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Abstract— This study introduces an Al-driven
system for detecting and localizing road surface
damage using deep learning methods. The
approach employs three variants of the YOLO
(You Only Look Once) architecture—YOLOVS,
YOLOvV7, and YOLOv8—to analyze and classify
road images. A custom dataset containing multiple
categories of road defects, including potholes,
cracks, and surface irregularities, was used for
training and evaluation. Comparative results
indicate that YOLOv8 delivers the best
performance, achieving an accuracy of 85%,
followed by YOLOv7 at 82% and YOLOVS at
65%. Additional evaluation metrics such as
precision, recall, and confusion matrices further
confirm the superior detection capability of
YOLOVS with reduced misclassification rates. The
system also supports real-time detection, visually
marking damaged areas with bounding boxes.
Overall, the proposed framework demonstrates
the effectiveness of deep learning in automating
road condition assessment, with practical
applications in smart infrastructure management
and autonomous transportation systems.
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I. INTRODUCTION

Road infrastructure plays a vital role in supporting
economic growth, urban mobility, and public safety.
However, continuous exposure to traffic loads,
environmental conditions, and natural wear leads to
various forms of road damage such as potholes,
cracks, and surface deformations. These defects not

only reduce ride quality but also increase the
likelihood of accidents and vehicle damage, thereby
raising maintenance costs. Conventional road
inspection techniques, including manual surveys and
visual assessments, are labor-intensive, time-
consuming, and often inconsistent due to human
subjectivity. As a result, there is an increasing need
for automated, efficient, and accurate systems
capable of monitoring road conditions in real time.

Recent developments in computer vision and deep
learning have significantly advanced the field of
automated infrastructure monitoring. In particular,
object detection algorithms have shown remarkable
performance in identifying and classifying visual
patterns in complex environments. Models from the
YOLO (You Only Look Once) family have gained
widespread attention due to their ability to perform
high-speed and accurate object detection in real-time
scenarios [14], [17], [18]. These models have been
successfully applied in various domains, including
road damage detection using smartphone images and
UAV-based imagery [9], [7]. Additionally, deep
learning-based approaches such as convolutional
neural networks (CNNs) and pixel-level detection
methods have demonstrated improved accuracy in
identifying pavement distress under diverse
conditions [11], [12].

The integration of unmanned aerial vehicles (UAVs)
and remote sensing technologies further enhances the
capability of automated monitoring systems. UAVs
enable large-scale data collection with high-
resolution imagery, making them suitable for
infrastructure  inspection and  environmental
monitoring tasks [4], [19]. Studies have shown that
UAV-based systems combined with deep learning
can effectively detect structural damages and
improve monitoring efficiency [20]. Furthermore,
publicly available datasets such as RDD2022 have
facilitated the development and benchmarking of
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robust road damage detection models across different
regions and conditions [13].

Despite these advancements, challenges remain in
achieving high accuracy and generalization across
varying lighting conditions, weather scenarios, and
road types. Moreover, limited comparative analysis
of different YOLO architectures for road damage
detection highlights the need for systematic
evaluation. To address these gaps, this study proposes
an Al-based road damage detection system utilizing
multiple YOLO variants—YOLOvS, YOLOv7, and
YOLOv8—for automated detection and classification
of road defects. By leveraging deep learning and real-
time inference capabilities, the proposed system aims
to improve the efficiency, reliability, and scalability
of road condition monitoring, contributing to smarter
infrastructure management and safer transportation
systems.

II. LITERATURE SURVEY

[7] Pavement Monitoring with UAV and Multi-Agent
Systems, this study presents an advanced pavement
monitoring framework that integrates UAV imagery
with a multi-agent system for automated pothole
detection. The authors focus on improving road
inspection efficiency by combining aerial image
acquisition with intelligent decision-making agents.
UAVs capture high-resolution images of road
surfaces, which are then processed using machine
learning techniques to identify pavement defects such
as potholes. The multi-agent architecture enhances
system scalability and coordination, allowing
different agents to handle tasks like data acquisition,
processing, and analysis. The system demonstrates
improved detection accuracy and reduced manual
effort compared to traditional inspection methods.
Additionally, the approach supports real-time
monitoring and can be deployed in smart city
environments. This work highlights the potential of
combining UAV technology with Al-driven systems
to create efficient, automated road condition
monitoring solutions.

[9] Road Damage Detection Using YOLO with
Smartphone Images, this research explores the
application of the YOLO object detection algorithm
for identifying road damage using images captured
from smartphones. The study emphasizes the
practicality of low-cost data collection methods,
making the system accessible and scalable. YOLO’s
real-time detection capability enables efficient
identification of road defects such as cracks and
potholes. The model is trained on labeled datasets
and evaluated using standard performance metrics,
demonstrating strong detection accuracy and speed.

The approach reduces the dependency on expensive
equipment and manual inspections, making it suitable
for widespread deployment. The results confirm that
deep learning-based object detection can effectively
analyze road conditions even with images captured
under varying environmental conditions. This study
provides a foundation for developing cost-effective
and real-time road monitoring systems.

[91 Road Damage Detection Using YOLO with
Smartphone Images, this research explores the
application of the YOLO object detection algorithm
for identifying road damage using images captured
from smartphones. The study emphasizes the
practicality of low-cost data collection methods,
making the system accessible and scalable. YOLO’s
real-time detection capability enables efficient
identification of road defects such as cracks and
potholes. The model is trained on labeled datasets
and evaluated using standard performance metrics,
demonstrating strong detection accuracy and speed.
The approach reduces the dependency on expensive
equipment and manual inspections, making it suitable
for widespread deployment. The results confirm that
deep learning-based object detection can effectively
analyze road conditions even with images captured
under varying environmental conditions. This study
provides a foundation for developing cost-effective
and real-time road monitoring systems.

[11] CNN-Based Pothole Detection Using Thermal
Imaging, this paper introduces a convolutional neural
network (CNN)-based method for detecting potholes
using thermal imaging. Unlike traditional RGB
images, thermal imaging captures temperature
variations, ~ which  can  highlight structural
inconsistencies in road surfaces. The proposed
approach leverages CNNs to extract features from
thermal images and accurately classify potholes. The
study demonstrates that thermal imaging can improve
detection performance, especially in low-light or
nighttime conditions where standard imaging
techniques may fail. Experimental results show that
the model achieves reliable accuracy and robustness
under challenging environments. This work
highlights the importance of incorporating alternative
imaging modalities to enhance road damage detection
systems. It also opens new possibilities for improving
detection accuracy in real-world scenarios with
varying lighting and weather conditions.

[12] Pixel-Level Pavement Distress Detection Using
Deep Learning, this research focuses on automated
pavement distress detection at the pixel level using
deep learning and stereo vision techniques. The
proposed system combines 3D depth information
with advanced neural networks to achieve precise
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localization of road damage. Unlike traditional
bounding-box detection, pixel-level analysis provides
more detailed and accurate identification of defects
such as cracks and surface irregularities. The model
is trained on high-resolution datasets and
demonstrates strong performance in detecting fine-
grained damage patterns. The integration of stereo
vision enhances the system’s ability to understand
road geometry and surface variations. This approach
significantly improves detection accuracy and
provides detailed insights into road conditions,
making it valuable for maintenance planning and
infrastructure management.

[I7] YOLOvS5: Real-Time Object Detection
Framework, YOLOvVS5 is a state-of-the-art object
detection model designed for high-speed and accurate
real-time detection tasks. Developed by Ultralytics, it
builds upon previous YOLO versions by introducing
improved architecture, enhanced training strategies,
and better performance optimization. The model
supports multiple configurations, allowing users to
balance speed and accuracy based on application
requirements. YOLOVS has been widely adopted in
various domains, including traffic monitoring,
surveillance, and infrastructure inspection. Its ability
to process images quickly while maintaining high
detection accuracy makes it particularly suitable for
road damage detection systems. The framework also
provides flexibility in training custom datasets,
enabling adaptation to specific use cases such as
identifying potholes and cracks. Overall, YOLOvS
represents a powerful tool for developing efficient
and scalable computer vision applications.

II1. DATASET DETAILS

The dataset used in this work consists of real-world
vehicle energy consumption records collected from
an electric bus dataset obtained from the Kaggle
repository. Each record represents a specific route
instance and includes multiple attributes such as
latitude, longitude, battery level, vehicle speed, route
distance, and other operational parameters that
influence energy consumption. The dataset is
organized in a tabular format, where each row
corresponds to an individual observation and each
column represents a feature used for prediction.
Initially, the dataset contains 21 features, which are
later reduced to 15 relevant features using a
Neighborhood feature selection technique to
eliminate redundant and less informative attributes.
The target variable in this dataset is the energy
consumption of the electric bus, which is continuous
and varies depending on route conditions and vehicle
behavior. Since the dataset includes numerical values
with possible inconsistencies, several preprocessing

steps are applied to improve data quality. These steps
include handling missing values, removing duplicate
entries, normalizing feature values to a uniform scale,
and shuffling the dataset to avoid any ordering bias.
Additionally, feature scaling ensures that all input
variables contribute equally during model training,
which is especially important for algorithms sensitive
to magnitude differences. The dataset is then divided
into training (80%) and testing (20%) subsets to
evaluate model performance on wunseen data.
Visualization techniques are also used to analyze
feature distributions and identify patterns or
correlations. Overall, the well-structured and
preprocessed dataset provides a strong foundation for
accurate and reliable energy consumption prediction
using various machine learning and deep learning
models.

III. PROPOSED METHODOLOGY

The proposed methodology introduces a structured
framework for automated road damage detection
using deep learning-based object detection models.
The process begins with dataset acquisition, where a
road damage image dataset (RDD2022) is uploaded
into the system. This dataset contains images of road
surfaces with different types of damages such as
potholes, cracks, and surface deformations. After
loading the dataset, preprocessing steps are applied to
enhance data quality and model performance. These
steps include image resizing, normalization,
annotation parsing, and shuffling of images to
remove bias. Due to computational constraints, a
subset of images is selected, ensuring efficient
training. The dataset is then divided into training
(80%) and testing (20%) sets to ensure proper
evaluation and avoid overfitting. This preprocessing
pipeline ensures that the dataset is clean, balanced,
and suitable for training deep learning models.

Following preprocessing, multiple YOLO (You Only
Look Once) models are implemented to detect and
classify road damage. YOLOVS is first trained as a
baseline model due to its efficiency in real-time
object detection. YOLOV7 is then applied to improve
detection accuracy and robustness by leveraging
advanced architectural enhancements. Finally,
YOLOVS, the latest version, is introduced as an
extension to achieve superior performance with better
feature extraction and optimization capabilities. Each
model is trained using the prepared dataset and
evaluated on the testing dataset. Performance metrics
such as accuracy, precision, recall, and confusion
matrix analysis are used to assess the effectiveness of
each model. Comparative analysis helps in
identifying the strengths and limitations of each
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algorithm in detecting different types of road
damage.

To further enhance system usability, a real-time
inference module is integrated into the framework.
This module allows users to upload new road images
and obtain instant predictions, where detected
damages are highlighted using bounding boxes.
Visualization techniques are also used to compare
model performance through graphs and sample
outputs. Among all models, YOLOv8 demonstrates
the highest accuracy and lowest misclassification
rate, making it the most suitable for deployment.
Overall, the proposed methodology provides an
efficient, scalable, and reliable solution for automated
road inspection, significantly reducing manual effort
and improving maintenance planning.

Road Image Dataset

|

Data Preprocessing
-Resize
-Normalize
-Split (Train/Test)

Model Training
(YOLOv5, YOLOvV7, YOLOV8)

|

Model Evaluation
-Accuracy

- Precision, Recall

- Confusion Matrix

'

Performance Comparison (Bar
Graph Visualization)

|

Real-time Inference on Uploaded
Test Images

|

Output: Detected Damages with
Bounding Boxes

Figure 1: System Architecture of Road Damage
Detection System

Figure [1] illustrates the overall system architecture,
which starts with dataset upload and preprocessing,
including image cleaning, normalization, annotation
handling, and data splitting. The processed dataset is
then passed through multiple deep learning models
such as YOLOv5, YOLOv7, and YOLOvVS for
training and evaluation. Each model is assessed using
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performance metrics like accuracy, precision, recall,
and confusion matrix. Based on comparative
analysis, the best-performing model (YOLOVS) is
selected. Finally, the system includes a real-time
detection module that processes new input images
and highlights road damage using bounding boxes,
enabling efficient and automated road condition
monitoring.

IV. RESULT AND DISCUSSION

The  experimental results demonstrate the
effectiveness of deep learning-based object detection
models in identifying and classifying road surface
damage using the given dataset. Multiple models
were trained and evaluated, including YOLOVS,
YOLOvV7, and YOLOvVS. Among these, YOLOVS
achieved the highest accuracy of 85%, showing
superior performance in detecting various types of
road damage such as potholes, cracks, and surface
deformations. YOLOV7 also performed well with an
accuracy of 82%, providing a good balance between
detection speed and accuracy. In contrast, YOLOVS
achieved an accuracy of 65%, indicating
comparatively lower performance in handling
complex damage patterns. Evaluation metrics such as
precision, recall, and confusion matrix analysis
further confirmed that YOLOv8 produced fewer
misclassifications and higher detection reliability.
Visual results also showed that YOLOvS8 accurately
localized damage regions with well-defined bounding
boxes, demonstrating its effectiveness for real-time
applications.

Figure [2]: Performance Comparison of YOLO
Models

Figure [2] illustrates the comparison of YOLOVS,
YOLOvV7, and YOLOvVS8 based on accuracy and other
evaluation metrics. YOLOvVS clearly outperforms the
other models with the highest accuracy, followed by
YOLOv7, while YOLOvV5 shows the lowest
performance among the three.

Figure [3]: Road Damage Detection Output

Figure [3] presents the final detection results where
test images are provided as input to the system. The
model identifies road damage and highlights the
affected areas using bounding boxes, enabling clear
visualization of detected defects.

DISCUSSION

The results indicate that selecting an advanced object
detection model significantly improves the accuracy
of road damage detection. YOLOVS outperforms
YOLOvS and YOLOv7 due to its improved
architecture and enhanced feature extraction
capabilities, allowing it to detect complex and small-
scale damages more -effectively. YOLOvV7 also
provides strong performance, making it a reliable
alternative, while YOLOv5 shows limitations in
handling diverse damage patterns. The use of
preprocessing  techniques such as  image
normalization, annotation handling, and proper
dataset splitting contributed to improved model
performance. The evaluation using accuracy,
precision, recall, and confusion matrix confirms that
deep learning models are highly effective for
automated road inspection tasks. Furthermore, the
real-time detection capability enhances practical
usability, enabling quick identification of road
defects. Overall, the system offers a scalable and
efficient solution for road condition monitoring,
reducing manual inspection efforts and supporting
smarter infrastructure maintenance.

IV. CONCLUSION

This work presents an efficient system for detecting
road surface damage using deep learning-based
object detection models. Different versions of
YOLO, including YOLOVS5, YOLOv7, and YOLOVS,
were implemented and evaluated to identify the most
suitable model for this task. Among them, YOLOVS
demonstrated the best performance in terms of
accuracy and detection capability, followed by
YOLOv7, while YOLOvVS showed comparatively
lower results. The system successfully detects various
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types of road damage such as potholes, cracks, and
surface irregularities with clear localization using
bounding boxes.

The results highlight that proper dataset preparation,
preprocessing, and model selection play an important
role in achieving reliable detection performance. The
developed system is capable of processing images
efficiently and provides quick detection results,
making it useful for practical applications. It reduces
the need for manual inspection and helps in
identifying road issues at an early stage.

Overall, the proposed approach offers a simple,
effective, and scalable solution for road condition
monitoring. It can support maintenance planning and
improve road safety. Future improvements can focus
on increasing dataset size, enhancing detection
accuracy, and extending the system for real-time
video-based monitoring.
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