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ABSTRACT

This project introduces a deep learning-based road lane line detection system using the U-
Net architecture, aimed at enhancing autonomous driving and advanced driver assistance
systems (ADAS). The model is trained on the CULane dataset, leveraging semantic
segmentation to accurately detect lane markings in diverse road conditions. Preprocessing
techniques such as resizing, normalization, and data augmentation are applied to improve
model robustness. The system employs binary cross-entropy loss and is optimized using
the Adam optimizer for efficient learning. A custom data pipeline ensures smooth training
and evaluation, with real-time predictions visualized for performance assessment. The
trained model effectively identifies lane boundaries, even under challenging lighting and
occlusion scenarios. Extensive experiments validate the system’s accuracy and reliability
in real-world conditions. The model achieves an accuracy of 96.15%, outperforming many
existing lane detections models. The proposed approach contributes to safer and more
intelligent vehicle navigation by reducing lane departure risks. Future enhancements

include integrating temporal consistency for improved detection stability.

KEYWORDS: U-Net Architecture, Image Segmentation, Lane line detection,

Convolutional Neural Network.
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Chapter 1

INTRODUCTION

1.1 Introduction

In recent years, the rapid advancement of computer vision and deep learning has
significantly influenced autonomous driving and intelligent transportation systems. One of
the most critical aspects of autonomous navigation is lane detection, which enables vehicles
to stay within designated lanes and avoid potential collisions. Traditional lane detection
methods relied on hand-crafted features and classical computer vision techniques, but these
approaches often struggled with complex road conditions such as occlusions, faded lane

markings, and varying lighting conditions.

To address these challenges, deep learning-based methods have emerged as powerful
alternatives, demonstrating remarkable accuracy and robustness. In this project, we propose
a lane line detection system based on the U-Net architecture, a widely used deep learning
model for semantic segmentation tasks. The U-Net model enables precise segmentation of
lane markings by leveraging its encoder-decoder structure, which efficiently captures

spatial features and refines predictions at multiple scales.

This project is particularly important for autonomous driving systems, driver-assistance
technologies, and intelligent road safety applications. By accurately detecting lane lines,
the proposed model enhances vehicle stability, reduces accidents, and contributes to the

advancement of self-driving technology.

1.2 Motivation

The motivation behind this project stems from the increasing demand for autonomous and
semi-autonomous driving solutions that prioritize safety and efficiency. Traffic accidents
caused by unintended lane departures remain a major concern globally. According to road
safety reports, a significant percentage of fatal accidents occur due to lane deviations, often

caused by driver inattention, drowsiness, or poor visibility.

Developing a robust and efficient lane line detection system can help mitigate these risks
by providing real-time lane departure warnings and assisting in vehicle control. The

integration of deep learning techniques, particularly U-Net-based segmentation models,



enhances the precision of lane detection, making it adaptable to various driving

environments, including highways, urban roads, and challenging weather conditions.

Furthermore, this project aligns with the ongoing research in intelligent transportation
systems (ITS), contributing to the future of autonomous vehicles by improving their
perception capabilities. The use of deep learning not only increases accuracy but also

ensures adaptability, making it a valuable tool for real-world deployment.

1.3 Objectives

The primary objectives of this project are:

e To develop a real-time lane line detection system using the U-Net deep learning
architecture.

e To train and optimize the model using the CULane dataset for high accuracy in lane
segmentation.

e To implement data augmentation techniques to enhance model robustness against
varying road conditions.

e To evaluate the model’s performance using key metrics such as IoU (Intersection
over Union) and accuracy.

e To contribute to the field of autonomous driving and ADAS (Advanced Driver

Assistance Systems) by improving lane detection precision.

1.4 Features
The proposed Lane Line Detection System offers the following features:

e Deep Learning-based Segmentation — Utilizes a U-Net architecture to accurately
segment lane lines from road images.

e Robust Data Preprocessing — Includes cropping, resizing, and normalization for
better model performance.

e Data Augmentation — Enhances training data diversity using techniques like
flipping, rotation, and brightness adjustments.

e Real-Time Detection — Capable of processing live road footage for instant lane line
detection.

e Adaptive Performance — Works under varying lighting conditions such as daylight,

nighttime, and foggy environments.



e Validation and Performance Metrics — Evaluated using IoU, accuracy, and loss
functions to measure model effectiveness.

e Model Saving and Loading — Allows reusing the trained model without retraining
from scratch.

e Error Handling and Optimization — Implements techniques to reduce false positives
and improve detection accuracy.

e Compatibility with Autonomous Driving Systems — Can be integrated into ADAS
for lane departure warning and self-driving cars.

e Scalability — Can be extended to detect other road elements like traffic signs and

pedestrian crossings.

1.5 Problem Statements

Lane detection plays a crucial role in autonomous driving and intelligent transportation
systems, ensuring vehicles follow road lanes accurately and avoid unintended deviations.

However, existing lane detection approaches face multiple challenges:

e Inconsistent Road Markings — Lanes may be faded, broken, or obstructed by
shadows, making detection difficult.

e Challenging Environmental Conditions — Variations in lighting, rain, snow, and fog
affect lane visibility.

e Complex Road Structures — Curved roads, multi-lane highways, and merging lanes
create additional detection difficulties.

e Real-Time Processing Constraints — Autonomous systems require efficient models
that work in real-time without high computational costs.

e Data Variability — Different datasets have varying road textures, lighting, and

occlusions, requiring robust model generalization.

To overcome these challenges, this project leverages deep learning, particularly U-Net
architecture, to develop an accurate and efficient lane line detection system capable of

handling complex real-world scenarios.

1.6 Social Impacts

The implementation of a high-precision lane detection system offers multiple social

benefits, including:



e Enhanced Road Safety — Reduces accidents caused by unintended lane departures.

e Assistance for Drivers — Supports drivers in staying within their lanes, particularly
in long-distance driving.

e Development of Autonomous Vehicles — Contributes to self-driving technology and
the evolution of intelligent transportation systems.

e Traffic Efficiency — Helps in lane discipline, reducing congestion and improving
traffic flow.

e Environmental Benefits — Encourages the adoption of smart mobility solutions,
leading to fuel efficiency and reduced emissions.

e Technological Advancements — Advances research in deep learning-based
perception systems for transportation.

e Accident Prevention in Challenging Conditions — Assists in driving under poor

weather conditions, reducing human errors.

The adoption of deep learning in lane detection and road safety not only benefits individual
drivers but also has a broader positive impact on society by reducing accidents, enhancing

transportation efficiency, and fostering technological growth.

1.7 Report Layout
The report is structured as follows:

e Chapter 1: Introduction — Provides background, motivation, objectives, key
features, problem statement, and social impact.

e Chapter 2: Literature Review — Discusses existing lane detection techniques,
challenges, and the advantages of deep learning-based approaches.

e Chapter 3: Methodology — Details the dataset, preprocessing, U-Net architecture,
training process, and evaluation metrics.

e Chapter 4: Results and Discussion — Presents experimental results, model
performance analysis, and comparisons with traditional methods.

e Chapter 5: Conclusion and Future Work — Summarizes findings, highlights
limitations, and suggests potential improvements.

e References — Lists sources cited throughout the report.

This structured approach ensures clarity in understanding the research, methodology, and

contributions of this project toward intelligent lane detection solutions.
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Chapter 2

LITERATURE REVIEW

2.1 Introduction

Road lane line detection is a critical component of autonomous driving and advanced driver
assistance systems (ADAS). It plays a vital role in maintaining vehicle alignment within
lanes, providing lane departure warnings, and ultimately enhancing road safety. Traditional
lane detection techniques, such as edge detection and the Hough Transform, have shown
limitations, especially when dealing with occlusions, lighting variations, and the
degradation of lane markings. These methods often struggle to adapt to real-world driving

conditions, making accurate lane detection a significant challenge.

With the advent of deep learning, particularly the use of Convolutional Neural Networks
(CNNs), lane detection has been revolutionized. CNN-based architectures, including the
popular U-Net, have shown promising results by automating the process of lane
segmentation. U-Net, with its encoder-decoder structure, allows for efficient feature
extraction and precise pixel-wise classification, which significantly enhances the accuracy

and robustness of lane detection systems.

In recent years, lane detection has become a focal point of research, as the demand for safer
and more reliable autonomous driving systems increases. Numerous studies have emerged,
exploring innovative approaches for precise lane detection, each offering solutions to
various challenges such as handling occlusions, weather variations, and real-time
processing. Among these, deep learning-based methods, especially those employing U-Net
and similar architectures, have proven to be highly effective. These models are not only
capable of detecting lane markings with high accuracy but also adapt well to diverse and
complex driving environments. As such, deep learning, particularly using architectures like
U-Net, continues to shape the future of lane detection, making it a critical research area in

the development of autonomous vehicles and ADAS technologies.

2.2 Literature Survey

In conventional techniques, fundamental characteristics like texture, gradients, geometric
designs, and colors are leveraged for identifying and aligning lane markings in road

imagery. Aly et al. [1] explored the overhead perspective of road images to pull out essential
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features through a Gaussian filter and applied the RANSAC algorithm to align the lane
markings. Kamble et al. [2] used a Canny edge detection method to recognize road borders
and refined these edges via Hough transformation. Wennan et al. [3] dealt with intricate
road scenarios that included colored lane markings and road signs, successfully detecting
lanes using a hyperbolic model under these circumstances. Hu et al. [4] utilized the
Dynamic Region of Interest (DROI) approach for lane detection, extracting DROI points
through interpolation techniques. Gao et al. [5] introduced a rapid, real-time framework for
lane detection employing a Gabor filter, aimed at structured roads featuring multiple lanes
and diverse scenes. Wei et al. [6] substituted the Canny edge detector with the Roberts
operator and combined it with Hough transformation, enhancing the speed of lane detection
in real time. Andrei et al. improved the execution speed of an existing lane detection
approach by approximately 30%, substituting the traditional Hough transformation with a

probabilistic version.

Lee and Moon [7] developed a lane detection algorithm that operates in real time, utilizing
a Region of Interest (ROI) capable of functioning effectively in high noise conditions and
delivering swift responses. The system incorporated a Kalman filter along with a least

squares approximation for linear motion, facilitating both lane detection and tracking.

Khan et al. [8] introduced LLDNet, a lightweight CNN-based lane detection model
designed for real-time applications. The study utilized a mixed dataset, combining the
Udacity Machine Learning Nanodegree Dataset and the Cracks and Potholes in Road
Images Dataset to improve model generalization. This dataset allowed the model to handle
challenging road conditions, including varying lighting, weather conditions, and minor
road damage. The experimental results demonstrated that LLDNet effectively detected lane
markings with high accuracy while maintaining low computational costs. However, the
model's performance was noted to degrade under extreme weather conditions and in cases
where lane markings were heavily occluded. LLDNet was evaluated using metrics such as
Accuracy, Precision, Recall, F1 Score, and IoU, indicating its effectiveness compared to
existing methods. The study highlights the importance of lightweight architectures for real-
time lane detection while emphasizing the need for further improvements to handle more

complex driving environments.

Yao et al. [9] suggested an enhanced deep neural network (DNN) for attention, which
consists of two branches operating at various resolutions and is a lightweight semantic

segmentation architecture designed for effective computation in less memory. The

12



proposed network generates dense feature maps for predictive activities at lower resolutions
within a global framework. Various attention methods are employed that are founded on
the characteristics of differential feature resolution attributes. However, the accuracy of the

model is not improved

Tabelini et al. [10] provided an innovative approach to lane recognition using deep
polynomial regression to produce polynomials that represent each lane marking in the

picture from an image captured by a forward-looking camera installed in a vehicle.

However, the accuracy of the model has dropped drastically. The model might not have
been able to learn this circumstance from less number of samples available since the

pictures in those scenarios have a significantly different structure.

Zhang et al. [11] enhanced the current semantic segmentation techniques for detecting lanes
by introducing a network known as DC-VGG-SAD (Visual Geometry Group). This system
employs dilated convolution to reduce complexity in the network while ensuring accurate
detection. Additionally, it incorporates self-attention distillation to boost the flow of

information.

Ahadi [12] put forth a vision-based strategy that fuses object detection with lane
segmentation aimed at self-driving vehicles. This research utilized YOLOvVS for
recognizing objects, a tailored CNN for identifying traffic signs, and a hybrid CNN-LSTM
model for dividing lanes. Although this methodology proved to be quite accurate in
controlled environments, it faces difficulties with live performance and resilience during

severe weather conditions.

Lee et al [13] introduced a streamlined U-Net model designed for direct learning of path
prediction and lane detection in self-driving scenarios, which employs depth-wise
separable convolutions (DSUNet). They also developed a convolutional neural network
integrated with path prediction to create a simulation framework (CNN-PP) that evaluates
the performance of CNN in a host vehicle navigating alongside various agents in real-time.
However, this research lacks real-time application capabilities when the host operates in
tandem with other entities, limiting its immediate usability due to the complexity of

computations involved.

Katar [14] utilized U-Net for detecting lane markings at high resolutions, achieving
accurate segmentation but facing difficulties with occlusions and inconsistent road

conditions.
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Zou et al. [15] introduced a deep neural network that harnesses temporal information from

ongoing driving scenarios to enhance lane detection in fast-moving environments.

Lu et al. [16] proposed a technique named Scene Understanding Physics-Enhanced Real-
time (SUPER) dedicated to real-time lane identification. This method consists of two
critical components: a multi-lane parameter optimization unit that utilizes physics for lane
inference and a hierarchical semantic segmentation framework that extracts scene features.

The challenge lies in accurately recognizing complex lane situations.

Munir et al. [17] combined a deep learning approach with an attention mechanism to
improve lane detection quality on roads. Their Lane Detection Network (LDNet) features
an encoder-decoder configuration with an Atrous Spatial Pyramid Pooling (ASPP)
component and an attention-guided decoder, skillfully predicting lane lines and reducing
false positives without the need for post-processing steps. LDNet capitalizes on detailed
images from event cameras to enhance high-resolution detections through the extraction of
more complex features. The ASPP component broadens the receptive field while
maintaining training parameter counts, and the attention-guided decoder refines feature

localization, thus negating the necessity for post-processing.

Recent developments involving transformer-based models (Chai et al.) [18] and federated
learning systems such as FedLANE (Santhiya et al.) [19] exhibit promise for real-time
scalable lane detection. Nonetheless, there are ongoing hurdles related to handling
occlusions, extreme weather effects, and computational efficiency. Future studies must
concentrate on refining deep learning frameworks for minimal latency in practical

applications while enhancing adaptability across varied road scenarios.

Table 2.1 Summary of Literature Survey

Reference Approach Dataset Observation Limitation and
Used Used Future scope
Khan et al. | LLDNET Mixed Achieved robust Performance may
[8] (Lightweight | dataset lane detection under | degrade in extreme
CNN-based (Udacity ML | various conditions weather conditions or
model) Nanodegree | with reduced highly occluded lane
and Cracks, | computational cost. | markings. These can
Path holes in be improved in
Road images future.
dataset)
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Yao et al. | Deep Neural | TuSimple Carried work on lane | Need more discussion
[9] Network, Dataset, detection tasks in on scalability
Semantic CULane different categories | problems.
Segmentation | Dataset with improved
Architecture accuracy and
memory overload
problems.
Tabelini et | PolyLaneNet, | TuSimple Capture picture from | Need to explore on
al. [10] Linear Dataset a forward-looking segmentation tasks.
Regression camera to detect lane
lines.
Zhang et DC-VGG- TuSimple Improving lane Struggles in accurate
al. [11] SAD network | Dataset detection approach lane  detection in
for autonomous complex  condition
vehicles with fast such as night time and
processing speed. no-lane conditions.
Ahadi et al. | Computer- Custom Integrated lane Computational
[12] vision based | dataset detection with object | complexity and
lane recognition. limitation of dataset.
segmentation. These can be
improved.
Lee et al. DSUNet, TuSimple Experiments done Model Robustness
[13] CNN-PP dataset on lane detection, lacks in different road
road recognition and | conditions.
path prediction in
AV.
Katar et al. | U-Net for High Improved accuracy | Limited robustness
[14] lane marking | resolation in lane detection. under occlusions.
detection. image dataset This can be
improved.
Zou et al. | Deep Neural | Custom Robust lane Performance in
[15] Networks for | driving detection in various | adverse weather
continuous scenes driving scenarios. conditions not
driving dataset evaluated. This need
scenes. to be improved.
Lu et al. | Scene Cityscapes, | Focused on scene Further focus on
[16] Understandin | Vistas Apollo | understanding to unparallel lanes such
g  Physics- detect lane lines as merging two lanes
Enhanced using monocular and lane split
Real-time cameras. conditions.
(SUPER)
Algorithm
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2.3 Challenges

Despite its advantages, U-Net based lane detection faces challenges such as computational
complexity and real-time processing constraints. To enhance efficiency, researchers have
explored lightweight variations of U-Net, such as Mobile U-Net (Zhang et al.) [11],
reducing model parameters while maintaining performance. Additionally, integrating
transformer-based architectures with U-Net has shown promise in improving long-range

contextual understanding (Li et al.) [13].

Future research should focus on domain adaptation techniques to generalize U-Net based
models across different road environments and weather conditions. Furthermore, real-time
deployment optimizations using TensorRT and hardware acceleration could enhance

practical applicability in autonomous vehicles.
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Chapter 3

METHODOLOGY

3.1 Introduction

Lane detection is essential for autonomous driving and ADAS, ensuring accurate lane-
keeping. This project develops a robust lane detection system using U-Net, a deep learning

model well-suited for pixel-wise segmentation.

Using the CULane dataset, the model is implemented in TensorFlow/Keras, with
preprocessing, training, inference, and evaluation steps designed for real-world conditions
like varying lighting and weather. This chapter outlines the methodology, including dataset

processing, model architecture, evaluation metrics, and deployment strategies.

By leveraging deep learning, the system aims to achieve precise lane detection, enhancing

autonomous driving safety and reliability.

3.2 Working Principle of the proposed project

Image Pre-Processing
(Crop. Resize. Mormalize)

Data Augmentation
(Rotation, Flip. Contrast. Blur)

Build U-MNet Model

&

Set Hyper-Parameters
(Batch Size, Learning Rate, Epochs)
!

Model Performance
Yoes——> Evaluation on Validation

raining
the

odel? Dataset
Load Model Improved?
J, Yjs
Predict road lane lines mask | Save Model |

on test dataset

The Final Segmentation
Result

Figure 3.1 Working Principles
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3.3 Dataset Collection and Preprocessing

3.3.1 Dataset Selection

The system utilizes a CULane dataset obtained from a public data repository. The
dataset for lane detection consists of road images with corresponding lane masks.
The images capture a wide range of real-world driving scenarios including urban
roads, highways, and complex traffic environments. This diversity ensures that the

model learns robust features that generalize well across different driving conditions.
3.3.2 Data Preprocessing

Preprocessing is critical for improving model performance. The following steps

were applied:

e Resizing — Images and masks are resized to (640, 360) pixels
e Normalization — Pixel values were normalized between 0 and 1 to stabilize
training.
e Mask Processing — Lane annotations were converted into binary masks,
where lane pixels are labeled as 1 and background as 0.
e Splitting —
= 80% for training
= 20% for testing

3.3.3 Data Augmentation

To improve model generalization, the following augmentation techniques are

applied:

e Random rotation
e Horizontal flipping

e Brightness adjustments

3.4 U-Net Architecture

The U-Net architecture consists of an encoder-decoder structure, making it effective for

segmentation tasks. The primary components include:
3.4.1 Encoder (Contracting Path)

The encoder extracts hierarchical features using:

18



e Convolutional layers (33 filters, ReLU activation)
e Batch normalization

e Max pooling (2x2) for down sampling
3.4.2 Bottleneck Layer
At the deepest layer, the model learns high-level representations using:

e Convolutional layers
e Dropout (to prevent overfitting)

e Skip connections for information retention
3.4.3 Decoder (Expanding Path)
The decoder reconstructs lane masks using:

e Transpose convolutions (Up-Convs) for up sampling
e Skip connections to merge encoder features for spatial information recovery
¢ Final output layer (1x1 convolution) to generate a binary lane segmentation

mask
3.4.4 Model Summary

The final U-Net model outputs a mask of the same resolution as the input, where

white pixels indicate detected lane regions.

3.5 Model Training and Optimization

3.5.1 Training Configuration
Key hyperparameters and strategies used during training include:

e Batch-Size: The model is trained using a batch size of 16. This batch size is
chosen as a compromise between efficient use of computational resources
and stable gradient updates.

e Epoch-Count: The training process is conducted for 20 epochs. This
number of epochs is selected based on experimental observations, ensuring
sufficient learning while mitigating the risk of overfitting.

e Optimization: The Adam optimizer is used with an initial learning rate. A
learning rate scheduler is applied to ensure gradual decay, enhancing

convergence and stability. Adam is preferred due to its adaptive learning
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rates and faster convergence compared to standard gradient descent
methods.
Loss Function: The model is trained using a combination of:
o Binary Cross-Entropy (BCE) Loss: Measures pixel-wise
classification error, making it suitable for binary segmentation tasks.
o Dice Loss: Encourages better segmentation performance by
maximizing the overlap between predicted and ground-truth lane
masks, complementing BCE loss to handle class imbalance
effectively.
Checkpointing: To ensure that the best-performing model is retained, a
checkpointing strategy is implemented. The model’s performance is
monitored on the validation set, and the weights corresponding to the lowest
validation loss are saved. This approach helps prevent overfitting and

maintains model generalizability.

3.5.2 Data Feeding

A custom data generator is utilized during the training phase. This generator

dynamically loads and preprocesses batches of images and masks. It helps manage

memory efficiently and ensures that each training epoch is fed with a diverse set of

examples, thereby improving the robustness of the model.

3.6 Inference and Post-processing

3.6.1 Model Inference

After training, the model processes new road images to generate binary lane masks.

3.6.2 Post-processing

Thresholding: Converts soft segmentation outputs into binary lane masks.

Morphological Operations: Applies dilation and erosion to refine lane
edges.
Polynomial Curve Fitting: Enhances lane detection by smoothing predicted

lane boundaries.

Overlay on Input Image: The detected lane lines are visually superimposed

onto the road image.
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3.7 Evaluation and Performance Metrics

To assess the performance of the model, several key metrics are utilized:

Intersection over Union (IoU): This metric measures the segmentation accuracy
by calculating the overlap between the predicted lane mask and the ground truth,

providing an indication of how well the model identifies lane markings.

TP
TP + FP + FN

Dice Coefficient: The Dice Coefficient evaluates the similarity between the

[oU =

predicted lane mask and the ground truth, offering another perspective on

segmentation performance.

2 X TP
2X TP+ FP+ FN

Accuracy: This metric assesses the overall correctness of the model by determining

Dice =

the proportion of correctly classified pixels, distinguishing between lane and non-
lane regions.

Loss Trends: Analyzing the trends of both training and validation loss helps in
understanding the model’s convergence behavior. Monitoring these trends also aids
in detecting potential overfitting or underfitting issues, ensuring optimal

generalization.

3.8 Implementation Tools

The system is implemented using the following technologies:

Python — Programming language

TensorFlow/Keras — Deep learning framework
OpenCV — Image processing library

NumPy, Matplotlib — Data handling and visualization

Google Colab/Jupyter Notebook — Training and testing environment

3.9 Summary

This chapter provided a detailed explanation of the methodology used for lane line

detection using the U-Net architecture. The next chapter will present experimental results

and analysis.
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Chapter 4

RESULTS AND DISCUSSION

This chapter delivers an extensive study about operation of lane line detection using the U-
Net architecture. We evaluate the system performance through combination of quantitative
metrics with training dynamics and visual qualitative assessments. Testing of the system
yielded 96.15% accuracy whereas training performance reached 95.63%. A thorough
evaluation of loss convergence and qualitative segmentation outputs takes place before

comparing these results against established traditional methods.

4.1 Quantitative Performance Metrics

4.1.1 Training Metrics

Our model optimization for the training period relied on binary cross-entropy loss
function and the Adam optimization framework. The training accuracy achieved
95.63% based on accuracy curve measurement (Fig. 4.1). As the training progressed
the loss values started from a high initial point before reaching a stable convergence
point. The steep initial decline in loss, followed by a gradual flattening, suggests
that the network learned basic lane markings features very quickly in the initial

training period before performing gradual adjustments toward the end of epochs.

Model Accuracy

0.960 A

0.955 +

0.950 +

Accuracy

0.945

0.940 +

Training Accuracy

0.935 A ——— Validation Accuracy

T T T T T T

0 2 4 6 8 10 12 14 16 18 20
Epochs

Figure 4.1 Training and Validation Accuracy vs. Epochs
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A plot illustrating training accuracy converging to 95.63% while the validation

accuracy follows a similar trend with slight fluctuations that eventually stabilize.

Model Loss

—— Training Loss

0.18 - - Validation Loss

0.16 -

0.14

Loss

0.12

0.10

0.08 -+

0 2 < 6 8 10 12 14 16 18 20
Epochs

Figure 4.2 Training and Validation Loss vs. Epochs

A plot showing the decrease in loss over the epochs, confirming that the model is

not overfitting and has achieved a robust optimum.
4.1.2 Testing Metrics

The testing data came from datasets containing information distinct from training
and validation data. Testing of the model resulted in 96.15% accuracy achievement.
The network demonstrated reliable generalization capabilities that successfully
applied its lane segmentation functions to new road environments leading to

excellent testing accuracy throughout the phase.

The assessment algorithms used two evaluation measures such as Dice Coefficient
(DC) and Intersection over Union (IoU). The segmentation quality is confirmed

through IoU and DC values alongside accuracy that remains the main priority:

e IoU: The Intersection over Union metric delivers values of at least 0.72
when measuring regions related to lane markings.
e Dice Coefficient: The quality of anticipated masks matches their ground

truth counterpart when Dice Coefficient reaches values that approach 0.75.
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These measurements show both the local detail precision and broader context

understanding capabilities of the U-Net architecture.

4.2 Training Dynamics and Convergence Analysis

4.2.1 Convergence Behavior

Figure 4.2 shows how training and validation loss steadily minimized throughout
epochs of operation. At the beginning of training the network rapidly decreased loss
because it processed the fundamental elements of lane markings. A learning plateau
developed since the model weights achieved optimal results through learning rate

adjustments made using the ReduceLROnPlateau callback.

The consistency between training and validation loss curves indicates minimal
overfitting. Early stopping activated automatically to stop the validation loss from

decreasing thus allowing the model to maintain its generalization power.
4.2.2 Learning Rate and Callback Effects

The training process reached stable convergence because of the implemented

callbacks. Specifically:

e EarlyStopping terminated training because it noticed no more performance
gains would occur.

e The dynamic adjustment capability of ReduceLROnPlateau helped the
model achieve proper minimum value optimization by learning rate
adjustment.

e The ModelCheckpoint feature enabled the preservation of the model with

the best validation loss results for further testing and evaluation.

The combined method produced an efficient training process which merged into
highly accurate results.
4.3 Qualitative Analysis and Visualization

4.3.1 Visual Comparison of Segmentation Outputs

A visual performance review of the model functions through side-by-side image

comparisons between predictions and their reference ground truth labels. The figure
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contains three distinct panels which display multiple test examples as presented in

Figure 4.3:

nd Truth Mask Predicted Mask

nd Truth Mask Predicted Mask

2o
- Ea

Input Image nd Truth Mask Predicted Mask

nd Truth Mask Predicted Mask

Figure 4.3 Predicted mask from input image

e Left Panel: The preprocessed resized input image can be found in the left
viewing section.

e Middle Panel: The ground truth mask appears in the second part of the
display alongside marked lanes.

e Right Panel: The thresholded output of the U-Net model appears in the
right panel after applying 0.5 to the predictions.

Visual depictions verify predictions match the ground truth while accurately
identifying lane lines through diverse conditions including extreme lighting

conditions and blocked views and curved lanes. The model shows minor
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inaccuracies only when operating in areas of very low image contrast but these

errors are neither frequent nor impactful to its operational performance.

4.4 Comparative Analysis
4.4.1 Comparison with Classical Methods

The traditional Hough transform and Canny edge detection methods encounter
problems when detecting curved lanes under unclear lighting conditions. Our U-
Net platform employs deep features and end-to-end learning to deliver a detection

system that offers better results than standard systems.

¢ Robustness: The model adapts better to different situations compared to
fixed heuristic-based detection systems.

e Accuracy: The model reaches testing accuracy of 96.15% which surpasses
several standard methods reporting lower assessment results.

e Processing Time: Although deep learning approaches generally require
higher computational resources, the efficient U-Net structure ensures that
the model is viable for real-time applications when deployed on GPU-

accelerated systems.

Table 4.1 Comparison with previous work

References Accuracy
Yao et al. [9] 95.11%
Tabelini et al. [10] 93.36%
Proposed 96.15%

4.4.2 Statistical Significance and Error Analysis

The test results underwent statistical analysis which confirmed that both accuracy
measurement and loss measurement levels are statistically relevant. Error analysis
performed on a sample of falsely classified regions showed most errors arose from
images with both severely darkened lighting conditions and highly deteriorated lane
marking lines. The analysis shows these mistakes happen under special situations

but ongoing scientific research aims to handle them.
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4.5 Discussion

Experimental findings establish the success of employing a modified U-Net architecture
for developing a lane detection system. The testing results produced 96.15% accuracy while
the training phase delivered 95.63% accuracy which showed excellent performance
throughout qualitative and quantitative evaluation. High scores of IoU and Dice Coefficient
indicate precise segmentation performance of the model while the implementation of
training callbacks and preprocessing methods strongly boosted stability and generalization
abilities. The research outcomes demonstrate that deep learning algorithms show promise

for real-time (ADAS) lane detection systems through their segmentation capabilities.
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Chapter 5

CONCLUSION AND FUTURE WORK

This chapter provides a summary of the research work, its contributions, and

recommendations for future enhancements. The proposed U-Net based lane detection

system has been thoroughly evaluated and has demonstrated superior performance

compared to traditional methods.

5.1 Conclusion

The primary objective of this research was to develop an effective lane detection system

using a U-Net architecture optimized for memory efficiency and robust performance under

varied road conditions. The results indicate that the model successfully learned to segment

lane markings with high precision. Key achievements include:

1.

High Accuracy: The system achieved a training accuracy of 95.63% and a testing
accuracy of 96.15%. The high accuracy, coupled with strong IoU and Dice
Coefficient values, confirms that the model reliably distinguishes lane markings
from the background.

Robust Training Process: The implementation of dynamic learning rate
adjustments, early stopping, and model checkpointing ensured efficient
convergence and minimized overfitting. These mechanisms contributed to a stable
training process that allowed the model to generalize well on unseen data.
Effective Preprocessing: Preprocessing steps, including resizing, normalization,
and the use of a data generator, ensured that input images were uniformly processed,
facilitating effective learning. The system’s ability to handle noise and varying
illumination conditions is evident in the qualitative results.

Practical Deployment Potential: Qualitative assessments, such as the visual
overlays of predicted lane markings on original images, demonstrate that the system
is viable for real-time applications in ADAS. The integration of classical techniques
with the deep learning approach further enhances robustness.

Comparative Advantage: Compared to classical image processing methods, the
proposed U-Net model exhibits significant improvements in both detection
accuracy and adaptability. The deep learning approach mitigates many limitations

of traditional algorithms, such as sensitivity to noise and fixed heuristics.
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In summary, this research has made substantial contributions by demonstrating that a well-

designed U-Net architecture, when combined with robust training strategies and careful

preprocessing, can achieve high-performance lane detection. The results indicate that the

system is ready for further development and integration into real-time driving assistance

platforms.

5.2 Future Work

Despite the strong performance achieved, several avenues for further improvement remain:

1.

Enhanced Robustness in Extreme Conditions: Future research should focus on
refining the model to improve its performance under extremely low-light
conditions, adverse weather (rain, fog, snow), and scenarios with faded or occluded
lane markings. Techniques such as data augmentation with simulated adverse
conditions or integrating attention mechanisms could be explored.

Real-Time Optimization and Deployment: While the current system
demonstrates promising accuracy, further work is required to optimize inference
speed for deployment in real-time embedded systems. Model quantization, pruning,
and leveraging hardware accelerators (such as NVIDIA’s TensorRT) are potential
directions.

Integration with Multi-Sensor Fusion: Future iterations may incorporate data
from additional sensors (e.g., LIDAR, radar) to complement the vision-based lane
detection, thereby enhancing robustness and reliability in complex driving
environments.

Extending to Multi-Class Segmentation: Expanding the system to perform multi-
class segmentation (e.g., detecting road boundaries, different lane types, and
obstacles) can provide more comprehensive situational awareness for autonomous
vehicles.

User Interface and Field Testing: Further development should include a user
interface for real-time monitoring and a thorough field-testing phase in diverse
geographic and traffic conditions to validate the system’s practical effectiveness.
Error Handling and Adaptive Learning: Incorporating an adaptive learning
module that can continuously improve the model based on new data collected
during deployment would help maintain high performance over time and adapt to

changing road conditions.
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5.3 Final Remarks

The work presented in this project report demonstrates that deep learning-based lane
detection can significantly outperform traditional methods. With its high testing accuracy
and robust performance metrics, the proposed system represents a promising step toward
more reliable and safe advanced driver assistance systems. The results encourage further

exploration and refinement, paving the way for future autonomous driving applications.

Overall, this research provides a solid foundation for future work in lane detection and
broader intelligent transportation systems. By addressing the outlined future work areas,
subsequent research can further enhance the capabilities of autonomous vehicles,

ultimately contributing to safer and more efficient road travel.
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