.7% 53.7% 57.3% 19.1% 98.1% 88.4%
YOLOv12-1 [65] 28.65 1439 191.08 88.6% 78.5% 78.4% 60.8% 98.9% 96.3% 79.2% 55.0% 60.2% 20.8% 98.2% 89.2%
YOLOv12-x [65] 64.22 322.6 109.11 88.7% 78.9% 78.5% 61.5% 98.9% 96.4% 78.8% 55.2% 59.3% 20.6% 98.3% 89.7%
YOLOv13-n [66] 2.70, 10.0, 614.38 83.8% 75.4% 70.2% 56.7% 97.4% 94.1% 77.1% 53.9% 57.1% 21.2% 97.1% 86.5%
YOLOV13-s [66] 9.66 34.0 367.35 89.0% 81.6% 79.8% 66.9% 98.2% 96.3% 80.5% 57.0% 63.4% 25.3% 97.7% 88.8%
YOLOV13-1 [66] 29.19 139.6 140.64 91.0% 84.0% 83.4% 71.2% 98.7% 96.8% 82.4% 58.9% 66.8% 27.2% 98.1% 90.5%
YOLOvV13-x [66] 67.64 311.5 84.86 91.8% 84.3% 84.9% 71.9% 98.8% 96.7% 83.0% 59.1% 67.8% 27.5% 98.2% 90.8%,
Mamba-YOLO-T [67] 592 16.2 243.10 83.3% 72.3% 68.4% 50.2% 98.2% 94.5% 75.6% 52.2% 53.2% 17.5% 98.0% 87.0%
Mamba-YOLO-B [67] 21.15 58.5 121.19 87.5% 76.7% 76.0% 57.5% 98.9% 95.9% 71.2% 54.0% 55.8% 18.3% 98.5% 89.8%
Mamba-YOLO-L [67] 56.33 175.9 45.08 88.5% 78.6% 78.0% 60.9% 98.9% 96.2% 80.0% 55.8% 61.6% 21.9% 98.4%, 88.8%
Hyper-YOLO-n [39] 3.87 134 742.44 85.4% 76.5% 72.8% 58.1% 98.1% 94.8% 77.6% 54.0% 57.4% 21.2% 97.7% 86.8%
Hyper-YOLO-s [39] 14.17 47.8 442.49 89.7% 81.4% 80.7% 66.4% 98.8% 96.5% 80.9% 56.7% 63.7% 24.2% 98.1% 89.2%
Hyper-YOLO-m [39] 32.08 123.1 249.75 91.5% 84.3% 84.3% T1.7% 98.8% 96.9% 82.9% 58.7% 67.5% 27.0% 98.2% 90.3%
Hyper-YOLO-1 [39] 54.40 2463 170.52 92.0% 85.4%, 85.3% 73.6% 98.8% 97.1% 83.6%, 59.7% 69.0% 28.2% 98.3% 91.2%;
Hyper-YOLO-x [39] 94.97 384.4 114.87 92.4%, 85.7%, 85.8%,  743% | 9.0%,  97.1% 83.9%, 59.9%, 69.3%,  28.6%, | 984%,  912%

(1) 1 (1) indicates that larger (smaller) values lead to better (worse) results. The best in orange, the second best are blue.

Table 7

Comparison experiment on official and unified implementations using three representative backbones.

Models Frameworks #Params FLOPs Box (Detection) Mask (Segmentation)

(M)l (G)l m_APY&S[ AP!(’SI APIL’SI mAPYeAI
0.5 T m. 0.5:0.95 T m 0.5 T 0.5:0.95 T
FasterNet-s [55] Official 48.60 144.0 67.7% 53.1% 47.9% 37.8%
Unified (Ours) ~ 35.85 100.2 79.9% 61.7% 76.0% 54.2%
) Official 47.67 143.0 72.1% 59.8% 47 4% 39.1%
ConvNeXtv2-tiny [58

onvive iny (58] Unified (Ours) ~ 35.36 97.7 87.8% 79.7% 79.3% 56.5%
Swin-Transformer-tiny [50]  OFicial 47.38 145.0 76.5% 65.2% 49.2% 40.4%
-lransiormer-tiny Unified (Ours) ~ 29.97 81.5 82.6% 72.3% 74.0% 51.9%

(1) “Official” refers to the MMDetection-based Mask R-CNN implementation with the original backbone. “Unified (Ours)” refers to our re-

implementation under the shared Ultralytics protocol.

Table 7, the unified setting does not weaken the effectiveness of
these backbones on CUBIT-InSeg; instead, it consistently achieves bet-
ter accuracy with lower complexity. For instance, FasterNet-s
improves from 53.1% / 37.8% to 61.7% / 54.2% in detection/seg-
mentation mAP{Y ., while reducing parameters and FLOPs from
48.60M/144.0G to 35.85M / 100.2G. Similar trends are observed for
ConvNeXtV2-tiny and Swin-Transformer-Tiny. This supple-
mentary ablation study not only supports the fairness of the unified
benchmark protocol, but also further demonstrates that CUBIT-InSeg
can serve as a stable and discriminative benchmark across different
model families.

As the sample data shown in Fig. 10, the detection and segmen-
tation of the cracks are substantially more challenging than spallings:
cracks typically appear thin, elongated, and fragmented, with ambigu-
ous boundaries, whereas spalling regions are larger, more coherent, and
visually well-defined. And the significant disparity in the number of
targets is another factor (shown in Fig. 6). As illustrated in Fig. 11, the
Box and Mask AP of Spalling lie much closer to the outer boundary
of the radar plots compared with those for Crack, which means that
the performance gap among models on spallings is relatively small,
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(b) IoU=0.95, Average Precision comparison of the selected
models on the proposed CUBIT-InSeg Dataset
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Fig. 11. Comparison of six evaluation metrics at IoU thresholds of 0.5 (a) and
0.5:0.95 (b) using radar plots. Dashed curves correspond to end-to-end models,
whereas solid curves correspond to single-stage real-time models.
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while cracks exhibit noticeably lower AP values and contribute more
significantly to the mAP degradation.

End-to-End Models As shown in Table 5, the conv-based archi-
tectures consistently outperform the transformer-based ones while also
maintaining noticeably smaller model sizes. This performance advan-
tage is largely driven by their superior ability to handle the more
challenging crack category across all four mAP metrics. Benefiting from
its conv-based expanded window multi-head self-attention (EW-MHSA)
module, EMO-6M ranks first on Box mAP,s; and Mask mAP 5., s,
while EMO-5M achieves the top score on Mask mAP, 5. In addition,
ConvNeXtV2-Large, equipped with the global response normalization
(GRN) layer, attains the best performance on Box_ mAPs.( 5.

For spalling category, the performance differences among large
models are  marginal. Notably, the  transformer-based
EfficientViT-M5 performs competitively with conv-based models
such as EMO-6M and FasterNet-1 on both Box and Mask AP s.

Single-Stage Real-Time Models As presented in Table 6, the YOLO
family and its representative variants deliver strong performance de-
spite their relatively compact model sizes. YOLOv9-e, supported by
a plug-and-play auxiliary training branch, ranks first in three out of
four crack-related AP metrics and ultimately achieves the best overall
results across four box and mask mAP scores. The second-best per-
former is Hyper—-YOLO-x, which benefits from the hypergraph compu-
tation empowered semantic collecting and scattering (HGCSCS) framework.
Hyper-YOLO-x achieves the highest Box mAP 5., o5 on crack, but its
Mask_mAP5.g95 is 0.9% lower than that of YOLOvO9-e, which is a
notable margin at such a stringent IoU threshold.

For the spalling category, performance differences are again small.
At IoU = 0.5, YOLOv11-x gets the highest Box AP, while Mamba-
YOLO-M and YOLOv8-1 share the best Mask_AP. At the more chal-
lenging IoU = 0.5:0.95 setting, YOLOv9—e delivers the top Box_AP and
jointly shares the best Mask AP with Hyper-YOLO-1 and Hyper-
YOLO-x.

Comparison between End-to-End Models and Single-Stage Real-
Time Models Comparing Table 5 with Table 6, the advantages of
single-stage real-time models become substantially more evident. Un-
der comparable model scales, single-stage architectures require fewer
parameters and FLOPs, particularly when contrasted with complicated
end-to-end models such as ConvNeXtV2, Swin-Transformer, and
CSwin-Transformer. In terms of instance segmentation accuracy,
their superiority is even more pronounced. Across all four mAP met-
rics, the second-best single-stage model already surpasses the top-
performing end-to-end model. The gap becomes striking under stricter
IoU conditions: on Box_AP;s.,95 and Mask AP;s.qos, the leading
single-stage model (YOLOv9-e) exceeds the best end-to-end models
(ConvNeXtV2-Large and EMO-6M) by 3.2% and 2.5%, respectively.
This performance margin is primarily attributed to the markedly better
handling of the more challenging crack category in both localization
(Box-related metrics) and segmentation (Mask-related metrics).

To further illustrate these trends, Fig. 11 visualizes the strongest
model from each series using a six-metric radar chart. The solid
hexagons (single-stage models) consistently envelop the dashed
hexagons (end-to-end models), clearly indicating the uniformly stronger
localization and segmentation performance achieved by single-stage
models. These differences should be understood as architecture-
dependent benchmark observations under the unified CUBIT-InSeg
protocol, rather than performance gains caused by the dataset itself.

5.3.2. Network attributes affecting instance segmentation

The computational efficiency of an algorithm is another key factor
for practical deployment. Tables 5 and 6 summarize the model size (pa-
rameters or Params.), computational complexity (FLOPs), and inference
speed (FPS) of all evaluated architectures, as well. Params. denotes
the number of trainable parameters in a neural network, which also
reflects the storage footprint of the trained model. FLOPs measure the
computational cost required for a single forward pass, indicating how
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Fig. 12. (a) Model Complexity (FLOPs) vs Model Size (Params) and (b) Model
Complexity (FLOPs) vs Inference Efficiency (FPS) on the test set of CUBIT-
InSeg dataset. Solid line correspond to end-to-end models, while dashed line
represent single-stage real-time models.

many floating-point operations the model must perform. FPS (frames
per second) provides the most direct assessment of runtime inference
efficiency.

In general, models with fewer parameters tend to require fewer
FLOPs and are therefore expected to achieve higher FPS, as shown
in Fig. 12. However, real-world inference performance is jointly influ-
enced by several additional factors: (1) the extent to which the network
architecture can fully utilize GPU Tensor Cores and CUDA Kkernels; (2)
the level of hardware-specific optimization achieved by the deployment
backend; (3) the computational overhead of post-processing steps such
as NMS in Algorithm 1, which may increase when smaller inputs
produce more small-object predictions. As a result, parameters, FLOPs,
and FPS should be interpreted together to provide a more reliable and
comprehensive assessment of the practical efficiency of each model
family.

End-to-End Models StarNet series benefits from its lightweight
design philosophy that relies on fewer layers and highly efficient
element-wise multiplication. Consequently, StarNet-s50 and
StarNet-s100 stand out as the two most compact models, each
containing fewer than 3M parameters with only 8.9G and 10.4G FLOPs,
respectively. As expected, StarNet—-s50 also delivers the highest
inference speed, reaching 828.82 FPS on our Ubuntu 22.04 worksta-
tion. It is also noteworthy that FasterNet-t0, despite not being the
smallest model, attains the second-highest throughput (729.19 FPS),
owing to its partial convolution mechanism that significantly improves
operator efficiency.

Single-Stage Real-Time Models Among all YOLO-family variants,
the smallest architectures are YOLOv13-n and YOLOv12-n, with
parameters of 2.70M and 2.81M, and FLOPs of 10.0G and 10.2G,
respectively. Interestingly, the fastest models are not these smallest
variants but rather YOLOv10-n and YOLOv8-n, achieving 836.54
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(a) t-SNE of the proposed CUBIT-InSeg and Highway-Crack dataset

(b) t-SNE of the proposed CUi?lT-lnSeg and leack-Seg dataset

£33 CUBIT-InSeg dataset
[ Crack-Seg dataset

/)

Fig. 13. t-SNE visualization of the proposed CUBIT-InSeg and (a) Highway-
Crack [14] and (b) Crack-Seg [15] datasets.

FPS and 835.53 FPS. In contrast, although Mamba-YOLO-T has rel-
atively small parameters and FLOPs, its inference speed is considerably
lower due to the 2D-Selective-Scan [70], which introduces sequential
dependencies.

Comparison between End-to-End and Single-Stage Real-Time
Models Under the same model scaling factors, single-stage real-time
architectures consistently exhibit lower parameters and FLOPs while
achieving substantially higher FPS, which can be more intuitively seen
in Fig. 12. This efficiency gap is particularly evident when compar-
ing with complex end-to-end models such as ConvNeXtV2, Swin-
Transformer, CSwin-Transformer, highlighting the strong suit-
ability of single-stage models for real-time defect inspection applica-
tions.

5.3.3. Zero-shot validation on cross-domain datasets

One practical way to further examine the usefulness of a new dataset
is to evaluate whether models trained on it can transfer to other related
datasets without additional fine-tuning. Therefore, after completing the
benchmark evaluation of over 80 individual networks on the proposed
CUBIT-InSeg dataset, we further assess the cross-domain generalization
ability of our models under a zero-shot setting. Specifically, we directly
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apply the trained models to the test set parts of two publicly available
unmanned systems collected datasets, Highway-Crack [14] for pure
highway data and Crack-Seg [15] for building and pavement mixed
data, without any training and fine-tuning.

To quantitatively and visually analyze the domain shift between
datasets, Fig. 13 presents a t-SNE computed from color-histogram de-
scriptors. For each image, 32-bin RGB histograms are extracted, con-
catenated, and normalized to form a compact appearance descriptor.
These histogram features are standardized and optionally compressed
using Principal component analysis (PCA) for improved stability, and
then projected into a two-dimensional embedding space via t-SNE.
The resulting distributions reveal clear structural differences between
CUBIT-InSeg and the external datasets. To further quantify the discrep-
ancy, we compute the Euclidean distance between the cluster centers
of the two t-SNE embeddings as a simple domain-gap metric. The
distances are 16.63 for Highway-Crack and 7.92 for Crack-Seg. These
discrepancies in feature-space geometry highlight the inherent chal-
lenges of achieving robust defect instance segmentation under diverse
real-world conditions, while also suggesting that models trained on
CUBIT-InSeg exhibit promising transferability to related infrastructure
inspection scenarios under the zero-shot setting.

Zero-Shot on Highway-Crack Dataset Following the default eval-
uation protocol of Highway-Crack [14], all input images are resized
to 512 x 512 during zero-shot testing. Table 8 reports the results of
end-to-end models. Notably, the transformer-based EfficientViT-
M5 achieves the strongest zero-shot generalization, ranking first across
all four metrics. For box-level evaluation, EM0-5M and FasterNet-1
rank second under Box_AP, 5 and Box_APj s.( o5, respectively, whereas
FasterNet-m and ConvNeXtV2-Large obtain the second-best per-
formance on Mask AP, 5 and Mask_APy 5. os-

Table 9 summarizes the zero-shot performance of single-stage real-
time models. In addition to the consistently strong YOLOv9-e, the
YOLOv8 family shows competitive cross-domain robustness: YOLOv8-
1 ranks second on Box AP,s, while YOLOv8-x ranks second on
Box_AP 5. 95 and Mask AP 5.

Overall, combining the results from Tables 8 and 9, we observe
that Highway-Crack exhibits typical UAV-view highway scenes with
pronounced illumination variations and small, distant crack targets.
Under this challenging cross-domain setting, larger-capacity variants
(m, b, 1, x) generally achieve more stable zero-shot performance across
both end-to-end and single-stage architectures, while the performance
differences among the strongest models of each model families remain
relatively moderate.

Zero-Shot on Crack-Seg Dataset For the Crack-Seg dataset, we
follow its default setting and resize all input images to 416 x 416
during zero-shot testing. Table 10 summarizes the results of the end-to-
end models. CSwin-Transformer-Large and EfficientViT-
M5 achieve the highest Box_ AP 5 and Box AP, s.( o5, respectively. Inter-
estingly, despite being the smallest variant, CSwin-Transformer-
Tiny obtains the best performance on two mask-based metrics, sug-
gesting that compact transformer architectures can remain competitive
under certain cross-domain conditions.

Table 11 shows the results for single-stage real-time models. Un-
der IoU = 0.5, Mamba-YOLO-L and YOLOv10-x deliver the highest
Box AP and Mask AP, respectively. Under the more demanding IoU
(from 0.5 to 0.95), YOLOv13-x, despite its relatively modest in-
domain performance, outperforms all competitors, achieving the best
Box AP and Mask AP, with the latter being 0.22% higher than the
second-best model YOLOv9-s.

Taken together, Tables 10 and 11 indicate that, unlike Highway-
Crack, the Crack-Seg dataset does not strictly follow the trend where
larger models generalize better. Several lightweight models (n, s),
such as CSwin-Transformer-Tiny, YOLOv9-s, YOLOv10-s, and
Hyper-YOLO-s, achieve top-two performance on multiple metrics,
revealing a different behavior for this cross-domain ground vehicle-
captured data.
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Zero-shot evaluation of selected end-to-end models on the test set of Highway-Crack dataset [14].

Models Input Size Box AP[")'1 Box_APéfg’,0 os1 Mask_APg’g'T Mask APy .1
Conv-based Models

EMO-1IM (n) [57] 512x 512 80.9% 54.8% 64.8% 21.2%
EMO-2M (s) [57] 512x 512 81.7% 56.8% 68.9% 23.5%
EMO-5M (m) [57] 512x 512 83.1%, 58.5% 72.5% 25.4%
EMO-6M (1) [57] 512 %512 82.9% 59.7% 73.6% 26.6%
MobileNetV4Conv-S (s) [56] 512 %512 78.0% 54.9% 63.8% 22.6%
MobileNetV4Conv-M (m) [56] 512x 512 78.1% 55.5% 65.7% 22.8%
MobileNetV4Conv-L (1) [56] 512 %512 79.3% 56.6% 68.2% 23.7%
FasterNet-t0 (n) [55] 512x 512 77.4% 55.2% 64.3% 22.4%
FasterNet-t1 (n) [55] 512x 512 78.9% 56.4% 68.5% 24.2%
FasterNet-t2 (n) [55] 512%512 79.8% 56.8% 69.8% 24.9%
FasterNet-s (s) [55] 512x512 81.4% 58.7% 72.2% 27.1%
FasterNet-m (m) [55] 512x 512 82.6% 59.5% 74.0%, 26.8%
FasterNet-1 (1) [55] 512x 512 82.7% 59.8%, 72.5% 26.9%
Starnet-s50 (n) [54] 512x512 77.0% 53.6% 60.4% 19.7%
Starnet-s100 (n) [54] 512x 512 78.1% 55.2% 64.9% 22.7%
Starnet-s150 (n) [54] 512x 512 77.1% 54.9% 65.8% 22.3%
Starnet-s1 (s) [54] 512x 512 79.2% 56.8% 69.4% 23.7%
Starnet-s2 (m) [54] 512x 512 81.2% 58.3% 71.4% 26.5%
Starnet-s3 (1) [54] 512x 512 80.7% 57.7% 71.7% 26.3%
Starnet-s4 (x) [54] 512%x512 82.2% 59.2% 71.0% 26.1%
ConvNeXtV2-nano (n) 512x 512 78.7% 56.5% 69.4% 26.3%
ConvNeXtV2-tiny (s) 512x512 78.8% 56.9% 69.3% 25.5%
ConvNeXtV2-base (m) 512%512 78.1% 57.1% 70.0% 27.1%
ConvNeXtV2-large (1) 512x512 79.7% 58.3% 73.5% 27.9%,

Transformer-based Models
Swin-Transformer-Tiny (n) [59] 512x 512 74.8% 53.5% 62.8% 21.9%
Swin-Transformer-Small (s) [59] 512 %512 76.9% 55.0% 66.0% 24.3%
Swin-Transformer-Base (m) [59] 512x512 78.5% 56.6% 69.9% 26.5%
Swin-Transformer-Large (1) [59] 512x512 79.1% 57.3% 69.3% 26.9%
CSwin-Transformer-Tiny (n) [60] 512 %512 78.7% 56.5% 69.4% 24.7%
CSwin-Transformer-Small (s) [60] 512x512 81.3% 58.1% 71.4% 26.5%
CSwin-Transformer-Base (m) [60] 512x512 81.8% 59.1% 73.1% 27.7%
CSwin-Transformer-Large (1) [60] 512x 512 82.2% 59.7% 73.7% 27.8%
EfficientViT-MO (n) [62] 512x512 78.2% 55.5% 66.3% 23.1%
EfficientViT-M1 (n) [62] 512x512 79.1% 56.6% 68.2% 23.7%
EfficientViT-M2 (s) [62] 512x 512 80.6% 58.1% 68.5% 24.4%
EfficientViT-M3 (m) [62] 512x512 81.8% 59.0% 72.4% 26.6%
EfficientViT-M4 (1) [62] 512x 512 81.8% 59.3% 73.8% 27.8%
EfficientViT-M5 (x) [62] 512 %512 83.3%, 60.7% 74.7%, 28.2%;
RepViT-m09 (n) [61] 512x 512 79.3% 56.6% 69.7% 23.9%
RepViT-m10 (s) [61] 512x 512 80.8% 58.4% 71.1% 25.7%
RepViT-m11 (m) [61] 512 %512 80.9% 58.5% 71.7% 25.9%
RepViT-m15 (1) [61] 512%512 80.5% 58.7% 71.2% 26.6%
RepViT-m23 (x) [61] 512x512 81.5% 59.0% 71.7% 27.2%

(1) t (1) indicates that larger (smaller) values lead to better (worse) results. The best in orange, the second best are in blue.

Zero-Shot Performance Comparison between Two Cross-
Domain Defect Datasets Fig. 13 shows that Crack-Seg is closer to
CUBIT-InSeg in the t-SNE space, indicating a smaller distribution gap
under the adopted histogram-based descriptors. This observation is
broadly consistent with the zero-shot instance segmentation results of
the selected models, where Crack-Seg yields slightly better overall per-
formance than Highway-Crack. Specifically, under the easier IoU = 0.5
criterion, the selected models perform marginally better on Highway-
Crack in both Box_AP and Mask_AP, as evidenced in Fig. 16(a) and (c),
where the solid line with ¥/ markers lies slightly above the dashed line
with A\ markers. In contrast, under the stricter IoU = 0.5:0.95 criterion,
the Box_AP and Mask_AP on Highway-Crack decrease more noticeably
and become lower than those on Crack-Seg. This trend is shown in Fig.
16(b) and (d), where the dashed line with /\ markers is generally above
the solid line with \/ markers, with a visible margin.

This behavior may be related to several dataset-level characteristics.
Beyond the coarse appearance gap reflected by the t-SNE embeddings
in Figs. 13, 17 further compares the target-size and target-location
statistics of the two external datasets. Fig. 17(a) and (c) show that
crack instances in both datasets are predominantly elongated, while
Crack-Seg contains relatively more targets whose width and height are
closer to each other. Fig. 17(b) and (d) show that Crack-Seg targets
are concentrated more strongly around the image center, whereas
Highway-Crack targets are distributed more evenly across the image
plane. Together with the smaller t-SNE distance between Crack-Seg and
our CUBIT-InSeg, these dataset-level differences likely help explain why
zero-shot transfer on Crack-Seg is slightly more favorable, especially
under the stricter IoU = 0.5:0.95 criterion. They also indicate that the
reported zero-shot evaluation is non-trivial, since both external datasets
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differ from CUBIT-InSeg not only in overall appearance statistics but
also in instance-level spatial and scale-related characteristics.

Figs. 14 and 15 present qualitative instance segmentation results
on the two cross-domain test sets. We select representative models
that perform strongly on each dataset: FasterNet, EfficientViT,
YOLOvS8, and YOLOVY for Highway-Crack, as well as ConvNeXtV2,
CSwin-Transformer, Mamba-YOLO, and YOLOv13 for Crack-Seg.
Overall, these visualizations suggest that models trained on CUBIT-
InSeg can retain reasonable detection and segmentation capability on
related unseen datasets without additional fine-tuning. The qualitative
results therefore provide encouraging evidence of zero-shot transfer-
ability, although broader cross-domain validation would still be needed
to support stronger generalization claims.

6. Real-world validation

To evaluate the effectiveness and practical applicability of the pro-
posed dataset under real operational conditions, we conduct a field
experiment that couples pixel-level facade defect segmentation with
geospatial registration on an actual high-rise building. This section
reports the experimental setup, the end-to-end processing pipeline
from images to the DT, and the quantitative assessment of registration
accuracy, from both physical and virtual perspectives.

6.1. Experimental setup

The experiment is conducted on a high-rise multi-storey logistics
warehouse located in Sha Tin, Hong Kong. This building features
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Table 9
Zero-shot evaluation of selected single-stage real-time models on the test set of Highway-Crack dataset
[14].
Models Input Size Box AP{Y'1 Box APy .1 Mask_AP'1 Mask AP 1
YOLO Series Models
YOLOV8(8.1)-n [38] 512x512 79.9% 55.0% 64.3% 21.8%
YOLOV8(8.1)-s [38] 512x512 81.3% 56.9% 67.4% 23.6%
YOLOV8(8.1)-m [38] 512x 512 82.8% 59.0% 72.7% 26.6%
YOLOV8(8.1)-1 [38] 512x 512 84.7%, 60.8% 76.4% 28.5%
YOLOV8(8.1)-x [38] 512512 84.3% 61.3%, 76.8%, 29.5%
YOLOv9-t [19] 512 %512 81.0% 56.4% 66.0% 22.8%
YOLOV9-s [19] 512x 512 83.3% 58.8% 71.4% 24.7%
YOLOv9-m [19] 512 %512 84.3% 60.3% 75.0% 27.6%
YOLOv9-c [19] 512 %512 84.4% 60.4% 75.2% 28.7%
YOLOvV9-e [19] 512512 85.3%, 62.0%, 77.2%, 30.4%,
YOLOv10-n [63] 512 %512 80.9% 56.7% 66.1% 22.4%
YOLOv10-s [63] 512 %512 83.6% 58.7% 71.5% 24.8%
YOLOv10-m [63] 512512 83.3% 60.5% 75.3% 27.5%
YOLOvV10-b [63] 512x512 84.4% 60.1% 74.5% 27.6%
YOLOvV10-1 [63] 512512 84.3% 60.5% 74.7% 28.0%
YOLOv10-x [63] 512x 512 84.5% 61.2% 75.2% 28.8%
YOLOV11(8.3)-n [64] 512x512 77.9% 55.0% 65.0% 21.9%
YOLOV11(8.3)-s [64] 512x 512 80.8% 57.9% 70.0% 24.6%
YOLOV11(8.3)-m [64] 512x 512 81.4% 58.3% 72.2% 26.4%
YOLOV11(8.3)-1 [64] 512x 512 82.8% 59.9% 73.7% 26.8%
YOLOv11(8.3)-x [64] 512 %512 83.5% 60.5% 75.5% 28.6%
YOLOv12-n [65] 512x 512 78.7% 56.1% 65.3% 22.4%
YOLOv12-s [65] 512 %512 81.1% 58.4% 70.3% 24.5%
YOLOv12-m [65] 512 %512 81.6% 59.0% 73.7% 27.1%
YOLOv12-1 [65] 512 %512 82.4% 59.6% 74.8% 27.5%
YOLOvV12-x [65] 512x 512 83.0% 59.9% 74.7% 27.6%
YOLOv13-n [66] 512 %512 76.8% 54.6% 66.2% 23.3%
YOLOv13-s [66] 512 %512 79.2% 57.3% 71.7% 26.7%
YOLOV13-1 [66] 512x512 82.3% 59.7% 73.9% 28.6%
YOLOvV13-x [66] 512% 512 82.2% 60.3% 75.1% 29.2%
MambaYOLO-T [67] 512x512 79.0% 57.7% 69.2% 25.4%
MambaYOLO-B [67] 512x512 81.7% 59.7% 75.0% 28.2%
MambaYOLO-L [67] 512x 512 82.1% 60.3% 74.6% 29.8%,
Hyper-YOLO-n [39] 512x512 78.3% 55.6% 65.1% 22.3%
Hyper-YOLO-s [39] 512x512 81.0% 58.6% 69.9% 25.0%
Hyper-YOLO-m [39] 512x 512 82.8% 60.2% 73.7% 27.5%
Hyper-YOLO-1 [39] 512x 512 83.1% 61.0% 75.4% 29.3%
Hyper-YOLO-x [39] 512 %512 83.6% 61.3%, 75.5% 29.5%
(1) 1 (}) indicates that larger (smaller) values lead to better (worse) results. The best in orange, the second best
are in blue.
Input Image FasterNet EfficientViT YOLOv8 YOLOv9 inputimage CSwin-Trans Mamba-YOLO YOLOv13

& GT Mask & GT Mask ConvNeXtV2

3 BT »

Fig. 14. Qualitative results of zero-shot instance segmentation based on Fig. 15. Qualitative results of zero-shot instance segmentation based on
models trained on the proposed CUBIT-InSeg dataset, evaluated on the models trained on the proposed CUBIT-InSeg dataset, evaluated on the Crack-
Highway-Crack dataset [14]. Seg dataset [15].

16



B. Zhao et al.

Table 10
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Zero-shot evaluation of selected end-to-end models on the test set of Crack-Seg dataset [15].

Models Input Size Box AP[")'1 Box_APéfg’,0 os1 Mask_APg’g'T Mask APy .1
Conv-based Models
EMO-1IM (n) [57] 416 x 416 72.4% 60.1% 63.5% 28.2%
EMO-2M (s) [57] 416 x 416 76.5% 62.6% 61.9% 29.2%
EMO-5M (m) [57] 416 x 416 75.6% 64.3% 68.9% 29.8%
EMO-6M (1) [57] 416 x 416 74.9% 62.3% 66.7% 29.1%
MobileNetV4Conv-S (s) [56] 416 x 416 71.8% 61.6% 66.0% 28.3%
MobileNetV4Conv-M (m) [56] 416 x 416 72.6% 62.5% 63.9% 29.1%
MobileNetV4Conv-L (1) [56] 416 x 416 75.0% 62.7% 66.5% 30.5%
FasterNet-t0 (n) [55] 416 x 416 72.6% 63.3% 65.4% 27.8%
FasterNet-t1 (n) [55] 416 x 416 72.4% 62.2% 64.7% 27.4%
FasterNet-t2 (n) [55] 416 x 416 70.9% 60.8% 63.2% 27.9%
FasterNet-s (s) [55] 416 x 416 71.6% 62.5% 66.4% 30.2%
FasterNet-m (m) [55] 416 x 416 72.5% 62.1% 63.6% 30.1%
FasterNet-1 (1) [55] 416 x 416 77.6%, 65.4% 69.8% 31.5%
Starnet-s50 (n) [54] 416 x 416 65.8% 53.7% 54.2% 18.5%
Starnet-s100 (n) [54] 416 x 416 72.8% 63.0% 64.9% 28.6%
Starnet-s150 (n) [54] 416 x 416 70.2% 61.2% 63.5% 28.1%
Starnet-s1 (s) [54] 416 x 416 71.9% 62.7% 67.0% 31.5%
Starnet-s2 (m) [54] 416 x 416 73.5% 63.1% 63.8% 30.2%
Starnet-s3 (1) [54] 416 x 416 77.4% 64.0% 66.8% 31.2%
Starnet-s4 (x) [54] 416 x 416 76.5% 65.2% 67.1% 31.7%
ConvNeXtV2-nano (n) [58] 416 x 416 73.9% 63.4% 68.2% 31.7%
ConvNeXtV2-tiny (s) [58] 416 x 416 73.0% 62.2% 68.3% 31.2%
ConvNeXtV2-base (m) [58] 416 x 416 75.6% 64.7% 66.7% 32.4%
ConvNeXtV2-large (1) [58] 416 x 416 75.8% 65.6%, 69.3% 32.8%,
Transformer-based Models
Swin-Transformer-Tiny (n) 512 %512 75.0% 63.7% 70.9%, 33.7%,
Swin-Transformer-Small (s) 512 %512 76.8% 63.9% 68.9% 31.9%
Swin-Transformer-Base (m) 512x512 75.8% 64.1% 69.2% 31.9%
Swin-Transformer-Large (1) 512x512 76.7% 64.9% 65.7% 31.0%
CSwin-Transformer-Tiny (n) [60] 416 x 416 72.7% 63.1% 69.3% 30.6%
CSwin-Transformer-Small (s) [60] 416 x 416 74.8% 63.9% 69.9% 31.7%
CSwin-Transformer-Base (m) [60] 416 x 416 75.1% 63.6% 69.3% 32.4%
CSwin-Transformer-Large (1) [60] 416 x 416 77.9%, 65.6%, 70.1%, 32.2%
EfficientViT-MO (n) [62] 416 x 416 72.3% 63.1% 64.7% 28.3%
EfficientViT-M1 (n) [62] 416 x 416 72.5% 63.2% 65.9% 29.2%
EfficientViT-M2 (s) [62] 416 x 416 71.3% 62.1% 66.1% 28.9%
EfficientViT-M3 (m) [62] 416 x 416 73.0% 63.0% 64.0% 31.0%
EfficientViT-M4 (1) [62] 416 x 416 74.1% 62.7% 66.6% 30.3%
EfficientViT-M5 (x) [62] 416 x 416 77.1% 66.0%; 66.5% 31.6%
RepViT-m09 (n) [61] 416 x 416 72.7% 62.5% 64.1% 28.7%
RepViT-m10 (s) [61] 416 x 416 71.8% 62.9% 67.2% 30.9%
RepViT-m11 (m) [61] 416 x 416 73.5% 63.3% 64.0% 30.8%
RepViT-m11 (1) [61] 416 x 416 76.7% 64.3% 68.4% 30.7%
RepViT-m23 (x) [61] 416 x 416 74.2% 63.9% 69.8% 30.8%

(1) t (1) indicates that larger (smaller) values lead to better (worse) results. The best in orange, the second best are in blue.
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Fig. 16. Zero-shot instance segmentation results based on models trained on the proposed CUBIT-InSeg dataset, evaluated on the Highway-Crack and Crack-Seg
test sets. Solid lines with inverted triangles \/ denote Highway-Crack [14], while dashed lines with upright triangles /\ denote Crack-Seg [15].

large reinforced-concrete fagcades with representative deterioration pat-
terns, and therefore provides a suitable testbed for assessing automated
facade inspection.

Image data are acquired using three DJI Mavic 2 Pro UAVs equipped
with a high-resolution RGB camera (showed in Fig. 18). The multi-
UAV data collection strategy, mentioned in Section 3.1, is utilized in
this building to cover the four principal facades, namely the southwest
(SW), southeast (SE), northeast (NE) and northwest (NW) walls, while
maintaining consistent viewing geometry and sufficient image overlap.
All images are stored with embedded EXIF metadata, including GPS
position and altitude at the time of acquisition.

A three-dimensional DT of the building was reconstructed from
the UAV imagery using a standard photogrammetric pipeline based
on multi-view stereo (MVS) reconstruction [71]. The resulting georef-
erenced mesh provides the geometric reference frame for subsequent
defect projection and quantitative error analysis. In the following, this
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DT is treated as the ground-reference model onto which image-based
detections are spatially anchored.

6.2. Defect segmentation and projection

The facade defects are inspected by YOLOv9-e [19], which is trained
on our proposed CUBIT-InSeg dataset. For each UAV image, the model
outputs a set of defect instances, where each instance consists of (1)
a mask delineating the defect region at pixel resolution and (2) an
associated axis-aligned bounding box. As illustrated in Fig. 19(a), these
instances are overlaid on the original images as green contours and
their labels.

Although mask representation is advantageous for detailed appear-
ance analysis, spatial registration to the DT is performed at the instance
level. Specifically, for each detected defect, we compute the centroid of
its bounding box in image coordinates and use this point as a compact
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Table 11
Zero-shot evaluation of the selected single-stage real-time models on the test set of Crack-Seg dataset
[15].
Models Input Size Box APY'1 Box APy .1 Mask_AP'1 Mask AP 1
YOLO Series Models
YOLOv8(8.1)-n [38] 416 x 416 75.6% 64.2% 69.9% 31.7%
YOLOV8(8.1)-s [38] 416 x 416 74.4% 63.8% 69.2% 29.7%
YOLOv8(8.1)-m [38] 416 x 416 74.2% 64.3% 70.0% 32.0%
YOLOv8(8.1)-1 [38] 416 x 416 74.3% 62.3% 68.0% 33.5%
YOLOvV8(8.1)-x [38] 416 x 416 75.3% 62.6% 67.8% 31.2%
YOLOv9-t [19] 416 x 416 76.6% 64.1% 69.7% 31.5%
YOLOV9-s [19] 416 x 416 76.3% 65.2% 71.0% 33.9%,
YOLOvV9-m [19] 416 x 416 73.9% 62.4% 67.6% 30.5%
YOLOV9-c [19] 416 x 416 73.8% 60.8% 61.6% 30.3%
YOLOv9-e [19] 416 x 416 75.5% 62.1% 69.3% 31.0%
YOLOv10-n [63] 416 x 416 75.3% 62.9% 68.1% 30.4%
YOLOv10-s [63] 416 x 416 75.6% 66.5%, 71.9%, 33.2%
YOLOv10-m [63] 416 x 416 73.0% 61.4% 69.9% 32.3%
YOLOv10-b [63] 416 x 416 75.5% 64.4% 67.0% 31.5%
YOLOv10-1 [63] 416 x 416 77.5% 64.4% 70.1% 32.1%
YOLOv10-x [63] 416 x 416 77.0% 64.7% 73.5%, 33.0%
YOLOv11(8.3)-n [64] 416 x 416 73.0% 63.0% 63.8% 29.1%
YOLOvV11(8.3)-s [64] 416 x 416 71.9% 63.1% 67.2% 32.1%
YOLOvV11(8.3)-m [64] 416 x 416 73.6% 63.5% 64.2% 30.6%
YOLOv11(8.3)-1 [65] 416 x 416 76.6% 65.0% 68.6% 32.1%
YOLOv11(8.3)-x [65] 416 x 416 75.6% 64.1% 68.8% 31.2%
YOLOv12-n [65] 416 x 416 72.5% 62.4% 65.4% 29.2%
YOLOv12-s [65] 416 x 416 72.1% 63.1% 67.8% 31.7%
YOLOv12-m [65] 416 x 416 73.9% 63.0% 64.2% 31.4%
YOLOv12-1 [65] 416 x 416 76.3% 65.6% 67.6% 31.4%
YOLOv12-x [65] 416 x 416 76.0% 64.6% 67.8% 31.4%
YOLOv13-n [66] 416 x 416 75.2% 63.2% 64.2% 30.0%
YOLOv13-s [66] 416 x 416 75.6% 62.8% 67.1% 31.5%
YOLOvV13-1 [66] 416 x 416 76.1% 66.1% 70.6% 33.3%
YOLOv13-x [66] 416 x 416 78.7%, 66.7%, 70.7% 36.1%,
MambaYOLO-T [67] 416 x 416 73.0% 63.3% 65.1% 29.2%
MambaYOLO-B [67] 416 x 416 73.0% 62.7% 63.4% 28.8%
MambaYOLO-L [67] 416 x 416 79.1%, 65.7% 71.4% 33.8%
Hyper-YOLO-n [39] 416 x 416 75.6% 64.4% 68.0% 31.1%
Hyper-YOLO-s [39] 416 x 416 75.1% 65.7% 71.9%, 32.6%
Hyper-YOLO-m [39] 416 x 416 72.1% 61.4% 63.1% 30.3%
Hyper-YOLO-1 [39] 416 x 416 75.0% 65.2% 69.1% 31.9%
Hyper-YOLO-x [39] 416 x 416 72.5% 61.8% 66.5% 31.7%

(1) 1 (1) indicates that larger (smaller) values lead to better (worse) results. The best in orange, the second best

are in blue.

(a) Target size of Highway-Crack dataset (b) Target distribution of Highway-Crack dataset
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Fig. 17. Target size and target distribution of Highway-Crack [14] and Crack-
Seg [15] datasets.

geometric proxy for the instance. This design is consistent with the
methodology described in Section 4.1, where the image formation pro-
cess is modeled by the calibrated pinhole camera, and back-projection
of image points is carried out via the known intrinsic and estimated
extrinsic parameters. In this paper, no explicit offline intrinsic calibra-
tion or per-image distortion correction was performed. Instead, metric
conversion was based on the hardware parameters of the DJI Mavic
2 Pro camera together with the approximately equal-distance imaging
strategy. Given the typical stand-off distances in fagade inspection and
the predominance of observations near the central field of view, the
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(m)

(b)

Fig. 18. Multi-UAV data collection for this target industrial logistics ware-
house. (a) Three UAVs coverage path planning; (b) Different views from each
UAV.

residual distortion was considered sufficiently limited for the present
inspection setting. Moreover, images with obvious distortion, blur, or
geometric inconsistency were removed during data cleaning.

Given the camera pose associated with each image (derived from
EXIF GPS data and refined through the photogrammetric bundle adjust-
ment), the defect centroid is back-projected as a 3D ray into the world
coordinate system. The intersection of this ray with the corresponding
facade surface of the DT is then computed, which yields the registered
defect location in 3D space. This procedure effectively maps 2D pixel-
level detections into 3D, while preserving their semantic labels and
enabling subsequent GIS-based analysis.

6.3. Defect registration and visualization

Building on our previous work on Al-assisted geospatial defect
mapping [13], the registered defect points are further organized and
visualized within a GIS-compatible environment. For each defect in-
stance, the 3D intersection point on the DT is stored together with its
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Fig. 19. Comparison between physical segmentation and virtual registration. (a) Raw aerial facade photos overlaid with pixel-level crack segmentation (green
contours), while each quadrant shows one facade; (b) 3D building model with directional arrows pointing to each wall. Green dots are registered centers of

defects; red rectangles are bounding boxes from segmentation results.

Table 12

Defect registration error for large-scale infrastructure.
Registration Error (cm) Mean MAE RMSE IQR
Horizontal 0.490 2.350 4.746 0
Vertical 0.592 1.037 2.385 0
Diagonal 1.360 4.056 7.149 3.747

semantic attributes (defect type, confidence score, and source image
index). These points can then be queried, filtered, and aggregated using
standard spatial operations.

Fig. 19 summarizes the overall effect of the proposed pipeline.
Fig. 19(a) shows representative UAV images with pixel-level crack
segmentation results (green masks and labels). Fig. 19(b) presents the
reconstructed 3D building model, with arrows indicating the corre-
sponding facades. It depicts the final registration outcome on the DT:
red rectangles denote the projected bounding boxes of detected defects
on the virtual facade, while green dots indicate the registered defect
centroids. The close visual correspondence between physical images
and their virtual counterparts demonstrates that the projection pipeline
preserves both the spatial distribution and relative arrangement of
defects across facades.

To quantitatively assess registration accuracy, we compute the hor-
izontal, vertical, and diagonal (Euclidean) discrepancies between the
registered defect points and their expected locations on the facade
planes. The statistics reported in Table 12 include the mean error,
mean absolute error (MAE), root-mean-square error (RMSE), and in-
terquartile range (IQR). All values are expressed in centimetres. The
low diagonal RMSE confirms that the proposed GIS-based registration
is sufficiently accurate for subsequent defect aggregation and severity
analysis at the facade-element level.

6.4. Physical-based SI quantification

After registering the detected defects onto the DT and visualizing
their spatial distribution, we further evaluate the proposed framework
from the perspective of physical-based severity assessment. The fol-
lowing analysis focuses on two aspects: defect-level physical measure-
ment accuracy and SI-based severity assessment consistency, in order
to examine whether pixel-level segmentation results can be reliably
translated into engineering-relevant condition indicators.
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Fig. 20. Empirical validation of the proposed physical quantification pipeline:
(a) Manually annotated ground-truth masks of cracks and spallings; (b) Model
predicted instance masks of the corresponding defects; (c) On-site manual
measurement of the corresponding defects.

6.4.1. Defect-level physical measurement

Since the subsequent SI assessment is built upon defect-level phys-
ical measurements, we first validate the reliability of the proposed
pixel-to-physical quantification pipeline through an on-site measure-
ment campaign at the China Resources Sheung Shui Warehouse in
Hong Kong. A set of sampled crack and spalling defects (60 cracks
and 14 spalling instances) were manually measured in the field and
compared with the corresponding algorithmic predictions obtained
from the instance masks. As shown in Fig. 20, the validation includes
the ground-truth annotations, predicted masks, and field measurement
setup. Quantitative comparison was performed using MAE, RMSE, and
mean relative error for crack length, crack width, and spalling area,
as summarized in Table 13. In addition, Fig. 21 presents scatter plots
comparing the predicted and manually measured quantities with er-
ror bars, where most samples lie close to the identity line. Overall,
these results indicate that the proposed quantification framework can
produce physically meaningful measurements with sufficient accuracy
for downstream SI-based condition assessment. Based on this validated
quantification pipeline, we next evaluate whether the predicted defect
masks can preserve the correct SI-based severity assessment relative to
the ground truth.
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(c) Spalling area: GT vs Prediction
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Fig. 21. Scatter plots comparing the predicted and manually measured defect quantities with error bars. Dashed line indicates the ideal agreement.
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Fig. 22. (a) Quantified SI result of ground truth (blue contours) and predicted
(red contours) labels; (b) Distribution of the defect SI level.

Table 13
Empirical validation results of physical quantification against manual measure-
ments.

Defect type Metric MAE RMSE Mean relative error
Crack Length (m) 0.07190 0.12500 8.85%

Crack Width (m) 0.00846 0.01045 11.21%

Spalling Area (m?) 0.00577 0.00888 8.41%

6.4.2. SI assessment for individuals

After validating the physical measurement accuracy at the defect
level, we further examine whether the predicted segmentation results
can preserve the correct SI-based severity assessment relative to the
ground truth. To this end, both the ground-truth annotations and the
predicted defect masks are processed through the same physical quan-
tification and SI computation pipeline. The resulting agreement is eval-
uated from two complementary perspectives: conventional pixel-level
segmentation quality and engineering-oriented SI consistency.

The metrics we used are mloU (visualized in Fig. 9) and mbDice,
whose equations are:

c
GT.Nn P,
ToU, = M, mIoU = L Y ToU,; a7
|GT, UP,| c&
c
2IGT, N P,| 1
Dice, = ——=_ mDice= — Y Dice,. 18
¢ IGT.| +|P.| C; ¢ as)

where ¢ and C represent each defect class and the total number of
defect classes, respectively.
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Table 14
Defect instance segmentation results and assessment for large-scale infrastruc-
ture.

mDice

79.95%

Metrics mloU

66.64%

SI accuracy

88.57%

Results

Fig. 22(a) visualizes representative examples of SI quantification re-
sults overlaid on UAV images, where each defect instance is annotated
with its corresponding severity level and SI value. Both ground truth
and predicted defects are processed through the same physically based
measurement and SI computation pipeline, ensuring that any difference
in severity grading stems from segmentation discrepancies rather than
post-processing bias.

Table 14 reports the corresponding quantitative results. In addition
to conventional pixel-level segmentation measures (mloU = 66.64%
and mDice = 79.95%), we report SI accuracy, defined as the proportion
of defect instances whose predicted severity level matches that derived
from the ground truth. The SI accuracy of 88.57% indicates that,
despite inevitable pixel-level deviations, most predicted defects are
still assigned to the correct severity category. This result suggests that
moderate segmentation errors do not necessarily translate into incor-
rect engineering-level condition assessment when physically grounded
severity metrics are used.

The lower portion of Fig. 22(b) further illustrates the distribution
of defect severity levels in the real-world dataset. Only 4.76% of the
detected defects are classified as “Low”, while the remaining instances
are distributed across “Moderate” (39.68%), “Severe” (22.22%), and
“Critical” (33.34%) categories, while the severe and critical defects
are regarded as serious cases. This skewed distribution reflects the
challenging nature of the inspected facades, which predominantly ex-
hibit non-trivial deterioration patterns rather than isolated hairline
cracks. Such a distribution is consistent with field inspection reports for
ageing high-rise buildings and underscores the necessity of prioritizing
higher-severity defects in maintenance planning.

Importantly, the proposed SI-based evaluation provides a comple-
mentary perspective to traditional segmentation metrics. While IoU and
Dice primarily measure geometric overlap at the pixel level, SI accu-
racy reflects the consistency of engineering-relevant decisions, namely
defect severity grading and maintenance prioritization as shown in Fig.
23. This distinction is particularly important for real-world deployment,
where inspection outcomes are ultimately used to support safety as-
sessment, repair scheduling, and lifecycle management within a DT
environment.

Overall, the real-world experiment demonstrates that the proposed
framework can translate UAV-based instance-level defect segmenta-
tions into physically meaningful and DT-integrated severity assessments
with good robustness. The strong agreement between ground-truth-
based and prediction-based SI results further confirms the practical
suitability of the proposed physically based quantification pipeline for
facade inspection and decision support applications.
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Fig. 23. Defect management platform for SI assessment.

7. Conclusions

In summary, recent advances in vision-based facade inspection have
demonstrated the potential of deep learning for defect recognition, yet
practical deployment remains constrained by limited dataset represen-
tativeness, weak cross-domain generalization, and insufficient linkage
between pixel-level predictions and building-scale asset representa-
tions. The results presented in this paper indicate that these gaps can
be jointly addressed by combining transferable instance-level percep-
tion with spatially grounded DT integration. Within this context, our
contribution includes both an instance-level facade defect dataset and a
validated pathway for translating recognition results into geometrically
consistent, building-scale inspection outcomes.

First, we introduce CUBIT-InSeg, a multi-class instance segmen-
tation dataset for building facade defects, mainly captured by UAV
platforms in realistic urban environments and annotated at the pixel-
instance level following established facade defect standards and profes-
sional inspection guidelines. To validate the usability and benchmark
value of CUBIT-InSeg, we conduct large-scale training-from-scratch
experiments on more than 80 models, together with zero-shot inference
on two public defect datasets without additional fine-tuning. These
results provide a broad benchmark view of how different architectures
perform on CUBIT-InSeg and suggest encouraging transferability of
models trained on it. Building on this dataset and benchmark founda-
tion, we further bridge pixel-level defect perception with geospatially
consistent representation on a building-scale DT. Starting from high-
resolution RGB imagery acquired by an off-the-shelf drone, the frame-
work integrates instance-level defect segmentation, photogrammetry-
based reconstruction, and GIS-oriented registration to project detected
defects from image space onto the DT surface. Real-world experiments
on a multi-storey logistics building in Hong Kong, together with veri-
fication by building engineers using small-sample facade annotations,
show that the proposed system can generate geometrically consistent
defect maps across multiple facades and achieve centimetre-level reg-
istration accuracy, which is adequate for infrastructure-scale condition
assessment and maintenance planning.

Several limitations of the present work should also be acknowl-
edged. First, the physical quantification workflow relies to some extent
on an approximately equal-distance imaging assumption. This assump-
tion is partially supported by the explore-then-exploit path planning
strategy, in which an initial surface model is reconstructed and then
used to generate viewpoints approximately along local outward nor-
mals. As a result, the framework is not restricted to strictly planar
facades and can also accommodate moderately curved or irregular sur-
faces when local geometry can be reconstructed reliably. Preliminary
observations on a curved-surface case also suggest that the workflow
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remains applicable when local geometry is sufficiently regular. How-
ever, its performance may degrade in scenes with highly complex
geometries, such as dense steel-frame structures, severe self-occlusion,
or strongly fragmented surface features, where both surface modeling
and stable equal-distance imaging become more difficult. Second, the
current dataset and experiments focus only on cracks and spalling.
Although these defect types are highly relevant and representative
in facade inspection practice, other common facade defects, such as
corrosion stains, efflorescence, delamination, and water leakage, are
not yet included. Third, the data are collected within a specific regional
inspection context and primarily on concrete facades, meaning that the
current distribution is inevitably shaped by local building typologies,
material systems, climatic exposure conditions, and inspection practice.
Accordingly, the generalizability of the dataset and the associated
workflow to other geographical regions and facade material systems
still requires further validation.

Future work will therefore focus on extending the dataset and work-
flow along several directions. A larger volume of UAV imagery will be
collected across more diverse facade geometries, material types, defect
categories, and environmental conditions to strengthen both dataset
coverage and model robustness in real-world deployment. In parallel,
we will explore quantification strategies that are less dependent on
approximately equal-distance imaging and local planar assumptions, so
as to improve applicability in more geometrically complex inspection
scenarios. Beyond spatial diversity, enriching the temporal dimension
of the data is also important. Long-term and repeated observations of
the same buildings would enable the analysis of defect progression
over time, thereby supporting a deeper understanding of deterioration
mechanisms and providing stronger evidence for maintenance prior-
itization and intervention planning. Nevertheless, the present work
establishes a solid foundation for instance-level facade defect recog-
nition, engineering-oriented quantification, and DT-integrated building
inspection, with clear value for both future research and practical asset
management.
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