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unsafe. Utilizing UAVs and Al offers efficient and accurate solutions. This project aims to
hybrid deep learning and UAV vision system to be control to find the road defect detection
and reducing manual collection challenges.YOLOv5 and YOLOv? are used to detects the
road damage UAYV images, trained and tested on combined Chinese and Spanish datasets.
Results show 82.5% precision with both YOLOv5 and YOLOv7, YOLOwvS indicating
effectiveness across various damage types. UAVs streamline road defect detection, offering
promising applications of infrastructure monitoring and upcoming research on
transportation management. High-resolution road images are captured using UAVs and
processed using YOLOv5, YOLOv7 and YOLOv8 models to detect and classify surface
defects accurately. The system performs preprocessing, feature extraction, and real-time
object detection to identify damaged areas under varying environmental and lighting
conditions. A backend module is developed to manage image processing and store detection
results, enabling scalable and efficient monitoring.

The performance of the system is evaluated using standard metrics including Accuracy,
Precision, Recall, F1-score, and mAP. Experimental results demonstrate that the proposed
approach provides reliable and efficient detection performance, with YOLOvS achieving the
most balanced results among the compared models. The integration of UAV vision and deep

learning significantly reduces manual inspection effort and improves monitoring efficiency.
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INTRODUCTION

Road Maintenance plays a vital role in transportation
safety and economical development for roads. vehicle
damage, and accident risks. However, road surfaces
wastes over time due to heavy traffic loads, climatic
conditions and material aging. Common road damages
such as potholes and cracks, if not detected early, can
lead to serious safety issues and increased maintenance
costs. Traditional road inspection methods are mainly
manual or vehicle-based. Actual inspections require field
personnel to physically survey roads and record damage
details, which is time-consuming, labor-intensive, and
prone to human error. Vehicle-mounted inspection
systems improve coverage but are costly and limited by
traffic conditions and accessibility. Both approaches lack
scalability and real-time monitoring capabilities. Recent
advancements in computer vision and deep learning
have enabled automated visual inspection systems. Deep
learning models, especially object detection algorithms,
can automatically learn features from images and
accurately identify damaged regions without manual
intervention. Among these models, the YOLO (You Only
Look Once) family has gained attention for its high
detection speed and accuracy. Unmanned Aerial

Vehicles (UAVs) provide an efficient solution for

large-scale road 1 monitoring by capturing
high-resolution images over extensive areas in a short
time. UAV-based inspection improves safety by

eliminating the need for on-road inspections and enables
access to remote or difficult locations. When combined
with YOLO-based models such as YOLOv5, YOLOv7
and YOLOvS, UAV systems can perform real-time road
defect detection with high reliability. It proposes an road
defect detection using UAV images and deep learning
models. The system detects and classifies road damages
such as holes and cracks, providing accurate visual

outputs to support timely and efficient road
maintenance.

The hybrid deep learning and UAV vision System
which can be designed for the road damage techniques
which can be crucial for advancements which is really
happened at the road detection monument.The Deep
learning technique which is uesd to find the major
segments which can suitable for road defect to detect
their damage on roads.The required Performance

evaluation on roads which can plays a crucial method

which can be useful for the cracks on roads.This Method
of dealing with the Exceptional theory on roads.The
Crucial method which can be used to Identify the defect
via UAV findings to Establish the recall for the road
defect .The Road damage is more occurs on the patches
and cracks ..The

Traffic conditions will rectify with these type of
defecting detection via webpage to be compared to the
sectional roads

Or other normal detection. This type of deep learning
techniques were very useful for this new generations on

road defect detection.

RELATED WORKS

Several studies have been conducted in the area of road
defect detection using image processing and machine
learning techniques. Early research mainly focused on
traditional image processing methods such as edge road
defect detection, thresholding, and texture analysis to
Although these

approaches were simple to implement,which limited

find cracks and surface defects.

their accuracy in real-world environments. With the
advancement of machine learning, researchers began
applying
classification. These methods required handcrafted

classical classifiers for road damage
features and careful parameter tuning, make them less
adaptable for different road conditions and damage
types.
learning-based approaches

Recent research has shifted toward deep
due to their superior
performance in visual recognition tasks. Convolutional
Neural Networks (CNNs) have used widely for road
damage classification and segmentation. Several studies
outperform the traditional methods by automatically
learning complex features from road images. YOLO
have been applied to detect road damages with
improved accuracy. Among these, YOLO-based models
gained popularity due to their real time detection
capability and high processing speed. Researchers have
successfully used YOLOv5 and YOLOv7 models to
detect potholes and cracks from road images with high
precision. In recent years, UAV-based road inspection
systems have gained attention for their ability to capture
high resolution aerial images over large areas. Studies
integrating UAV imagery with deep learning models
have shown improved coverage, reduced inspection
time, and enhanced safety. However, challenges such as

varying lighting conditions, camera angles, and image
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resolution still exist. The proposed system builds upon
these existing works by integrating UAV-based image
acquisition with advanced YOLO models for accurate
and real-time road damage detection. This approach
aims to improve detection robustness while reducing

inspection cost and human involvement. .

EXISTING SYSTEM

Existing road defect detection systems have taken
from purely normal inspection techniques to semi
automated and deep learning-based approaches. Despite
these advancements, current methods still face several
challenges related to accuracy, scalability, cost, and
real-time performance. In the earliest approaches, road
damage detection was carried out through manual
inspections, where trained personnel visually examined
road surfaces to identify defects such as potholes and
While

observation, it is

cracks. manual inspection allows direct

extremely  time-consuming,
labor-intensive, and highly dependent 2 on human
judgment. This results in inconsistent reporting and
delayed maintenance actions. Moreover, inspectors are
exposed to traffic-related hazards, making this method
unsafe and unsuitable for frequent monitoring. To
improve efficiency, vehicle-based inspection systems
were introduced. These systems employ cameras, laser
scanners, or vibration sensors mounted on vehicles to
capture road surface data. Although vehicle-based
methods reduce manual effort and increase inspection
speed, they require expensive equipment, trained
operators, and are limited by traffic congestion and road
accessibility. Real-time analysis remains difficult due to
the large volume of data generated. With the rise of
artificial intelligence, deep learning-based methods
began to replace traditional image processing
techniques. Convolutional Neural Networks (CNNs)
were initially used for road damage classification and
segmentation. However, these methods often lacked
real-time detection capability and required high
computational resources. Recent existing systems have
adopted object detection frameworks such as YOLO
(You Only Look Once) for automated road damage
detection. YOLOvV5 has been widely used due to its
balance between detection accuracy and processing
speed. It enables real-time detection of road damage
from images captured by vehicles or UAVs. However,

YOLOVS5 still faces challenges in detecting small cracks

and damages under complex backgrounds. YOLOvV7
was introduced to improve detection accuracy and
speed through architectural optimizations. Some
existing systems utilize YOLOv7 to enhance real-time
road damage detection performance, especially for
high-resolution images. Despite its improvements,
YOLOV? requires powerful hardware and large labeled
datasets to achieve optimal results, which increases
system cost and complexity. YOLOvV8 represents a
further advancement with improved training strategies
and detection performance. A few recent approaches
have started adopting YOLOv8 for road damage
detection due to its better accuracy and robustness.
However, YOLOvS8-based systems are still limited by
diversity

particularly in large-scale and real-time UAV-based

dataset and deployment complexity,
applications. Although the integration of YOLOVS,
YOLOv7, and YOLOv8 has significantly improved
automated road damage detection, existing systems still
suffer from limitations such as high computational
requirements, limited generalization across different
road conditions, and lack of seamless integration with
UAV-based inspection platforms. These challenges
highlight the need for a more efficient, scalable, and
robust system that effectively combines UAV technology
with advanced YOLO models for real-time road damage

detection.

PROPOSED METHOD

The methodology aims to develop an automated
and intelligent road damage detection system by
integrating Unmanned Aerial Vehicle (UAV) with
advanced deep learning based object detection models.
The system is designed to reachout the limits of existing
manual and vehicle based inspection methods by
providing accurate, scalable, and real-time road
condition monitoring. The methodology begins with
UAV-based image acquisition, where UAVs equipped
with high-quality cameras are deployed to capture aerial
images of road surfaces. UAVs follow predefined paths
to ensure complete coverage of the inspection area. This
approach enables safe and efficient data collection over
large and hard-to-reach regions without interrupting
traffic flow. The collected images are then subjected to
data processing to enhance quality and consistency.

These steps improve the clarity of road damage features
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and ensure compatibility with deep learning models.
The dataset consists of labelled images containing
various road damage types such as potholes and cracks,
collected from publicly available datasets and UAV
inspections. After preprocessing, These models perform
object localization and classification in a single forward
pass, enabling real-time detection. YOLOV5 is used as a
baseline model due to its efficiency and stability, while
YOLOV?7 provides improved accuracy and faster
inference. YOLOVS is incorporated to further enhance
detection performance and robustness under complex
road and lighting conditions. During the training phase,
labeled images are used to train the networks to identify
damage patterns. Hyperparameters are optimized to
achieve better detection accuracy. The trained models
are evaluated using standard performance metrics such
as Precision, Recall, Fl-score, and mean Average
Precision (mAP). Once the optimal model is selected, it is
integrated into the road surface defect detection system
for inference. When a UAV-captured image is provided
as input, the system processes the image and applies the
trained YOLO model to detect and classify road damage.
The detected regions are marked using bounding boxes
and class labels, providing clear visual outputs. Finally,
the result visualization and analysis module presents the
detection results in an understandable format. The
output can be used by road maintenance authorities to
identify damaged locations and plan repair activities
This

accurate, safe, and scalable road damage detection, it is

efficiently. proposed methodology ensures
suitable for real-world infrastructure monitoring actual

and usual applications.

ARCHITECTURE DIAGRAM

The architecture of proposed road damage detection
system illustrates the overall workflow and interaction
between different system components. It describes how
road surface images are captured, processed, analyzed,
and visualized using UAVs and deep learning models.
The process starts with the UAV Image Acquisition
Module, where Unmanned Aerial Vehicles equipped
with high-resolution cameras are deployed to capture
useful images of road surfaces. UAVs follow predefined
flight paths to ensure complete coverage of the
inspection area. This module enables efficient, safe, and
large-scale data collection without interrupting traffic

flow. The captured images are forwarded to the

Preprocessing Module, where image enhancement
operations are performed. This includes resizing images
to a standard resolution, noise reduction, normalization,
and contrast enhancement. Preprocessing improves
image quality and obtains the data is suitable for deep

learning model input.

Train Set
(B
- > Trained model
f p—
( \ fr \ —
( Dataset Input | | o ¥ @
== 8o -
—1 — -,
| —' Image
— || processing || /—*\
R . Testing the models ‘
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Figure 1: System architecture

After preprocessing, the images are passed to the
Deep Learning Detection Module, which is the core
component of the system. This module utilizes
YOLO-based object detection such as YOLOv5, YOLOV?,
and YOLOVS8. These models analyze the images to detect
and classify road damages like potholes and cracks in a
single forward pass, enabling real-time defect detection
with high accuracy. The detected outputs are then
processed by the Result Visualization Module, where the
class labels are drawn on the images to highlight
damaged regions. This visual representation helps users
easily understand the type and location of road damage.
Finally, the Storage and Analysis Module stores
detection results for future reference and maintenance
planning. The output data can be used by road
authorities to prioritize repairs and improve
infrastructure management. Overall, the architecture
diagram represents a modular, scalable, and efficient
system that integrates UAV technology with the new
generation deep learning models to adopt the road

surface defect detection.

DATAFLOW

The data flow of the proposed road damage detection
system explains how information is transferred and
different

acquisition to final output generation. The data flow

processed  across modules from image
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begins with the UAV Image Acquisition module, where
Unmanned Aerial Vehicles capture high-resolution
images of road surfaces during inspection flights. These
images form the raw input data for the system. Next, the
captured images are passed to the Preprocessing module.
In this stage, the images undergo resizing, normalization,
noise removal, and contrast enhancement. Preprocessing
ensures consistency in image pureness and circulates the

data for deep learning-based analysis.

amport ibranies

ﬂ NO PROCESS

| ‘Fploring the daraser |

| Viualization

: |
!
| Data pre-processiog |

I

| Fearure selection |

l

| Splitting the dats imts train & rest |

Bulding the model- ValoV3 - VoloV7 - ValoVd -
Velo¥E

| Traizing the medel

|Uurmam

| Tser inpui

L
i
i
1

| Finsl eutceme | |

| :]m p—

Figure 2: System Data Flow

After preprocessing, the images are forwarded to the
Deep Learning Processing module, which utilizes
YOLO-based object detection models such as YOLOV5,
YOLOV7, and YOLOvVS. The models analyzes the input
images to identify and classify road damages such as
potholes and cracks. Bounding box and class labels are
generated as output from this module. The detection
results are then sent to the Visualization module, where
bounding boxes and labels are superimposed on the
original images. This step provides a clear visual
representation of detected road damage, making it easier
for users to interpret the results. Finally, the processed
output data is transferred to the Storage and Analysis
module. The results are stored for future reference and
used for maintenance planning and decision-making by
road authorities. Overall, the data flow ensures a
systematic and efficient transfer of information across
modules, enabling accurate and real-time road damage

detection.
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ALGORITHM

The proposed road surface defect detection uses a
YOLO-based deep learning algorithm to identify and
classify road surface damages from UAV images. The
algorithm follows a systematic process from image
acquisition to final damage detection and visualization
YOLOVS:

YOLOVS5 is an object defect detection model that uses a
singualar convolutional to predict the multiple bounding
boxes and their corresponding class probabilities in an
image. YOLOvV5 is implemented as a deep learning
model for detecting road surface defect in UAV images
YOLOV7:

YOLOV7 is an upgraded version of the YOLO (You Only
Look Once) object detection model, incorporating
improvements in architecture and training techniques to

enhance detection performance..

YOLOvS:
YOLOVS is a state-of-the-art object detection model that
builds upon previous versions of YOLO by

incorporating advancements in architecture design and
training methodologies to achieve superior performance
in object detection tasks. YOLOVS is integrated into the
project as a Hybrid deep learning and UAVs vision

system for road surface defect detection.

RESULTS AND DISCUSSION

The proposed Hybrid Deep Learning and UAV Vision
System was evaluated to measure its effectiveness in
detecting road surface defects such as potholes and
cracks. The system was tested using UAV-captured

images and the RDD dataset under different
environmental and lighting conditions to ensure
robustness.
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Performance has analyzed using Normal evaluation
metrics including Accuracy, Precision, Recall, F1-score,
and mean Average Precision (mAP). Among the
evaluated models, YOLOvV5 provided stable baseline
performance with satisfactory detection accuracy and
moderate inference speed. YOLOV7 demonstrated

improved precision and recall, indicating better
detection of smaller and partially visible defects.
YOLOvS8 achieved the most balanced performance
across all manners, showing higher Fl-score and mAP
values, which reflects its contains to minimizes the both
false positives and negatives .

The Accuracy graph shows consistent improvement
from YOLOvV5 to YOLOVS, indicating enhanced model
learning and better feature extraction capability.
Precision values remained high across all models,
demonstrating reliable defect classification. Recall
performance confirmed that advanced models such as
YOLOV7 and YOLOv8 were more effective in detecting
The

F1-score results further validate that YOLOv8 maintains

difficult or partially occluded damage areas.

an sequential balance between precision and recall.
The
improved coverage efficiency symbolic to traditional

integration of UAV imaging significantly

normal inspection methods. The system successfully
reduced inspection time and enabled large-scale road
monitoring without traffic disruption. Additionally, the
backend
processing and structured storage of detection results.

implementation ensured smooth image
Overall, the experimental results confirm that combining
UAV vision with advanced YOLO-based deep learning
models provides an accurate, scalable, and efficient
solution for automated road damage detection. Future
improvements may focus on real-time GPS mapping,
damage severity estimation, and cloud-based
deployment for smart city applications.

Table 1: Performance evaluation

Algorithm | Precision | Recall F1-Score | Accuracy
Name

YoloV5 82.5 59.055556 | 57.713607 | 57.5
YoloV7 82.5 59.055556 | 57.713607 | 57.5
Extension | 85.0 83.888889 | 82.093838 | 82.5
YoloV8

Typical Drone Images

Figure 3:RDD China Drone

Classification Performance

ToloWs

loWT

Wlows

00 01 0z 03 04 o5 e o7 08
Accuracy Score

Figure 4:Comparison of Classification Accuracy for
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CONCLUSION

This paper presented an Hybrid deep learning and
UAV vision system for road surface defect detection. The
the
vehicle-based

proposed approach addresses limitations of

traditional manual and inspection
methods by providing a safer, faster, and more suitable
solution for road condition monitoring. By integrating
UAV-based image acquisition with YOLOv5, YOLOvV?,
and YOLOv8 models, the system effectively detects and

classifies road damages such as potholes and cracks with

high accuracy. Experimental results states that YOLOv7
and YOLOVS achieve superior performance in terms of
detection accuracy and stableness under varying road
and lighting conditions, while maintaining real time
processing capability. The use of UAVs enables efficient
coverage of large and hard-to-reach areas without
disrupting traffic flow, significantly reducing inspection
time and human involvement. Overall, the proposed
method provides a reliable and cost-effective solution
for modern road infrastructure maintenance. Future
GPS-based damage
mapping, severity analysis, and integration with smart
to further

enhancements may include

city maintenance platforms improve

decision-making and automation.
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