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Abstract  
Structural crack detection remains a key component of structural 
health monitoring for large-scale civil infrastructure, where manual 
inspection is costly and hazardous. While aerial imaging enables 
rapid data acquisition, reliable crack analysis is limited by the 
difficulty of obtaining high-resolution images at close range without 
risking UAV damage. To address this, we introduce a UAV equipped 
with a protective spherical shell that allows safe surface contact. 
Although CNN-based architectures such as FPN and U-Net are 
established for crack segmentation, their encoders struggle to model 
long-range dependencies and fine edge structures, which result in 
poor delineation of thin, low-contrast, and discontinuous cracks. This 
limitation remains a persistent research gap in aerial crack analysis. 
To address this gap, this study investigates two complementary 
strategies: (i) replacing conventional CNN encoders with hierarchical 
Transformer backbones to capture global contextual relationships, 
and (ii) introducing edge-aware input augmentation using luminosity-
based grayscale and Sobel gradient maps to optimize boundary 
sensitivity. We conducted experiments on our CrackUAS dataset, 
which consists of aerial images collected from infrastructure 
inspection scenarios. Integrating a hierarchical Transformer encoder 
with Sobel edge augmentation yields consistent performance gains 
across architectures. The ablation study concludes that F1-scores 
increase by approximately 33% for U-Net and 13% for FPN relative 
to their baseline configurations. These results show that integrating 
Transformer-based feature encoding with edge-aware input 
augmentation improves aerial crack segmentation. 
 

This is an open-access article under the CC BY-SA license. 

 

Keywords:  
Crack Detection; 
Deep Learning; 
Semantic Segmentation; 
Structural Health Monitoring; 
Unmanned Aerial Vehicles; 
 
Article History: 
Received: November 17, 2025 
Revised: April 24, 2026 
Accepted: April 27, 2026 
Published: October 2, 2026 
 
Corresponding Author: 
Earl Ryan Aleluya 
Department of Computer 
Engineering and Mechatronics, 
Mindanao State University – 
Iligan Institute of Technology, 
Philippines 
Email: 
earlryan.aleluya@g.msuiit.edu.ph   

 
INTRODUCTION  

Structural Health Monitoring (SHM) aims 
to assess the condition of infrastructure, 
including its materials, components, and overall 
assembly [1][2]. By diagnosing an 
infrastructure's current state, SHM prevents 
potential catastrophic failures. A recent review in 
[3] reported several established sensing 
technologies - temperature sensing, vibration 
response, local strain measurement, 

electrical/electrochemical sensing, ultrasonic 
testing, acoustic response, and automated 
visual inspection. Traditional SHM methods that 
rely on manual measurement are often labor-
intensive, time-consuming, and risky [4][5]. This 
is why unmanned aerial vehicles (UAVs) have 
gained attention, as they enable rapid inspection 
[6]. 

Automated aerial visual inspection 
combines UAV-mounted cameras and computer 
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vision techniques to increase inspection 
throughput [7]. However, high-quality data 
acquisition remains challenging with off-the-shelf 
UAVs, as the close-proximity flight required for 
high-resolution imaging poses a significant risk of 
propeller damage if the UAV contacts 
infrastructure surfaces. In our previous work [8], 
we introduced the CrackUAS dataset and 
compared segmentation models, including the 
Feature Pyramid Network (FPN), LinkNet, U-Net, 
and U-Net++, all employing VGG16 pre-trained 
encoder weights. Among these, FPN is the fastest 
model with moderate prediction accuracy. On the 
other hand, the U-Net and U-Net++ achieved the 
highest F1-scores—67% and 66%, respectively—
at an Intersection over Union (IoU) threshold of 
0.75. However, these scores remain below the 
performance expected in industry applications, 
which represent a bottleneck in the current 
inspection framework. 

Despite recent advances in Transformer-
based vision models [9][10] and edge-aware 
learning [11]-[13], baseline Vision Transformers 
inherently suffer from a low-frequency bias. They 
are less sensitive to the high-frequency 
topological details required for aerial crack 
segmentation. While existing studies frequently 
replace CNN backbones with Transformers to 
capture global context, this patch-based global 
attention often dilutes the sharp, fragmented 
boundaries of fine cracks. In contrast, explicit 
edge-aware modifications (e.g., Sobel filtering) 
capture fine details but are highly susceptible to 
global background noise when used with 
traditional local convolutions. 

Constraining global self-attention with 
spatial priors to overcome Transformers' intrinsic 
boundary blurring remains a critical open gap. To 
address this, the present study does not merely 
adopt an alternative backbone; rather, we propose 
a structurally guided representation learning 
approach. By explicitly injecting an edge prior 
(Sobel map) and luminosity channels into the input 
space of a hierarchical Transformer encoder, we 
force the multi-head self-attention mechanism to 
prioritize topological continuity over background 
textural noise. Figure 1 illustrates this early-fusion 
integration within the U-Net and FPN 
architectures, where gradients from the 
segmentation loss are backpropagated end-to-
end. This coupling creates a synergistic effect: the 
edge prior anchors the Transformer's attention to 
fine crack boundaries. At the same time, the 
Transformer's global receptive field connects 
fragmented edge features over long distances, 
which suppresses the localized noise typical of 
raw edge maps.  

 
Figure 1. Overview of the improved surface crack 
segmentation framework showing the integration 

of the Sobel edge map as an additional input 
channel and the Transformer-based encoder 

within the U-Net and FPN architectures. 
 
While recent foundation-model approaches 

(e.g. Segment Anything Model [14]-[17]) have 
demonstrated state-of-the-art generalizability, 
their application to spherical shell-UAV inspection 
is limited by two factors: (i) computational 
overhead: the high parameter count precludes 
real-time deployment; and (ii) foreground 
sensitivity: foundation models lack the spatial 
priors necessary to distinguish between the 
drone’s protective shell and actual surface 
defects. Our approach maintains a lean parameter 
count while utilizing a Sobel-augmented attention 
mechanism to filter out hardware-induced 
artifacts. Beyond the mechanical design of a 
collision-resilient spherical shell, this work 
addresses the unique computer vision challenges 
inherent to aerial inspections using a spherical 
shell-UAV. Thus, the paper provides the following 
methodological contributions: 
1. We introduce an obstruction-aware, 

structurally guided architecture specifically 
designed to resolve the visual interference and 
low-frequency bias common in close-proximity 
spherical UAV imagery by integrating a 
hierarchical Transformer encoder with U-Net 
and FPN decoders. 

2. Rather than treating edge detection as a post-
processing step, we design an augmented 
input space (luminosity or Sobel edge) that 
explicitly constrains the Transformer's global 
attention to high-frequency crack topologies. 

3. We benchmarked our modified networks on 
both CrackUAS [8] and a public dataset [14], 
comparing them against predecessor 
configurations and contemporary models such 
as CrackW-net [15], EdgeSAM [16], CrackSAM 
[17], and Crack-EdgeSAM [14]. 

The rest of the paper is organized as 
follows: The related work section synthesizes 
relevant studies about surface crack segmentation 
methods and related imaging techniques.  
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The Methodology section discusses the materials 
and methods, while the following sections present 
the optimization search for a high-performing 
encoder backbone and the results of the ablation 
study. Lastly, the conclusion section summarizes 
the paper.   
 
RELATED WORK 

Improving semantic segmentation of 
surface cracks requires synthesizing studies on 
aerial inspection methods. This section reviews 
encoder designs and input augmentations to 
synthesize recent trends in solutions. 

 
Aerial Surface Crack Inspection 

Manual crack identification relies on human 
inspectors, which poses safety risks, wastes time, 
and limits accessibility [4, 18, 19]. While 
integrating unmanned aerial vehicles (UAVs) 
offers a safer, high-throughput alternative for 
remote infrastructure inspection [6], off-the-shelf 
UAVs struggle to navigate complex structural 
environments like bridge trusses safely [6]. To 
reduce collision risk, enclosing UAVs in protective 
spherical shells is a practical physical solution 
[20][21]. However, introducing this physical 
protection inadvertently creates a visual 
challenge: foreground structural occlusion, which 
impacts visual analysis. 

To replace risky manual inspections, deep 
learning for semantic segmentation has emerged 
as a methodology for automated crack analysis [8, 
22, 23]. Early benchmarks, such as the study in 
[24], established U-Net with a SENet backbone as 
a high-performing baseline, while others proposed 
various CNN modifications [5, 15, 25]. Recently, 
the paradigm has shifted toward large vision 
foundation models. For instance, CrackSAM [17] 
applies parameter-efficient fine-tuning to the 
segment anything model (SAM), and Crack-
EdgeSAM [14] adapts EdgeSAM [16] for climbing 
robots, which obtains high zero-shot accuracy 
[22]. Despite their impressive generalization 
capabilities, these foundation models present a 
critical limitation [26]. They are highly vulnerable 
to visual interference from the immediate 
foreground. Because they are generalized to 
segment protuberant structures, they often 
misclassify or fracture crack predictions when 
viewing surfaces through the bars of a protective 
UAV shell. As a result, this remains a practical 
deployment constraint largely unaddressed in the 
current literature. 
 
Encoder-Decoder Segmentation Architectures 

Semantic segmentation evolved from 
symmetric encoder-decoder frameworks designed 
to balance contextual understanding with spatial 

recovery. U-Net [27] established the standard 
skip-connection pathway, while the feature 
pyramid network (FPN) [28] and LinkNet [8] 
introduced multi-scale pyramids and parameter 
efficiency, respectively. 

The success of these frameworks depends 
on the encoder. Traditional CNN backbones like 
ResNet, ResNeXt [29], and Res2Net [30] 
revolutionized multi-scale representation. 
Meanwhile, the push for hardware-aware 
efficiency has led to models like EfficientNet [31], 
MobileNetV3 [32], RegNet [32], and hybrid 
approaches like SegFormer [10], which replace 
convolutional encoders with hierarchical 
transformers. However, these architectures share 
a weakness in spherical shell-caged UAV 
inspections. While transformers like SegFormer 
excel at capturing global context, their native self-
attention mechanisms do not inherently 
distinguish between target features (cracks) and 
structured foreground noise (protective shells). 
Similarly, traditional CNNs treat these occlusions 
as structural texture because of their fixed 
receptive fields, creating a severe trade-off 
between computational efficiency and preserving 
fine-grained spatial details under obstruction. 
 
Input Augmentation in Segmentation 

To improve segmentation performance, 
several related works utilize input augmentation 
via extra data channels. For example, edge 
feature fusion using the Sobel operator has been 
employed to add detail to COVID-19 CT images 
[11] and concrete cracks [12]. Similarly, spectral 
indices [33][34] and Gabor kernels [13][35] have 
been used to improve contour localization and 
feature extraction. Recently, foundations like SAM 
have been used to augment inputs with generated 
masks and stability scores [36]. 

While these augmentation strategies 
improve boundary delineation, they possess a 
fundamental limitation: they treat augmented 
inputs strictly as additive features for 
enhancement. In environments with heavy 
structural occlusions, such as drone shells [8], 
amplifying edge features optimizes the obstructive 
noise of the shell itself. Research has not explored 
the inversion of this paradigm. In particular, the 
strategy is to use edge gradients not as additive 
features, but as suppressive constraints to filter 
out foreground obstructions. 

 
Summary of Research Gaps 

Recent innovations in aerial infrastructure 
inspection have transitioned from manual surveys 
to UAV platforms [4, 18, 19, 20, 21], and from 
traditional image processing to sophisticated deep 
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learning methodologies like SegFormer [10] and 
CrackSAM [17]. 

Despite these advances, the literature 
shows a significant disconnect between the 
physical need for UAV protective shells and the 
visual capabilities of current segmentation 
models. Existing encoder-decoder frameworks 
lack the native ability to ignore structured 
foreground noise. While input augmentations 
(e.g., Sobel operators [11][12] or spectral indices 
[33]) are substantiated, they are utilized solely to 
amplify features, which exacerbate visual 
interference when a protective shell is present. 
To bridge this gap, this study introduces an 
obstruction-aware architecture for UAV-based 
crack segmentation, explicitly designed to resolve 
visual interference from protective spherical 
shells. Unlike standard edge-aware models that 
use Sobel gradients as auxiliary inputs, our 
framework pioneers their use as dynamic spatial 
constraints to recalibrate transformer self-
attention. This targeted suppression of structured 
noise advances hardware-aware vision by directly 
addressing the physical occlusion challenges 
overlooked by current models. 
 
METHOD 
Problem Formulation 

In this study, the problem of semantic 
segmentation for UAV-acquired surface crack 
images is formulated as a dense pixel-wise 
classification task, wherein each pixel of an input 
image I ∈ ℝH×W×C, with height H, width W, and 

channel dimension C, is assigned a label yi,j ∈ {0,1}, 
indicating crack or non-crack regions. The 
segmentation model fθ: ℝH×W×C → [0,1]H×W, 

parameterized by learnable weights θ, learns to 
approximate the mapping between the input 
image space and the output probability mask. The 
objective is to minimize the segmentation loss 

function ℒ𝑠𝑒𝑔 =
1

𝐻𝑊
∑ ∑ 𝑙(𝑓𝜃(𝐼)𝑖,𝑗, 𝑦𝑖,𝑗)𝑊

𝑗=1
𝐻
𝑖=1 , where 

𝑙(⋅) denotes a pixel-wise classification loss such 
as binary cross-entropy or Dice loss. To address 
the memory and input-size constraints inherent in 
most deep segmentation architectures, we adopt 
a patch-wise prediction approach, where the 
original image 𝐼 is partitioned into 𝑛 overlapping or 

non-overlapping patches {𝑃𝑘}𝑘=1
𝑛 , each of size 

ℎ × 𝑤  such that ℎ ≤ 𝐻  and 𝑤 ≤ 𝑊 . The 
segmentation model is then applied independently 
on each patch 𝑓𝜃(𝑃𝑘), and the resulting patch-wise 
predictions are concatenated and spatially 

merged through a reconstruction function 𝛹(⋅) to 

generate the final segmentation map 𝑌̂ =
𝛹({𝑓𝜃(𝑃𝑘)}𝑘=1

𝑛 ). 

 

 

Figure 2. Illustration of the sensing platforms:  
(a) the base drone unit, (b) the shelled-UAV 

configuration, and (c) the shelled-UAV during 
actual deployment inside a bridge girder. 

 

CrackUAS Dataset 
Figure 2 shows the SwellPro Fisherman 

FD1 base drone alongside our custom shelled-
UAV variant, which is waterproof and specifically 
designed for close-proximity inspection. While 
most crack detection algorithms depend on public 
datasets containing unobstructed surface crack 
images, a domain gap exists between these 
standard datasets and real-world UAV 
inspections. To bridge this gap, we constructed 
the CrackUAS dataset in a previous study [6] 
using strict operational protocols: we maintained a 
standard drone-to-wall distance of 1 meter. We 
positioned the camera perpendicular to the wall to 
prevent homographic errors. 

Data gathering was divided into three 
distinct setups. The first setup utilized the shelled 
UAV to capture images directly from real-world 
infrastructure, such as building, bridge, and dam 
walls. The second setup used an off-the-shelf 
commercial drone to safely gather unobstructed 
crack images in controlled, less danger-prone 
areas. The third setup took place in a controlled 
laboratory environment, where the shelled UAV 
hovered in front of a green screen to capture 
images of its rotating shell. 

We combined data from the second and 
third setups to augment the dataset with synthetic 
images. By removing the green background with 
editing software, we obtained transparent shell 
images, which we then superimposed onto 
unobstructed surface crack photographs. The 
CrackUAS dataset comprises three image types: 
(i) unobstructed crack images, (ii) real-world 
images from the shelled UAV showing portions of 
the rotating shell, and (iii) synthetic images. We 
extracted all data from 1920×1080-pixel flight-test 
videos. After filtering for quality so we annotated 
only clearly visible cracks, we divided the images 
into 448×448-pixel patches using a sliding-window 
approach. Across all derived patches, crack pixels 
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account for 2% to 34% of the total pixels, with the 
remainder constituting the background. 

During dataset construction, four civil 
infrastructure experts annotated pavement 
distresses in UAV-acquired images. We cleaned 
the data by filtering out blurred images and those 
with a structural similarity index of at least 90% 
compared to the initial image. To improve model 
generalization and avoid overfitting, we 
systematically applied a data augmentation 
pipeline to each training patch. Specifically, this 
pipeline combines spatial transformations 

including random cropping, scaling (0.8 ×  to 

1.2 × ), and geometric flipping (horizontal and 

vertical with a 50% probability. It also includes 
pixel-level perturbations such as contrast 
adjustments (±20%) and Gaussian blur (using 

kernel sizes from 3×3 to 7×7) to simulate diverse 

real-world environmental conditions. To ensure a 
fair comparison with our previous study [6], we 
used the same standardized sampling strategy 
with a 3:1:1 split across the training, validation, 
and testing sets, resulting in 9,070 training 
images, 3,024 validation images, and 3,024 
testing images. We strictly maintained this fixed 
split rather than using k-fold cross-validation to 
preserve one-to-one benchmark compatibility with 
prior literature.  
 
Patch-wise Training and Inference 

Both training and inference stages adopt a 
fixed spatial resolution of 448×448 but differ in 
sampling and aggregation strategies. During 
training, each 1920×1080 frame is decomposed 
into patches using a stochastic sliding-window 
scheme, where the overlap ratio between adjacent 
patches is randomly varied between 10% and 
70% along both spatial dimensions. This yields 
about 15 base patches per image (≈5 along width 
and ≈3 along height), augmented with additional 
randomly shifted crops at the same resolution to 
increase spatial diversity and mitigate boundary 
bias. Importantly, supervision is applied at the 
patch level; therefore, no stitching or 
reconstruction of the full-resolution image occurs 
during training. In contrast, inference applies a 
deterministic tiling strategy to produce complete 
spatial coverage and consistent evaluation. 
Specifically, we generate a fixed grid of 15 
patches. However, because 1920 and 1080 are 
not exact multiples of 448, the rightmost and 
bottommost patches align to the image 
boundaries, inducing controlled overlap with 
preceding patches (up to ≈70% horizontally and 
≈50% vertically). For example, while the top-left 
patch spans coordinates (0,0)–(447,447), the final 
patch in the first row shifts to align with the right 
boundary, creating overlap with its neighboring 

patch. A similar adjustment is applied along the 
vertical axis for the bottom row. The final full-
resolution prediction is obtained via an overlap-
aware stitching procedure, where predictions from 
overlapping regions are fused using feather 
blending. This approach performs spatially 
weighted averaging based on distance-to-
boundary maps, assigning higher confidence to 
central regions of each patch and smoothly 
attenuating contributions near edges. 

 
Implementation Details 

For model development, we trained all 
neural networks across three computing 
environments to ensure flexibility and reproducible 
results. The first environment was a laptop with an 
Intel Core i7 processor, 16 GB RAM, and an 
NVIDIA GeForce RTX 2060 GPU with 1920 CUDA 
cores and 240 Tensor Cores. The second 
environment utilized a desktop system with an 
Intel Core i5 processor, 16 GB RAM, and an 
NVIDIA GeForce RTX 2070 GPU providing 2304 
CUDA cores and 288 Tensor Cores. We also 
utilized Google Colab Pro, which offers an NVIDIA 
T4 Tensor Core GPU, as an additional training 
platform. For network training, we set the initial 
learning rate to 0.001, with a decay factor of 0.5 
applied every 5 epochs. Optimization uses 
stochastic gradient descent (SGD) with a 
momentum coefficient of 0.9. The model is trained 
for 50 epochs using a batch size of 4. For 
evaluation and benchmarking, we consistently test 
all models on the first environment to maintain 
uniformity across experiments.  
 
OPTIMIZATION SEARCH OF ENCODER 
BACKBONE FOR U-NET AND FPN 

We conduct an optimization search for the 
encoder backbone by systematically training and 
assessing several modern backbone 
architectures, such as ResNet, ResNetX, 
Res2Net, EfficientNet, MobileNet, RegNet, 
GENet, and SegFormer, as substitutes for the 
standard VGG16 encoder in U-Net and FPN 
models. This evaluation aims to determine the 
encoder configuration that provides the lowest 
training and validation losses for surface crack 
segmentation. 

For all experiments, the segmentation 
network 𝑓𝜃  is trained by minimizing the Binary 
Cross-Entropy (BCE) loss. While Dice or hybrid 
losses often mitigate class imbalance in pixel-wise 
tasks, we selected BCE to provide a standardized 
optimization objective across all experiments. By 
using a fixed BCE loss, we ensure that 
performance variations are attributable only to 
changes in encoder depth and feature extraction 
capabilities, rather than to the loss function itself. 
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Moreover, the BCE loss is aligned with the binary 
pixel-wise labeling scheme 𝑦𝑖,𝑗 ∈ {0,1} . 

Specifically, for a given input image 𝐼  (or patch 

𝑃𝑘), the BCE loss is defined as, 

𝑙𝐵𝐶𝐸 = −[𝑦𝑖,𝑗 log 𝑓𝜃(𝐼)𝑖,𝑗 

+(1 − 𝑦𝑖,𝑗) log(1 − 𝑓𝜃(𝐼)𝑖,𝑗) 
(1) 

The BCE loss penalizes the discrepancy 
between the predicted crack probability 𝑓𝜃(𝐼)𝑖,𝑗 ∈

[0,1]  and the corresponding ground-truth label. 
The overall segmentation objective is given by, 

ℒ𝑠𝑒𝑔 =
1

𝐻𝑊
∑ ∑ 𝑙𝐵𝐶𝐸(𝑓𝜃(𝐼)𝑖,𝑗 , 𝑦𝑖,𝑗)

𝑊

𝑖=1

𝐻

𝑖=1

 (2) 

Alternatively, equivalently computed in a patch-
wise manner when training on image patches 
{𝑃𝑘}𝑘=1

𝑛 . To address the potential class imbalance 
inherent in crack detection, both data 
augmentation and patch-based training expose 
the model to foreground crack signals during each 
epoch. The uniformly applied BCE loss isolates 
the influence of encoder design and enables fair 
comparison between U-Net and FPN frameworks. 

During training, we monitor both training 
and validation losses to evaluate model 
performance and guide model selection. The best 

validation loss ℒval
(best)

 is defined as the minimum 

value of the validation loss across all epochs, 
occurring at epoch 𝑒𝑏, formally expressed as, 

ℒval
(best)

= min
𝑒∈{1,⋯,𝐸}

ℒval
(𝑒)                     (3) 

𝑒𝑏 = arg min
𝑒

ℒval
(𝑒)                             (4) 

The training loss corresponding to this 

epoch, denoted as ℒtrain
(best)

, represents the training 

loss at the epoch where the validation loss is 
smallest. 

ℒtrain
(best)

= ℒtrain
(𝑒𝑏)

                                       (5) 

Table 1 reports the best training and 
validation losses. Among all encoders, the 
Transformer-based encoder (Segformer) 
achieved the smallest loss gaps, as indicated by 

the loss difference |Δℒ(best)|. Across the dataset, 

the best training and validation losses 

{ℒtrain
(best)

 𝒶𝓃𝒹 ℒval
(best)

} cluster for transformer-based 

encoders, with ℒval
(best)

∈ [0.0409,0.0511]  and a 

consistently small generalization gap Δℒ(best) ≤

0.018. In contrast, CNN-based encoders show a 

wider dispersion in Δℒ(best), ranging from 0.0369 
up to 0.1111. 

After optimization, we selected the 
hierarchical Transformer encoder because its 
generalization behavior is reflected in the smaller 

empirical-validation loss gap, 𝛥𝐿(𝑏𝑒𝑠𝑡) . 
Furthermore, we chose SegFormer over standard 
Vision Transformer (ViT) architectures because of 
its hierarchical structure, lightweight all-MLP 
decoder, and avoidance of computationally 
expensive positional encodings. 

We utilize the SegFormer-B0 variant, which 
comprises a lightweight profile of approximately 
3.75 million parameters. The underlying 
hierarchical Transformer encoder is structured 
across four stages with block depths of [2, 2, 2, 2]. 
As illustrated in Figure 3 (top), the hybrid 
architecture couples a multi-stage Transformer 
encoder that maps 𝐼 ∈ ℝ𝐻×𝑊×𝐶  into hierarchical 

feature representations {𝐅𝑠}𝑠=1
4  with a U-Net 

decoder, where self-attention σ (
𝐐𝐊𝑇

√𝑑
) 𝐕  explicitly 

models long-range spatial dependencies, where 𝐐 

is matrix representing the set of query vectors, 𝐊𝑇 
is the transposed matrix of key vectors, 𝑑  is 
dimensionality of the query and key vectors, and 
𝐕  matrix of value vectors containing the actual 
information to be aggregated. Each query 
encodes the representation of a token (or position) 
that is seeking contextual information from other 
tokens. At the same time, each key serves as an 
index or descriptor for matching against queries. 
The differences between training and validation 
losses, as shown in Table 1, indicate that 
ResNet101 has the smallest loss gap, next to the 
Transformer. 

Meanwhile, RegNetX produces the largest 
loss gap. Compared with all CNN-based 
decoders, the proposed Transformer decoder 
generalizes better, as reflected in a significantly 
smaller training–validation loss gap. Specifically, 
the loss difference is reduced to 0.0102, 
compared to 0.0369 for ResNet101 and 0.1111 for 
RegNetX. This reduction indicates that the 
Transformer-based design avoids overfitting and 
provides consistent feature reconstruction across 
training and validation distributions, likely due to 
the global self-attention mechanism. 

The bottom illustration in Figure 3 presents 
the hierarchical Transformer encoder coupled with 
an FPN decoder, where multi-scale features 

{𝐅𝑠}𝑠=1
4  are projected and fused into a unified 

feature pyramid 𝐏 = ∑ 𝜑𝑠(𝐅𝑠)𝑠 , where 𝜑𝑠(. ) 
denotes a scale-specific feature transformation (or 
projection) operator applied to the feature map 𝐅𝑠 
before fusion. This formulation generates scale-
consistent feature aggregation within the FPN. It 
improves generalization across varying object 
scales in UAV-acquired crack imagery. 
Quantitatively, the Transformer-based decoder 
shows the lowest training–validation loss gap 
(0.0018), compared to 0.0369 for ResNet101 and 
0.1111 for RegNetX.  
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Table 1. Training Results Comparison 

Model Encoder 𝓛𝐭𝐫𝐚𝐢𝐧
(𝐛𝐞𝐬𝐭)

 𝓛𝐯𝐚𝐥
(𝐛𝐞𝐬𝐭)

 𝚫𝓛(𝐛𝐞𝐬𝐭) 

U-Net resnet101 0.0998 0.1367 0.0369 
U-Net resnet152 0.0387 0.1068 0.0681 
U-Net resnext101_32x8d 0.0357 0.1132 0.0775 
U-Net es2net50_26w_4s 0.0382 0.1043 0.0661 
U-Net regnetx_032 0.0320 0.1432 0.1111 
U-Net regnety_064 0.0333 0.1071 0.0738 
U-Net gernet_l 0.0285 0.0956 0.0672 
U-Net efficientnet_b1 0.0335 0.0964 0.0629 
U-Net efficientnet_lite3 0.0315 0.0967 0.0652 
U-Net mobilenetv3_large 0.0305 0.1013 0.0708 
U-Net mit_b0 0.0401 0.0503 0.0102 
U-Net mit_b1 0.0391 0.0498 0.0107 
U-Net mit_b2 0.0359 0.0437 0.0078 
U-Net mit_b3 0.0341 0.0481 0.0140 
U-Net mit_b4 0.0331 0.0511 0.0180 
FPN mit_b0 0.0434 0.0452 0.0018 
FPN mit_b1 0.0432 0.0453 0.0020 
FPN mit_b2 0.0357 0.0409 0.0052 
FPN mit_b3 0.0336 0.0414 0.0078 
FPN mit_b4 0.0320 0.0410 0.0090 

Note – Transformer encoders (mit) have smaller loss 

gaps than the rest 

 
This corresponds to a 95.1% reduction 

relative to ResNet101 and a 98.4% reduction 
relative to RegNetX. Within the FPN framework, 

this improvement suggests that the Transformer 
decoder propagates multi-scale features across 
resolutions. Unlike CNN-based decoders, the self-
attention mechanism administers global 
contextual integration. 
 
ABLATION STUDY ON AUGMENTATION 

After completing the optimization search, 
we performed ablation studies to quantify the 
effect of two input augmentation strategies—
luminosity 𝐿  and Sobel edge map 𝑆 —on 
segmentation performance. Formally, the 

augmented input is expressed as 𝐼  =  [𝐼, 𝐿, 𝑆] , 

where the Sobel operator 𝑆  explicitly encodes 
high-frequency structural information associated 
with crack boundaries. Adding these additional 
input spaces alters the standard input layer 
dimensions. To accommodate this increased 
channel depth, we adjusted the encoder's initial 
patch-embedding dimensions accordingly. 
Consequently, the decoder architecture also 
required modification; we scaled the channel 
capacities of the MLP decoder layers to align with 
the adjusted embedding dimensions. The 
evaluation results indicate that incorporating 𝑆 
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consistently yields the largest performance gains 
for both U-Net and FPN decoders, as edge-aware 
features improve the precision-recall balance 
reflected in the F1-score. Quantitatively, Tables 2 
and 3 show substantial performance gains, which 
can be analyzed in terms of both overall 
architectural improvements and the specific 
benefits of the augmented input.  

U-Net achieved the highest system-wide 
leap. Transitioning from the standard VGG16 
baseline (U-vgg-RGB, F1-score: 0.6789) to our 
proposed model with a Transformer encoder and 
RGB+S inputs (U-mit-RGBS, F1-score: 0.9022) 
attained a 32.89% relative improvement. The FPN 
architecture shows a similar, though less drastic, 
improvement, jumping from an F1-score of 0.6939 
(F-vgg-RGB) to 0.7841 (F-mit-RGBS), a 12.98% 
relative gain.  

To isolate the specific contribution of our 
data augmentation strategy, we compared the 
best models against their respective 
unaugmented Transformer baselines. For U-Net, 
adding RGB+S inputs improved the absolute F1-
score from 0.8252 (U-mit-RGB) to 0.9022 (U-mit-
RGBS), an isolated relative improvement of 
9.33%. Similarly, for the FPN, the Augmented 
inputs increased the F1-score from 0.6958 (F-mit-
RGB) to 0.7841 (F-mit-RGBS), a 12.69% relative 
improvement. 

To explicitly determine the individual 
performance contributions of the network 
components, we can draw an ablation analysis 
from the results in Tables 2 and 3. Starting from 
the standard CNN baseline (U-vgg-RGB, 
IoU=0.5139), replacing the encoder with a 
hierarchical Transformer (U-mit-RGB) yields the 
largest isolated improvement, increasing IoU by 
an absolute margin of +0.1885.  
 
Table 2. Evaluation Results Comparison of U-Net 

With and Without Augmented Inputs 
Architecture Encoder IoU F1-score 
U-vgg-RGB vgg16 0.5139 0.6789 
U-mit-RGB mit_b0 0.7024 0.8252 
U-mit-RGBL mit_b0 0.7616 0.8647 
U-mit-RGBS mit_b0 0.8218 0.9022 
U-mit-RGBLS mit_b0 0.7852 0.8797 
Note – U-mit-RGBS attains 0.9022 F1-score, a 32.89% 
improvement over the VGG16 baseline (0.6789). 

 
Table 3. Evaluation Results Comparison of FPN 

With and Without Augmented Inputs 
Architecture Encoder IoU F1-score 
F-vgg-RGB vgg16 0.5313 0.6939 
F-mit-RGB mit_b0 0.5335 0.6958 
F-mit-RGBL mit_b0 0.6128 0.7599 
F-mit-RGBS mit_b0 0.6449 0.7841 
F-mit-RGBLS mit_b0 0.6223 0.7672 
Note – F-mit-RGBS attains 0.0.7841 F1-score, a 12.98% 
improvement over the VGG16 baseline (0.6939). 

 

This gain presents the benefit of self-attention 
mechanisms in modeling long-range crack 
dependencies. Next, isolating the impact of the 
proposed edge enhancement, adding the Sobel 
operator to the Transformer baseline (U-mit-
RGBS) yields a further absolute IoU increase of 
+0.1194 (reaching 0.8218). This step-by-step 
summary shows that while the Transformer 
architecture establishes an optimized baseline, 
the Sobel-augmented input improves spatial 
boundaries and maximizes overall segmentation 
accuracy.  

Interestingly, including luminosity 
information 𝐿 , either alone or jointly with Sobel 

features ( 𝐼 = [𝐼, 𝐿, 𝑆] ), does not yield further 
performance gains, which can be theoretically 
attributed to feature redundancy in the learned 
representation space. Once edge information 𝑆 ∝
‖∇𝐼‖  is provided, the conditional mutual 
information ℐ(𝑦;  𝐿 ∣ 𝑆, 𝐼)  becomes marginal. It 
indicates that intensity-based cues contribute little 
additional discriminative power beyond structural 
gradients for crack–background separation. Under 
this condition, the segmentation function 𝑓𝜃 
primarily depends on high-frequency boundary 
features propagated through the encoder–
decoder pathway. In particular, the U-Net 
decoder, with its symmetric up-sampling (via 

matrix 𝐔 ) and skip connections (via 𝐅𝑠̃ =
𝜙([𝐔(𝐅𝑠 + 1), 𝐅𝑠]) ), better preserves fine-scale 
crack geometry. In contrast, the FPN decoder's 
scale-aggregated representation 𝐏 = ∑ 𝜑𝑠(𝐅𝑠)𝑠  
emphasizes global consistency that supports thin 
crack structures. 

Table 4 presents the mean F1-score, 
standard deviation, median, 95% bootstrap 
confidence interval, and mean improvement (∆) 
over the two VGG-based baselines across all ten 
model configurations evaluated on 𝑛 = 3,024 
samples from the test set. Wilcoxon signed-rank 
tests verify statistically significant differences 
between all pairwise comparisons (𝑝 < 0.0001). 
Among UNet-based architectures, the VGG 
encoder baseline (U-vgg-RGB) achieved a mean 
F1-score of 0.6745, while replacing the encoder 
with SegFormer (U-mit-RGB) obtained a gain of 
+0.1269. The luminosity channel (U-mit-RGBL) 
provided only marginal improvement (+0.1355 vs. 
baseline), while the proposed Sobel-augmented 
U-mit-RGBS achieved the highest mean F1-score 
(0.8794; median: 0.9003; 95% CI: [0.8755, 
0.8834]), improving by +0.2049 over the UNet-
VGG baseline and outperforming U-mit-RGBLS 
(0.8565). This indicates that Sobel edges provide 
the dominant complementary cue, while adding 
luminosity introduces redundancy that slightly 
reduces performance. 
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Table 4. Comparative F1-score Performance of Segmentation Architectures across Input Channel 
Configurations (𝑛 = 3,024) 

 

Architecture Input Mean Std Median 95% CI 
Δ vs U-

VGG 

Δ vs 
F-

VGG 
p-value* 

U-vgg-RGB RGB 
0.6745 0.2211 0.6843 [0.6665, 0.6823] — 

+0.010
7 

<0.0001 

U-mit-RGB RGB 0.8014 0.1635 0.8214 [0.7958, 0.8070] +0.1269 — <0.0001 
U-mit-RGBL RGB+L 0.8100 0.2011 0.8605 [0.8028, 0.8172] +0.1355 — <0.0001 
U-mit-RGBS RGB+S 0.8794 0.1150 0.9003 [0.8755, 0.8834] +0.2049 — <0.0001 
U-mit-RGBLS RGB+L+S 0.8565 0.1399 0.8846 [0.8515, 0.8612] +0.1820 — <0.0001 
F-vgg-RGB RGB 0.6637 0.2920 0.7049 [0.6532, 0.6740] +0.0107 — <0.0001 
F-mit-RGB RGB 0.6826 0.2231 0.6939 [0.6742, 0.6909] +0.0081 — <0.0001 
F-mit-RGBL RGB+L 0.7246 0.2406 0.7591 [0.7164, 0.7331] +0.0502 — <0.0001 
F-mit-RGBS RGB+S 0.7739 0.1583 0.7847 [0.7680, 0.7798] +0.0994 — <0.0001 
F-mit-RGBLS RGB+L+S 0.7536 0.1754 0.7667 [0.7478, 0.7597] +0.0791 — <0.0001 

* All Wilcoxon signed-rank tests are significant at p < 0.0001. Δ values indicate mean F1-score difference relative to the 
respective VGG baseline. 

 
The FPN backbone followed a consistent 

but less pronounced trend; F-mit-RGBS achieved 
the best result among FPN variants at a mean F1-
score of 0.7739 (+0.1101 over F-vgg-RGB), again 
surpassing both the RGB-only SegFormer variant 
and the RGB+L+S combination. The lower scores 
for FPN variants indicate that UNet's skip-
connection architecture is better suited to using 
the additional edge-channel information.  

Results from the two backbones show that 
the proposed RGB+S input modality consistently 
improves segmentation performance across both 
decoder architectures. Figures 4 and 5 illustrate 
representative inference results for U-Net and 
FPN, respectively. 

 

 
Figure 4. Representative outputs using a U-Net 
architecture: (a) input image (448×448), (b) prior 
study [6] with false negatives, and (c) our method 

without missed detections 
 

 
Figure 5. Qualitative comparison of segmentation 
performance under an FPN framework: (a) input 
image (448 × 448), (b) prior study [6] showing 

missed detections, and (c) our model achieving 
no omissions. 

 

These can be interpreted through the spatial 
consistency of the predicted probability field 

𝑓𝜃(𝐼) ∈ [0,1]𝐻×𝑊. In the baseline U-Net and FPN 
models, as shown in the middle images, they are 
limited in modeling long-range dependencies, 
leading to fragmented predictions characterized 

by high local variance 𝒱(𝑓𝜃(𝐼)𝑖,𝑗)  along crack 

trajectories. In contrast, Transformer-applied 
variants use global self-attention to improve 
spatial coherence, as shown in the rightmost 
images. 

 Despite overall improvements in 
comparative metrics, specific failure modes, 
namely, over-segmentation and occlusion-
induced discontinuities, remain. These two modes 
persist in Figures 6 and 7, respectively.  

 

 
Figure 6. Over-segmentation example: (a) input 
image (448×448) with region of interest or ROI, 

(b) hybrid FPN prediction (+5 pixels excess), and 
(c) hybrid U-Net prediction (+4 pixels excess) 

 

 
Figure 7. Shell-induced occlusion causing 

discontinuities in crack segmentation: (a) input 
patch (448 × 448), (b) U-mit-RGBS prediction 

overlay, and (c) mask isolating predicted cracks 
without shell pixels 
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To move beyond brief visual confirmation to 
quantitative analysis, we evaluated pixel-level 
False Positive (FP) and False Negative (FN) 
distributions within these problematic localized 
patches.  

As illustrated in Figure 6, over-
segmentation manifests as excessive pixel 
prediction beyond the true crack boundaries. This 
is theoretically rooted in the pixel-wise classifier's 

𝑓𝜃(𝐼)𝑖,𝑗  decision boundary behavior. Edge-

enhanced inputs increase gradient magnitudes 
‖∇𝑓𝜃(𝐼)‖  to capture boundaries, but this 
occasionally causes classifier uncertainty to 

expand the crack region into adjacent 
background areas. Visually and quantitatively, this 
produces a clear dilation effect in failure regions, 
where predicted crack trajectories are thicker than 
the ground truth by an average of +4 pixels for U-
Net and +5 pixels for the proposed method.  
For FPN. This artificial inflation directly increases 
localized false positives. In a patch-level analysis 
of Figure 6's rightmost U-Net result, the localized 
patch-level IoU fell to 0.75, which shows 
degradation compared to the 0.8218 average IoU 
previously reported for U-mit-RGBS in Table 2. 

In contrast, Figure 7 shows failure cases 
where an occluding spherical shell creates 
definitive missing-support regions where the input 

image support 𝐼𝑖,𝑗  is undefined. The visual 

evidence establishes that discontinuities in the 
yellow U-Net prediction line (circled) occur strictly 
within these occluded areas. Predicted crack lines 
visibly become thinner (fade out) as they approach 
the occluding boundary before breaking 
completely. Our localized patch analysis indicates 
that insufficient spatial contextual support leads to 
a marked increase in false negatives. In heavily 
occluded regions, such as shown in Figure 7, the 
patch-level IoU decreases to approximately 0.67. 
Compared with U-mit-RGBS in Table 2, this 
reduction suggests that although the proposed 
models generalize well, occlusion still affects 
prediction performance. 

Regarding computational cost, the 
transition from the standard RGB pipeline to the 
augmented RGBS input pipeline introduces 
negligible overhead. The necessary architectural 
adjustments are restricted to the initial patch 
embedding layer to accommodate the additional 
input channel, while the core macro-architecture 
remains identical across both variants. The core 
macro-architecture consists of the number of 
Transformer blocks and self-attention heads. The 
primary source of parameter difference between 
F-mit-RGBS and U-mit-RGBS lies not in the input 
modification. However, the decoder choice differs: 
the FPN decoder adds about 0.8M parameters 
beyond the MiT-B0 encoder, whereas the UNet-

style decoder adds about 2.5M due to heavier 
upsampling blocks with skip connections. 
Accordingly, F-mit-RGBS and U-mit-RGBS report 
total parameters of approximately 4.2M and 5.9M, 
and GFLOPs of 6.6 and 7.9 at 448×448 input 
resolution, respectively. Both models remain 
lighter than the SAM-based counterparts. Despite 
this compactness, U-mit-RGBS achieves an IoU 
of 0.553 and an F1-score of 0.712, while delivering 
a total throughput of around 3 FPS. 
 
Comparison with State-of-the-Art Methods  
 To ensure a fair, standardized 
comparison with existing state-of-the-art methods, 
we evaluated Table 5 on a different dataset. This 
dataset is a public repository of 1,695 images by 
Khanhha et al., as used in [14]. We used this 
dataset rather than the custom CrackUAS dataset 
used in Tables 2 and 3. We performed zero-shot 
inference on this public dataset to benchmark our 
best models (U-Net and FPN with Transformer 
encoders and RGB+S inputs). Specifically, we 
evaluated the models directly without any 
retraining or fine-tuning on Khanhha's dataset. 
This cross-dataset evaluation demonstrates our 
models' generalization capabilities. While 
Khanhha’s images share similarly high acquisition 
quality with our CrackUAS dataset, they present 
out-of-distribution challenges, such as lacking 
spherical shell obstructions and varying from our 
strict 1-meter wall-to-drone standoff distance. 
Precision (P), recall (R), and IoU values for this 
zero-shot evaluation are listed in Table 5, with the 
F1-score computed directly from the reported 
precision and recall.   

The trends in Table 5 can be explained by 
the interplay among feature representation, spatial 
context modeling, and network architecture. 
Models such as CrackW-net [15] and EdgeSAM 
[16] struggle to balance precision and recall, 
leading to significant performance drops, as 
evidenced by their low IoU values. In contrast, 
architectures using hierarchical Transformers 
(CrackSAM [17], Crack-EdgeSAM [14], our F-mit-
RGBS and U-mit-RGBS) achieve robust F1-
scores and IoU. This improvement occurs 
because self-attention mechanisms model long-
range dependencies, while skip connections 
preserve and propagate critical boundary cues. 

To ensure a strictly fair and normalized 
inference-latency comparison, we did not rely on 
the original FPS metrics reported in [14], which 
were obtained using a high-end NVIDIA RTX 
4070Ti. Instead, we re-evaluated the inference 
speed of both the baseline architectures and our 
proposed models on the same hardware: a single 
NVIDIA RTX 2060.  
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Table 5. Performance and Latency Comparison with State-of-the-Art Networks 

Network P R F1 IoU 
Params 

(M) 
GFLOPS 

Inference 
(ms) 

Overhead 
(ms) 

Inference 
FPS 

Total 
FPS 

CrackW-net 0.326 0.664 0.437 0.280 31.0 182.7 303 3220.3 3.3 0.28 
EdgeSAM 0.184 0.765 0.296 0.174 9.6 22.1 39.4 479 25.4 1.93 
CrackSAM 0.747 0.772 0.759 0.612 91.0 458 172.4 1313.8 5.8 0.67 
Crack-EdgeSAM 0.743 0.738 0.740 0.587 12.8 30.8 39.5 292.4 25.3 3.01 
F-mit-RGBS 0.65 0.641 0.645 0.476 4.2 6.6 33.8 265.3 29.6 3.34 
U-mit-RGBS 0.728 0.696 0.712 0.553 5.9 7.9 44.4 345.1 22.5 2.57 

Note: All models were benchmarked on NVIDIA RTX 2060. GFLOPs for SAM-based models are reported at their fixed 
internal resolution of 1024×1024; all other models use the experimental input resolution of 448×448. 
 

 
Furthermore, while the original captured 

UAV frames have a native resolution of 

1920 × 1080 pixels, we resize all images to a 

standardized 448 ×448 pixels before inference. 

This preprocessing step reduces the 
computational bottleneck, keeping network 
latency low enough to support real-time operation. 
Table 5 reports the results of these standardized 
latency tests, categorized as inference time and 
system overhead. The inference time represents 
the computational cost of the model's forward 
pass. System overhead accounts for end-to-end 
operational costs, including image loading, 
preprocessing/transformation, and model 
initialization or unloading in memory. 

Analyzing the specific precision-recall 
trade-offs provides insight into operational 
viability. While the heavy SAM-based 
architectures (CrackSAM, Crack-EdgeSAM) 
achieve slightly higher absolute metrics on this 
dataset, our U-mit-RGBS model maintains a 
highly practical, tightly balanced trade-off 
(Precision: 0.728, Recall: 0.696) at a significantly 
lower computational cost (29.6 FPS vs. 
CrackSAM's 5.8 FPS). In the context of UAV-
based inspection, this precision-recall balance 
matters: the model remains highly sensitive to 
essential crack pixels (minimizing dangerous false 
negatives) while penalizing background noise and 
shadows to prevent excessive false alarms 
(minimizing false positives). Our U-mit-RGBS 
delivers an equal trade-off between real-time 
inference speed and crack segmentation. 

Regarding operational robustness, our 
evaluation inherently reflects resilience to UAV-
relevant environmental variations. First, the 
inherent diversity of the CrackUAS dataset 
addresses illumination variability, reinforced by 
photometric data augmentation during training. 
Thus, the performance on the unseen CrackUAS 
test set (Table 2) signifies baseline robustness to 
illumination changes. Second, we validate 
robustness to surface texture variation via cross-
dataset evaluation (Table 5), where we perform 
zero-shot inference on Khanhha et al.’s dataset 
[14], which differs in concrete textures, weathering 
patterns, and acquisition setup. The results imply 

that the proposed models, particularly with 
RGB+S inputs, generalize beyond dataset-
specific textural statistics. 
 
Analysis of Patch Reconstruction Artifacts  

The inference pipeline operates on high-
resolution 1920×1080 frames by partitioning them 
into 448×448 patches, which introduces a 
nontrivial risk of patch reconstruction artifacts. In 
conventional non-overlapping tiling schemes, rigid 
patch boundaries produce sharp, high-frequency 
discontinuities along seam locations. In aerial 
surface crack detection, such artifacts are 
particularly problematic because these artificial 
linear structures can resemble genuine structural 
cracks, potentially increasing false-positive rates 
along patch borders. 

To address this issue, we used an overlap-
aware deterministic tiling strategy in which the 
rightmost and bottommost patches are boundary-
aligned, inducing controlled overlap of up to 
approximately 70% horizontally and 50% 
vertically. Overlapping prediction regions are then 
reconciled via distance-to-boundary feather 
blending, which performs spatially weighted 
averaging that assigns higher confidence to 
central patch regions and smoothly attenuates 
contributions near edges. 

To quantify the impact of this strategy, 
Table 6 reports segmentation performance, 
measured by IoU, for configurations with and 
without feather blending. While predictions are 
generated for all patches derived from the 
1920×1080 frames, the evaluation specifically 
focuses on edge-adjacent patches, namely those 
along the rightmost and bottommost regions. 
These portions are where stitching artifacts are 
most likely to occur and where feather blending is 
applied.  

 
Table 6. Effect of Feather Blending on Patch-

Boundary IoU 
Architecture Blending Mean Std ΔIoU 

F-mit -RGBS × 0.631 0.172 — 
F-mit-RGBS ✓ 0.645 0.159 +0.014 

U-mit-RGBS × 0.805 0.138 — 
U-mit-RGBS ✓ 0.822 0.126 +0.017 
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We report results for both proposed 
architectures: U-mit-RGBS and F-mit-RGBS. As 
shown in Table 6, feather blending provides a 
marginal yet consistent improvement in IoU 
across both architectures. For U-mit-RGBS, the 
mean IoU increases from 0.8050 to 0.8218 (ΔIoU 
= +0.017), with the standard deviation decreasing 
from 0.138 to 0.126. Similarly, F-mit-RGBS shows 
an increase in mean IoU from 0.6310 to 0.6449 
(ΔIoU = +0.014), accompanied by a reduction in 
standard deviation from 0.172 to 0.159. These 
gains, while limited in magnitude, align with the 
localized effect of feather blending on edge-
adjacent patches. 
 
CONCLUSION 

In this study, we investigated hierarchical 
Transformer encoders integrated with U-Net and 
FPN decoders for aerial surface crack 
segmentation, introducing Sobel edge maps as an 
explicit spatial prior through input augmentation. 
The results show performance gains of 32.89% 
and 12.98% in F1-score over VGG16-based 
baselines for U-Net and FPN, respectively, while 
maintaining a lean computational footprint of 4.2M 
to 5.9M parameters at 22–30 FPS on a consumer-
grade GPU. Zero-shot evaluation on an 
independent public dataset further affirms that the 
proposed models generalize to unseen surface 
textures and acquisition conditions without 
retraining. These findings establish that 
structurally guided, edge-aware Transformer 
segmentation is a generalizable framework for 
UAV-based crack inspection, particularly in 
spherical shell-protected deployment scenarios 
where foundation models are precluded by 
foreground occlusion sensitivity and 
computational overhead. 

Several directions remain open for future 
work. First, the static Sobel operator could be 
replaced with a lightweight learnable edge 
extractor trained end-to-end with the 
segmentation objective to better adapt to domain-
specific noise. Second, a systematic evaluation of 
larger Transformer variants under the RGBS 
scheme would help characterize the accuracy–
efficiency trade-off across backbone scales. 
Finally, while the current patch-wise inference 
already achieves adequate results, occasional 
crack discontinuities still arise, primarily under 
strong inter-class similarity. This issue suggests 
that boundary-aware stitching could further refine 
continuity.  
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