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ABSTRACT

This project presents an intelligent and
automated system for detecting road
damage using unmanned aerial vehicle
(UAV) imagery combined with advanced
deep learning techniques. Traditional road
inspection methods rely heavily on manual

surveys, which are time-consuming, labor-
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intensive, and prone to human error. To
address these limitations, the proposed
system utilizes UAVs to capture high-
resolution images of road surfaces, nabling
efficient coverage of large and hard-to-

access areas.

The collected images are processed using

state-of-the-art object detection models,
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including YOLOV5-TPH, YOLOv7, and
YOLOVS, to identify various types of road
defects such as cracks, potholes, and
repaired regions. Among these, YOLOVS8
demonstrates superior performance in
terms of precision, recall, and mean average
precision (MAP), making it suitable for
real-time  deployment. The  system
incorporates preprocessing techniques such
as image resizing, normalization, and data
augmentation to enhance model accuracy
and robustness under varying

environmental conditions.

In addition, a user-friendly web-based
dashboard is developed using Flask to
allow users to upload images and visualize
detection results through annotated outputs
with bounding boxes and confidence
scores. Experimental results show that the
proposed system significantly improves
detection

accuracy and  efficiency

compared to conventional methods.
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I. INTRODUCTION

Road infrastructure plays a critical role in
economic  development, transportation
efficiency, and public safety. However,
road surfaces are highly susceptible to
damage due to factors such as heavy traffic
loads, environmental conditions, and
material degradation. Common defects
such as cracks, potholes, and surface
distortions not only reduce road quality but
also increase the risk of accidents and
vehicle maintenance costs. Therefore,
timely detection and maintenance of road
damage are essential for ensuring safe and

efficient transportation systems.

Traditionally, road inspection is carried out
through manual surveys, where personnel
physically examine road conditions.
Although widely practiced, this method is
labor-intensive, time-consuming, and prone
to inconsistencies caused by human
judgment. Moreover, manual inspection
becomes impractical when large-scale road
networks require frequent monitoring.
These limitations highlight the need for
automated, efficient, and scalable solutions

for road condition assessment.

Recent advancements in computer vision
and deep learning have opened new
possibilities for automated road damage

detection. Convolutional Neural Networks
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(CNNs) and object detection models have
demonstrated  strong  capabilities in
extracting features and identifying complex
patterns in images. In particular, the “You
Only Look Once” (YOLO) family of
models has gained significant attention due
to its ability to perform real-time object
detection with high accuracy. These models
can effectively detect multiple types of road
damage from images, making them suitable
for practical deployment in intelligent

transportation systems.

In addition to algorithmic advancements,
data acquisition techniques have also
evolved. Unmanned Aerial Vehicles
(UAVs), commonly known as drones,
provide an efficient and flexible solution
for capturing high-resolution road images.
UAVs enable rapid data collection over
large areas, including regions that are
difficult or unsafe to access through
conventional methods. By integrating
UAV-based image acquisition with deep
learning models, it becomes possible to
develop a comprehensive system for
automated road damage detection.

This project proposes an intelligent
framework that combines UAV imagery
with deep learning-based object detection
models, YOLOV5-TPH,
YOLOv7, and YOLOVS, to identify and
classify road damage. The system also

including
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incorporates preprocessing techniques to
enhance data quality and improve detection
accuracy under varying environmental
conditions. Furthermore, a web-based
interface is developed to enable users to
upload images and visualize detection

results in an intuitive manner.

The main objective of this work is to design
a reliable, scalable, and user-friendly
system that improves the efficiency of road
inspection processes. By reducing manual
effort and enabling faster detection, the
proposed approach contributes to better
maintenance planning, optimized resource

utilization, and enhanced road safety.

Il. LITERATURE REVIEW

Recent advancements in deep learning and
computer vision have significantly
improved the efficiency of automated road
damage detection systems. Several
researchers have explored different
approaches  using  UAV  imagery,
convolutional neural networks (CNNs), and
object detection models to address the
limitations of traditional manual inspection

methods.

Luis Augusto Silva et al. [1] proposed a

UAV-based road damage detection system

using YOLOv4, YOLOvV5, and YOLOvV7

models. Their study demonstrated that

YOLOvV7 achieved the highest accuracy
Vol. 22, No. 2, 2026
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with a mean average precision (mAP) of
73.20%. However, the approach required
high computational resources and was
dependent on dataset quality. Similarly,
Zhang et al. [2] utilized deep CNN models
to detect road surface defects, achieving
good feature extraction capability.
Nevertheless, their model performance
decreased under varying environmental
conditions and required a large amount of

training data.

Chaetal. [3] developed a CNN-based crack
detection system that achieved
approximately 98% accuracy,
outperforming traditional edge detection
techniques such as Canny and Sobel.
Despite its high accuracy, the model
required extensive computational power
and large datasets. Ren et al. [4] introduced
the Faster R-CNN model for object
detection, which has been widely applied in
road damage detection due to its high
accuracy. However, its slower detection
speed limits its suitability for real-time

applications.

Li et al. [5] extended the R-CNN
framework for structural damage detection,
successfully identifying cracks and
corrosion with high precision, though at the
cost of increased processing time. Zou et al.
[6] proposed a crack detection and
quantification method using Faster R-CNN,
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achieving precise measurement of crack
dimensions  but introducing  system

complexity and computational overhead.

To improve detection in challenging
conditions, Shim et al. [7] combined super-
resolution techniques with Generative
Adversarial Networks (GANs) for semi-
supervised learning. This  approach
enhanced detection performance on low-
resolution images but relied heavily on the
quality of generated data. Kang et al. [8]
introduced a transformer-based network
(STRNet) for crack

achieving high accuracy and improved

segmentation,

processing speed compared to traditional
methods, although it required complex
architecture design.

Zhang et al. [9] proposed an attention-based
deep learning model for pixel-level damage
detection, providing detailed segmentation
results but lacking real-time capability due
to computational complexity. Liu et al. [10]
developed a Single Shot Detector (SSD)-
based model for real-time crack detection,
achieving high speed (36 FPS) but with
slightly lower accuracy compared to more

complex models.

1. METHODOLOGY

The proposed system for automated road

damage detection is designed as an

integrated pipeline that combines UAV-
Vol. 22, No. 2, 2026
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based image acquisition, data
preprocessing, deep learning model
training, evaluation, and a user interface for
result visualization.  This  structured
approach ensures accurate detection of road
defects while maintaining efficiency and

scalability.

Road surface images are collected using
Unmanned Aerial Vehicles (UAVS), which
provide a flexible and efficient means of
capturing high-resolution data over large
areas. UAVs enable access to locations that
are difficult or unsafe for manual inspection
and allow consistent image acquisition
under different perspectives. The dataset
used in this work is compiled from multiple
UAV-based sources and includes various
categories of road damage such as cracks,

potholes, and repaired surfaces.

The collected images undergo
preprocessing to improve their quality and
suitability for model training. This includes
resizing images to a uniform dimension,
normalizing pixel values, and removing
noise. Annotation files are verified to
ensure correctness, and class labels are
standardized into predefined categories
such as D00, D10, D20, D40, and Repair.
To enhance model generalization and
handle variations in real-world conditions,
data augmentation techniques such as

rotation, flipping, and scaling are applied.
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The dataset is then divided into training,
validation, and testing subsets to support
effective  model  development and

evaluation.

Deep learning-based object detection
models are used to identify road damage
patterns from the processed images. In this
work, multiple YOLO variants, including
YOLOV5-TPH, YOLOvV7, and YOLOVS,
are utilized due to their strong performance
in real-time object detection tasks. The
models are trained using annotated datasets,
allowing them to learn spatial features and
distinguish between different types of road
defects. Pretrained weights are used to
accelerate the training process, and key
parameters such as learning rate, batch size,
and number of epochs are optimized to
improve  performance. Among the
evaluated models, YOLOvV8 demonstrates
superior accuracy and efficiency, making it

the preferred choice for deployment.

Model performance is evaluated using
standard metrics such as precision, recall,
Fl-score, and mean average precision
(mAP). Additional analysis techniques,
including  confusion  matrices  and
confidence threshold evaluation, are used to
understand class-wise detection
performance and identify areas for
improvement. Based on these results, the

model is fine-tuned to reduce false positives
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and enhance detection reliability under

varying environmental conditions.

To enable practical usage, a web-based
interface is developed using Flask along
with HTML, CSS, and JavaScript. This
interface allows users to upload road
images and receive detection results in real
time. The output is displayed as annotated
images with bounding boxes, class labels,
and confidence scores, making the results
easy to interpret. This component enhances
the usability of the system by bridging the
gap between technical model outputs and
real-world applications for infrastructure

monitoring.

IV.SYSTEM ARCHITECTURE

V. RESULTS & DISCUSSION

The performance of the proposed road
damage detection system is evaluated using
multiple deep learning models trained on
UAV-based image datasets. The primary
objective is to assess the effectiveness of
different models in accurately identifying
and classifying various types of road
defects. The evaluation is carried out using

standard metrics such as precision, recall,
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Fl-score, and mean average precision
(mAP), which provide a comprehensive

understanding of model performance.

Among the evaluated models, YOLOV5-
TPH, YOLOvV7, and YOLOV8 demonstrate
varying levels of effectiveness. YOLOV5-
TPH shows relatively low performance due
to limited feature learning capability in
complex road conditions, resulting in lower
precision and recall values. YOLOv7
performs significantly better, achieving a
balanced trade-off between detection
accuracy and computational efficiency.
However, YOLOVS8 outperforms all other
models, achieving the highest precision,
recall, and mAP values. Its improved
architecture  enables  better  feature
extraction and more accurate localization of
road damage, making it the most suitable

model for deployment.

A detailed analysis of class-wise
performance reveals that the model
performs exceptionally well for certain
categories, particularly severe damage
types such as D40, where features are more
distinct and easier to detect. In contrast,
classes such as D10 and D20 show
relatively lower performance due to subtle
visual differences and limited
representation in the dataset. The “Repair”
class demonstrates high recall but

comparatively lower precision, indicating
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that while most repaired areas are detected,
there are some false positive predictions.
highlight  the

importance of balanced datasets and

These observations

improved feature representation  for

complex damage categories.

The confusion matrix analysis further
provides insights into classification
performance by comparing predicted labels
with actual ground truth values. A strong
diagonal pattern is observed for well-
detected classes, confirming accurate
predictions. However, misclassifications
are more frequent in classes with similar
visual characteristics, where the model
sometimes predicts them as background or
confuses them with other categories. This
indicates the need for enhanced training
data and better feature differentiation

techniques.

The confidence threshold analysis shows
that model performance varies with
different threshold values. As the threshold
increases, precision improves due to fewer
false positives, while recall decreases as
some true detections are missed. The
optimal performance is achieved at a
moderate confidence level, where a balance
between precision and recall is maintained.
This balance is critical for real-world
deployment, where both accurate detection

and coverage are important.
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The system also demonstrates practical
usability through the developed web-based
interface. Users can upload road images and
receive annotated outputs that clearly
highlight detected damage using bounding
boxes and confidence scores. This visual
representation enhances interpretability and
allows non-technical users to easily
understand the results. The integration of
the detection model with the dashboard
ensures smooth real-time inference and user

interaction.

V1. CONCLUSION

This project presents an intelligent and
automated system for detecting road
damage using UAV imagery and deep
learning techniques. By integrating aerial
image acquisition with advanced object
detection models, the system effectively
addresses the limitations of traditional
manual inspection methods, which are
time-consuming, labor-intensive, and prone
to human error. The proposed approach
enables faster data collection, improved
coverage, and more consistent analysis of

road conditions.

The implementation involves dataset
preparation, preprocessing, training of
multiple  YOLO-based models, and
evaluation using standard performance

metrics. Among the tested models,
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YOLOvS8

performance in terms of precision, recall,

demonstrates superior
and mean average precision, making it the
most suitable choice for deployment. The
system is further enhanced with a web-
based interface that allows users to upload
images and visualize detection results
through annotated outputs, improving

usability and practical applicability.

The results confirm that the proposed
system can accurately identify various
types of road damage, including cracks,
potholes, and repaired sections, under
different environmental conditions. This
contributes to more efficient infrastructure
monitoring, better maintenance planning,
and reduced

Additionally, the

visualization tools such as bounding boxes

operational costs.

integration of

and confidence scores helps in making the
output more interpretable for end users.

Despite its effectiveness, certain challenges
remain, including class imbalance,
difficulty in detecting subtle damage
patterns, and dependence on dataset quality.
These limitations indicate potential areas
for further improvement. Overall, the
project establishes a strong foundation for
developing scalable and reliable road
damage detection systems and highlights

the potential of combining UAV
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technology with deep learning for smart

infrastructure management.
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