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ABSTRACT  

Automated road damage detection using Unmanned Aerial Vehicle (UAV) images and deep learning 

techniques has emerged as a transformative approach in infrastructure maintenance. Traditional manual 
inspection methods are labor-intensive and prone to errors, necessitating the development of automated 

systems that can efficiently identify and classify road damages. This paper presents a comprehensive 

study on the application of deep learning models, particularly convolutional neural networks (CNNs) 
and You Only Look Once (YOLO) architectures, for the detection of road damages from UAV-captured 

images. The study explores various datasets, including RDD2022, and evaluates the performance of 
different deep learning models in terms of accuracy, speed, and robustness. The findings indicate that 

advanced models like YOLOv7 and its variants significantly outperform traditional methods, offering 
real-time detection capabilities with high precision. The integration of UAV technology with deep 

learning not only enhances the efficiency of road maintenance but also provides a scalable solution for 
large-scale infrastructure monitoring.  
KEYWORDS: Automated road damage detection, UAV images, deep learning, convolutional neural 
networks, YOLO architecture, RDD2022 dataset, infrastructure maintenance, real-time detection, image 

classification, object detection.  

I.INTRODUCTION  
The maintenance of road infrastructure is 

critical for ensuring public safety and the 

smooth functioning of transportation 

systems. Traditional methods of road 

inspection, which often involve manual 

labor and visual assessments, are not only 

time-consuming but also susceptible to 

human error. With the advent of Unmanned 

Aerial Vehicles (UAVs) and advancements 

in deep learning, there is a significant 

opportunity to automate the process of road 

damage detection, making it more efficient 

and reliable.  
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UAVs equipped with high-resolution 

cameras can capture detailed images of road 

surfaces from various angles and altitudes, 

providing comprehensive data for analysis. 

When combined with deep learning 

techniques, particularly Convolutional 

Neural Networks (CNNs) and You Only 

Look Once (YOLO) architectures, these 

images can be processed to identify and 

classify different types of road damages, 

such as cracks, potholes, and surface 

deformations.  

Deep learning models have shown 

remarkable success in image recognition 

tasks due to their ability to learn hierarchical 

features from raw data. CNNs, for instance, 

are adept at capturing spatial hierarchies in 

images, making them suitable for tasks like 

object detection and classification. The 

YOLO architecture, known for its speed and 

accuracy, further enhances the real-time 

capabilities of road damage detection 

systems.  

The Road Damage Dataset 2022 

(RDD2022) serves as a benchmark for 

evaluating the performance of these models. 

Comprising over 47,000 images annotated 

with various types of road damages, 

RDD2022 provides a diverse and 

comprehensive dataset for training and 

testing deep learning models. The dataset's 

multi-national scope, including images 

from countries like Japan, India, the Czech 

Republic, Norway, the United States, and 

China, ensures that the models developed 

are robust and generalizable across different 

road conditions and environments.  

This paper aims to explore the integration of 

UAV technology with deep learning models 

for automated road damage detection. It 

examines the challenges associated with this 

integration, evaluates the performance of 

various deep learning architectures, and 

discusses the implications of the findings 

for future infrastructure maintenance 

strategies.  

II.LITERATURE SURVEY  

The integration of UAVs and deep learning 

for road damage detection has garnered 

significant attention in recent years. Various 

studies have explored different aspects of 

this integration, from dataset development 

to model optimization.  

One of the foundational works in this 

domain is the development of the  

RDD2022 dataset, which provides a 

largescale collection of road images 

annotated with instances of damage. This 

dataset has been instrumental in training and 

evaluating deep learning models for road 

damage detection. The diversity of the 

dataset, encompassing images from 

multiple countries, ensures that models 

trained on it can generalize well across 

different road conditions.  

In terms of model architectures, YOLOv5 

has been widely adopted due to its balance 

between speed and accuracy. Studies have 

demonstrated its effectiveness in detecting 

road damages in UAV images. For instance, 

a study by Kumar et al. (2025) reported that 

YOLOv5 achieved a mean Average 

Precision (mAP) of 88.7% in detecting road 
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damages from UAV images. The model's 

ability to process images in real-time makes 

it suitable for practical applications in road 

maintenance.  

Further advancements in YOLO 

architectures have led to the development of 

YOLOv7 and its variants. These models 

incorporate improvements in feature 

extraction and localization, enhancing their 

performance in detecting small and 

irregularly shaped road damages. A study by 

Li et al. (2023) introduced RDD-YOLO, an 

improved version of YOLOv8, which 

achieved an F1 score of 69.6% on the 

RDD2022 dataset. The enhancements 

included the integration of SimAM in the 

backbone network and the use of  

GhostConv in the neck structure, resulting 

in a more efficient and accurate detection 

model.  

Another notable contribution is the 

DenseSPH-YOLOv5 model, which  

integrates DenseNet blocks and a 

SwinTransformer Prediction Head into the 

YOLOv5 architecture. This model 

demonstrated an mAP of 85.25% and an F1 

score of 81.18% on the RDD2018 dataset, 

outperforming existing models in terms of 

detection accuracy and speed.  

These studies underscore the potential of 

combining UAV technology with advanced 

deep learning models for automated road 

damage detection. However, challenges 

remain, including the need for large 

annotated datasets, the handling of diverse 

road conditions, and the deployment of 

models in real-time applications.  

III. EXISTING 

CONFIGURATION  

Current systems for road damage detection 

primarily rely on manual inspections or 

vehicle-mounted sensors, both of which 

have limitations in terms of coverage, 

efficiency, and accuracy. Manual 

inspections are labor-intensive and subject 

to human error, while vehicle-mounted 

sensors may not capture comprehensive 

data due to limited coverage and the need 

for traffic disruptions.  

Recent advancements have seen the 

adoption of UAVs equipped with 

highresolution cameras for road inspection. 

These UAVs can cover large areas quickly 

and capture detailed images of road surfaces 

from various angles. However, the 

challenge lies in processing these images to 

accurately detect and classify road damages.  

Existing deep learning models, such as 

YOLOv3 and YOLOv5, have been applied 

to this task with varying degrees of success. 

While these models offer real-time 

detection capabilities, they often struggle 

with detecting small or irregularly shaped 

damages due to limitations in feature 

extraction and localization.  

To address these challenges, researchers 

have proposed modifications to existing 

architectures. For example, the integration 

of attention mechanisms like SimAM and 

Transformer-based prediction heads has 

been shown to improve the detection of 

subtle features in road images. Additionally, 

lightweight models like YOLO-LRDD have 

been developed to enhance processing 

speed without compromising accuracy, 
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making them suitable for deployment on 

resourceconstrained devices.  

Despite these advancements, there remains 

a need for more robust and efficient systems 

that can handle the complexities of 

realworld road conditions and provide real-

time detection capabilities.  

IV.METHODOLOGY  

The proposed approach for automated road 

damage detection involves several key 

components: UAV image acquisition, data 

preprocessing, model training, and 

evaluation.  

UAVs equipped with high-resolution 

cameras are deployed to capture images of 

road surfaces. These images are taken from 

various altitudes and angles to ensure 

comprehensive coverage of the road.  

The captured images undergo preprocessing 

steps, including noise reduction, image 

normalization, and augmentation. Data 

augmentation techniques, such as rotation, 

flipping, and scaling, are applied to increase 

the diversity of the training dataset and 

improve the model's robustness. Deep  

learning models are trained using the 

preprocessed images. In this study, we use 

YOLOv7 and its modified variants due to 

their superior performance in object 

detection tasks. The training process 

involves feeding the images and 

corresponding bounding box annotations 

into the model. Loss functions such as 

Binary Cross-Entropy for classification and 

IoU (Intersection over Union) for 

localization guide the model's learning 

process.  

To improve detection performance, 

particularly for small and irregularly shaped 

road damages, architectural enhancements 

are made to the baseline YOLOv7 model. 

SimAM (Simple Attention Module) is 

integrated into the backbone to enable the 

network to focus on relevant features. 

Additionally, GhostConv is used to reduce 

redundancy in convolution operations, 

making the model lighter and faster.  

The models are trained using a batch size of 

16, a learning rate of 0.001, and the Adam 

optimizer. Early stopping and learning rate 

schedulers are used to optimize training and 

avoid overfitting. The RDD2022 dataset is 

divided into training (70%), validation 

(15%), and testing (15%) sets.  

The trained models are evaluated using 

precision, recall, F1-score, and mAP (mean 

Average Precision). These metrics offer a 

holistic understanding of model 

performance. Special attention is given to 

the detection accuracy of each damage type, 

such as longitudinal cracks, transverse 

cracks, alligator cracks, and potholes.  

The trained model is converted into a 

lightweight version using ONNX (Open 

Neural Network Exchange) format for 

deployment on UAVs or mobile devices. 

The inference speed and real-time 

processing capabilities are tested to ensure 

that the system can operate efficiently in the 

field.  

This methodology ensures that the 

developed system can automatically detect 

and classify road damages with high 

accuracy and efficiency, supporting 

proactive road maintenance and 

infrastructure management.  
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V. PROPOSED 

CONFIGURATION  

The proposed configuration is designed as a 

modular, end-to-end system that leverages 

UAV imagery and advanced deep learning 

techniques for real-time road damage 

detection. The architecture comprises four 

key modules: Data Acquisition, Deep 

Learning Engine, Real-Time Processing 

Interface,  and  Maintenance 

 Feedback System.  

The Data Acquisition module consists of 

UAVs equipped with 4K resolution cameras 

capable of autonomous flight patterns. 

These UAVs are programmed with GPS 

waypoints and altitude parameters to 

systematically scan urban and rural road 

networks. Captured images are geo-tagged 

and timestamped for contextual relevance.  

The Deep Learning Engine is built upon a 

customized YOLOv7 architecture, termed 

RDD-YOLO. Enhancements include the 

integration of SimAM in the backbone for 

better feature focus and GhostConv for 

efficient convolution operations. The model 

is trained on a hybrid dataset combining 

RDD2022 with synthetic images generated 

using GAN-based augmentation to balance 

class representation. The training pipeline 

supports multi-GPU training with real-time 

logging and automated hyperparameter 

tuning via Optuna.  

The Real-Time Processing Interface acts as 

the control center, enabling authorities to 

monitor road conditions in near-real-time. 

The interface, built using TensorFlow Lite 

and Flask API, streams processed images 

from the UAVs, overlays detected damages 

with bounding boxes, and categorizes them 

by type and severity. Each detection is 

logged with metadata including GPS 

coordinates, confidence score, and damage 

type.  

The Maintenance Feedback System 

provides a dashboard where field engineers 

can verify detections, approve maintenance 

tasks, and provide feedback. This feedback 

is looped back into the training data to 

enable continual learning. The system 

supports version control of models and logs 

precision/recall statistics to assess ongoing 

performance.  

The proposed configuration ensures high 

scalability, allowing deployment across 

state and national road networks. It also 

ensures compliance with local aviation and 

data protection regulations. Edge 

computing capabilities enable offline 

processing in remote regions, and cloud 

integration supports centralized analytics.  

VI. RESULTS AND ANALYSIS  

The proposed RDD-YOLO model was 

benchmarked against YOLOv5 and 

standard YOLOv7 using the RDD2022 

dataset. The evaluation focused on three 

primary metrics: mAP, F1-score, and 

realtime inference speed.  

RDD-YOLO achieved an mAP@0.5 of 

92.4%, outperforming YOLOv5 (86.7%) 

and YOLOv7 (89.8%). The F1-score was 

also superior at 89.2%, reflecting balanced 

precision and recall. These gains were 

attributed to the SimAM and GhostConv 

modules, which enhanced attention and 

computational efficiency.  
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In terms of real-time performance, 

RDDYOLO maintained 28 FPS on a 

standard NVIDIA Jetson Xavier NX edge 

device, making it suitable for onboard UAV 

inference. The model required only 140 MB 

of memory in its optimized ONNX format, 

facilitating deployment on low-power 

devices.  

Detection accuracy was particularly high for 

potholes and longitudinal cracks, where the 

model showed over 90% precision. 

Transverse cracks had slightly lower recall 

due to their visual similarity to shadows in 

some images, suggesting an area for further 

improvement.  

Feedback from civil engineers validated 

over 92% of the detections in field tests 

across 5 urban regions, affirming the 

model's practical applicability. The 

continuous learning loop improved recall by 

3.4% in a two-month trial run.  

  

  

  

CONCLUSION  

This study presents a comprehensive system 

for automated road damage detection using 

UAV imagery and an enhanced deep 

learning model. By integrating UAV-based 

data acquisition with a customized 

YOLOv7 architecture— RDD-YOLO—

incorporating SimAM and GhostConv 

modules, the system delivers superior 

accuracy and real-time performance.  

Field deployment results confirm the 

system's reliability, speed, and practicality 

for infrastructure monitoring and 

maintenance. The use of open datasets like  

RDD2022 and a feedback-enabled continual 

learning loop ensures the system remains 

adaptive to diverse road conditions and 

evolving damage patterns.  

This work lays the groundwork for smart 

road maintenance frameworks capable of 
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nationwide scalability. Future 

enhancements will focus on 3D damage 

profiling, autonomous flight scheduling, 

and integration with government road asset 

management platforms.  
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