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Abstract

Accurate defect detection in infrastructure images is essential for timely maintenance, safety
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assessment, and cost-effective asset management. However, real-world inspection images are
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often affected by low resolution, poor illumination, motion blur, compression artifacts, February 02, 2026

occlusion, and complex background noise, which reduce the reliability of conventional

Revised:

computer vision models. This paper presents a lightweight vision transformer-based framework March 05, 2026
for improving defect detection in low-quality infrastructure images. The proposed approach Accented
ccepted:

focuses on identifying visible surface defects such as cracks, corrosion, spalling, leakage marks, April 10, 2026

and material degradation while maintaining computational efficiency for practical deployment Available Online:
on resource-constrained devices. Unlike heavy transformer models that require high memory June 30, 2026
and processing capacity, the lightweight design uses compact attention mechanisms, efficient
feature extraction, and image-quality-aware learning to enhance defect representation under
degraded visual conditions. Experimental findings indicate that the proposed model achieves
improved detection accuracy, stronger generalization, and better robustness compared with
baseline convolutional and transformer-based methods. The results further show that
lightweight vision transformers can preserve fine defect details while reducing inference time
and model complexity. This makes the approach suitable for field inspection, mobile-based
monitoring, drone imagery, and automated infrastructure maintenance systems. Overall, the
study demonstrates that efficient transformer architectures can provide a practical and scalable

solution for reliable defect detection in challenging low-quality infrastructure images.
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INTRODUCTION

As the aging infrastructure is increasingly facing
degradation due to its aging condition, it is necessary
to switch from labor-intensive manual inspection to
automated monitoring system to ensure structural
safety (Dang et al., 2026; Ge et al., 2024).In many
cases, however, automated diagnostic workflows are
impeded by subpar inspection images due to motion
blur and strong illumination changes, as well as
sensor-induced noise (Koch et al., 2015; Zhang et
al., 2024). However, traditional deep learning
models are often less effective in these
environmental conditions, as they typically need
high-quality visual information to achieve reliable
detection accuracy (Khan & Kromanis, 2025; Koch
et al., 2015). Structural health monitoring has been
dominated by conventional convolutional neural
networks (CNN) for the last 10 years, which are
mainly based on local receptive fields to learn
hierarchical features (Cha et al., 2017). Although
effective in controlled conditions, CNNs are prone
to the problems with image quality mentioned
above, and may even misclassify more intricate
patterns in images, such as structural textures,
shadows or background noise (Koch et al., 2015;
Nash et al., 2018). Moreover, more complex CNN
architectures (which are usually used to enhance
resilience) consume significant computational
power, which makes their practical deployment in
resource-limited edge systems like unmanned aerial
vehicles (UAVSs) and portable medical diagnostic
tools difficult (Badar et al., 2025; Rao et al., 2020).
In response to this, vision transformers have been
proposed as a potential solution to improve the
ability of transformers to capture long-range
contextual dependencies and global spatial
relationships within an image (Naseer et al., 2021;
Paul & Chen, 2022). Unlike CNNs, ViTs have
shown intrinsic resistance to input corruptions,

occlusions and distribution shifts, which are more
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suitable to the harsh and unpredictable environment
of civil infrastructure inspection [216#0#0](Mao et
al., 2022). Even though the standard ViTs have their
benefits, they tend to be a heavy computation model,
and hence lightweight variants are needed for
successful deployment on edge devices (Ahmed et
al., 2024; Yu et al., 2024). Recent studies have
focused on optimizing the backbone architecture of
transformers, such as knowledge distillation,
structured pruning, and attention-based fusion
mechanisms, to achieve a balance between high
accuracy for detecting defects and real-time
inference capabilities (Badar et al., 2025; Hu et al.,
2025). Their lightweight nature and the ability to
scale to monitor aging infrastructure automatically
and in real-time, offer a scalable solution that will
lead to the more efficient use of structural safety
assessments while reducing the need for manual
inspections (Ahmed et al., 2024; Hamdi & Noura,
2025). These advanced transformer models can be
integrated into automated workflows to enable fast,
reliable, and objective condition assessments,
addressing the challenges of inspector fatigue and
inconsistencies in manual methods (Chaetal., 2017;
Ge et al., 2024). The need for comprehensive SHM
has grown, making the scalability of edge-deployed
transformer-based solutions essential for regular
structural monitoring.The demand for
comprehensive SHM has increased, and the
scalability of edge-deployed transformer-based
solutions becomes invaluable for frequent,
systematic structural monitoring (Farahzadi et al.,
2025; Khan & Kromanis, 2025). Moreover, the
versatility of these lightweight transformers in
various construction contexts, from bridges and
tunnels to urban structures, enhances the flexibility
and durability of infrastructure management
systems, thereby improving the resilience of civil

structures against early deterioration (Ahmed et al.,
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2024; Badar et al., 2025; Zhang et al., 2024). This
study builds upon these architectural advances and
proposes a new, efficient hybrid model combining a
lightweight Transformer bottleneck to preserve
structural features while dealing with the
widespread occurrence of thin, low-contrast, and
spatially discontinuous defects (Tibermacine et al.,
2026).

METHODOLOGY

Collecting and preprocessing data for degraded

images.

Our methodology starts with a strict and robust data
preparation pipeline to deal with the inherent
environmental challenges such as illumination
variation, sensor noise, and motion blur, which are
common in infrastructure imagery, particularly in
low quality (Koch et al., 2015; Savino & Tondolo,
2022). Raw imagery from various field inspection
campaigns (e.g., bridges, tunnels, asphalt pavement)
is preprocessed by first cropping images to a
standardized  input  resolution to  reduce
computational complexity and normalize image
intensity levels at the pixel level to stabilize intensity
distributions, while adaptive  noise-reduction
filtering reduces the impact of less than ideal image
acquisition environments on high-fidelity features
extraction ( Zhang et al., 2022). We consider
robustness to data scarcity and domain shifts to be
crucial, and augment each of them in a different
way, including applying geometric transformations
like rotation and flipping images, color jittering to
mimic different lighting conditions, and injecting
synthetic noise to simulate domain shifts, all to
greatly improve the model's ability to generalize
across novel infrastructure domains not seen during
training (Steiner et al., 2021; Zhang et al., 2022). At
the heart of our proposed framework lies a
lightweight convolutional encoder focused on high

fidelity local feature representation, along with an

21| Page

. COMPUTER AND EDUCATION LETTERS .

efficient, depth-wise separable Vision Transformer
bottleneck for efficient global, long-range context
modeling (Goo et al., 2025; Tibermacine et al.,
2026; Zhang et al., 2026). This mixed approach
preserves fine spatial detail and discontinuities, such
as hair-line cracks or edge spalling, while having the
ability to capture the global relationships necessary
to discriminate the rich background texture from the
structural defects (Tibermacine et al., 2026). The
network is trained with a composite loss function
that synergistically combines Dice and Binary
Cross-Entropy loss, pushing the network to keep the
sensitivity on the fine, spatially discontinuous defect
structures (Tibermacine et al., 2026). Further,
regularization methods are applied throughout the
training process, such as dropout layers and weight
decay, to ensure against overfitting, and hence
structural stability and feature consistency in the
learned latent representations (Steiner et al., 2021).
An AdamW optimizer with a cosine annealing
learning rate schedule is used for training the model,
making it stable to converge on complex,
inhomogeneous data. Lastly, our extensive
evaluation protocol uses a set of powerful
quantitative metrics such as mean Average Precision
(mAP) at a range of Intersection over Union (loU)
thresholds (0.5 to 0.95) to rigorously assess the
accuracy of detection, along with precision and
recall scores, as well as a detailed runtime profiling
of our target resource-constrained edge devices
(e.g., NVIDIA Jetson modules) to ensure inference
speed (in frames per second, FPS), peak memory
usage, and the viability of the model for real-time,
autonomous, and scalable infrastructure monitoring
applications (Badar et al., 2025; Guo et al., 2025;
Zhang et al., 2026).

RESULTS

The proposed lightweight vision transformer (LVT)

has achieved the best overall detection performance,
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of low quality infrastructure images. The proposed
LVT achieved the highest mAP@0.5 of 92.3%,
which is higher than that of MobileNetV3,
EfficientNet-B0, DeiT-Tiny and Swin-Tiny as
shown in Figure 1. Table 1 provides the complete
accuracy, recall, precision and mMAP@0.5
comparison of the proposed model with the ground-
truth standard, which yield 91.6%, 89.8%, and
90.7%, respectively. This enhancement suggests
that the model's ability to capture the fine details of
surface defects was enhanced by the use of compact
patch embedding, local attention, and quality-aware
augmentation, even when the images were blurred,
noisy, and under-exposed, provided they had not

been compressed.

The training behavior showed no change between
the experimental runs. The training loss gradually
decreased from 1.42 to 0.30 (Figure 2) while the
validation mAP gradually increased from 71.6% to
92.3% after 12 epochs (Figure 3). The proposed
LVT had a lower percentage of false negatives than
the baseline models as shown in Table 2, which is
significant for infrastructure inspection where flaws
missed may result in a delayed response in
maintenance. The proposed model achieved 7.4%
false negative rate, while MobileNetV3 and
EfficientNet-BO achieved 13.6% and 11.8% false

negative rate respectively.

The performance with image degradation was also
promising. As shown in Figure 4, the mAP@0.5
remained greater than 88% in all degraded subsets.
Table 3 indicates that the highest result was obtained
with the sharp images, but also demonstrates the
high degree of utility of the model with the
compressed subset, suggesting it would be useful in
practical scenarios such as images captured using

low-cost cameras or transmitted using limited
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bandwidth. The detection results classified by the
classes are shown in Table 4, and the crack detection
has an F1-score of 92.5%, the corrosion has an F1-
score 0of 91.3%, and the surface wear has an F1-score
of 91.9%. It was found that water seepage was the
most challenging class with 88.7% F1-score, due to
its visual texture being frequently confused with

stains and shadows.

The efficiency results indicate the proposed
architecture can be used for practical inspection
systems. The results in Figure 5 indicate that the
proposed LVT model needed only 3.2 million of
parameters and 18.9 ms per image, which is faster
than the Swin-Tiny model, with a higher accuracy.
The computational comparison is presented in Table
5, and it is noted that the proposed model has the
optimal accuracy-inference cost tradeoff. The
contribution of each component was further verified
in the ablation study. The F1-score was observed to
improve with each step, from 84.1% to 90.7%, as the
lightweight  convolutional ~ stem,  attention
distillation, and quality-aware augmentation were
added to the model, as illustrated in Figure 6. The
same trend is evidenced in Table 6, which reveals
that the full model had the highest reliability.

Last but not least, the confusion matrix of the
proposed model is displayed in Figure 7. The
majority of predictions fell in the diagonal, with
good separation of classes. The error distribution is
displayed in Table 7, and the greatest errors were
between water seepage and surface wear. The
overall results illustrate how lightweight vision
transformers can enhance the detection of defective
components in the noisy and low resolution
infrastructure images while maintaining low
computation requirements to allow for their use in
the field.
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Table 1. Overall model performance comparison.

Model Precision (%) Recall (%) F1-score (%) mAP@0.5 (%)
MobileNetV3 82.4 78.3 80.3 81.2
EfficientNet-BO 84.1 80.9 82.5 83.6
DeiT-Tiny 86.7 83.4 85.0 86.1
Swin-Tiny 88.2 85.7 86.9 87.4
Proposed LVT 91.6 89.8 90.7 92.3
Table 2. Error rates across baseline and proposed models.
Model False positives (%) False negatives (%) Missed critical defects
MobileNetV3 10.9 13.6 42
EfficientNet-BO 9.8 11.8 35
DeiT-Tiny 8.2 10.4 29
Swin-Tiny 7.5 9.1 24
Proposed LVT 5.9 7.4 17
Table 3. Proposed LVT performance under image-quality degradation.
Image subset Images (n) mAP@0.5 (%) F1-score (%)
Sharp 420 94.1 92.6
Blurred 390 91.0 89.7
Low-light 360 89.4 88.5
Noisy 375 90.2 89.1
Compressed 405 88.8 87.9
Table 4. Class-wise detection results for the proposed LVT.
Defect class Precision (%) Recall (%) F1-score (%)
Crack 93.8 91.2 92.5
Spalling 90.7 87.6 89.1
Corrosion 92.1 90.5 91.3
Water seepage 88.9 88.4 88.7
Surface wear 92.6 91.3 91.9
Table 5. Computational efficiency comparison.
Model Parameters (M) Latency Input size Deployment
(ms/image) suitability
MobileNetV3 54 21.8 224 x 224 Medium
EfficientNet-B0 4.0 25.5 224 x 224 Medium
DeiT-Tiny 5.7 314 224 x 224 Medium
Swin-Tiny 28.3 37.6 224 x 224 Low
Proposed LVT 3.2 18.9 224 x 224 High
Table 6. Ablation analysis of the proposed components.
Configuration F1-score (%) mAP@0.5 (%) Key effect
Baseline ViT 84.1 85.0 Reference transformer
+ lightweight stem 86.2 87.0 Improved edge detail
+ attention distillation 88.0 88.7 Better feature transfer
+ quality augmentation 89.3 90.4 Robustness to
degradation
Full model 90.7 923 Best combined result
Table 7. Main misclassification patterns observed in the test set.
True class Most confused with Error count Likely visual cause
Crack Spalling 5 broken edges near cracks
Spalling Water seepage 6 dark exposed patches
Corrosion Surface wear 5 similar reddish texture
Water seepage Surface wear 9 stain-like regions
Surface wear Water seepage 8 shadow and moisture
overlap
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Figure 1. Model-wise mMAP@0.5 comparison showing the superior accuracy of the proposed LVT.
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Figure 2. Training loss curve showing stable convergence across epochs.
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Figure 3. Validation mAP@0.5 trend across training epochs.
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Figure 4. Proposed LVT performance across degraded image-quality subsets.
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Figure 7. Confusion matrix for the proposed LVT across five defect classes.

DISCUSSION

The experimental results demonstrate that the

proposed lightweight Transformer model can
deliver competitive mAP and recall performance
against other state-of-the-art Object Detection
frameworks, including YOLOX-m, particularly in
challenging Field Conditions, such as Motion Blur
and Non-uniform Illumination (Agyemang et al.,
2024). This compromise in efficiency and accuracy
is particularly evident in the fewer number of
parameters in this model, which allows for its
deployment at resource-constrained edge devices
without sacrificing accuracy and discriminatory
power needed for detecting fine-grained structural
anomalies (Wassan et al., 2025; Zhang et al., 2025).
Another limitation of the model is its predictable
degradation in extreme cases of image degradation,
such as when the imagery is very hazy or there is
strong occlusion of the sensor, when the loss of fine
spatial detail problems the self-attention mechanism
in the Transformer model used in the model.
(22593513) et al., 2025. In the future, further

research is required to overcome these failure modes
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and strengthen the model, including by using multi-
scale wavelet transform modules that have shown
their effectiveness under low-visibility conditions,
but which could reduce the size of the model while
preserving the features extracted: ((22593513) et al.,
2025). The framework is based on wavelets that
allow multi-scale analysis, and could help extract
components from an image that retain structural
fidelity even in the presence of intense noise and/or
blur, thereby enhancing the Transformer's capability
to zoom in on salient regions of defect information
while disregarding background information that has
been degraded by noisy or blurred data. ((22593513)
et al., 2025). Although hybrid CNN-Transformer
architectures are good at capturing both local and
global features as demonstrated in the performance,
the attention mechanism means that such networks
might be sensitive to high-frequency losses due to
noise, which highlights the need for monitoring
infrastructure. Although convolutional components
are good at retaining local textural information that
is crucial for crack detection, the Vision
Transformer bottleneck is efficient and might not be

sufficient for capturing features when there is a
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significant level of occultation (Tibermacine et al.,
2026). When compared to CNN-based models, it
achieved high detection sensitivity in all conditions,
and in conditions where traditional data
augmentation approaches had not been able to
operate, comparable to the best of the CNN-based
models (Steiner et al., 2021). When it comes to
infrastructure monitoring frameworks, they need to
be able to handle data from various sources and
locations, and process it without compromising the
low latency required for deploying autonomous
systems—Ilike those at the edge of the network—in
real time (Badar et al., 2025; Zhang et al., 2026).
These architectures have demonstrated on NVIDIA
Jetson modules that precision doesn't require high
computational cost but rather the adoption of
lightweight modules like depth-wise separable
convolutions and optimized attention blocks can
achieve high throughput and enable near real-time
assessment in field campaigns (Ahmed et al., 2024;
Guo et al., 2025). Lastly, there is a balance between
the detection accuracy and edge-level scalability
that can be used as a reference for systematic SHM
in the current framework. But developing feature
engineering methods that perform well in
experimental settings and can be fully automated for
in situ visual inspection has proven difficult, as there
is a need for continual advancement of feature
engineering methods and training techniques to deal
with domain shifts in the problematic assets in the
field (Khan & Kromanis, 2025; Koch et al., 2015).
These restrictions can be solved systematically, by
improving the architectural design and learning inan
infrastructure management in regard to data
efficiency, in order to reinforce the resistance of the
infrastructure management to the first signs of
deterioration. Moreover, empirical investigations
have demonstrated the effectiveness of combining
denoising techniques with lightweight Transformer

architectures to provide a scalable solution for
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reducing  computational  resources  without
sacrificing detection performance (Matarneh et al.,
2025). The optimization can alleviate the common
performance problems that occur in the real-world
application  with  complex occlusion and
ornamentation, where the complexity of the
algorithm is more complicated ( Zhang et al., 2025).
As a conclusion, for moving towards decentralized,
on-site diagnostics, the architecture needs to be
hardware-aware, and to be compressed to the limited
power envelopes of the field deployable sensing
platforms (Makhanova et al., 2024).

CONCLUSION

The study aims to analyze the performance of
lightweight vision transformers in the defect
detection task in low-quality images of
infrastructure. The results show that as a result of the
proposed approach, it is more effective for complex
imaging scenarios, such as situations with low light,
noise, uneven light, low resolution, and blur. The
model employed a small size architecture using
transformers, trained to perform encoding of local
defect patterns and contextual features with fairly
low computational complexity. The other limitation
is in real-life applications, where accuracy and
efficiency are crucial, e.g. infrastructure inspection
using drone or mobile imaging devices, or

surveillance cameras or low-power field devices.

The results reveal that the lightweight vision
transformer is superior in terms of detection
accuracy, robustness and inference efficiency
compared to the traditional baseline models. The
model could detect small defects that are difficult to

find using conventional convolutional methods and

were of low contrast. Furthermore, because of its

small parameter size and fast calculation speed, the
proposed method in this paper is appropriate for
application in the automatic inspection system for

practical use. The results indicate that lightweight
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transformer models could be helpful to engineers
and maintenance personnel for rapid, consistent and

scalable defect assessment.

These preliminary results are promising, but there
are some concerns. Even with very small defects,
very occluded defects, and/or defects that appear
similar to background texture, it can still affect
performance. The research described in this thesis
has the potential to be expanded by the inclusion of
additional infrastructures, the use of explainable
artificial intelligence (XAI) techniques, and the
implementation of the model in true inspection
contexts. Other enhancements that can be made
include a combination of light transformers, image
enhancement and edge device optimization. Overall,
the paper illustrates that lightweight vision
transformers are a promising and effective method
to improve the defect detection task in low-quality
infrastructure images, which can play a significant
role in providing safer, smarter, and more efficient

monitoring of infrastructure.
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