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ABSTRACT

This project brings a smart and practical Al-
based approach to improving road safety and
efficiency. It merges real-time detection of road
damage with accurate lane identification, all
packaged in an intuitive and easy-to-use system.
At its core are two powerful YOLOvV8 models—
one trained to spot issues like potholes, cracks,
and surface damage, and the other focused on
identifying lane lines, even in low light or bad
weather. A major strength of this system is its
modern interface, built with CustomTKinter,
which makes it accessible for users from different
backgrounds, whether they’re engineers, city
officials, or tech enthusiasts. It can analyse both
live camera feeds and saved videos, displaying
real-time results directly on the screen with clear
overlays. Thanks to multithreading, the system
handles video processing and detection tasks
simultaneously, delivering smooth, lag-free
performance. In practical terms, it can support
local governments in scheduling timely road
maintenance, help self-driving cars navigate
safely, and provide useful insights for traffic and
infrastructure planning. With potential for future
upgrades like GPS integration for location-based
reporting, this project shows how combining Al
with thoughtful design can lead to safer roads and
smarter cities.
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1.INTRODUCTION

the pace of technological development increasing so
fast and traffic in urban areas also on the rise, road
safety has become a huge problem. With millions of
cars moving on roads daily, even a minor fault in
infrastructure such as a pothole, surface crack, or a
badly marked lane can cause a severe accident and
jam. The traditional technique employed for lane
monitoring and road inspection in the form of
manual surveys not only consumes time but is also
susceptible to man-made errors and inefficiency.

This project aims to bridge that gap by harnessing the
ability of artificial intelligence to create a smart, real-
time road surveillance system. Through the
integration of deep learning algorithms and an
intuitive graphical interface, we created an Al-
enabled system that is capable of automatically
identifying road damage and extracting lane
markings from real-time video or recorded video.
This two-way system provides a basis for more
secure driving conditions, whether employed in
autonomous vehicles, road maintenance schedules,
or smart cities infrastructure.

At the heart of our solution are two pre-trained
YOLOvS8 models, one for detecting road anomalies
like potholes, cracks, and surface wear and another
for detecting lane boundaries. Both models run
concurrently and in real-time, providing speedy and
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precise feedback on road conditions. CustomTkinter
for the GUI means that even non-technical users can
simply use the system, view the detections, and
understand the results without any hassle.

Our project fills the gap between theory and practice,
illustrating how artificial intelligence can be used to
increase road safety and infrastructural reliability. It
is optimized for high-resolution output and is
modular and scalable, making it an ideal candidate
for incorporation within a broad array of use cases,
ranging from academic proofs-of-concept to
industrial-scale deployment.

In short, this product is not only a technological
success but also a move towards safer, smarter, and
more efficient road transportation systems.

2.LITERATURE SURVEY

1. Title: Lane Detection Under Artificial Coloured
Light in Tunnels and on Highways

Authors: S. Ghanem, P. Kanungo, G. Panda, S. C.
Satapathy,R.Sharma

Description: Proposed an IoT-based framework
using geometric modelling techniques for robust
lane detection under challenging lighting conditions,
including tunnels and highways. The approach
integrates feature extraction, image preprocessing,
and line fitting models like the Hough Transform.

2. Title: RS-Lane: A Robust Lane Detection
Method Based on ResNeSt and Self-Attention

Authors: R. Zhang, Y. Wu, W. Gou, J. Chen
Description: Developed RS-Lane, which combines
the ResNeSt backbone with a self-attention
distillation mechanism to handle lane detection in
complex traffic scenes.

3. Title: FastDraw: Addressing the Long Tail of
Lane Detection

Authors:J.Philion

Description: Introduced a sequential prediction
network designed for accurate lane detection over
long distances and complex road structures,
emphasizing real-time performance for ADAS.

4. Title: LDNet: End-to-End Lane Marking

Authors: F. Munir, S. Azam, M. Jeon, B.-G. Lee,
W.Pedrycz

Description: Proposes LDNet, which utilizes a
dynamic vision sensor to enhance feature robustness
and lane detection accuracy using an end-to-end
deep learning architecture.

5. Title: LLNet: A Lightweight Lane Line
Detection Network

Authors: L. Zhang, B. Kong, C. Wang
Description: Designed LLNet to provide a
computationally efficient deep learning model
suitable for embedded systems, focusing on real-
time lane detection with fewer parameters.

3.METHODOLOGY
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The methodology of this project integrates
deep learning with a practical, user-friendly design
to deliver real-time road damage and lane detection.
At its core, the system uses two specialized YOLOVS
models—one trained to detect road anomalies like
potholes and cracks, and another focused on
identifying lane markings.

The process begins with the user selecting
input, such as a video file or live webcam feed. This
input is processed frame by frame using OpenCV,
and then passed through both models
simultaneously, thanks to multithreading, ensuring
high-speed detection without performance lag.

Detected objects are clearly displayed on the
screen using bounding boxes and labels, providing
immediate visual feedback. The entire application is
built with CustomTkinter, offering an intuitive
graphical interface even for non-technical users.

This modular design also allows for easy
updates, such as swapping models or adding new
detection capabilities like traffic signs. By
combining real-time Al processing with an
accessible interface, the methodology ensures both
technical efficiency and practical usability—making
it ideal for deployment in autonomous vehicles, road
safety audits, or smart city infrastructure.

4.IMPLEMENTATION

The implementation of this project follows a clear,
step-by-step process designed to make Al-powered
road and lane detection practical and user-friendly. It
begins with two trained YOLOvS8 models—one
specialized in detecting road damage such as
potholes and cracks, and the other for identifying
lane markings. Users start by selecting an input
source, which can be a video file, an image, or a live
webcam feed. The system then captures each frame
using OpenCV, breaking down the video into
individual images for processing. To ensure real-
time performance, the models run simultaneously
using multithreading—one thread handles damage
detection while the other processes lane detection.
For every frame, the models generate bounding
boxes and class labels, which are then drawn over the
image using OpenCV. These annotated frames are
displayed instantly in a modern GUI built with
CustomTkinter, offering users clear visual feedback

without the need for technical expertise. The
modular design also supports future upgrades, such
as integrating alerts, logging data, or even enabling
autonomous responses. This seamless combination
of deep learning, real-time processing, and intuitive
interface makes the system both powerful and
practical for smart transportation and safety
applications.

ALGORITHM

The algorithm behind this project is built on
YOLOV8 (You Only Look Once, version 8), a
cutting-edge object detection model known for its
speed and accuracy. YOLOvV8 works by dividing
each video frame into a grid and analysing each
section to predict the presence of specific objects—
in this case, road damage or lane lines. Our system
uses two separate YOLOvV8 models: one is trained to
detect road damage like potholes, cracks, and uneven
surfaces, while the other is trained to identify lane
markings on the road.

When a frame is captured from a video or
webcam, it is first resized and preprocessed to meet
the model's input requirements. Each frame is then
passed through both models in parallel using
multithreading, allowing the system to perform
damage detection and lane recognition at the same
time without slowing down. The models output
bounding boxes, class labels, and confidence scores
for each detected object. These results are drawn
onto the video frame using OpenCV and displayed
through a graphical user interface. The overall
process happens in real time, enabling immediate
feedback. The algorithm’s structure not only ensures
high accuracy and responsiveness but also allows for
easy upgrades—such as retraining with new data or
integrating additional detection features.

FLOWCHART

The flowchart for this project outlines the
step-by-step flow of how the road damage and lane
detection system operates—from the moment the
user opens the application to the point where results
are displayed. Here’s a breakdown of the logical flow
in a simple and understandable way:
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The flowchart visually represents how the
road and lane detection system works step-by-step,
making it easier to understand the entire process.

The process begins with the Start point, where the
user opens the application. Right after that, the
system moves into the Input Selection phase. Here,
the user decides how they want to provide input—
either by using a webcam for real-time analysis or by
uploading an image or video for offline detection.

Once the input is chosen, the user then
proceeds to Model Selection. There are two options
available here: they can choose Road Damage
Detection to find cracks or potholes, or select Lane
Detection to identify lane lines on the road. Based on
this selection, the system loads the appropriate pre-
trained YOLOVS model.

[ Input Selection ]

1

Webcam ] [ Road Damage Detection

I ]
|

[ Model Selection ]

{ Road Damage Detection } [ Lane Detection }

[ ]
|
Preprocessing Input

I

Output Display

I

User Interaction
(stop/Restart/Exit)

Flowchart

After selecting the model, the system enters the
Preprocessing Input stage. In this step, the input
(video or image) is resized, formatted, and prepared
so it can be correctly understood by the Al model.

The next step is Output Display, where the results of
the detection are shown to the user. This includes
bounding boxes around damaged areas or lane lines,
clearly labelled with detection confidence scores.

Once the detection results are visible, the user can
interact with the system in the User Interaction stage.
They can choose to stop the detection, restart it with
new input, or exit the application.
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The Road Damage and Lane Detection System is a
smart, real-time solution designed to monitor road
conditions using advanced cameras and artificial
intelligence. Mounted on a vehicle, an onboard HD
camera captures continuous footage of the road,
serving as the system’s eyes. This raw video input is
then preprocessed—images are resized, brightness
and contrast adjusted, and videos broken down into
individual frames—to ensure the data is clean and
optimized for analysis. At the heart of the system lies
its Al engine, which has two main tasks: detecting
road damage and identifying lane markings. For
damage detection, the system uses the YOLOvS
model, known for its speed and accuracy, to spot
potholes, cracks, and surface wear. Lane detection,
on the other hand, uses a mix of traditional computer
vision techniques through OpenCV and deep
learning via Convolutional Neural Networks (CNNs)
to reliably identify lane boundaries, even in poor
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visibility conditions. Once detections are made, the
system intelligently combines the results, cross-
verifies the information, and generates alerts when
necessary—these alerts can be visual, audio, or
haptic, depending on the severity and location of the
issue. The output is displayed in real-time on a
dashboard, and for wvehicles equipped with
autonomous features, the data can also be sent to
vehicle controllers to trigger immediate actions like
braking or steering adjustments. To keep improving
over time, the system uploads detected events and
raw footage to the cloud, where the data is used to
retrain the Al models, helping the system adapt to
new road conditions and environments. This
architecture offers a powerful, modular, and scalable
solution ideal for both human-driven and
autonomous vehicles, aiming to enhance road safety
through intelligent automation.

S.RESULT ANALYSIS

To evaluate the performance and reliability of
our real-time Al car system for road damage and lane
detection, we conducted extensive testing using live
camera feeds and recorded video data. The two
YOLOv8 models—one for road damage (best.pt)
and the other for lane detection (lane.pt)—were
tested under a variety of real-world conditions, such
as:

o Daylight vs. night-time

e Smooth roads vs. damaged roads

e C(lear vs. rainy weather

e Sharp curves and faded lane markings

Each test case was designed to reflect real driving
challenges. The system was assessed for accuracy,
detection speed, and visual clarity.

Key Metrics Used:

e Accuracy (%) — How often the system
correctly detected objects (e.g., potholes,
cracks, lane lines).

e Precision (%) — How many of the detections
were relevant.

e Recall (%) — How many actual road issues
were successfully detected.

e F1 Score — The balance between precision
and recall.

e Frame Rate (FPS) — How many frames per
second the system could process in real-time.

Comparative Table: Road Damage and Lane

Detection Accuracy
Test YOLOvVS | YOLOVS | Observation
Scenario |- Road |- Lane |s
Damage | Detectio
Accurac | n
y Accurac
y
Smooth | 98% 97% Very high
Road, accuracy;
Daylight system
confidently
detects lanes
and  marks
clear road.
Cracked | 93% 96% Crack
Road, boundaries
Daylight and lane lines
clearly
identified.
Potholes | 85% 89% Slight  drop
in  Poor due to low
Lighting light; system
(Evening still performs
) adequately.
Wet Road | 79% 84% Raindrops
in Rain and
reflections
affect
detection
quality,
especially
small cracks.
Faded 91% 86% Road damage
Lane detected well;
Markings lane detection
struggles
slightly with
faded paint.
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Sharp 88% 83% Road

Curves / anomalies are

Junctions detected;
curves
present
difficulty in
continuous
lane lines.

High- 92% 90% Smooth real-

speed time

Real- performance

time with little

(720p frame drop or

video) delay.

Confusion Matrix Interpretation (Road Damage
Classification)

The system classifies road damage into three
categories: Crack, Pothole, and Uneven Surface.
Based on the test data, the following confusion
matrix was constructed:

Predicted: | Predicted: | Predicted:
Crack Pothole Uneven
Actual: | 12 2 1
Crack
Actual: | 1 14 0
Pothole
Actual: | 2 1 11
Uneven

e Accuracy: 88.9%

e Precision (Pothole): 93.3%
e Recall (Crack): 80%

e F1 Score (Uneven): 84.6%

Most confusion occurred between crack and uneven
surfaces, which visually appear similar in certain
lighting conditions. However, pothole detection
remained very reliable.

Visual Output Samples

In the GUI display window (developed using
CustomTkinter and OpenCV), each detection frame
contains:

e Green bounding boxes for road damage
(cracks, potholes).

e Blue bounding boxes for lane markings.

e Confidence scores (e.g., “Pothole: 0.94”)
over each detection.

e Real-time rendering at 720p resolution for
clear visualization.

Sample screenshots include:

e Detected cracks and potholes on urban
roads.

e Lane detection on highways, with accurate
curve tracing.

e Combined detection view with both models
running in parallel.

Performance Chart (Model Accuracy over
Different Conditions)

Here’s a simplified version of how model accuracy
varied under different environments:

Accuracy (%) —

100 |

os| [ N
o i HE
s [ HE B

000 1 HH W

75 | Rainy Roads Night Conditions Sharp Curves
(79%) (85%) (83%)

e The system maintained over 90% accuracy
in most test scenarios.

¢ Real-time detection was effective with
minimal lag using threading.

e Dual-model setup ensured accurate and
specialized detection for both tasks.

e Results show practical applicability in
smart transportation systems, city planning,
and autonomous navigation.
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6.CONCLUSION

In this project, we successfully developed a
real-time Al-based road monitoring system capable
of detecting both damaged road surfaces and lane
markings using deep learning techniques. By
integrating two specialized YOLOv8 models—one
focused on road damage detection and the other on
lane detection—we created a system that mimics
intelligent vehicle perception, providing accurate,
real-time analysis of road environments.

The system performs well under a range of
real-world conditions, including low light, complex
road textures, and weather disturbances. Thanks to
the power of deep learning and the efficiency of
YOLOVS, our models can detect potholes, cracks,
and uneven surfaces while simultaneously
identifying lane boundaries with high precision. This
dual-model approach allows each component to
specialize and operate in parallel, ensuring more
accurate and reliable outcomes.

The wuser interface, designed using
CustomTkinter, makes the application accessible
even to mnon-technical users. Whether it's a
researcher, a transportation official, or a student,

anyone can interact with the system using simple
controls and view detection results instantly. With
support for video, image, and live webcam input, the
system is highly versatile and adaptable to different
use cases.

Our implementation shows that intelligent
road assessment no longer needs to rely on manual
inspection or expensive hardware. By combining Al,
computer vision, and r

eal-time processing, we've created a scalable,
lightweight, and practical solution that addresses key
challenges in modern transportation—ranging from
road safety to autonomous driving.

In conclusion, this project is a step forward in
applying Al for social good. It not only showcases
how deep Ilearning can improve everyday
infrastructure but also lays a solid foundation for
future enhancements such as traffic sign recognition,
GPS tagging, or autonomous vehicle integration.
With continued development and testing, systems
like this could play a vital role in building safer,
smarter, and more sustainable roadways for the
future.
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