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ABSTRACT:

Efficient and accurate road damage detection is critical for the development of smart cities and maintaining safe
transportation infrastructure. Manual inspection methods are slow, labor-intensive, and prone to errors, making
automated detection necessary. In this project, we propose a YOLOv10n-based framework for real-time road damage
detection optimized for edge devices. The system leverages advanced hyperparameter tuning to improve model
performance while maintaining low computational requirements. The framework achieves high accuracy, with a
precision of 0.986, recall of 0.973, mean average precision (mAP@0.5) of 0.988, and F1-score of 0.978. Deployment
on NVIDIA Jetson Nano demonstrates an inference time of 0.13 seconds per frame at 7.5 FPS, while NVIDIA AGX
Orin achieves 0.014 seconds per frame at 67 FPS, highlighting scalability and efficiency. This study demonstrates that
YOLOvV10n is highly effective for real-time, edge-based road damage recognition, enabling faster maintenance decisions
and improved road safety.

keywords: Road damage detection, YOLOv10n, hyperparameter tuning, NVIDIA Jetson nano

CHAPTER-1
INTRODUCTION

Road infrastructure plays a vital role in ensuring the safety, efficiency, and sustainability of modern transportation
systems. Well-maintained roads not only reduce the likelihood of accidents but also enhance driving comfort and
decrease vehicle operating costs. However, road damage such as cracks, potholes, and surface wear is inevitable due to
weather conditions, heavy traffic, and natural aging of materials. If not identified and repaired in time, such damages
can lead to further deterioration, higher maintenance costs, and potential hazards for road users. Therefore, timely and
accurate road damage detection is an essential component in the development of smart cities and intelligent
transportation systems.

Traditional road inspection methods rely heavily on manual surveys conducted by experts or local authorities. While
effective on a small scale, these methods are labor-intensive, costly, and prone to subjectivity, making them unsuitable
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for large-scale urban environments. Recent advancements in computer vision and artificial intelligence have enabled the
development of automated road monitoring systems. Several deep learning-based approaches have been proposed for
damage detection; however, most of them require high computational resources, making them impractical for real-time
deployment on resource-constrained edge devices. This gap highlights the need for a lightweight yet accurate framework
that can balance detection performance with real-time efficiency.

To address these challenges, this study proposes a YOLOv10n-based road damage detection framework optimized for
real-time applications on edge devices such as NVIDIA Jetson Nano and AGX Orin. The system leverages
hyperparameter tuning and model optimization techniques to achieve high accuracy while maintaining low
computational complexity. Extensive evaluation shows that the proposed model achieves a precision of 0.986, recall of
0.973, mAP@0.5 of 0.988, and an Fl-score of 0.978. Furthermore, the deployment results demonstrate promising
inference speeds of 7.5 FPS on Jetson Nano and 67 FPS on AGX Orin, proving the scalability and robustness of the
approach. This work contributes toward the advancement of smart road maintenance systems, enabling faster decision-
making and improved road safety.

1.2 SCOPE OF THE PROJECT

The scope of this project is centered on the development and deployment of an efficient, lightweight, and accurate road
damage detection system that can operate in real-time on edge devices. The proposed YOLOv10n-based framework is
designed to detect various types of road surface damages such as cracks, potholes, and surface wear, thereby enabling
authorities to monitor road conditions more effectively. The project focuses on achieving a balance between detection
accuracy and computational efficiency, making it suitable for large-scale deployment in smart city infrastructures. By
validating the system on devices like NVIDIA Jetson Nano and AGX Orin, the project demonstrates its adaptability to
both low-power and high-performance environments. The scope also extends to supporting proactive maintenance
planning, reducing the reliance on manual inspection methods, and ensuring safer transportation systems. However, the
project is limited to visual damage detection and does not address underground structural issues or predictive
maintenance, which can be considered in future research.

1.3 OBJECTIVE

The primary objective of this project is to design and implement an automated road damage detection system using the
YOLOv10n model, which is lightweight yet powerful, making it highly suitable for edge-based real-time applications.
The goal is to leverage the efficiency of YOLOv10n along with advanced hyperparameter tuning to achieve high
detection accuracy while keeping computational costs low. Specifically, the system aims to identify different categories
of road damages such as cracks, potholes, and surface deterioration with precision and reliability. Another key objective
is to evaluate the performance of the model on edge devices like NVIDIA Jetson Nano and NVIDIA AGX Orin, thereby
ensuring scalability across hardware with varying resource capacities. By achieving these objectives, the project seeks
to provide a cost-effective, scalable, and practical solution for road monitoring that enhances smart city infrastructure,
supports proactive maintenance planning, and ultimately improves road safety.

1.4 EXISTING SYSTEM:

The existing system for automated road damage detection widely uses YOLOvV7, a state-of-the-art object detection model
that brought significant improvements in accuracy and inference speed compared to earlier versions such as YOLOVS.
YOLOV7 introduced advanced training strategies, optimized anchor-free mechanisms, and improved architectural
designs, making it highly effective for detecting road damages like cracks, potholes, and surface wear.

In road monitoring applications, YOLOV7 processes images or video frames captured from roadside cameras, vehicles,
or drones, and predicts bounding boxes around damaged regions. The model’s grid-based detection mechanism and
optimized loss functions allow it to perform well on large-scale datasets while ensuring accurate localization of defects.

Although YOLOv7 has been successful in controlled environments and high-end computing platforms, its heavy
architecture and resource demands pose significant challenges for deployment on real-time, resource-constrained
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devices such as edge platforms. These limitations restrict the scalability of YOLOvV7 for smart city and large-scale road
monitoring applications.

1.4.1 EXISTINGSYSTEM DISADVANTAGES:
High computational requirements, making YOLOvV7 unsuitable for low-power edge devices like NVIDIA Jetson Nano.

Slower inference speed on resource-constrained hardware, which prevents real-time performance in practical road
monitoring scenarios.

Longer training time and higher complexity, requiring more computational resources and fine-tuning efforts.

Trade-off between model size and performance — lightweight YOLOv7 variants lose accuracy, especially when
detecting small damages such as fine cracks.

Limited adaptability for large-scale deployments in smart cities, as continuous monitoring would require more efficient
and lightweight models.

1.5 LITERATURE SURVEY

Title: Automatic Defect Detection of Pavement Diseases
Authors: L. Zhao, Y. Wu, X. Luo, Y. Yuan

Year: 2022

DESCRIPTION: Pavement disease detection is an important task for ensuring road safety. Manual visual detection
requires a significant amount of time and effort. Therefore, an automated road disease identification technique is required
to guarantee that city tasks are performed. However, due to the irregular shape and large-scale differences in road
diseases, as well as the imbalance between the foreground and background, the task is challenging. Because of this, we
created the deep convolution neural network—DASNet, which can be used to identify road diseases automatically. The
network employs deformable convolution instead of regular convolution as the feature pyramid’s input, adds the same
supervision signal to the multi-scale features before feature fusion, decreases the semantic difference, extracts context
information by residual feature enhancement, and reduces the information loss of the pyramid’s top-level feature map.
Considering the unique shape of road diseases, imbalance problems between the foreground and background are
common, therefore, we introduce the sample weighted loss function. In order to prove the superiority and effectiveness
of this method, it is compared to the latest method. A large number of experiments show that this method is superior in
accuracy to other methods, specifically, under the COCO evaluation metric, compared with the Faster RCNN baseline,
the proposed

Title: Real-Time Road Defect Monitoring from UAV Visual Data Sources
Author: 1. Katsamenis, N. Bakalos, E. Protopapadakis, E. E. Karolou, G. Kopsiaftis, A. Voulodimos

Year: 2023

Description: The use of UAVs and artificial intelligence has emerged as a promising approach for monitoring road
defects. This paper highlights the importance of these technologies in improving road inspection, maintenance, and
safety. Traditional methods for inspecting roads are often time-consuming, expensive, and can put human inspectors in
dangerous situations. However, drones equipped with high-resolution cameras and sensors can capture pavement image
data quickly and safely. Deep learning algorithms can then analyze this data to identify and localize areas in need of
repair. By leveraging these technologies, engineers and road construction experts can more efficiently monitor and
maintain roads, reducing the costs associated with repairs and maintenance, while in parallel improving safety. To this
end, this work emphasizes the potential of UAVs in conjunction with deep learning techniques to provide a more
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comprehensive view of road conditions, allowing for targeted repairs and more effective maintenance strategies, such
as prefabrication and robotic interventions. Experimental results using objective evaluation criteria, such as precision,
recall, F1-score, and loU are promising, which entails that this study advocates for the adoption of these technologies to
enhance the monitoring and maintenance of road infrastructures.

Title: Road Damage Detection and Classification with Deep Learning Using Smartphone Sensor Data
Author: A. Basak, P. Kar, B. Kole, N. Dey
Year: 2023.

Description: Research on damage detection of road surfaces using image processing techniques has been actively
conducted. This study makes three contributions to address road damage detection issues. First, to the best of our
knowledge, for the first time, a large-scale road damage data set is prepared, comprising 9,053 road damage images
captured using a smartphone installed on a car, with 15,435 instances of road surface damage included in these road
images. Next, we used state-of-the-art object detection methods using convolutional neural networks to train the damage
detection model with our data set, and compared the accuracy and runtime speed on both, using a GPU server and a
smartphone. Finally, we demonstrate that the type of damage can be classified into eight types with high accuracy by
applying the proposed object detection method. The road damage data set, our experimental results, and the developed
smartphone application used in this study are publicly

Title: Digital Twin: Challenge Road Damage Detection on Edge Device
Author: H. Mahmudah, A. Musyafa, A. S. Aisjah, S. Arifin, C. A. Prastyanto
Year: 2024

Description: High efficiency and safety are critical factors in ensuring the optimal performance and reliability of
systems and equipment across various industries. Fault monitoring (FM) techniques play a pivotal role in this regard by
continuously monitoring system performance and identifying the presence of faults or abnormalities. However,
traditional FM methods face limitations in fully capturing the complex interactions within a system and providing real-
time monitoring capabilities. To overcome these challenges, Digital Twin (DT) technology has emerged as a promising
solution to enhance existing FM practices. By creating a virtual replica or digital copy of a physical equipment or system,
DT offers the potential to revolutionize fault monitoring approaches. This paper aims to explore and discuss the diverse
range of predictive methods utilized in DT and their implementations in FM across industries. Furthermore, it will
showcase successful implementations of DT in FM across a wide array of industries, including manufacturing, energy,
transportation, and healthcare. The utilization of DT in FM enables a comprehensive understanding of system behavior
and performance by leveraging real-time data, advanced analytics, and machine learning algorithms. By integrating
physical and virtual components, DT facilitates the monitoring and prediction of faults, providing valuable insights into
the system’s health and enabling proactive maintenance and decision making.

Title: YOLOV7: Trainable Bag-of-Freebies Sets New State-of-the-Art for Real-Time Object Detectors
Author: C. Wang, A. Bochkovskiy, H.-Y. Mark Liao
Year: 2023.

Description: YOLOvV7 surpasses all known object detectors in both speed and accuracy in the range from 5 FPS to 160
FPS and has the highest accuracy 56.8% AP among all known real-time object detectors with 30 FPS or higher on GPU
V100. YOLOvV7-E6 object detector (56 FPS V100, 55.9% AP) outperforms both transformer-based detector SWIN-L
Cascade-Mask R-CNN (9.2 FPS A100, 53.9% AP) by 509% in speed and 2% in accuracy, and convolutional-based
detector ConvNeXt-XL Cascade-Mask R-CNN (8.6 FPS A100, 55.2% AP) by 551% in speed and 0.7% AP in accuracy,
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as well as YOLOvV7 outperforms: YOLOR, YOLOX, Scaled-YOLOv4, YOLOvS, DETR, Deformable DETR, DINO-
Sscale-R50, ViT-Adapter-B and many other object detectors in speed and accuracy. Moreover, we train YOLOvV7 only
on MS COCO dataset from scratch without using any other datasets or pre-trained weights. Source code is released in
https://github.com/WongKinYiu/yolov7.

1.6 PROPOSED SYSTEM

The proposed system introduces a YOLOv10n-based framework for real-time road damage detection, specifically
optimized for deployment on edge devices. YOLOv10n is a lightweight yet powerful object detection model that offers
improved efficiency compared to earlier versions like YOLOv7, while maintaining high detection accuracy. By
incorporating hyperparameter tuning and optimization techniques, the system achieves a balance between computational
efficiency and detection precision, making it well-suited for continuous road monitoring in smart city applications.

In this framework, YOLOv10n processes road images or live video feeds to identify and localize damages such as
potholes, cracks, and surface wear. The model’s lightweight architecture allows faster inference with reduced hardware
requirements, enabling smooth deployment on devices like NVIDIA Jetson Nano and NVIDIA AGX Orin. The system
achieves remarkable results with a precision of 0.986, recall of 0.973, mean average precision (mAP@0.5) of 0.988, and
F1-score of 0.978, demonstrating both reliability and scalability.

Unlike traditional models or heavy architectures such as YOLOv7, the proposed system emphasizes real-time
performance with low computational cost. This allows road authorities and smart city infrastructure to conduct proactive
maintenance, minimize manual inspection efforts, and ensure safer road conditions for transportation systems.

1.6.1 PROPOSED SYSTEM ADVANTAGES:

Lightweight architecture of YOLOv10n ensures faster inference and lower hardware resource consumption.
Highly accurate detection performance with precision of 0.986, recall of 0.973, and mAP@0.5 of 0.988.
Supports real-time deployment on edge devices such as Jetson Nano (7.5 FPS) and AGX Orin (67 FPS).
Reduced training complexity compared to heavier models, while still maintaining high accuracy.

Scalable for large-scale road monitoring in smart cities, enabling proactive maintenance and improved road safety.

CHAPTER 2
PROJECT DESCRIPTION
2.1 GENERAL:

The project focuses on developing a lightweight and efficient framework for real-time road damage detection using the
YOLOv10n model. Road damage such as potholes, cracks, and surface wear pose significant risks to traffic safety and
increase vehicle maintenance costs. Traditional inspection methods, which rely heavily on manual surveys, are time-
consuming, costly, and prone to human error, making them unsuitable for large-scale monitoring in smart city
environments. To overcome these challenges, the project leverages deep learning and computer vision techniques to
automate the detection process and provide faster, more reliable road condition assessments.

The core of the system is based on YOLOv10n, an advanced object detection model that offers a strong balance between
computational efficiency and detection accuracy. Unlike heavier models such as YOLOv7, YOLOv10n is specifically
optimized for edge deployment, ensuring high performance on low-power devices. Through hyperparameter tuning and
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optimization, the model achieves excellent results with a precision of 0.986, recall of 0.973, and mean average precision
(mAP@0.5) of 0.988. This ensures that the framework can accurately identify different categories of road damages in
real-time without requiring high-end computing infrastructure.

The system is further validated by deploying it on NVIDIA Jetson Nano and NVIDIA AGX Orin, where it demonstrates
inference speeds of 7.5 FPS and 67 FPS, respectively. These results prove that the proposed framework is not only
scalable but also practical for real-world applications. By enabling proactive maintenance decisions, the project
contributes to reducing road hazards, improving transportation safety, and supporting the development of smarter urban
infrastructures. Ultimately, this project aims to provide a cost-effective, reliable, and scalable solution for intelligent
road monitoring in smart cities.

2.2 METHODOLOGIES

The proposed system for road damage detection using YOLOv10n is implemented through a modular approach. Each
module is designed to handle a specific task, and together they form a complete pipeline for efficient and accurate
detection. The following modules describe the methodology adopted in this project

2.2.1IMODULES NAME:

o Data Collection Preprocessing

o Model Selection

o Training and Validation (YOLO-based)

o Deployment on Edge devices

o Road Damage Detection and Output Generation

2.2.2 MODULES EXPLANATION:
1. Data Collection and Preprocessing

In this module, images of roads are collected from various sources such as open datasets, roadside cameras, or drone
footage. The collected data is cleaned, annotated, and augmented to improve diversity. Preprocessing steps such as
resizing, normalization, and noise reduction are performed to ensure that the images are suitable for training the
YOLOV10n model.

2. Model Selection (YOLOv10n Framework):

This module focuses on selecting YOLOvV10n as the detection model. YOLOv10n is chosen because of its lightweight
architecture and ability to deliver high accuracy while maintaining real-time performance. Model hyperparameters are
tuned to achieve an optimal balance between precision, recall, and inference speed.

3. Training and Validation:

In this module, the YOLOv10n model is trained using the prepared dataset. Training involves feeding annotated images
to the model, adjusting weights, and optimizing loss functions. A portion of the dataset is reserved for validation to
monitor the model’s performance and prevent overfitting.

4. Deployment on Edge Devices:

Once trained, the model is deployed on edge devices such as NVIDIA Jetson Nano and NVIDIA AGX Orin. This
module ensures that the model runs efficiently in real-world conditions with limited hardware resources. Inference time
and frame rate are measured to evaluate real-time performance.
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5. Road Damage Detection and Output Generation:

This module represents the final stage of the system. The deployed model processes live video streams or road images
to detect and classify damages like cracks and potholes. The results are visualized with bounding boxes and labels, and
can be further integrated into smart city maintenance dashboards for decision-making.

2.3 TECHNIQUE USED OR ALGORITHM USED
2.3.1 EXISTING TECHNIQUE: -

The existing system for road damage detection is based on the YOLOv7 (You Only Look Once, Version 7) algorithm,
which is a state-of-the-art real-time object detection model. YOLOvV7 follows the principle of single-stage object
detection, where both object classification and localization are performed in a single forward pass of the network, making
it faster than two-stage detectors like Faster R-CNN.

YOLOvV7 improves upon its predecessors by introducing extended efficient layer aggregation networks (E-ELAN),
which enhance feature extraction and gradient flow, thereby improving accuracy without increasing computational cost
significantly.

It incorporates anchor-free detection heads, along with anchor-based heads, enabling better detection of objects of
varying sizes, including small objects such as fine cracks in road images.

The algorithm also introduces advanced training techniques like coarse-to-fine lead loss and model re-parameterization,
which improve convergence, reduce overfitting, and enhance inference efficiency.

In road damage detection, YOLOvV7 processes images by dividing them into grids and predicting bounding boxes and
class probabilities for potential damage regions. This enables the detection of multiple types of damages, such as potholes
and cracks, in a single image. Despite its strong performance on high-end hardware, YOLOV7 is computationally heavy,
making it less suitable for real-time deployment on low-power edge devices.

2.3.2 PROPOSED TECHNIQUE USED OR ALGORITHM USED:

The proposed system adopts the YOLOv10n (You Only Look Once, Version 10 — Nano variant) algorithm for real-time
road damage detection. YOLOv10n is the lightweight version of the YOLOv10 family, specifically designed to achieve
high detection accuracy with minimal computational requirements, making it highly suitable for deployment on edge
devices. Similar to other YOLO models, YOLOv10n is a single-stage object detection algorithm, meaning it performs
object classification and localization simultaneously in a single forward pass, ensuring both speed and efficiency.

YOLOvV10n introduces task-aligned learning and decoupled head architecture, which improves the precision of object
localization and classification, especially for small-scale damages like fine cracks. The model leverages anchor-free
detection mechanisms, reducing the complexity of anchor box design and improving detection of varied shapes and sizes
of road damages.

Advanced loss functions such as Distribution Focal Loss (DFL) and VariFocal Loss are incorporated to enhance the
balance between precision and recall, leading to more robust predictions. The “Nano” version (YOLOv10n) ensures
reduced model size and lower computational complexity, allowing smooth deployment on low-power devices without
compromising accuracy.

In this project, YOLOv10n achieves outstanding performance with a precision of 0.986, recall of 0.973, mean average
precision (mAP@0.5) of 0.988, and F1-score of 0.978. Its lightweight design allows real-time deployment on devices
like NVIDIA Jetson Nano (7.5 FPS) and NVIDIA AGX Orin (67 FPS), making it far more scalable and efficient
compared to YOLOv7. Thus, YOLOv10n provides the ideal balance between detection accuracy and computational
efficiency for large-scale smart city road monitoring systems.
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CHAPTER 3
REQUIREMENTS ENGINEERING
3.1 GENERAL

We can see from the results that on each database, the error rates are very low due to the discriminatory power of features
and the regression capabilities of classifiers. Comparing the highest accuracies (corresponding to the lowest error rates)
to those of previous works, our results are very competitive.

3.2 HARDWARE REQUIREMENTS

The hardware requirements may serve as the basis for a contract for the implementation of the system and should
therefore be a complete and consistent specification of the whole system. They are used by software engineers as the
starting point for the system design. It should what the system do and not how it should be implemented.

PROCESSOR : DUAL CORE 2 DUOS.
RAM : 4GB DD RAM
HARD DISK : 250 GB

3.3 SOFTWARE REQUIREMENTS

The software requirements document is the specification of the system. It should include both a definition and a
specification of requirements. It is a set of what the system should do rather than how it should do it. The software
requirements provide a basis for creating the software requirements specification. It is useful in estimating cost, planning
team activities, performing tasks and tracking the teams and tracking the team’s progress throughout the development

activity.

Operating System : Windows 7/8/10
Platform : Spyder3
Programming Language : Python

Front End : Spyder3

3.4 FUNCTIONAL REQUIREMENTS

A functional requirement defines a function of a software-system or its component. A function is described as a set of
inputs, the behavior, Firstly, the system is the first that achieves the standard notion of semantic security for data
confidentiality in attribute-based deduplication systems by resorting to the hybrid cloud architecture.

3.5 NON-FUNCTIONAL REQUIREMENTS

The major non-functional Requirements of the system are as follows

Usability

The system is designed with completely automated process hence there is no or less user intervention.
Reliability

The system is more reliable because of the qualities that are inherited from the chosen platform python. The code built
by using python is more reliable.
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Performance

This system is developing in the high level languages and using the advanced back-end technologies it will give response
to the end user on client system with in very less time.

Supportability

The system is designed to be the cross platform supportable. The system is supported on a wide range of hardware and
any software platform, which is built into the system.

Implementation

The system is implemented in web environment using Jupyter notebook software. The server is used as the intellignce
server and windows 10 professional is used as the platform. Interface the user interface is based on Jupyter notebook
provides server system.

CHAPTER 4
DESIGN ENGINEERING
4.1 GENERAL

Design Engineering deals with the various UML [Unified Modelling language] diagrams for the implementation of
project. Design is a meaningful engineering representation of a thing that is to be built. Software design is a process
through which the requirements are translated into representation of the software. Design is the place where quality is
rendered in software engineering.

4.2 UML DIAGRAMS

4.2.1 USE CASE DIAGRAM

Upload Road Image/Video
Preprocess Input

Perform YOLOv10n Detection
Identify Type of Road Damage
N Store Detection Results

Display Results in Dashboard
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EXPLANATION:

The main purpose of a use case diagram is to show what system functions are performed for which actor. Roles of the
actors in the system can be depicted. The above diagram consists of user as actor. Each will play a certain role to achieve
the concept.

4.2.2 CLASS DIAGRAM

- RoadDamageDetectionSys
ser
&pmodel - YOLOV10n Preprocess
t%_userhlame &confidenceThreshold . P
&pinputFile SpimageData
—\—Q
. *oadModel() Sroc
uploadinpu() %processinput() JES"ZEE}
WiewResults() %detectDamage() | CIWEEE
*generateR eport()
ResultDisplay YOLOVIOnModel
SpdetectionOut Spweights
*showResults( *predict()
*exportReport( *getBoundingBox(
EXPLANATION

In this class diagram represents how the classes with attributes and methods are linked together to perform the
verification with security. From the above diagram shown the various classes involved in our project.

4.2.3 OBJECT DIAGRAM

User | | RoadDamageDetectionSys Preprocess

ResultDisplay YOLOv10OnModel
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EXPLANATION:

In the above digram tells about the flow of objects between the classes. It is a diagram that shows a complete or partial
view of the structure of a modeled system. In this object diagram represents how the classes with attributes and methods
are linked together to perform the verification with security.

4.2.4 STATE DIAGRAM

User uploads image/video

( Input Received )
( Preprocessing )
Detection Running

Results Generated

( Results Displayed >

EXPLANATION:

State diagram are a loosely defined diagram to show workflows of stepwise activities and actions, with support for
choice, iteration and concurrency. State diagrams require that the system described is composed of a finite number of
states; sometimes, this is indeed the case, while at other times this is a reasonable abstraction. Many forms of state
diagrams exist, which differ slightly and have different semantics.
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4.2.5 ACTIVITY DIAGRAM

Gser uploads irrage/videD

< Input Received >

Preprocessing

Detection Running

Results Generated

< Results Displayed >

—

EXPLANATION:

Activity diagrams are graphical representations of workflows of stepwise activities and actions with support for choice,
iteration and concurrency. In the Unified Modeling Language, activity diagrams can be used to describe the business
and operational step-by-step workflows of components in a system. An activity diagram shows the overall flow of
control.
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4.2.6 SEQUENCE DIAGRAM
User System Ul Preprocessor YOLOVIOn Output
Model
Upload Image
H | Send File
H Preprocess
H - Detect Damage
Display Results

EXPLANATION:

A sequence diagram in Unified Modeling Language (UML) is a kind of interaction diagram that shows how processes
operate with one another and in what order. It is a construct of a Message Sequence Chart. A sequence diagram shows
object interactions arranged in time sequence. It depicts the objects and classes involved in the scenario and the sequence
of messages exchanged between the objects needed to carry out the functionality of the scenario.

4.2.7 COLLABORATION DIAGRAM

1: Upload Image 2: Send File
User = System — = Preproce
ul ssor
A J
5: Display I‘?esults 3: Preprocess
Output YOLOVIOn|
- <:j | Model

4: Detect Damage
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EXPLANATION:

A collaboration diagram, also called a communication diagram or interaction diagram, is an illustration of the
relationships and interactions among software objects in the Unified Modeling Language (UML). The concept is more
than a decade old although it has been refined as modeling paradigms have evolved.

4.2.8 COMPONENT DIAGRAM

User Image/Video |:'|:| Preprocessing Component
Interface| - Input Module [

Output .:::. YOLOVIOn Detection Engin
Visualization
I_I_I

(4]

EXPLANATION

In the Unified Modeling Language, a component diagram depicts how components are wired together to form larger
components and or software systems. They are used to illustrate the structure of arbitrarily complex systems. User gives
main query and it converted into sub queries and sends through data dissemination to data aggregators. Results are to be
showed to user by data aggregators. All boxes are components and arrow indicates dependencies.

4.2.9DATA FLOW DIAGRAM

Level 0

Image Dataset
User Input
Road Damage
Detection

KSveatem

Image

Preprocessing
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Upload Road Image

Input & Preprocessing

Detect output

YOLOvVIOn
Detection Modele

EXPLANATION:

A data flow diagram (DFD) is a graphical representation of the "flow" of data through an information system, modeling
its process aspects. Often they are a preliminary step used to create an overview of the system which can later be
elaborated. DFDs can also be used for the visualization of data processing (structured design).

A DFD shows what kinds of data will be input to and output from the system, where the data will come from and go to,
and where the data will be stored. It does not show information about the timing of processes, or information about
whether processes will operate in sequence or in parallel.

4.2.10 DEPLOYMENT DIAGRAM

Web Browser /
GUI

User Processing

Node

Result YOLOV10n Pre‘ﬂozefsmg
Generation Detection odule

Result

Output
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EXPLANATION:

Deployment Diagram is a type of diagram that specifies the physical hardware on which the software system will
execute. It also determines how the software is deployed on the underlying hardware. It maps software pieces of a system
to the device that are going to execute it.

SYSTEM ARCHITECTURE:

[
$

YOLOV1D
Detect

H

2
{

YOLOV10
Delect

SPPF

4

iy

il ot DCMC‘

Fig 4.11: System Architecture
CHAPTER 5
DEVELOPMENT TOOLS
5.1 Python

Python is a high-level, interpreted, interactive and object-oriented scripting language. Python is designed to be highly
readable. It uses English keywords frequently where as other languages use punctuation, and it has fewer syntactical
constructions than other languages.

5.2 History of Python

Python was developed by Guido van Rossum in the late eighties and early nineties at the National Research Institute for
Mathematics and Computer Science in the Netherlands.

Python is derived from many other languages, including ABC, Modula-3, C, C++, Algol-68, SmallTalk, and Unix shell
and other scripting languages.

Python is copyrighted. Like Perl, Python source code is now available under the GNU General Public License (GPL).
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Python is now maintained by a core development team at the institute, although Guido van Rossum still holds a vital
role in directing its progress.

5.3 Importance of Python

o Python is Interpreted — Python is processed at runtime by the interpreter. You do not need to compile your
program before executing it. This is similar to PERL and PHP.

o Python is Interactive — You can actually sit at a Python prompt and interact with the interpreter directly to
write your programs.

o Python is Object-Oriented — Python supports Object-Oriented style or technique of programming that
encapsulates code within objects.

o Python is a Beginner's Language — Python is a great language for the beginner-level programmers and
supports the development of a wide range of applications from simple text processing to WWW browsers to games.

5.4 Features of Python

o Easy-to-learn — Python has few keywords, simple structure, and a clearly defined syntax. This allows the
student to pick up the language quickly.

o Easy-to-read — Python code is more clearly defined and visible to the eyes.

o Easy-to-maintain — Python's source code is fairly easy-to-maintain.

o A broad standard library — Python's bulk of the library is very portable and cross-platform compatible on UNIX,
Windows, and Macintosh.

o Interactive Mode — Python has support for an interactive mode which allows interactive testing and debugging
of snippets of code.

o Portable — Python can run on a wide variety of hardware platforms and has the same interface on all platforms.
o Extendable — You can add low-level modules to the Python interpreter. These modules enable programmers to
add to or customize their tools to be more efficient.

o Databases — Python provides interfaces to all major commercial databases.

o GUI Programming — Python supports GUI applications that can be created and ported to many system calls,
libraries and windows systems, such as Windows MFC, Macintosh, and the X Window system of Unix.

o Scalable — Python provides a better structure and support for large programs than shell scripting.

Spyder3

. Spyder3 is an open-source Python IDE (Integrated Development Environment) designed mainly for scientists,

engineers, and data analysts who work with Python. It provides a complete environment to write, run, debug, and analyze
Python programs.

o You can imagine it as a digital laboratory for Python experiments « U, where code, output, and data live
together on one screen.

Key Features:

o Code editor: write python programs easily and Supports syntax highlighting and auto-completion.

o IPython Consloe: Allowes you to run Python commands interactively and see results instantly.

. Variable Explorer: Displays variables created in the program and helps in analyzing data and debugging code.
. Debugger: Helps find and fix errors step by step in a program

o Integration with scientific Libraries: works well with libraries like Numpy, Pandas, Matplotlib, and SciPy
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CHAPTER 6
SOFTWARE TESTING
6.1 GENERAL

The purpose of testing is to discover errors. Testing is the process of trying to discover every conceivable fault or
weakness in a work product. It provides a way to check the functionality of components, sub-assemblies, assemblies
and/or a finished product It is the process of exercising software with the intent of ensuring that the Software system
meets its requirements and user expectations and does not fail in an unacceptable manner. There are various types of
test. Each test type addresses a specific testing requirement.

6.2 DEVELOPING METHODOLOGIES

The test process is initiated by developing a comprehensive plan to test the general functionality and special
features on a variety of platform combinations. Strict quality control procedures are used. The process verifies
that the application meets the requirements specified in the system requirements document and is bug free. The
following are the considerations used to develop the framework from developing the testing methodologies

6.3Types of Tests
6.3.1 Unit testing

Unit testing involves the design of test cases that validate that the internal program logic is functioning properly, and
that program input produce valid outputs. All decision branches and internal code flow should be validated. It is the
testing of individual software units of the application .it is done after the completion of an individual unit before
integration. This is a structural testing, that relies on knowledge of its construction and is invasive. Unit tests perform
basic tests at component level and test a specific business process, application, and/or system configuration. Unit tests
ensure that each unique path of a business process performs accurately to the documented specifications and contains
clearly defined inputs and expected results.

6.3.2 Functional test

Functional tests provide systematic demonstrations that functions tested are available as specified by the business
and technical requirements, system documentation, and user manuals.

Functional testing is centered on the following items:

Valid Input : identified classes of valid input must be accepted.

Invalid Input : identified classes of invalid input must be rejected.
Functions : identified functions must be exercised.

Output : identified classes of application outputs must be exercised.

Systems/Procedures: interfacing systems or procedures must be invoked.
6.3.3 System Test

System testing ensures that the entire integrated software system meets requirements. It tests a configuration to ensure
known and predictable results. An example of system testing is the configuration oriented system integration test. System
testing is based on process descriptions and flows, emphasizing pre-driven process links and integration points.

6.3.4 Performance Test

The Performance test ensures that the output be produced within the time limits,and the time taken by the system for
compiling, giving response to the users and request being send to the system for to retrieve the results.
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6.3.5 Integration Testing

Software integration testing is the incremental integration testing of two or more integrated software components on a
single platform to produce failures caused by interface defects.

The task of the integration test is to check that components or software applications, e.g. components in a software
system or — one step up — software applications at the company level — interact without error.

6.3.6 Acceptance Testing

User Acceptance Testing is a critical phase of any project and requires significant participation by the end user. It also
ensures that the system meets the functional requirements.

Acceptance testing for Data Synchronization:

The Acknowledgements will be received by the Sender Node after the Packets are received by the Destination Node
The Route add operation is done only when there is a Route request in need

The Status of Nodes information is done automatically in the Cache Updation process

6.2.7 Build the test plan

Any project can be divided into units that can be further performed for detailed processing. Then a testing strategy for
each of this unit is carried out. Unit testing helps to identity the possible bugs in the individual component, so the
component that has bugs can be identified and can be rectified from errors.

CHAPTER 7
FUTURE ENHANCEMENT
7.1 FUTURE ENHANCEMENTS:

Although the proposed YOLOv10n-based system has proven to be efficient and highly accurate for real-time road
damage detection, there are several areas where future enhancements can further improve its performance and
applicability. One potential enhancement is the integration of severity classification, where the system not only detects
the presence of damage but also evaluates its depth and size to prioritize maintenance activities. Another promising
direction is the use of multi-sensor data fusion, combining visual inputs with LiDAR, thermal imaging, or IoT-enabled
road sensors to improve detection accuracy under challenging conditions such as low lighting, rain, or heavy traffic.
Additionally, the framework can be extended to incorporate predictive analytics using historical data and machine
learning models, enabling authorities to forecast potential road failures before they occur and take preventive measures.
Deployment of the system in a cloud-edge hybrid environment could also be considered, where critical detections are
handled locally on edge devices while large-scale data analysis and model updates are performed in the cloud, ensuring
both efficiency and scalability. Furthermore, the adoption of transfer learning and continual learning strategies would
allow the system to adapt dynamically to new types of road damages and varying environmental conditions without the
need for retraining from scratch. These enhancements will make the framework more robust, intelligent, and practical
for large-scale smart city implementations, ultimately ensuring safer and more sustainable road networks.

CHAPTER 8
CONCLUSION AND REFERENCES
8.1 CONCLUSION

Road infrastructure maintenance is a critical requirement for ensuring transportation safety and supporting the growth
of smart cities. Traditional road inspection methods, though reliable on a small scale, are highly labor-intensive, time-
consuming, and prone to human errors, making them unsuitable for large-scale monitoring. This project addressed these
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challenges by developing an automated road damage detection system using the YOLOv10n algorithm, which is
lightweight, efficient, and optimized for real-time deployment on edge devices. The proposed system demonstrates that
YOLOV10n can achieve high accuracy while maintaining low computational requirements, making it far more practical
than earlier models such as YOLOv7. With a precision of 0.986, recall of 0.973, mean average precision (mAP@0.5) of
0.988, and an F1-score of 0.978, the framework reliably identifies road damages such as potholes, cracks, and surface
wear. The system’s deployment on NVIDIA Jetson Nano and NVIDIA AGX Orin further validates its adaptability,
achieving real-time inference speeds of 7.5 FPS and 67 FPS, respectively. These results highlight the model’s scalability
and practical use in real-world smart city infrastructures.

Beyond the performance metrics, the project contributes significantly to the vision of intelligent transportation systems
by enabling proactive maintenance planning and reducing the dependency on manual inspections. By providing timely
insights into road conditions, this system can help reduce accidents, lower vehicle maintenance costs, and improve the
overall safety and reliability of transportation networks.

While the current implementation focuses on visual damage detection using edge devices, there remains potential for
further enhancement. Future work could integrate predictive analytics, loT-enabled sensors, or satellite-based
monitoring systems to provide deeper insights into road health. Additionally, expanding the system to classify the
severity of damages and prioritize repair schedules would make it even more useful for municipal authorities. In
conclusion, the proposed YOLOv10n-based framework proves to be an effective, scalable, and efficient solution for
real-time road damage detection. By combining high accuracy with resource efficiency, the system lays the foundation
for smarter, safer, and more sustainable urban transportation infrastructures.
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