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Abstract

In the context of rapidly accelerating urban expansion and advancements in deep learning,
the need for sustainable and efficient traffic management systems has emerged as a pivotal
research area. This dissertation addresses the challenges associated with the deterioration of
road surface markings, particularly in the Mie prefecture of Japan.

Central to this research is a comprehensive dataset of 13,000 high-resolution images (3000x1600)
sourced from the local government facilities of Mie prefecture. These images span diverse roads
and intersections in urban, rural, and even off-road contexts. Captured under varied lighting
conditions, they present a slew of challenging samples, including images with glare effects,
shadowy regions, deteriorated roads, and traffic signs. Through the development of a semi-
assisted annotation tool, an initial subset of 400 images was labeled, serving to train a U-Net
model that achieved a Dice score of 78.90%. Recognizing the potential of the extensive dataset,
a subsequent phase of assisted labeling was undertaken. This effort used the trained model’s
inference on all images, facilitating a streamlined labeling process. Ultimately, this method
yielded 12,000 labeled images, with about 1,000 images deemed unfit for accurate annotations.

The research’s early stages successfully detected and segmented these landmarks, integrating
both classical computer vision techniques and deep learning approaches. The introduction
of the "Efficient VGG-16" model, a tailored version of the renowned VGG-16, emerged as a
significant contribution, adeptly evaluating road surface marking quality and achieving a Mean
Squared Error (MSE) of 3.62

Further deepening the research, a comprehensive survey of various segmentation models was
conducted, with the U-Net model exhibiting notable superiority in terms of Dice score evalua-
tion.

The current trajectory of this research is marked by several promising endeavors:

The exploration of uncertainty-aware regression to refine road surface marking quality evalua-
tion. The application of Diffusion techniques to enhance road surface marking quality assess-
ment. The integration of PhyCV edge detection for a holistic approach to road surface marking
detection and evaluation. Conclusively, this dissertation underscores the transformative poten-
tial of advanced computer vision techniques in the realm of traffic management and road safety,
heralding a new era of research and practical implementations in the domain.
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Chapter 1

Introduction

Road surface markings|[1] are essential components of transportation infrastructures worldwide.
In areas such as Mie prefecture, Japan, the value of these markings becomes even more evident
when we consider the challenges faced due to their degradation. The deterioration of road
surface markings has real-world consequences[2][3][4]. In 2020 alone, the local government
reported a concerning 3% sudden stop rate[5], which can be linked to faded or unclear markings
on the roads.

Deterioration occurs due to a variety of reasons[4]. Environmental factors, from extreme
weather conditions to pollutants, constantly act against the integrity of these markings. Ad-
ditionally, the daily grind from vehicular traffic, particularly from heavy-duty vehicles, further
accelerates wear and tear. As these markings fade or become unclear, the risks for misinterpre-
tation or lack of visibility for drivers increase, impacting overall road safety.

Addressing this issue goes beyond the mere act of repainting or refurbishing these lines. Reg-
ular manual maintenance of road surface markings is a significant endeavor, both in terms of
manpower and financial investment. Given the vast expanse of roads and the intricate na-
ture of some of these markings, manual maintenance becomes a resource-intensive task for
municipalities.

This research leverages the capabilities of deep learning and computer vision techniques to offer
a solution. The goal is to develop models that can autonomously detect, evaluate, and even
suggest reconstructions for these road surface markings using high-resolution image data. By
automating this process, we aim to make the maintenance of road markings more efficient and
effective.

Furthermore, the implications of this research extend to future-forward domains like autonomous
vehicle technology. Clear, discernible road markings are crucial for the safe navigation of
self-driving cars. Therefore, by ensuring the clarity and quality of these markings, this work
indirectly contributes to the advancements in the autonomous vehicle sector.



1.1 Research Objectives and Overview

Road surface markings are essential for guiding drivers and ensuring road safety. Their clarity
and maintenance directly correlate with the efficiency of transportation systems. However,
regions such as the Mie prefecture in Japan have witnessed deterioration in these markings
over time, leading to potential safety risks. This necessitates an in-depth exploration into the
challenges and solutions for the detection[5], evaluation[6], and maintenance of these markings.
The primary research question this thesis seeks to address is: How can advanced computer
vision techniques be employed to detect, evaluate, and reconstruct deteriorating road surface
markings, ensuring road safety and promoting urban sustainability? To tackle this overarching
question, the research is divided into specific objectives.

1.1.1 Objective 1: Advanced Detection and Segmentation of
Road Surface Markings

The foundational step in addressing the degradation of road surface markings is their accurate
detection. Incorrect or missed detection can lead to inaccurate evaluations and ineffective
interventions. Classical vs. Deep Learning: A synergy of classical computer vision techniques
and deep learning models offers a robust method for detection. While classical techniques
provide tried-and-tested methodologies, deep learning introduces adaptability and precision,
especially when dealing with diverse road conditions and lighting scenarios.

Diverse environmental conditions, varying degrees of deterioration, and different road types
present unique challenges. The objective will delve into creating a method that can handle
these complexities, ensuring comprehensive and accurate detection across various scenarios.

1.1.2 Objective 2: Comprehensive Quality Evaluation of Detected
Road Surface Markings

Significance of Quality Evaluation: Once detected, assessing the condition of road surface
markings becomes paramount. An inaccurate evaluation could lead to unnecessary interventions
or overlooked deteriorations. Tailored specifically for this task, the ”Efficient VGG-16" model
emerges as a pivotal tool. It’s an optimized version of the renowned VGG-16, designed to
evaluate the quality of road surface markings with high precision. The model’s efficiency
will be benchmarked against real-world datasets, ensuring its applicability and reliability in
diverse conditions. Potential challenges in its implementation, as well as solutions to overcome
them, will be explored in-depth. Subsequent chapters of this thesis will dive deeper into the
methodologies, experiments, datasets, and results related to these objectives. Through this
exploration, this research aims to present actionable solutions and insights into the challenges
posed by deteriorating road surface markings, and the potential of computer vision techniques
in addressing them.



Chapter 2

Literature Review

2.1 Introduction

The realm of road safety and urban planning has witnessed significant advancements with the
integration of computer vision techniques. Road surface markings, being pivotal for guiding
drivers and ensuring road safety, have emerged as a focal point of research. Their detection and
evaluation hold the key to maintaining and enhancing the efficiency of transportation systems.
This chapter delves into the extensive body of literature that surrounds the detection and
evaluation of road surface markings, as well as the pivotal role of segmentation models in these
processes.

2.1.1 Introduction to Road Surface Marking Detection
and Evaluation

Road surface markings, while seemingly simple, have a storied history marked by innovation
and adaptation. Over the decades, these markings have witnessed substantial transformations
in multiple dimensions. From their initial rudimentary designs, we've seen evolutions that
have adapted to the changing nature of roads, vehicles, and driving conditions. The materials
employed have shifted from basic paints to more enduring and reflective substances, ensuring
that they remain visible under varying weather conditions and times of day. Additionally, the
techniques for applying these markings have been refined, ensuring longevity and durability
even under heavy traffic conditions. The aim has always been clear: to enhance road safety.
As urban areas grow and traffic patterns become more complex, the role of clear and durable
road surface markings has never been more crucial. They not only guide drivers but also play a
pivotal role in traffic management, pedestrian safety, and overall urban planning[7][8][9][10][11].

Detecting road surface markings with high precision is a task fraught with complexities. The
very nature of roads — open to the elements, bearing the brunt of vehicular traffic, and subject
to wear and tear — means that these markings can deteriorate, fade, or even be obscured.
Environmental factors like rain, snow, and shadows, or road conditions like cracks, debris, or
water logging, further complicate the detection process. Moreover, the diversity in road types,
from busy urban intersections to serene rural paths, introduces variability in how these markings
appear. Over the years, researchers have grappled with these challenges, devising methods to
enhance detection accuracy. Techniques have ranged from traditional image processing methods
to advanced machine learning algorithms. This section will delve deep into these challenges,
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Figure 2.2: Road Surface Marking in Urban Area

highlighting the pioneering solutions that have been proposed, their successes, and the hurdles
yet to be overcome. See Figures 2.1 and 2.2 for road surface marking examples. = Merely
detecting road surface markings isn’t enough; understanding their quality is paramount. A
faded or broken marking might be as hazardous as no marking at all, misleading drivers or
leaving them without essential guidance. Hence, the task extends beyond simple detection to a
nuanced evaluation. This evaluation assesses the clarity, visibility, and integrity of the markings.
Over time, a myriad of methods and metrics have been proposed to gauge the quality of these
markings[12][4][13][14][15][16]. From simple visual inspections to sophisticated computer vision
techniques, the spectrum is vast. Each method brings its own set of advantages, offering
precision, scalability, or real-time feedback. However, they also come with limitations, be it
in terms of accuracy, applicability to diverse conditions, or dependency on specific equipment.
This section will explore this multifaceted landscape, shedding light on the various evaluation
techniques, their merits, and areas of potential improvement. In Figures 2.3 and 2.4 some
examples of markings with challenging conditions are visible.
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Figure 2.3: Types of Road Surface Marking

Figure 2.4: Road Surface Marking with Deterioration and Glare Effects



Figure 2.5: Visual Representation of Segmentation Model Output|29]

2.1.2 Deep Dive into Segmentation Models

Segmentation[17][18][19], in the realm of computer vision, stands as a fundamental technique,
especially when the task at hand is the precise detection and evaluation of road surface mark-
ings. The objective of segmentation is to categorize each pixel in an image into a specific class,
making it an indispensable tool for isolating road markings from other elements within an im-
age. By delineating these markings, segmentation sets the stage for subsequent processes, be it
evaluation of marking quality or further analysis. The accuracy of the segmentation process di-
rectly impacts the efficacy of downstream applications, underscoring its paramount importance
in the context of road safety and urban infrastructure management|20][21][22][23].

The domain of segmentation has witnessed a profound transformation over the years. Begin-
ning with classical image processing models[24][25][26][27] that relied heavily on handcrafted
features and thresholding techniques, the field has transitioned to harnessing the power of deep
learning. Modern architectures, leveraging vast amounts of data and computational prowess,
have surpassed their predecessors in both precision and versatility. This section will traverse
this evolutionary path, spotlighting seminal models, landmark research, and the paradigm
shifts that have shaped the current landscape of segmentation. From early edge detection
methods to sophisticated neural networks, the journey of segmentation models encapsulates
the broader evolution of computer vision as a discipline. Given the plethora of segmentation
models available, a comparative analysis becomes essential[28]. This section will juxtapose
the various models, analyzing their efficacy, precision, and adaptability in the context of road
surface marking detection.

Given the rich tapestry of segmentation models that have been proposed over the decades,
a methodical comparative analysis is imperative. Different models bring to the table varied
strengths, be it in terms of computational efficiency, precision in diverse conditions, or ro-
bustness against anomalies. In the specific context of road surface marking detection, certain
models may outshine others. This chapter will embark on a detailed exploration, juxtaposing
the salient models, scrutinizing their methodologies, and evaluating their performance metrics.
The aim is to discern the most apt models for road surface marking detection, considering the
unique challenges and requirements of this application. A visual representation of the output
of a segmentation model is shown in Figure 2.5.



2.2 Road Surface Marking Detection and Evaluation

2.2.1 Detection Method of Road Marking Using LRF Intensity

The paper titled “Detection method of Road marking using LRF intensity of surface” [12] delves
deep into a novel technique for road marking detection using the intensity of a Laser Range
Finder (LRF). This study aims to overcome the challenges posed by traditional methods that
rely on optical cameras. While optical cameras have been the predominant tool in many road
marking detection studies, they have inherent limitations. Specifically, they are vulnerable to
external factors such as ambient light conditions, which can impede their ability to capture
clear images.

In contrast, the intensity of the Laser Range Finder is largely unaffected by such environmental
conditions. Drawing upon this advantage, the researchers created road surface texture images
using the refractive intensity of the LRF on surfaces. These images, rich in detail and clarity,
serve as the foundation for the subsequent detection process. To identify specific types of road
markings, the study utilized a straightforward template-matching technique. This methodology
proved particularly effective in recognizing certain road markings, such as the Japanese road
marking “Tomare”.

A significant highlight of the study’s findings is the accuracy achieved in real-world scenarios.
When the vehicle’s speed was maintained at 30 km/h or less, the method demonstrated a
commendable ability to detect the aforementioned road marking. Furthermore, the paper
reported an impressive detection rate for other essential road signs. Speed limit signs were
detected with an accuracy rate of about 92%, and pedestrian crossing warning signs had a
detection rate of approximately 87%.

In essence, this work underscores the potential of using Laser Range Finder intensity as a
reliable alternative to optical cameras for road marking detection. By offering a solution less
susceptible to environmental interferences, it sets a precedent for future research in this domain,
emphasizing the importance of accuracy and adaptability in real-world conditions.

In the study “Detection method of Road marking using LRF intensity of surface”, several
mathematical models are employed to enhance the detection accuracy of road markings using
Laser Range Finder (LRF) technology. The intensity of the laser, given by Equation 2.1, is
crucial for determining how environmental factors affect the laser’s reach and effectiveness. The
reflectivity R of the road markings, calculated using Equations 2.2, helps in assessing the visi-
bility and condition of the markings under different lighting conditions. The template matching
score S, derived from sliding a predefined template across the image, is used to pinpoint the
location and shape of the markings accurately, as shown in Equation 2.3. Finally, the overall
accuracy of the detection method is quantified in Equation 2.4, taking into account true and
false positives, to evaluate the method’s efficiency and reliability in practical scenarios. These
equations collectively form a comprehensive framework for advancing road safety technologies
by improving the detection and maintenance of road markings.

Figure 2.6 illustrates the challenge of road surface marking deterioration that the Linear Regres-
sion Filter (LRF) method aims to address. The top image shows a well-defined road marking
with minimal signs of wear. In contrast, the bottom image depicts a significantly deteriorated
road marking characterized by visible cracks, fading, and surface irregularities. This degra-
dation can impair the visibility and effectiveness of road markings, posing a potential hazard
for traffic safety. The LRF method focuses on reconstructing and enhancing these degraded
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markings by accurately predicting and restoring their original patterns. By analyzing and
compensating for the noise and wear present in the markings, the LRF method ensures that
road markings maintain their clarity and functionality over time, thereby contributing to safer
driving conditions.

Figure 2.7 highlights a significant challenge in maintaining road surface markings, illustrating
the types of deterioration that the Linear Regression Filter (LRF) method seeks to mitigate.
The image shows a road marking with severe wear and damage, evident from the pronounced
cracks and fading of the white stripes. These defects not only reduce the visibility of the
markings but also compromise their functional effectiveness, which is critical for guiding drivers
and ensuring road safety. The LRF method is designed to tackle such degradation by accurately
reconstructing the original appearance of the markings.

P
I(d,\) = = - e~oNd (2.1)

I,
R=-—" 2.2
I (22)

1 . . .

TP

—_— 24
TP + FP (24)

Accuracy =

I(d, \) represents Intensity of the laser at distance d and wavelength A. P is the power of
the laser source, and a()\) Attenuation coefficient, which depends on the wavelength A and
describes how the medium absorbs the laser light. S is the score representing the best match
of the template in the image, x,y are the position coordinates in the image where the match is
calculated, N is the number of elements in template 7', T'(, 7) is the template used for matching
indexed at (7,j), and I(x + ¢,y + j) is the intensity at position offset by (i, ) from (x,y). TP
and F'P stand for true positive and false positive respectively

2.2.2 Data Fusion and Unsupervised Learning in Drivable Area
Detection

The paper titled ”Detecting Drivable Area for Self-driving Cars: An Unsupervised Approach”
[16] delves into a critical aspect of autonomous driving - the detection of drivable areas. At the
very core of self-driving technology lies the capability to accurately discern where a vehicle can
safely navigate. Traditional methods predominantly relied on lane markings for determining
these drivable areas. However, such an approach poses limitations, especially when roads lack
clear lane markings, which is often the case in many inner-city and rural areas.

The unique challenge presented by these scenarios is the high variability of traffic scenes and
lighting conditions. While there have been significant strides in the detection of well-marked
roads, the task becomes complex for unlabeled roads. Drawing inspiration from human driving
behavior, where the primary instinct is to identify drivable areas|[16] before making further
navigational decisions, the researchers proposed an unsupervised solution.

Their innovative approach hinges on the fusion of image data from a monocular camera and
point cloud[30][31][32][33] data from a 3D-LIDAR scanner[34][35][36]. The integration of these
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Figure 2.6: Deterioration Challenge Addressed by LRF Method (1)[12]

two data sources facilitates the creation of a ”direction ray map,” which serves as a foundational
element to locate initial drivable areas. A crucial component of their methodology is the fusion
at the feature level, enhancing the robustness of their solution. This fusion problem is inge-
niously addressed through a Markov network[37][38][39], with a belief propagation algorithm
aiding in model inference.

In the broader context of road surface marking detection and evaluation, this paper’s method-
ology underscores the potential of data fusion. While the primary focus is on drivable area
detection, the techniques employed are pertinent to the field of road surface marking. The
fusion of image and LIDAR data offers a richer and more comprehensive dataset, enhancing
detection accuracy. Such an approach can be extended or adapted for detecting road surface
markings, especially in complex environments where ambient conditions might obscure these
markings.

Furthermore, the paper’s emphasis on an unsupervised approach eliminates the need for ex-
tensive training datasets, which is a significant advantage. As road conditions and markings
vary across regions, an unsupervised method offers flexibility and adaptability. When applied
to road surface marking detection and evaluation, such a methodology can pave the way for
more accurate, real-time assessments, vital for both autonomous driving systems and urban
infrastructure maintenance.
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Figure 2.7: Deterioration Challenge Addressed by LRF Method (2)[12]

2.2.3 Convolutional Neural Networks for Road Surface Marking
Analysis

The paper titled “Road Surface Marking Recognition and Road Surface Quality Evaluation
Using Convolution Neural Network”[40] delves into the application of deep learning, specifically

convolution neural networks (CNNs)[41][42][43][44][45], for the nuanced task of road surface
marking detection and evaluation.

The existing challenges in the domain of road surface defects classification are explored, un-
derscoring the gaps and limitations in traditional methodologies. Against this backdrop, the
paper introduces an automated solution using CNNs, recognized for their prowess in image
data processing, offering potential advantages in accuracy and consistency.

The primary focus of the research is the development and fine-tuning of a convolution neural
network model tailored for recognizing road surface quality and detecting markings. This CNN-
based approach is chosen for its inherent capabilities in efficiently processing and analyzing
image data, making it well-suited for the task at hand.

A rigorous assessment of the developed CNN model ensures its proficiency in recognizing road
markings and evaluating their quality with high precision. Such an automated methodology is
presented as a transformative solution for road organizations, facilitating a more proactive and
efficient approach to road surface monitoring.

Incorporating digital image processing with deep learning, the paper highlights the adaptability
of CNNs in road surface analysis. This integrated approach promises an autonomous system
capable of recognizing objects and assessing their quality, presenting a significant advancement
in the field of road surface marking detection and evaluation.

11



Registration Superpinel

Obstacle Classification Color Space Transformsation

I

] :
! 1
! |
I i |
1 F : Regions i
I Direction Ray Map |
]

- :
! I
! 1
X Fusing with Superpixel !
| I ——— -
. Y 1
I Final Result i
i . I
I Feature | = 1
1 Fusion [ 1
' e - |
I 3 !
I : = 1
I 1

Belief Propagation Final Result

Figure 2.8: Framework Proposed by Data Fusion Approach and Unsupervised Learning in
Drivable Area Detection[16]

2.2.4 Machine Vision Technologies for Assessing Road Marking Qual-
ity

In the paper titled ” An Innovative Road Marking Quality Assessment Mechanism Using Com-
puter Vision” [46], the research delves into the aesthetic quality acceptance of road markings,
traditionally evaluated through subjective visual inspections. Recognizing the pitfalls of such
subjective evaluations, which can lead to inconsistencies and biases, the study introduces a
cutting-edge road marking quality assessment mechanism empowered by machine vision tech-
nologies. Here, edge smoothness stands out as a primary quantitative aesthetic indicator. The
mechanism operates by capturing and analyzing digital images of the finished road marking
surface to discern its geometric characteristics. Based on these characteristics, a scoring sys-
tem is formulated, which offers a more objective and reliable measure of road marking quality.
This research, anchored in machine vision technology, finds its foundation in the technology’s
successes across various sectors, from manufacturing to construction. In particular, machine vi-
sion’s ability to provide automated, accurate, and rapid quality control evaluations has proven
invaluable in diverse applications, from semiconductor manufacturing to construction automa-
tion and intelligent transportation systems.

Meanwhile, in the paper titled ”Evaluation of Machine Vision Collected Pavement Marking
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Figure 2.9: Sample of Manual Evaluation Performed by Road Marking Experts [46]

Quality Data for Use in Transportation Asset Management” [47], the authors confront the chal-
lenges faced by transportation departments in effectively managing the vast asset of pavement
markings. One significant hurdle is the sheer volume of markings coupled with the absence
of standardized data collection methods. The paper suggests machine vision technology, espe-
cially as integrated within Advanced Driver Assistance Systems (ADAS)[48][49][50][51][52], as
a promising solution. These systems, equipped with machine vision cameras, can autonomously
assign quality ratings to pavement markings, collecting vast datasets without requiring constant
human intervention. This data, once processed, can significantly inform asset management de-
cisions. However, for this data to be truly instrumental, the study investigates the reliability
of the quality scores assigned by machine vision under varying conditions and their correlation
with established pavement marking evaluation metrics like retro reflectivity, luminance, and
contrast. The findings underscore the potential of ADAS machine vision in this realm but also
emphasize the need for further research to solidify its applicability across diverse conditions.

2.2.5 Al-driven Assessment for Road Marking Quality

In 7 Al Driven Road Maintenance Inspection” [53] the focus is directed towards revolutionizing
the traditional, labor-intensive road infrastructure maintenance by leveraging advanced artifi-
cial intelligence (Al) and computer vision (CV) techniques. Recognizing the substantial costs
and delays associated with manual inspections, the paper underscores the potential of Al to
automate and streamline the process, consequently reducing the human intervention required
for road maintenance checks.

A significant highlight of this work is the application of state-of-the-art CV techniques, specifi-
cally object detection and semantic segmentation. These techniques are deployed to detect and
evaluate various primary road structures, with a notable emphasis on road surface markings.
Such markings play a pivotal role in ensuring road safety and directing traffic. The capability
of the AT models to detect and evaluate the quality and state of these markings can significantly
impact decision-making processes related to their maintenance and repair.

The methodology proposed is rooted in Al models trained on extensive, commercially viable
datasets, further enhanced with proprietary data to ensure real-world applicability. This dual
approach ensures that the AI models are both comprehensive in their understanding and precise
in their application. Specifically, these models are adept at identifying road surface damages
and their respective markings, providing a granular breakdown of their type, extent, and precise
geographic locations.
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In essence, this research showcases how Al can be a game-changer for road surface marking
detection and evaluation. The automation brought about by AI not only promises cost savings
but also a heightened accuracy in detecting markings’ wear and tear. This advanced detection
capability, when compared to traditional manual inspections, offers higher recall rates, ensuring
that deteriorated markings are identified promptly and accurately, paving the way for timely
maintenance and enhanced road safety.

2.3 Segmentation Models Review

Image segmentation is a foundational and indispensable technique within the realm of com-
puter vision, holding paramount importance in various applications ranging from medical imag-
ing[54][55][56][57][58][59][60][61][62][63] to autonomous vehicles[64][65][66][67][68][69][70][71][72][73].
At its core, the process of image segmentation involves dissecting a digital image into distinct
segments, often visualized as "sets of pixels”. Each of these individual segments is intended to
represent a specific object or a distinct part of an object present within the image.

The rationale behind employing image segmentation is multifaceted. Firstly, it serves to trans-
form the intricate details of an image by breaking it down into more manageable and identifiable
regions. This transformation aids in distilling the essence of an image, making it more com-
prehensible for subsequent analysis. By partitioning an image into these segments, it becomes
considerably simpler to focus on specific regions of interest, thereby eliminating potential noise
or irrelevant details that might otherwise obfuscate the primary objects or features within the
image.

Moreover, the overarching objective of image segmentation is not just partitioning in itself but
to metamorphose the visual representation of an image into a format that is both semantically
richer and contextually more significant. This enhanced representation proves invaluable for
a plethora of applications, as it paves the way for more nuanced interpretations and analyses.
For instance, in medical diagnostics, the accurate segmentation of an MRI scan can delineate
between healthy tissue and potential tumors, guiding doctors in their diagnoses and treatment
plans.

In essence, image segmentation acts as a bridge, translating the raw pixel data of an image into
a structured and organized format. This transformation, by compartmentalizing the image into
discernible segments, facilitates a deeper understanding and provides a springboard for further
computational and analytical tasks in the domain of computer vision and beyond.

2.3.1 Types of Segmentation in Computer Vision

There exists a spectrum of segmentation techniques, each tailored to capture different levels
of detail and cater to diverse application requirements. The choice of a specific segmentation
approach often hinges on the intricacies of the task at hand.

Semantic Segmentation

Semantic segmentation[74][75][76][77] focuses on assigning a specific class label to every indi-
vidual pixel in the image. The primary characteristic of semantic segmentation is its lack of
distinction between individual instances of the same object within an image. FEssentially, it
paints a broad brush, categorizing pixels into overarching classes without differentiating be-
tween separate occurrences of the same class.
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Consider an urban street scene image that has multiple cars, pedestrians, and buildings.
Through semantic segmentation, all pixels corresponding to every car in that image would
be labeled simply as "car”. Similarly, all pixels forming the shape of pedestrians would be
labeled "pedestrian”, and so on. The process does not distinguish between two different cars
or two separate pedestrians; they all fall under the same label umbrella.

Semantic segmentation is often used in scenarios where the primary concern is understanding
the kind of objects present in an image rather than their individual instances. It’s frequently
applied in satellite image analysis[78][79][80][81][82], land cover classification, and some medical
imaging tasks.

Instance Segmentation

This segmentation[83][84][85][86][87] method goes a step beyond semantic segmentation. While
it assigns class labels to pixels, it also differentiates between individual instances of the same
class. Instance segmentation is characterized by its ability to provide a more granular break-
down of images. Not only does it label pixels based on their class, but it also delineates between
separate occurrences of the same class. Taking the same urban street scene, instance segmen-
tation would label each car distinctly. So, if there are three cars, it might label them as ”carl”,
"car2”, and "car3d”, allowing for individual identification of each car.

Instance segmentation is particularly beneficial in scenarios where understanding individual
instances of objects is crucial. It’s commonly used in autonomous driving systems, where
distinguishing between different vehicles or pedestrians can be vital for decision-making.

Panoptic Segmentation

Panoptic segmentation[88][89][90][91][92] marries the concepts of semantic and instance segmen-
tation to offer a comprehensive segmentation solution. It provides a holistic view by ensuring
every pixel is assigned a class label while also distinguishing between individual object in-
stances. In our urban street scene, panoptic segmentation would label all cars and pedestrians
with their respective class labels, but would also distinctly identify each car and pedestrian
instance, much like instance segmentation.

Given its comprehensive nature, panoptic segmentation is well-suited for tasks that require both
a broad understanding of the scene and detailed insights into individual object instances. It’s
being increasingly adopted in advanced computer vision applications, including detailed scene
understanding and advanced surveillance systems. Figure 2.10 shows an example of Panoptic
segmentation output.

2.3.2 Fully Convolutional Network (FCN)

Fully Convolutional Networks[94], often abbreviated as FCN, represent a significant paradigm
shift in the approach to image segmentation tasks using deep learning. Before the advent
of FCN, most image classification architectures, such as AlexNet or VGG, relied heavily on
fully connected layers, which are adept at classifying entire images but struggle with pixel-wise
classification essential for segmentation.

FCN ingeniously adapted these classification-centric architectures for the segmentation task
by transforming the fully connected layers into convolutional layers, enabling the network to
operate on images of varying sizes. This modification was not just a simple replacement but
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Figure 2.10: Example of Panoptic Segmentation[93]

a transformative change that endowed the network with the capability to generate spatial
heatmaps corresponding to object presence at different locations in the image.

One of the hallmark features of FCN is its upsampling mechanism. After the image undergoes
a series of convolutional and pooling layers, reducing its spatial dimensions, FCN employs a
deconvolution process to upscale, or ’"deconvolve’, these feature maps back to the original image
size. This process ensures that the output maintains spatial coherence, producing a segmented
map that aligns well with the input image.

To further refine this upscaled output and capture intricate details lost during the downsampling
process, FCN introduces skip connections. These connections merge feature maps from earlier
convolutional layers with the upsampled output. The integration of features from different
resolution scales enables the network to make more informed decisions, combining both high-
level contextual information and fine-grained details.

FCN’s design is versatile, allowing it to be integrated with various backbone architectures. For
instance, one can utilize the VGG[95] or ResNet architectures as the foundational structure and
append the FCN upsampling layers to achieve segmentation. This modularity has facilitated
the adoption and extension of FCN across various domains and applications.

In the grand tapestry of image segmentation, FCN has been a transformative force. It bridged
the gap between image classification and segmentation, providing a blueprint for many sub-
sequent architectures. By showcasing how conventional networks can be repurposed and aug-
mented for new tasks, FCN not only enriched the domain of image segmentation but also
exemplified the potential of innovative architectural adaptations in deep learning. The general
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structure of the FCN model is shown in Figure 2.11.

These equations below serve as the mathematical foundation for FCNs in image segmentation
tasks. In Equation (2.5), the transformation of fully connected layers to convolutional layers
allows the network to maintain spatial information across the image, which is essential for seg-
mentation. The deconvolution process in Equation (2.6) is pivotal for upsampling, ensuring that
the network’s output matches the original image dimensions. Lastly, Equation (2.7) highlights
how integrating multi-scale contextual information via skip connections enhances the detail
and accuracy of the segmentation output. Together, these adaptations facilitate the FCN’s
ability to effectively perform image segmentation, demonstrating the network’s flexibility and
robustness in handling varying image sizes and complex segmentation tasks.

y=Wsxx+b (2.5)
Xupsampled = Wdeconv *X (26)
Xrefined — Xupsampled + Xskip (27)

where W represents the weights, x the input, b the bias, and % denotes the convolution
operation. W gecony represents the weights of the deconvolution filter, and x is the input fea-
ture map from a lower resolution. And xskip is the feature map from an earlier layer added to
the upsampled output xupsampled.

2.3.3 SegNet

SegNet[96] is a robust architecture for handling image segmentation tasks, particularly those
involving scene parsing. Originating from the University of Cambridge, SegNet builds upon the
established principles of convolutional neural networks (CNNs) but introduces certain unique
elements to make it particularly suited for segmentation.

At its core, SegNet is built upon the VGG16 architecture, a well-regarded deep learning model
for image classification. However, instead of using the fully connected layers from VGG16,
SegNet capitalizes solely on its convolutional layers. This design choice is fundamental to
ensuring the network remains spatially aware, a prerequisite for successful segmentation.

The architecture of SegNet can be thought of as having two main components: an encoder
and a decoder. The encoder progressively captures the context in the image, while the decoder
refines this contextual information to generate a finely segmented output.
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In the encoder phase, the input image undergoes a series of convolutions and pooling operations.
These operations reduce the spatial dimensions of the image while increasing the depth, encap-
sulating more intricate and abstract features. As the image progresses through the encoder,
it transforms from a high-resolution representation with basic features to a low-resolution one
with complex features.

The decoder, on the other hand, is responsible for transforming this low-resolution, high-depth
feature map back into a high-resolution segmented map. To achieve this, SegNet employs a
series of up-sampling operations. However, instead of using traditional up-sampling techniques,
SegNet innovatively uses the pooling indices saved from the encoder’s max-pooling steps. By
reusing these indices, SegNet ensures that the spatial information lost during the encoding
phase is effectively restored during decoding. This results in sharper segmented outputs that
align well with the original image’s structures.

Another merit of SegNet lies in its efficiency. By leveraging pooling indices for up-sampling and
forgoing the need for fully connected layers, SegNet manages to drastically reduce the number
of trainable parameters. This makes the network both memory-efficient and computationally
economical, allowing it to be deployed even on devices with constrained resources.

In the world of image segmentation, SegNet has established itself as a reliable and efficient
choice. Its ingenious use of pooling indices for up-sampling, combined with its foundation
on the VGG16 architecture, ensures that it can generate precise segmentation maps while
remaining computationally economical. Whether it’s for autonomous driving, robotics, or any
other domain where understanding the scene at a pixel level is crucial, SegNet stands out as a
formidable tool for the job. The general structure of the SegNet model is shown in Figure 2.12.

Equations (2.8), (2.9), and (2.10) elucidate the fundamental operations. In Equation (2.8),
convolution layers, augmented by ReLLU activation, help in extracting detailed features while
preserving non-linearity. The innovative use of pooling indices in Equations (2.9) and (2.10)
allows SegNet to efficiently map low-resolution feature data back to high-resolution output
without losing critical spatial information. This method not only enhances the quality of the
segmentation but also ensures that the network remains lightweight and efficient, suitable for
applications where computational resources are limited. These equations underpin the efficacy
of SegNet in handling various segmentation tasks with reduced computational overhead.

y = ReLU(W % x + b) (2.8)
(y,I) = max_pool(x) (2.9)
Xupsampled = upsample(ya I) (210)

In the equations, W represents the convolutional weights, x the input to the layer, b the bias,
and ReLU is the activation function that introduces non-linearity, y is the pooled output, x is
the input feature map, and I stores the indices of the max values, crucial for later reconstruction
in the decoder, y is the low-resolution feature map from the encoder, and I are the indices used
to guide the placement of these features during upsampling.

2.3.4 Pyramid Scene Parsing Network (PSPNet)

PSPNet[97], which stands for Pyramid Scene Parsing Network, is a sophisticated deep learning
architecture tailored for semantic segmentation tasks. It emerged from the recognition that
objects and regions in real-world scenes can be vastly different in scale. To address this,
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Figure 2.12: Outline of Seg-Net Model[96]

PSPNet introduces a pyramid parsing module to capture different scale information, ensuring
a comprehensive understanding of complex environments.

The architecture’s foundation is built upon a backbone network, typically a deep convolutional
neural network like ResNet, which extracts rich feature maps from input images. While this
backbone captures various features, the challenge remains to interpret objects and regions of
different sizes accurately.

To tackle this challenge, PSPNet employs a unique pyramid pooling module. This module
divides the feature map obtained from the backbone network into different regions, ranging
from coarse to fine levels. Each of these regions undergoes pooling operations to capture
contextual information at various scales. By pooling over regions of multiple sizes, the network
can recognize objects that might be small and detailed, as well as larger, more dominant
structures.

Once the pyramid pooling is completed, the output from each level is up-sampled back to the
original size and then concatenated. This merged map holds multi-level contextual informa-
tion, providing a comprehensive understanding of the scene’s structure. To generate the final
segmentation map, a convolution operation is applied to this concatenated feature map.

PSPNet’s effectiveness is also bolstered by an auxiliary loss. During training, an intermediate
layer’s output is used to compute an auxiliary loss, which is then added to the final loss. This
auxiliary pathway acts as a form of deep supervision, helping in stabilizing the training process
and enhancing the discriminative capability of the feature maps.

One of the standout achievements of PSPNet is its ability to produce detailed segmentation
maps that can discern intricate structures and patterns in images. This finesse is largely
attributed to its pyramid pooling module, which ensures that contextual information from
various scales is effectively integrated.

In various benchmark tests, PSPNet has consistently showcased superior performance, under-
lining its prowess in handling semantic segmentation challenges. Whether it’s for applications
like autonomous driving, where understanding every detail of a scene is paramount, or for
medical image analysis, where minute structures can hold significant importance, PSPNet has
proven to be a potent tool, adeptly parsing scenes and delivering high-resolution segmentation
outputs. The general structure of the PSPNet model is shown in Figure 2.13.

The equations (2.11), (2.12), (2.13), and (2.14) highlight the core processes. Equation (2.11)
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details how deep features are extracted, critical for understanding the content of the image.
The pyramid pooling module, represented in Equation (2.12), tackles the challenge of varying
object scales by processing the features at multiple resolutions, ensuring that both small and
large objects are accurately perceived. The merging of these multi-scale processed features in
Equation (2.13) enables the network to make informed segmentation decisions by utilizing com-
prehensive contextual information. Finally, Equation (2.14) translates these rich features into
a precise segmentation map, demonstrating PSPNet’s effectiveness in producing detailed and
accurate segmentation results essential for applications where fine-grained detail is important.

F = ResNet(x) (2.11)

P, = pool(F, scaley,) (2.12)

C = concat(upsample(Py ), upsample(P3), . .., upsample(Pg)) (2.13)
S = Conv(C) (2.14)

In the above equations, x is the input image and F is the resulting feature map from the
backbone network, P, is the pooled feature map at scale k, and scale, denotes the region
size for the k-th level pooling operation, C is the concatenated feature map that integrates
information from all scales, S represents the final segmentation map.

2.3.5 DeepLabV3 and DeepLabV3+

DeepLabV3[98] and DeepLabV3+[99] are advanced neural network architectures designed for
the task of semantic segmentation, aiming to categorize every pixel in an image into predefined
classes. Both architectures have built upon their predecessors in the DeepLab series, introducing
novel components to enhance segmentation accuracy, particularly in regions with intricate
details.

DeepLabV3’s primary innovation over its predecessors is the introduction of atrous spatial
pyramid pooling (ASPP)[100]. The ASPP module employs parallel dilated convolutions with
different dilation rates to capture multi-scale information. By doing this, it can extract features
from different scales without losing resolution. This means that objects and regions of varying
sizes within the image can be captured and understood more effectively. DeepLabV3 also inte-
grates image-level features into ASPP to capture longer-range information, thereby achieving
better object segmentation at multiple scales.

20



DeepLabV3+ builds upon DeepLabV3 by incorporating an encoder-decoder structure to refine
the object boundaries further. The encoder extracts rich semantic features from the input im-
age, while the decoder upsamples these features to produce a dense pixel-wise output, ensuring
precise boundary localization. The combination of ASPP with the encoder-decoder structure in
DeepLabV3+ makes it adept at capturing both semantic information and detailed boundaries.

The decoder in Deepl.abV3+ specifically addresses the challenge of recovering object bound-
aries, which can often be blurred in the up-sampling process. By introducing skip connections
from the lower-level features of the encoder, the decoder can access high-resolution features
that are crucial for delineating object boundaries. This results in sharper, more accurate seg-
mentation maps.

In terms of applications, both DeepLabV3 and DeepLabV3+ have shown impressive perfor-
mance in various domains. From segmenting objects in street scenes for autonomous driving
applications to parsing medical images for diagnostic purposes, these architectures have consis-
tently produced state-of-the-art results. Their ability to handle varying scales, combined with
precise boundary detection, makes them go-to choices for tasks that require detailed and ac-
curate semantic segmentation. The general structure of the PSPNet model is shown in Figure
2.14.

Faspp = Z Convgitatea (', 7) (2.15)
reER

S = Decoder(Encoder(F)) (2.16)

S = Decoder(Flow @ Fhign) (2.17)

In the equations, F is the input feature map, r is the dilation rate, and R is the set of dilation
rates used in ASPP. Convgjateq(F, r) represents the dilated convolution operation with dilation
rate r, S is the output segmentation map, and Encoder(F) and Decoder(-) represent the encoder
and decoder functions, respectively, Flow and Fhigh represent the low and high-resolution
feature maps from the encoder, and @ denotes the concatenation operation used to merge
these features before decoding.

These equations, (2.15), (2.16), and (2.17), encapsulate the core enhancements introduced in
the DeepLabV3 and DeepLabV3+ architectures. The atrous convolution in Equation (2.15)
allows the model to capture context at multiple scales without increasing the computational
burden significantly. Equation (2.16) highlights the refinement process that ensures detailed
segmentation by combining deep semantic information with boundary precision. Finally, Equa-
tion (2.17) reflects the integration of fine-grained details through skip connections, vital for
achieving high-quality segmentation outputs, particularly around the edges of objects. These
advancements make DeepLabV3 and DeepLabV3+ highly effective for tasks requiring nuanced
understanding of images, exemplifying how architectural innovations can push the boundaries
of what’s possible in semantic segmentation.

2.3.6 Mask R-CNN

Mask R-CNN][101] is a groundbreaking deep learning model developed for both object detection
and instance segmentation. As an extension of the Faster R-CNN framework, which excels at
object detection, Mask R-CNN adds a branch for predicting an object mask in parallel with
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Figure 2.14: Architecture of DeepLabV3+ Model[99]

the existing branch for bounding box recognition. This architecture allows it to predict both
the object’s class and its precise pixel-wise mask simultaneously.

The key innovation in Mask R-CNN is the "RolAlign” layer. In traditional Region of Inter-
est (Rol) pooling, which is used in Faster R-CNN, there’s often a misalignment between the
extracted features and their original positions due to the quantization of the Rol into discrete
spatial bins. This misalignment is fine for bounding box prediction but problematic for pixel-
wise mask prediction where spatial precision is crucial. The RolAlign layer addresses this issue
by removing the harsh quantization, maintaining the exact spatial locations, and using bilinear
interpolation to compute the exact values of the input features for each spatial position in the
output feature map. This ensures that the spatial locations in the output feature maps align
perfectly with the input, allowing for more accurate mask predictions.

Another noteworthy aspect of Mask R-CNN is its multi-task loss function. The model is
trained using a combined loss that takes into account the classification, bounding box, and
mask predictions. This unified approach means that the network learns to optimize all tasks
simultaneously, leading to improved performance across the board.

In practice, Mask R-CNN has demonstrated superior performance on a variety of tasks, es-
pecially in the domain of instance segmentation. Its ability to detect objects and generate
high-quality segmentation masks for each detected object makes it a popular choice in applica-
tions that require detailed object understanding. From medical imaging to autonomous driving
and even video analysis, Mask R-CNN’s combination of precise object detection and instance-
level segmentation has set new benchmarks and opened up new possibilities in the realm of
computer vision.

F..i = RolAlign(F,b) (2.18)

L= Lcls + Lbox + Lmask (219)

In the above, F represents the feature map extracted from the backbone network, and b is the
bounding box coordinates associated with the Rol. RolAlign(-) performs bilinear interpolation
to compute the feature values, preserving the exact spatial locations, Lcg, Lpox, and Lipasx
are the losses for classification, bounding box regression, and mask prediction, respectively.
This combined loss helps optimize the network for all tasks concurrently, enhancing overall
performance.
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These equations, (2.18) and (2.19), encapsulate the operational enhancements introduced in
Mask R-CNN that enable precise instance segmentation along with object detection. The
RolAlign layer (Equation (2.18)) corrects the limitations of traditional Rol pooling by aligning
the extracted features exactly with the input, crucial for accurate mask generation. The multi-
task loss function (Equation (2.19)) exemplifies the integrated training approach that optimizes
classification, localization, and segmentation simultaneously, demonstrating how Mask R-CNN
harmonizes these tasks to achieve superior segmentation results. This methodology underscores
Mask R-CNN'’s pivotal role in advancing the fields of medical imaging, autonomous driving, and
other applications requiring nuanced object segmentation. A depiction of the general pipeline
of the Mask-RCNN model is shown in in Figure 2.15.

2.3.7 RefineNet

RefineNet[102] is a multi-path refinement network designed for high-resolution semantic seg-
mentation. It seeks to harness the capabilities of deep convolutional neural networks, which
are known for their prowess in handling intricate structures and details. However, due to the
pooling or striding operations in these networks, spatial resolution often gets compromised,
leading to a loss in detail. RefineNet addresses this challenge by creating a robust architecture
that progressively recovers the spatial resolution of the feature maps, ensuring the segmented
output maintains fine details.

The architecture of RefineNet is constructed around the idea of linking together the high-level
and low-level features at different stages in the network. By doing this, it captures both the
semantic information from deeper layers and the fine-grained details from earlier layers. This
fusion of information helps in producing a richer representation of the image, which is crucial
for segmentation tasks.

A defining characteristic of RefineNet is its ”chained residual pooling,” which captures back-
ground context from a large receptive field. It’s achieved by applying multiple pooling op-
erations with different window sizes and fusing the results. This operation ensures that the
network considers both local and global contextual information, making it capable of handling
complex scenes and varied object scales.

Another intriguing feature of RefineNet is its multi-branch fusion. This involves merging the
feature maps from different paths, enhancing the network’s ability to integrate multi-scale
features. This fusion process is iteratively refined, ensuring that the network learns to focus on

23



crucial details at every stage.

RefineNet’s approach to semantic segmentation offers a fine balance between capturing high-
level semantics and retaining low-level details. Its unique architecture and the innovative fusion
techniques make it a competitive choice for tasks that require high-resolution segmentation,
such as medical image analysis, aerial imagery interpretation, and scene understanding. By
effectively bridging the gap between deep semantic understanding and detailed spatial infor-
mation, RefineNet has set a notable standard in the world of semantic segmentation models.
A depiction of the RefineNet model can be seen in Figure 2.16.

K
Fep = Y Pooly(F) x W (2.20)
k=1
N
Fope = » FixW; (2.21)
i=1

In the equations, F is the feature map input to the pooling layer, Pooli(:) denotes a pooling
operation with a predefined window size at the k' stage, and W, are the weights of the
convolutional layer applied after pooling, F; represents the feature maps from different network
paths or scales, and W; are the weights associated with the feature maps, facilitating the
integration of information across scales.

Equations (2.20) and (2.21) encapsulate the core functionality of RefineNet in refining the
segmentation process. The chained residual pooling (Equation (2.20)) allows the network to
incorporate a wide range of contextual information by applying successive pooling operations,
enhancing the ability to process complex backgrounds and varied object scales. The multi-
branch fusion (Equation (2.21)) optimizes the integration of multi-scale features, ensuring that
the high-resolution details are preserved while incorporating high-level semantic information.
These features collectively enable RefineNet to achieve detailed and precise segmentation, mak-
ing it suitable for applications requiring fine-grained image analysis such as medical imaging
and aerial photo interpretation.

2.3.8 Image Cascade Network (ICNet)

ICNet[103], or Image Cascade Network, is an innovative framework designed to address real-
time semantic segmentation tasks, especially catering to the needs of applications that require
rapid processing, such as autonomous driving. The principal challenge in real-time segmenta-
tion is finding the right balance between speed and accuracy, as deep neural networks, while
providing high accuracy, often come at the cost of computational efficiency.

ICNet tackles this dilemma by employing a multi-resolution, cascade structure. The idea is
to process the input image at multiple resolutions concurrently, ensuring that each resolution
captures features at a different scale. This multi-scale approach allows ICNet to extract both
high-level semantic information and fine-grained spatial details from the image.

One of the distinctive features of ICNet is its strategic use of computational resources. The
network processes the low-resolution version of the image with more layers to extract high-
level semantic features, while the high-resolution version goes through fewer layers to preserve
detailed spatial information. By doing so, ICNet ensures that it doesn’t expend unnecessary
computational power on extracting fine details from deep layers.
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Figure 2.16: RefineNet’s architecture uses residual connections with identity mappings for
effective gradient propagation, enabling efficient end-to-end training[102].
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After processing the image at different resolutions, ICNet fuses the multi-scale feature maps
through a cascade feature fusion unit. This fusion process ensures that the final feature repre-
sentation benefits from the rich semantics of the low-resolution path and the detailed spatial
context of the high-resolution path. The cascading mechanism allows for efficient integration
of these heterogeneous features, leading to a more comprehensive understanding of the image.

Another advantage of ICNet is its adaptability. It’s designed to be flexible, allowing for adjust-
ments based on the computational resources available. This means that ICNet can be scaled
down for applications on edge devices with limited processing power or scaled up for tasks that
demand higher accuracy and are executed on more powerful systems.

In summary, ICNet’s strength lies in its ability to deliver real-time semantic segmentation with-
out compromising significantly on accuracy. Its multi-resolution, cascading approach ensures
efficient utilization of computational resources while capturing both semantic and spatial de-
tails. This balance between speed and performance makes ICNet an ideal choice for applications
that require instant image segmentation, particularly in dynamic environments. Figure 2.17
shows a depiction of the ICNet model.

EB Di(I (2.22)

In the above equation, I, represents the input image at the it resolution, D; denotes the deep
convolutional processing applied to each resolution, and @ symbolizes the concatenation of
features extracted at each level.

3
Ffusion = Z Q; - MZ(FZ) (223)
=1
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Figure 2.17: ICNet’s architecture includes cascade feature fusion (CFF) and uses x4 upsampling
in the bottom branch only during testing, with feature map sizes and operations specified [103].

F; are the feature maps from each resolution, U; represents up-sampling operations to match
the feature dimensions, and «; are weighting coefficients that adjust the influence of each
resolution’s features in the final output.

These equations (2.22) and (2.23) capture the essence of ICNet’s architecture. The multi-
resolution processing (Equation (2.22)) enables ICNet to effectively handle both high-level
semantic and low-level spatial details by processing images at varying resolutions. This ap-
proach not only enhances the accuracy of the segmentation but also maintains computational
efficiency. The cascade feature fusion mechanism (Equation (2.23)) ensures that the segmented
output leverages both coarse and fine details, leading to a more accurate and visually coher-
ent segmentation. This method of fusing multi-scale features allows ICNet to adapt to various
computational constraints, making it suitable for real-time applications like autonomous driving
where rapid processing is crucial.

2.3.9 High-Resolution Network (HRNet)

HRNet[104], or High-Resolution Network, represents a paradigm shift in how convolutional neu-
ral networks (CNNs) handle spatial resolutions, especially when it comes to tasks like semantic
segmentation. Traditionally, CNNs for segmentation and other visual tasks would downsample
an image to extract high-level semantic information and then gradually upsample to make pre-
dictions at the original resolution. However, this approach often leads to a loss of fine-grained
spatial details, which are crucial for many vision tasks.

Contrary to this standard practice, HRNet maintains high-resolution representations through
the entirety of the network rather than downsampling and then later upsampling. The core
idea behind HRNet is to construct high-to-low resolution subnetworks simultaneously, capturing
multi-resolution features at each level. Instead of degrading the spatial resolution during the
initial layers, HRNet keeps the high-resolution representation and extracts features in parallel
across various resolutions.
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As the network progresses, HRNet employs a series of cross-resolution fusion modules. These
modules allow for the exchange of information between different resolutions, ensuring that
each parallel branch benefits from features captured at other scales. This continuous multi-
resolution fusion is key to HRNet’s success, as it means the high-resolution branch can leverage
the semantic richness of the lower-resolution branches and vice versa.

The outcome is that, by the end of the network, HRNet produces a high-resolution output that
has been continually enriched by multi-scale features throughout the network’s depth. This
approach ensures that the final feature representation is both semantically rich and spatially
detailed.

One of the main advantages of HRNet is its ability to produce more precise and detailed
segmentation masks, making it particularly well-suited for tasks where fine-grained spatial
accuracy is essential. Additionally, the architecture is versatile and can be applied to a variety
of vision tasks beyond segmentation, such as object detection and pose estimation.

In essence, HRNet challenges the conventional wisdom in deep learning architectures by main-
taining high-resolution pathways throughout the network. This unique approach, combined
with continual cross-resolution fusion, allows HRNet to achieve state-of-the-art performance in
tasks that demand a delicate balance between semantic understanding and spatial precision.

Fhigha Fmed7 F]OW = HRNetSubnetS(I) (224)

In the equation, I is the input image, Fhigh, Fmed, and F),, are the feature maps at high,
medium, and low resolutions, respectively, produced by separate subnetworks within HRNet.

Ffusion = Z B@ : Fcross(Fi) (225)

i=high, med, low

Feross denotes the cross-resolution fusion operation, and f; are coefficients that adjust the
contribution of each resolution’s features in the final fusion output.

These equations (2.24) and (2.25) encapsulate HRNet’s innovative approach to handling reso-
lutions. The network structure (Equation (2.24)) avoids the common pitfalls of downsampling
by establishing parallel streams for different resolutions, thus preserving spatial details while
capturing multi-scale semantic information. The fusion process (Equation (2.25)) ensures that
features from all resolutions are combined effectively, enhancing the final segmentation output
with both detail and context.

In the context of HRNet, Fhigh, Fmed, F,,, represent feature sets at varying resolutions, crucial
for capturing detailed to broad semantic features. f3; coefficients in (2.25) optimize the influence
of each resolution’s contribution, ensuring a balanced feature integration that supports precise
and detailed segmentation outputs. This methodical fusion of multi-scale features positions
HRNet as an exceptional model for complex segmentation tasks where both high-level semantics
and fine-grained spatial accuracy are required.

2.3.10 Fast-SCNN

Fast-SCNN[105], short for Fast Semantic Segmentation Convolutional Neural Network, is a deep
learning architecture tailored for efficient semantic segmentation. While many state-of-the-art
segmentation models offer impressive accuracy, they often come with a computational cost,
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making real-time applications on edge devices challenging. Fast-SCNN addresses this challenge
by delivering a fast and efficient segmentation solution without significantly compromising on
performance.

The architecture of Fast-SCNN is designed with three main modules: the Learning-to-Downsample
module, the Global Feature Extractor, and the Feature Fusion module.

The Learning-to-Downsample module is the initial stage of the network and is responsible
for reducing the resolution of the input image. Instead of using conventional pooling layers
that might lead to information loss, this module employs convolutional layers with strides to
downsample the image, capturing essential features in the process.

The Global Feature Extractor is the heart of the Fast-SCNN. It utilizes depthwise separable
convolutions, which are computationally efficient compared to standard convolutions. This
module captures high-level semantic information from the downsampled image. The depthwise
separable convolutions, along with bottleneck layers and pyramid pooling, allow the network
to extract rich features with fewer parameters, speeding up the computation.

Lastly, the Feature Fusion module merges the high-resolution features from the Learning-to-
Downsample module with the semantically rich features from the Global Feature Extractor.
This fusion ensures that the final segmentation map retains both the spatial details and the
semantic context. To achieve this, the module employs a combination of depthwise convolutions
and pointwise convolutions, further contributing to the model’s efficiency.

One of the standout features of Fast-SCNN is its speed, especially when it comes to inference.
The model’s design choices, such as the use of depthwise separable convolutions and the efficient
fusion of multi-resolution features, allow it to operate much faster than many other segmentation
networks with similar accuracy. This makes Fast-SCNN particularly suitable for real-time
applications on devices with limited computational resources.

In summary, Fast-SCNN offers a harmonious blend of speed and accuracy in the realm of se-
mantic segmentation. Its modular architecture, combined with efficient convolution techniques
and feature fusion, allows it to deliver high-quality segmentation results in real-time, opening
doors for a plethora of applications, especially on edge devices. A depiction of the Fast-SCNN
model is seen in Figure 2.18.

Fdownsample = Ustride (Ia Wa b) (226)

I in the eauation is the input image, Cy,ige denotes a convolutional operation with a stride
greater than 1 (to reduce dimensionality), and W and b represent the weights and biases of the
convolutional filters.

Fglobal = D(Fdownsamplea Wdepth7 Wpoint) (227)

D represents the depthwise separable convolution operation, Weptn is the depthwise convolu-
tional weights, and Wit is the pointwise convolutional weights.

Ffusion - Ffusion(Fdownsamplea Fglobal) (228)

Frusion denotes the feature fusion operation that integrates high-resolution and semantically rich
features.

Equations (2.26), (2.27), and (2.28) articulate the principal operations within Fast-SCNN,
showcasing its efficient design strategy. Equation (2.26) reduces the spatial resolution while

28



Two-branch Framework
‘ - > >

T
’+'+'+- > —

Proposed Fast-SCNN
‘—b'—b‘—bs—b >

.

A\

‘ Input ' Classifier Block (+) Feature Fusion Module
' Convolution Block Ghost Block ‘ Upsampling Block

Figure 2.18: Schematic comparison of Fast-SCNN with encoder-decoder and two-branch archi-
tectures highlights distinctive approaches. The encoder-decoder utilizes multiple skip connec-
tions across various resolutions, typically emerging from deep convolutional blocks. In contrast,
two-branch methods integrate global features from low-resolution inputs along with shallow spa-
tial details. Fast-SCNN simultaneously captures spatial details and the initial layers of global
context through the learning-to-downsample module [105].

preserving essential details through strided convolutions. Equation (2.27) enhances the se-
mantic richness of the features with minimal computational resources by employing depthwise
separable convolutions. Lastly, Equation (2.28) merges detailed and high-level semantic fea-
tures to produce a comprehensive output.

In the Fast-SCNN’s structure, Fdownsample and Fglobal represent low and high-level feature
sets, crucial for capturing basic to complex image features. The fusion process (Equation (2.28))
optimizes the use of these features, ensuring that the final segmentation maps are both accurate
and detailed, making Fast-SCNN an ideal choice for real-time applications where both efficiency
and performance are paramount.

2.4 Uncertainty Aware Regression

Uncertainty-aware regression[106][107][108] is an advanced approach in machine learning that
acknowledges and quantifies the inherent uncertainties in predictions. Traditional regression
models focus on predicting a single output value for each input. However, these models of-
ten overlook the uncertainty associated with their predictions. Uncertainty-aware regression
addresses this by providing not just a prediction but also a measure of confidence in that
prediction.

2.4.1 Types of Uncertainty

Aleatoric Uncertainty[109][110][111][112][113]: This type of uncertainty arises from the random-
ness inherent in the data itself. For instance, noise in the data or uncontrolled experimental
conditions can lead to aleatoric uncertainty. It’s inherent and irreducible.
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Epistemic Uncertainty[114][115]{116][117][118]: This is due to the limitations in our knowledge
or the model’s structure. It arises from a lack of data or an overly simplistic model and can be
reduced by collecting more data or using a more complex model.

y=flx)+e €e~N(0, 0% (2.29)

In Equation (2.29), y is the observed output, f(x) is the true function, and e represents normally
distributed noise with variance o2.

plylz, D) = / plylz, 0)p(6D)db (2.30)

p(y|x,0) is the likelihood of y given z and model parameters 0, and p(0|D) is the posterior
distribution of 6 given the data D.

p(0|D) o< p(D|0)p(6) (2.31)

p(D]0) is the likelihood of the data given the parameters and p() is the prior distribution of

the parameters.
T

Pyl D)~ 2> plule, 00 (232)

t=1

0, represents the parameters at the t-th forward pass with dropout, and T is the total number
of stochastic forward passes.

Yel 2., D ~ N (u(x.), 0% (2.)) (2.33)

Y. is the predicted output for a new input z,, and p(z,) and 0%(z,) are the mean and variance
predicted by the GP.

In the following equations provided:

e H[y|z, D] represents the entropy of the predictive distribution, providing a measure of
uncertainty in predictions for input = given the dataset D. p(y|x,D) is the predictive
probability distribution of the output y given input x and dataset D.

e Varly|z, D] is the variance of the predictive distribution which quantifies the spread of the
predicted values around the mean, indicating the level of uncertainty. u(x) is the mean
of the predictive distribution for input x.

e [(0,y|lx,D) is the mutual information between the model parameters # and the out-
put y, which quantifies the reduction in uncertainty about y obtained by knowing 6.
Eypop)[Hyl|z,0]] is the expected entropy of y given & and parameters 6, averaged over
the posterior distribution of 6.

® Opred is the predictive standard deviation, providing a measure of the expected error or
uncertainty in the model’s predictions, calculated as the square root of the predictive
variance.

e ('] represents the confidence interval, providing a range within which the true value of
y is expected to fall with a certain level of confidence (typically 95% in this context).
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The interval is calculated using p(x), the mean prediction, and opeq, the predictive stan-
dard deviation, scaled by 1.96 which corresponds to the 95% confidence level under the
assumption of normal distribution.

These parameters (f4(x), oprea, €tc.) are fundamental in understanding how uncertainty is
quantified and managed within predictive models, enhancing their reliability and usefulness in
practical applications where decision-making under uncertainty is critical.

Hly|z, D] = —/p(ylfv,D) log p(ylz, D)dy (2.34)
Varlyle. D] = [y = n(o)*plufe. Dy (2.35)
1(0,y|x, D) = H[y|z, D] — Epop)[H]y|z, 0]] (2.36)
Opred = V/ Var[y|z, D] (2.37)

CI = [p(z) — 1.96 - opreds () + 1.96 - Opred] (2.38)

Equations ((2.29) to (2.38)) cover the mathematical foundation of uncertainty-aware regression,
detailing how both aleatoric and epistemic uncertainties can be quantified and incorporated
into predictive models. They provide a comprehensive toolkit for addressing the inherent
uncertainties in data and model predictions, enhancing the reliability and interpretability of
machine learning models in critical applications.

Importance in Predictive Modeling

In predictive modeling, acknowledging uncertainty is crucial. It allows for more reliable and
trustworthy predictions, especially in critical applications like medical diagnosis, financial fore-
casting, and autonomous vehicles. By quantifying uncertainty, models can indicate when their
predictions are less reliable, guiding users to proceed with caution.

2.4.2 Implementing Uncertainty-Aware Regression

Bayesian methods are a cornerstone in implementing uncertainty-aware regression. They in-
volve updating the belief about the model’s parameters based on prior knowledge and observed
data. Bayesian Neural Networks (BNNs), for example, offer a probabilistic interpretation of
neural networks, where weights are treated as distributions rather than fixed values.

Deep learning models, particularly those incorporating dropout layers, can be adapted for
uncertainty estimation. Techniques like Monte Carlo Dropout allow models to express uncer-
tainty by performing multiple forward passes with dropout enabled during inference, leading
to a distribution of outputs.

Gaussian Processes (GPs) offer a robust way to model uncertainty. They provide a probabilistic
framework where predictions are made in the form of probability distributions rather than point
estimates. This is especially useful in scenarios where data is sparse, and the model’s confidence
in predictions varies across the input space.

31



2.4.3 Real-World Applications

In medical diagnosis, uncertainty-aware models can indicate the confidence level in identifying
pathologies, aiding clinicians in decision-making[119][120][121][122][123]. In finance, models
that quantify uncertainty in market predictions can be valuable for risk assessment[124] [125]
[126] [127] [128]. For self-driving cars, understanding the uncertainty in object detection and
trajectory prediction is critical for safe navigation[129]{130][131][132][133].

2.4.4 Challenges and Future Directions

Implementing these models, especially Bayesian approaches, can be computationally intensive.
Optimizing algorithms for efficiency is an ongoing challenge. In domains with limited data,
accurately estimating uncertainty becomes challenging. Making the uncertainty estimates in-
terpretable and actionable for end-users is a key area of research.

Finally, this study should make clear that Uncertainty-aware regression represents a signifi-
cant advancement in the realm of predictive analytics. By integrating the quantification of
uncertainty into regression models, one does not obtain only predictions but insights into the
reliability of these predictions. This approach is essential in making informed decisions in
various high-stakes domains. The ongoing research and development in this field promise to
enhance the robustness and reliability of predictive models, contributing significantly to nu-
merous sectors relying on data-driven decision-making.
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Chapter 3

Semantic Segmentation of Traffic

Landmarks Using Classical Computer
Vision and U-Net Model

3.1 Introduction

This chapter delves into the initial exploratory phase of this research, where the primary objec-
tive was to establish a robust detection and segmentation framework for road markings using
advanced computational techniques. The challenge was twofold: not only did we need to accu-
rately detect the road markings but also segment them effectively from their surrounding envi-
ronments in high-resolution images. This task was approached by integrating classical computer
vision methods with cutting-edge deep learning techniques, specifically Convolutional Neural
Networks (CNNs), which are renowned for their efficacy in handling complex image analysis
tasks.

The application of CNNs in this context was driven by their superior performance in image
segmentation tasks, significantly surpassing the capabilities of traditional computer vision al-
gorithms. CNNs excel in extracting and learning features from images automatically, which
is crucial for distinguishing subtle differences in texture and color that characterize different
objects within an image. In the approach, this study employed a method focusing on the
‘Smoothness’ of color variations—a key attribute of road markings which tend to have less
color variability compared to their immediate surroundings. This attribute was critical in de-
veloping an algorithm that could isolate these markings from other elements in the images
effectively.

To facilitate the development and training of our CNN model, specifically a U-Net architecture
with a VGG-16 backbone, we encountered the challenge of the absence of a readily available
dataset specifically tailored for road marking detection. To overcome this, we innovated a semi-
assisted labeling tool, leveraging the algorithm developed to segment road markings initially.
This tool enabled us to efficiently annotate a set of 182 high-resolution images, which formed
the basis for training our model.

The process of annotating these images was meticulous and involved manually adjusting the
labels to ensure high accuracy and relevance of the training data. This dataset not only provided
a solid foundation for our initial experiments but also served as a crucial testbed for refining
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Figure 3.1: Example of Eroded Road Marking

our segmentation model. The performance of the U-Net model, assessed through the Dice
coefficient—a statistical tool that measures the similarity between the model output and the
ground truth labels—reached an encouraging 78.90% on the validation set.

These promising results not only demonstrated the potential of using CNNs for the task of
road surface marking detection but also set the stage for subsequent phases of the research.
The insights gained from this initial phase underscored the feasibility of using deep learning
models to automate and enhance the precision of road surface marking evaluations, thereby
contributing to safer driving conditions and more effective traffic management systems. This
chapter will expand further on the specific methodologies employed, the challenges encountered,
and the strategic innovations that were developed to address the complexities of this task.

3.2 Dataset

The foundation of any effective road sign detection algorithm hinges on the availability and
quality of the dataset used for training and testing the models. In this study, we were fortunate
to collaborate with the Mie prefecture local authorities who provided us with a substantial
dataset comprising approximately 13,000 high-resolution images. These images, as depicted in
Figures 3.1 and 3.2, encompass a wide geographical range, capturing both urban environments
and less populated outskirts, thus ensuring a diverse representation of road scenarios.

The variability in the dataset is crucial for developing robust models capable of functioning
under varied real-world conditions. Not only do these images exhibit a range of road markings
in differing states of wear and tear—some of which are significantly deteriorated as shown in
Figure 3.1 but they also present these landmarks in varying lighting and weather conditions.
This diversity is essential for training algorithms to be reliable under different operational
circumstances. For instance, some images capture the challenging glare effect caused by sunlight
reflecting off the road surface, as illustrated in Figure 3.2. This specific condition is particularly
challenging for vision-based systems due to the high contrast and potential for obscuring visible
road signs.

Despite the comprehensive nature of the dataset in terms of image diversity, it initially lacked
pixel-wise annotations necessary for training semantic segmentation models. Semantic seg-
mentation requires detailed annotations that outline the exact pixels of each class within an
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Figure 3.3: Example of Data Sample Opened with Labeling Software

image— in this case, the specific road signs. To address this gap, we embarked on a semi-
assisted labeling process. This process was facilitated by a computer vision method developed
specifically for this project, which was capable of generating approximate annotations auto-
matically. These preliminary annotations provided a baseline from which further refinements
could be made manually, ensuring higher accuracy.

The semi-assisted labeling process began with the application of the developed computer vision
method to initially identify and delineate road signs from the surrounding environment in
the images. This preliminary step was crucial as it reduced the manual effort required and
significantly sped up the annotation process. Once these initial annotations were in place, they
were meticulously reviewed and adjusted by human annotators to correct any inaccuracies and
to add finer details that the automated method might have missed. This hybrid approach
leveraged the speed and efficiency of automated systems while maintaining the accuracy and
reliability of human oversight. Figure 3.3 shows the labeling tool used. Furthermore, each image
in the dataset was annotated not just for the presence of road signs but also included information
about the number, type, and quality of these signs among other variables. This enriched
dataset provided a multidimensional view of the road signs, offering insights not just into their
appearance but also their condition and categorization. This detailed level of annotation is
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invaluable for training sophisticated models that need to understand and evaluate the quality
of road signs, not just detect their presence.

The preparation and refinement of such a dataset are critical undertakings in the development
of machine learning models for real-world applications. By addressing both the variety of
conditions under which road signs appear and the detailed annotation of these signs, this
dataset serves as a foundational pillar for building and testing algorithms that can reliably
perform road sign detection and segmentation under diverse environmental conditions. This
robust dataset preparation thus sets the stage for the subsequent phases of model training
and evaluation, which are geared towards achieving high accuracy and reliability in road sign
detection—an essential step towards enhancing road safety and traffic management through
automated systems.

3.3 Computer Vision Approach

Detecting road surface markings efficiently necessitated a nuanced approach that integrated a
variety of computer vision techniques, each selected for its ability to address specific challenges
presented by the dataset. Initially, our methods were grounded in traditional computer vision
techniques, which are adept at extracting distinct features from images but can struggle with
variability in environmental conditions.

One of the first techniques we employed was pixel-wise K-means clustering, a method par-
ticularly useful for images where color was the predominant feature distinguishing the road
markings. K-means clustering works by partitioning the image pixels into clusters based on
color similarity, thereby grouping similar pixels together. This method proved effective in en-
vironments with uniform lighting but faced challenges under more complex lighting conditions,
such as varying shadows or when other objects in the image had colors similar to the markings.
These limitations are demonstrated in Figures 3.5 and 3.4, where the effectiveness of K-means
clustering diminishes in non-uniform lighting conditions.

Figure 3.4 showcases a successful application of the K-means clustering algorithm for detecting
road markings. In this example, the algorithm has accurately segmented the road markings,
which are clearly distinguished from the surrounding environment. The white lines, arrows, and
pedestrian crossing are correctly identified as part of the cluster with the highest mean, high-
lighting the road markings with precision. This successful detection demonstrates the potential
of K-means clustering in identifying road-related features when the algorithm parameters and
preprocessing steps are appropriately configured. The high-contrast output effectively sepa-
rates the markings from the background, ensuring that the essential road guidance elements
are prominently visible.

Figure 3.5 depicts the result of using the K-means clustering algorithm for segmenting an
urban street scene, with the intention of detecting road markings. However, this method
has shown only limited success in this context. While K-means has identified various regions
within the image, it has also mistakenly classified many non-road marking objects as road
markings. This misclassification includes buildings, vehicles, and other urban features, leading
to a significant number of false positives. The high-contrast segmentation was intended to
isolate the road markings, but the algorithm’s inability to distinguish between similar visual
features has compromised its accuracy.

For images where the shape or geometry of the markings was more distinct, we employed the
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Figure 3.4: Output of K-means and Pixels Selection of Cluster with Highest Mean

Figure 3.5: Example of Segmentation Result Using K-means
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Figure 3.7: The result after applying a small blurring effect followed by a Gaussian thresholding
filter, which still left a lot of unwanted noise.

Hough Lines algorithm. This technique is particularly useful for detecting linear patterns and
was instrumental in identifying and delineating the linear aspects of road markings. The Hough
Lines method transforms points in a Cartesian plane to a parameter space, where straight lines
can be more easily identified through accumulative analysis. However, like K-means clustering,
Hough Lines has its limitations, especially in cluttered scenes or where the linearity of the road
markings is interrupted by cracks, wear, or occlusion.

To create a more robust detection system, we integrated these techniques within a broader
strategy that also incorporated a novel parameter we named “Smoothness.” This parameter
was pivotal in distinguishing road markings from the background based on the consistency
of the color distribution within specific areas of the image. Our approach began with pre-
processing steps to focus on the relevant sections of the image and reduce noise. Recognizing
that road markings are primarily located in the lower half of road images, we removed the top
half of each image to reduce processing redundancy and to concentrate our algorithms on the
most likely regions where markings would be found. This process is shown in Figure 3.6.

Following the cropping of the images, we applied basic noise reduction filters. These filters
helped to smooth out the image and reduce the impact of granular noise that could complicate
the detection process. With a cleaner image, we then applied Jarvis’s wrapping algorithm,
a technique designed to encapsulate distinct regions within an image. This algorithm was
particularly effective at isolating potential road marking areas from the less relevant sections
of the image.

After isolating these key regions, we computed the Smoothness parameter. This metric evalu-
ated the uniformity and variation of color distribution within each delineated area. By setting
an experimentally determined threshold for Smoothness, we were able to effectively separate the
regions of interest—those likely containing road markings—from the surrounding background.
This step was critical as it allowed for the accurate and efficient detection and segmentation
of road markings, setting the stage for subsequent semantic segmentation and quality analysis.
This process is shown in Figure 3.7 to Figure 3.10. The integration of these varied noise
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Figure 3.8: The results obtained after applying erosion and dilation, brings us close to obtaining
a final result in this example, but it would work as a general solution.

Figure 3.9: Applying the Jarvis algorithm outputs’ contours which are sets of pixels delimiting
a certain cluster of pixels in the image, for each contour we will compute the “Smoothness”.

Figure 3.10: After computing the “Smoothness” parameter and filtering out the results to keep
only the contours that scored the highest, we obtain this final result.
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filtering techniques, and the novel Smoothness parameter—into a cohesive detection strategy
underscores the complexity and necessity of using a multi-faceted approach in the automated
detection of road surface markings. By adapting and combining these methods, we were able
to address the diverse challenges posed by the dataset, from variable lighting conditions to the
presence of similar colors and complex shapes within the images. This comprehensive approach
not only enhanced the accuracy of our detection system but also demonstrated the potential
for advanced computer vision techniques to significantly improve the reliability and efficiency
of road surface markings analysis in real-world conditions.

3.3.1 Noise Minimization

To ensure the precise detection of road surface markings, an initial step was to minimize
the inclusion of irrelevant visual information within the analysis framework. A significant
observation from the dataset was that the road surface, which contains the relevant markings,
was consistently visible in the lower half of the images. This allowed us to strategically focus
our processing efforts by cropping out the upper half of the images, where unrelated features
such as clouds often appeared. These clouds, displaying various shades of grey and white, could
easily be mistaken for road markings due to their color similarities, potentially confusing the
detection algorithms. This similarity risked false detections and was a crucial factor to mitigate,
as shown in Figure 3.6 where such challenges are visually exemplified.

Following this crucial cropping step, further refinement of the image was necessary to enhance
the detection accuracy. The first intervention involved the application of a blurring filter.
This filter smoothed the image by reducing the sharpness and granularity of the noise, which
helped in homogenizing the visual data and reducing detail that could distract from the main
features of interest. Subsequent to the blurring, a Gaussian thresholding filter was applied,
a process depicted in Figure 3.7. Gaussian thresholding is a technique that adjusts the pixel
values in an image such that only those within a certain intensity range are retained. This step
was instrumental in enhancing the contrast between the road markings and the surrounding
pavement, making the markings more discernible.

To further refine the detection accuracy, we employed erosion and dilation operations, two
morphological processes that modify the shapes within an image. Erosion removes pixels on
object boundaries, effectively reducing the size of the objects within the image. This was
particularly useful in eliminating fringes and small artifacts that could be misinterpreted as
part of the road markings. Following erosion, dilation was applied to expand the remaining
features back to their original size. This process not only restored the size of the road markings
but also helped in emphasizing them against the background. The combination of erosion
and dilation ensured that any remaining noise was minimized and that the markings were
prominently displayed. The application of these operations is detailed in Figure 3.8, which
shows how they contribute to creating a binary image where the road markings are distinctly
isolated and highlighted.

Through these stages—cropping, blurring, thresholding, erosion, and dilation—a refined image
was produced where the road surface markings were clearly defined and other distracting el-
ements were effectively suppressed. Each step played a critical role in enhancing the clarity
and accuracy of the segmentation process, ensuring that the computer vision algorithms could
perform optimally without being misled by extraneous visual information. This meticulous
approach to image processing ensured that the subsequent detection and analysis phases could
proceed with a high degree of precision, focusing solely on the accurately highlighted road
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markings.

3.3.2 Region Separation

After successfully processing the initial images, our project advanced into a more nuanced
phase that involved the implementation of the Jarvis wrapping algorithm. This sophisticated
algorithm addresses the Convex-Hull problem, which is central to many image processing tasks,
particularly those involving shape analysis. In essence, the Convex-Hull problem involves cal-
culating the smallest convex boundary that can enclose a group of points or shapes within an
image. In our application, this meant identifying the outermost boundaries that define the
clusters of features within the binary images derived from our previous image processing steps.

When we applied the Jarvis wrapping algorithm to our data, it efficiently computed the contours
of various clusters within these binary images. The visualization of these contours, as depicted
in Figure 3.9, revealed clear and distinct demarcations between different regions within the
images. Notably, it became visually apparent that certain regions, which contained road surface
markings, were distinctly isolated from other clusters within the images. This visual separation
was a crucial step forward because it allowed us to see the potential of the algorithm in isolating
regions of interest—specifically, road surface markings—from less relevant areas of the image.

Despite the success in visual demarcation provided by the Jarvis wrapping algorithm, a signif-
icant challenge remained. We needed to convert this visual distinction into a computational
one, which is a non-trivial step in the development of automated systems for road marking
analysis. The primary goal here was to develop a computational strategy that could not only
recognize but also systematically differentiate the target regions—those containing road surface
markings—from all other regions within the image.

To address this challenge, our approach was to develop a set of computational criteria based
on the properties of the contours identified by the Jarvis wrapping algorithm. These criteria
included aspects such as the geometric shape, the area covered by the contour, and perhaps most
importantly, the degree of uniformity or ’smoothness’ within the contour, which is a typical
characteristic of road surface markings due to their consistent and standardized application on
roads.

This differentiation process is critical as it forms the basis for the subsequent steps in our
methodology. By ensuring that only the regions containing road surface markings are selected
for further analysis, we significantly enhance the accuracy and efficiency of our subsequent
assessments, such as condition evaluation and deterioration tracking. This systematic differen-
tiation not only streamlines the process of marking evaluation but also lays a robust foundation
for deploying these techniques in real-world scenarios where automation in road maintenance
checks is increasingly becoming a necessity.

3.3.3 Road Sign Detection

Building upon the refined output of the initial image processing, the subsequent task in our
methodology involved the intricate detection of road signs by further analyzing the preserved
contours. This task began with the strategic elimination of smaller, less significant contours
that did not meet a predefined point count threshold. By focusing only on significant contours,
we reduced the noise further, enhancing the precision of our detection algorithm.

Once the irrelevant noise was removed, we were left with well-defined, somewhat uniform areas
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within the images. These areas, characterized by their distinct shapes and sizes, were considered
potential target regions that possibly contained road surface markings. To effectively process
these regions, each was isolated into a separate frame to enable detailed analysis. This isolation
was crucial as it allowed for the application of specialized image processing techniques on a per-
region basis, thus avoiding the influence of adjacent regions.

One of the critical techniques employed at this stage was the Differential of Gaussian (DoG)
computation. The DoG is a refined technique for edge detection, which involves the subtraction
of one blurred version of an image from another, less blurred version of the same image. This
method effectively highlights regions of the image with high frequency, which correspond to
edges or transitions in intensity.

To compute the DoG value for each isolated frame, we first applied a Gaussian filter to the
image. The Gaussian filter is a type of image-blurring filter that reduces detail and noise,
governed by the standard deviation of the Gaussian distribution. By applying two such filters
with different standard deviations to the image and subtracting one resulting image from the
other, we highlighted areas with significant color variations—often indicative of road markings.

The results of the DoG computation were then scaled relative to the area of each potential
target region. This scaling, referred to as ”Smoothness,” assesses how uniform a given area is.
In our context, the smoother a region, the more likely it is to be a road surface marking, as
these markings typically exhibit less color variation compared to their surrounding areas.

Based on the computed ”"Smoothness” value, we set a threshold to distinguish between likely
road marking regions and other regions. This thresholding was a crucial decision point in our
algorithm, separating target regions from background areas and thus enabling focused analysis
on potential road markings.

The final segmentation of the traffic landmarks was achieved by setting appropriate thresholds
for the "Smoothness” parameter. This process was not only systematic but also grounded in
quantitative analysis, ensuring that each step was reproducible and verifiable. The Python
implementation involved using discrete Gaussian filters to smooth the image at two different
levels and subtracting these to compute the DoG, thereby operationalizing the theory into
a practical tool for road sign detection as seen in Figure 3.10. This approach ensured that
our segmentation was both accurate and robust, providing a reliable basis for further quality
evaluation of the detected road surface markings.

In the given equations:

e Equation 3.1 defines the Gaussian function G(z,y), where x and y are the spatial coordi-
nates and s is the standard deviation of the Gaussian distribution. This function is used
to apply a Gaussian blur to an image, which smooths out the image and reduces noise
and detail.

e Equation 3.2 and Equation 3.3 describe the Differential of Gaussian (DoG), which is
computed by differentiating the Gaussian-blurred image f x G, with respect to the scale
parameter s. This operation highlights edges and transitions in the image by subtracting
one blurred image from another, less blurred image.

e Equation 3.4 defines the ”Smoothness” S, which is the ratio of the DoG value to the area
of the region being analyzed. This measure helps determine how uniform the area is, with
higher values indicating less uniformity and more potential for being a road marking due
to the presence of edges and transitions.
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3.4 Deep Learning Approach

The transition to a deep learning approach marked a significant advancement in our quest to
enhance the detection and segmentation of road surface markings. This methodological pivot
was prompted by the limitations observed with traditional computer vision techniques, which
sometimes misclassified non-target objects such as sidewalks, tactile paving, and white cars
as road markings. These misclassifications underscored the need for a more robust technique
capable of handling the complexities of real-world data without the reliance on hand-engineered
features.

Given the complexities associated with manual feature engineering, we opted for U-Net, a model
renowned for its effectiveness in image segmentation tasks. U-Net’s architecture, particularly
its ability to learn from data directly, presented an opportunity to overcome the challenges of
manually crafted features. However, a significant hurdle was the lack of pixelwise annotations
in our dataset, which are crucial for training segmentation models.

To address the annotation challenge efficiently, we developed a semi-automated labeling tool,
leveraging the computer vision techniques previously devised. This tool enabled the rapid
annotation of a large volume of images by providing initial guesses of annotations based on the
”Smoothness” method, which users could easily adjust. This process was visualized in Figure
3.3, where the tool displayed a data sample alongside suggested annotations. Users could
refine these by selecting the average color in a region with a right-click, effectively segmenting
the image into foreground and background based on this selection. This intuitive interface
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significantly reduced the time and effort required for manual labeling and allowed for quick
corrections through a simple delete function.

The subsequent pre-processing and training phases were streamlined due to the manual over-
sight of the labeling process, minimizing the need for extensive pre-processing. Nevertheless,
we employed erosion and dilation operations to refine the labels further, removing residual
background noise and enhancing the clarity of the annotations. The images were resized to
1600x1600 pixels to ensure they were well-suited for processing by the U-Net model.

Recognizing the challenge of class imbalance—a common issue in pixelwise segmentation where
most pixels typically represent the background—we carefully selected our loss function. We
employed a combination of Dice loss and Focal loss. Dice loss was particularly valuable for its
focus on boundary precision, essential for the accurate delineation of road markings. Focal loss,
on the other hand, addressed the imbalance by modifying the model’s focus towards harder-to-
classify instances, thereby ensuring that less frequent but crucial features such as road markings
were not overlooked during the learning process. In the equations presented:

e Equation 3.5 represents the Dice coefficient, denoted by D. Here, g; refers to the ground
truth values, and p; are the predicted values, with ¢ indexing over all N pixels in the output
segmentation map. This metric evaluates the overlap between the predicted segmentation
and the ground truth, emphasizing the accurate delineation of the boundaries of road
markings.

e Equation 3.6 outlines the Cross-Entropy loss function. In this equation, p is the predicted
probability of the target class, and y is the binary indicator (0 or 1) if the class label is the
correct classification for the observation. This loss function is essential for classification
tasks, penalizing the divergence between the predicted probabilities and the actual binary
outcomes.

e Equation 3.7 defines p;, the transformed prediction, which adjusts p, the original predic-
tion, based on the ground truth label y. If the true label y is 1, p; equals p; otherwise, it
equals 1 — p. This transformation is crucial for calculating the Focal Loss, focusing the
training on hard-to-classify examples.

e Equation 3.8 describes the Focal Loss, where o is a weighting factor for the class (typically
inverse class frequency), and + is a focusing parameter that adjusts the rate at which easy
examples are down-weighted. (1 — p;)” scales the loss at each level of confidence, which
helps in addressing class imbalance by focusing more on difficult, misclassified cases.

These parameters collectively enhance the U-Net model’s capability to effectively learn from
the training data, addressing both the accuracy in boundary detection and the challenge of
class imbalance in pixel-wise segmentation.

Training was conducted in a GPU-accelerated environment utilizing the PyTorch framework,
which facilitated efficient computation and iterative testing. The training sessions demonstrated
continuous improvement in the model’s performance, culminating in a Dice score of 89% on
the training set—an indicator of the model’s proficiency in capturing the essential boundaries
of road markings. In Table 3.1 we can see the different models performances on the dataset
presented in [5]. In Table 3.2 we can see the resuls of our experiments.

For validation, we subjected our model to a set of tests to assess its practical effectiveness. The
model achieved a Dice score of 78.90% on the validation set, affirming its capability to generalize
well to new, unseen data. This performance was not only a testament to the model’s accuracy
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Table 3.1: Performance of Different Segmentation Models across Various Locations

Method Austin Chicago Kitsap West Tyrol Vienna Overall
IoU Acc IoU Ace IoU Ace IoU Acec IoU Ace IoU  Acc
FCN-8  50.28 92.30 53.89 87.24 32.09 9852 56.40 95.84 62.75 88.30 56.19 92.44
U-Net 78.62 96.89 70.39 92.89 66.26 99.27 70.93 97.71 78.28 93.85 74.79 96.12
SegNet 70.60 94.74 64.81 89.72 60.55 98.89 71.41 97.28 7497 91.79 70.10 94.48
DeepLab 76.65 96.56 69.39 92.56 65.78 99.24 75.01 97.98 79.24 94.06 74.86 96.08
PSPNet 71.69 95.73 66.67 91.62 63.08 99.18 72.07 97.72 79.49 93.12 71.67 95.47

Table 3.2: Performance Comparison of Segmentation Approaches

Method Dice Score Accuracy
U-Net Model 78.90% 99.34%
Classical Computer Vision Approach 31.96% 93.27%

in detecting road marking boundaries but also highlighted the comparative advantages over
the initial computer vision approaches. The results, both qualitative and quantitative, were
documented comprehensively, providing a clear depiction of the model’s reliability and the
effectiveness of integrating advanced deep learning methods into the road marking segmentation

process. we can see results in Figures 3.11 to 3.13.
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Figure 3.11: Example of Successful Detection on Validation Set Sample (1)
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Figure 3.12: Example of Successful Detection on Validation Set Sample (2)
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Figure 3.13: Example of Successful Detection on Validation Set Sample (3)
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Chapter 4

Road Surface Marking Quality
Evaluation Using Efficient VG(-16

model

4.1 Introduction

In this chapter, we delve into the advancements made in our road surface marking evaluation
pipeline through the development and deployment of the ”Efficient VGG-16" model. This in-
novative approach represents a significant enhancement over traditional VGG-16 based models,
specifically tailored to address the unique challenges of road surface marking deterioration—an
area that has seen limited exploration despite its critical importance for road safety and urban
planning.

The collaboration with the local government facilities of Mie prefecture in Japan provided access
to a valuable dataset of road images, which played a pivotal role in the training and fine-tuning
of our model. This dataset, enriched with binary masks and quality labels derived from a pre-
viously trained segmentation model, allowed for a nuanced understanding and characterization
of road marking conditions ranging from pristine to severely deteriorated.

Central to this study is the application of the ”Efficient VGG-16" model to this dataset, along-
side comparisons with standard VGG-16 and ResNet-18 architectures. By adapting the original
VGG-16 framework to better suit the specific needs of road surface analysis, we introduced
several optimizations aimed at enhancing processing efficiency and predictive accuracy. These
modifications were critical given the complexity and variability of the dataset which included
diverse lighting conditions, varying degrees of marking degradation, and different environmental
settings that typically challenge computer vision algorithms.

The optimization process involved not only architectural tweaks but also a comprehensive
reevaluation of the training process to better accommodate the unique dataset characteristics.
By employing advanced training techniques and leveraging powerful GPUs, the model achieved
a Mean Squared Error (MSE) of 3.62%, indicating a promising ability to accurately assess road
marking quality. This performance underscores the model’s potential to significantly impact
road safety measures by providing reliable, automated assessments of road marking quality.

Moreover, the implications of this research extend beyond mere technical achievement. By
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Figure 4.1: Slightly Deteriorated Marking

integrating such advanced monitoring systems, local governments and urban planners can better
manage and maintain traffic infrastructure, which is essential for the development of smarter,
safer urban environments. Additionally, the findings from this research offer valuable insights
for the ongoing development of autonomous driving technologies and advanced driver-assistance
systems, which rely heavily on high-quality road markings for navigation and safety.

As we progress through this chapter, we will explore the specific architectural details of the
"Efficient VGG-16" model, the tailored training regimen that was developed to maximize its
performance, and a detailed analysis of its evaluation results. This discussion will not only
highlight the technical aspects of the model but also its practical applications, setting the stage
for future innovations in the field of road surface monitoring and maintenance.

4.2 Dataset

In the course of developing the “Efficient VGG-16" model for assessing the quality of road
surface markings, a critical aspect was the preparation and utilization of the initial dataset. This
dataset comprised high-resolution RGB images as previously discussed, shown in Figures 4.1
and 4.2, each annotated with quality labels reflecting the condition of various traffic landmarks
captured within these images. The quality labels were assigned on a scale from 1 to 4, with
‘1’ indicating no deterioration and ‘4’ denoting complete deterioration, providing a graded
assessment of the condition of the road surface markings. The quality labels are shown in
Figure 4.3.

To facilitate a more focused analysis and enhance the model’s learning efficiency, the dataset
underwent a preprocessing phase where 800 selected images were transformed into binary masks.
These masks, stripped of their color information, highlight the structural integrity of the road
markings, excluding irrelevant background elements like the sky, vehicles, or vegetation that
could potentially skew the model’s learning process. Figures 4.4 and 4.5 illustrate these binary
masks, which serve as a cleaner, more direct input for training deep learning models.

Recognizing the need to enrich the dataset and introduce variability that mirrors real-world
conditions, extensive data augmentation techniques were employed. Initially, the binary masks
underwent a 30-degree rotation, effectively doubling the dataset size. Subsequent mirroring
of these rotated images further expanded the dataset, culminating in a comprehensive set of
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Figure 4.2: Road Marking in Good Condition
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Figure 4.3: Snapshot of Quality Annotations
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Figure 4.4: Example of Binary Mask by Segmentation Model

Figure 4.5:

Training Data (The top half of the image was cropped.)



Flipped and
rotated mask

Rotated mask

Figure 4.6: Examples of Data Augmentation (All of the masks shown would have the same
quality evaluation, since quality of landmarks does not change by flipping or rotating the
image.)

3,200 binary masks. Each mask was then resized to 800px by 400px, focusing exclusively on
the lower half where road markings are predominantly located, as the upper half generally does
not contain pertinent information for this specific task. Figure 4.6 shows the augmentation of
a sample from the dataset.

This approach to data preparation not only streamlined the input for the deep learning models
but also addressed the challenges faced by the models when training directly on RGB images.
In previous attempts, models trained on RGB data struggled to converge, likely confused by
the extraneous details present in full-color images. By transitioning to binary masks, the
model could concentrate on discerning the textural and structural nuances pertinent to the
road surface markings’ quality without the distraction of unrelated visual information.

Given the variable number of road marking types that could appear in an image and the
complexity this introduces in predicting a vector of quality evaluations, a simplification was
made. Rather than dealing with a multi-dimensional output, the quality labels for each image
were averaged, reducing the output to a single quality score per image. This simplification
allowed for a more streamlined model architecture and training process, making it feasible to
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Figure 4.7: Distribution of Labels in Dataset

train a model that accurately predicts the average quality of road markings across a diverse set
of images.

The final dataset, now enriched and appropriately formatted, presented a new challenge—imbalance
in the quality label distribution, as evidenced in Figure 4.7. This imbalance could potentially
bias the model towards more frequently represented classes. To mitigate this, regularization
techniques were integrated into the training process to ensure a balanced sensitivity to all cat-
egories of road surface quality. This section of the thesis details the methodical steps taken to
prepare the dataset for effective training of the ”Efficient VGG-16" model. It underscores the
thoughtful considerations and adaptations required to harness the power of deep learning for
the practical and impactful task of road surface marking quality evaluation. As we proceed, the
focus will shift to the architectural specifics of the ”Efficient VGG-16" model, the innovative
training strategies employed, and the rigorous evaluation process that underscores the model’s
potential in transforming road safety measures through advanced image processing techniques.

4.3 Models

4.3.1 VGG-16

VGG-16, which stands for Visual Geometry Group with 16 weighted layers, is a convolutional
neural network model. This model, developed by researchers from the University of Oxford,
has become one of the primary reference points in the field of deep learning, especially when
discussing image analysis and computer vision.

At its core, the VGG-16 model’s architecture is characterized by its simplicity, using only 3x3
convolutional layers stacked on top of each other in increasing depth. Convolutional layers,
in the realm of deep learning, refer to the layers of the neural network where the convolution
operation takes place. This operation involves the use of a filter or kernel which scans over
the input data (such as an image) to produce a feature map, effectively transforming the input
data into a form that makes it easier for the network to understand.

The depth of the network, which refers to the number of layers, is a significant factor in the
VGG-16 model. A deeper network allows for the extraction of more complex and high-level
features from the input image. In the VGG-16 model, depth is achieved with 13 convolu-
tional layers, interspersed with max-pooling layers for down-sampling, followed by three fully
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connected layers. Down-sampling, performed by the max-pooling layers, reduces the spatial
dimensions of the input, making the network less computationally intensive and reducing the
chances of overfitting. Overfitting is a common problem in machine learning where a model
performs exceptionally well on training data but poorly on unseen or new data.

Another hallmark of the VGG-16 model is its use of a large number of filters. Filters in
convolutional layers help detect specific features like edges, textures, and patterns. VGG-16
starts with 64 filters in the first layer and doubles the number as it goes deeper into the network,
reaching up to 512 filters.

Despite its depth and complexity, one of the advantages of VGG-16 is its uniform architec-
ture. This consistency makes it easier to implement and modify, which has contributed to its
popularity in the research community.

Activation functions play a critical role in neural networks, introducing non-linearity to the
model, which allows it to learn from the error and make adjustments, a process known as back-
propagation. VGG-16 uses the Rectified Linear Unit (ReLU) activation function throughout
its architecture. ReLU replaces all negative pixel values in the feature map with zero and has
been found to train deep learning models faster than other traditional activation functions.

Towards the end of the network, after several convolutional and max-pooling layers, the VGG-
16 has three fully connected layers. Fully connected layers are traditional layers where each
input node is connected to each output node. The final layer has a softmax activation function
that classifies the input image into one of the 1,000 predefined classes.

In summary, the VGG-16 model stands as a testament to the power of deep convolutional
neural networks in image recognition tasks. Its depth, combined with its simple and consistent
architecture, allows it to extract a wide range of features from input images, making it one of the
top-performing models in image classification challenges. Its design principles have influenced
many subsequent deep learning architectures for visual recognition tasks.

4.3.2 VGG-16 as Regression Model

VGG-16, as initially proposed, was designed for image classification tasks. However, the adapt-
ability and effectiveness of convolutional neural networks (CNNs) like VGG-16 make them
versatile tools, extendable beyond just classification. One such application is regression, a type
of predictive modeling technique where the goal is to predict a continuous value instead of a
discrete label.

The relationship between VGG-16 and regression stems from the underlying architecture of the
model. At its essence, VGG-16 extracts a plethora of features from input images through its
multiple convolutional layers. These features range from simple edge detections in the initial
layers to more complex patterns and structures in the deeper layers. Once these features are
extracted, they serve as a rich representation of the input data.

For regression tasks, the primary adaptation involves the final layers of the VGG-16 model. In
classification, the last fully connected layer typically employs a softmax activation function to
distribute the probabilities across multiple classes. For regression, however, this softmax layer
is replaced. Instead of predicting class probabilities, the network is modified to predict one
or more continuous values. This can be achieved by using a linear activation function in the
final layer, ensuring that the output can range across real-valued numbers. Several instances
highlight the use of VGG-16 for regression tasks:
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Facial Key Points Detection

In tasks where the goal is to identify specific points or landmarks on faces (like the corners of
eyes, tip of the nose, etc.), VGG-16 can be adapted for regression. Here, instead of classifying
different faces, the network predicts the x and y coordinates of these landmarks.

Age Estimation from Facial Images

Predicting a continuous value like age from facial images is another regression task. By training
a VGG-16 model on a dataset of faces with known ages, the network can be fine-tuned to
estimate ages from new, unseen images.

Gesture Recognition

In some advanced human-computer interaction scenarios, the precise angle or pose of a hand or
finger might be required. VGG-16 can be employed to regressively predict these angles based
on the image of the hand.

Object Localization

While object detection typically involves classifying and drawing bounding boxes around objects
in images, the exact coordinates of these bounding boxes can be predicted using regression.
VGG-16 can be adapted to predict the x and y coordinates of the top-left corner, along with
the height and width of the bounding box.

Medical Imaging

In healthcare, VGG-16 can be used for tasks like predicting the size or growth rate of tumors
from radiology images.

The adaptability of VGG-16 for regression tasks is further enhanced by transfer learning. Given
its pre-training on large datasets like ImageNet, the model already possesses a wealth of feature
detectors. By leveraging this pre-training, one can fine-tune the model on a smaller, task-specific
dataset, making it suitable for regression while benefiting from the knowledge it has already
acquired.

In conclusion, while VGG-16’s inception was rooted in image classification, its flexibility and ro-
bust feature extraction capabilities make it a potent tool for regression tasks. By making subtle
architectural changes, especially in the final layers, and employing transfer learning, VGG-16
can be tailored for a wide array of regression-based applications, showcasing its versatility in
the realm of deep learning.

L(p,y) = (p — )" (4.1)
1
—(p—y)? iflp—y|<o
Lo(p,y) = 2PV 1, ’i y.’ (4.2)
alp —y| — 20 otherwise
L(p,y) = log(cosh(p —y)) (4.3)

In the regression context using VGG-16, the equations provided facilitate the understanding of
various loss functions applied during training: Equation 5.1 represents the mean squared error
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loss, L(p,y) = (p—y)?, where p is the predicted value and y is the actual value. This loss function
is commonly used in regression tasks to minimize the difference between the predicted and true
values, emphasizing the penalty on larger errors. Equation 5.2 defines a smoothed L1 loss,
often referred to as Huber loss. This loss function is less sensitive to outliers than the squared
error loss. It behaves like a mean squared error when the error is small (less than a threshold
o) and as a linear function when the error is large, combining the benefits of both L1 and 1.2
regularization. Here, o acts as a threshold determining the switch between quadratic and linear
behavior. Equation 5.3 outlines the logarithm of the hyperbolic cosine of the prediction error,
L(p,y) = log(cosh(p — y)). This function gradually approaches a linear form at higher values
of error, reducing the influence of outliers in the predictions, while maintaining differentiability
and smoothness of the loss landscape.

These loss functions are critical in fine-tuning the VGG-16 model adapted for regression tasks.
They ensure that the model is robust against various types of errors and is sensitive to the
nuances of continuous output values. By employing these sophisticated loss measures, VGG-16’s
utility extends beyond classification, providing precise and reliable predictions for continuous
outcomes in diverse applications such as medical imaging and facial landmark detection.

4.3.3 Res-Net

Res-Net, short for Residual Networks, introduced a groundbreaking concept that changed the
landscape of deep learning, especially in the domain of computer vision. Before the inception
of Res-Net, one of the prevailing notions in neural network design was that deeper networks,
with more layers, would naturally result in better performance. However, training very deep
networks presented a unique set of challenges, notably the vanishing gradient problem. This
issue occurs during the backpropagation step of training, where gradients of the loss function
can become extremely small. As a result, weights in the initial layers of the network barely get
updated, leading to poor convergence.

The inventors of Res-Net tackled this problem with an innovative solution: residual blocks. The
central idea behind a residual block is quite intuitive. Instead of trying to learn an underlying
function directly, why not focus on learning the residual (or difference) between the input
and the desired output? In other words, if certain layers can already represent the underlying
function reasonably well, additional layers should be geared to learn only the difference between
the current representation and the desired one.

Each residual block in a Res-Net contains one or more convolutional layers followed by batch
normalization and a ReLU activation function. The output from these layers is then added to
the original input, creating a shortcut or skip connection. This skip connection ensures that
even if the weights of the convolutional layers become very small, the original input can still be
passed directly to subsequent layers, preserving the information and mitigating the vanishing
gradient problem.

The beauty of Res-Net lies in its scalability. Models with varying depths, such as ResNet-
18, ResNet-34, ResNet-50, and even ResNet-152, have been successfully trained, setting new
performance benchmarks on several datasets.

Another advantage of Res-Net is that it generalizes well across different tasks. While it was
initially designed for image classification, Res-Net architectures have been employed for object
detection, image segmentation, and even some natural language processing tasks. The residual
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blocks help the network adapt to different complexities and data distributions, ensuring that
it doesn’t overfit to a specific training set.

Furthermore, the concept of residual learning introduced by Res-Net has inspired several sub-
sequent innovations in neural network design. Variants like DenseNet expanded on the idea
by introducing dense connections where each layer receives input from all preceding layers.
Another variant, ResNeXt, incorporates grouped convolutions into the residual blocks for more
efficient learning.

In essence, Res-Net revolutionized the way we perceive and design deep neural networks. By
introducing the simple yet powerful concept of residual learning, it not only alleviated the
challenges of training deep networks but also paved the way for even deeper and more efficient
architectures. Whether you’re dealing with image data, text, or even audio, the principles be-
hind Res-Net offer a robust foundation for building state-of-the-art models in various domains.

4.3.4 Efficient-Net

EfficientNet emerged as a compelling response to a crucial question in deep learning: How can
we scale up convolutional networks in a manner that ensures better performance without an
exponential increase in computational demand? Typically, when one thinks of scaling neural
networks, it’s either about making the network deeper (adding more layers), wider (increasing
the number of channels or neurons), or increasing the resolution of the input images. But
figuring out the right balance between these dimensions can be tricky, and naively scaling up
any of these dimensions can lead to suboptimal results or excessive computational costs.

EfficientNet’s brilliance lies in its systematic approach to this scaling dilemma. Instead of
independently scaling each dimension, EfficientNet introduced a compound scaling method.
This method uses a fixed set of scaling coefficients for depth, width, and resolution that are
determined based on the available computational budget. The idea is to scale all dimensions
of the network in a balanced way, ensuring that each part of the network scales in proportion
to the others.

The journey of EfficientNet began with the development of a baseline model named EfficientNet-
BO. This model was discovered through a neural architecture search, ensuring that it was
already optimized for performance. Once this baseline was established, it was scaled up to
create a series of models (from EfficientNet-B1 to EfficientNet-B7) using the compound scaling
method.

At the heart of the EfficientNet architecture is the use of mobile inverted bottleneck blocks
(MBConv), a design element borrowed from another influential model, MobileNetV2. These
blocks are incredibly efficient and are particularly suitable for mobile and edge devices due
to their reduced computational requirements. The inclusion of squeeze-and-excitation blocks
within the MBConv further improves the model’s capacity to focus on the most informative
channels.

One of the standout features of EfficientNet is its incredible efficiency in terms of parameters and
operations. For instance, EfficientNet-B7 achieves state-of-the-art performance on benchmarks
like ImageNet but does so with significantly fewer parameters and operations compared to other
models of similar capacity. This efficiency is a testament to the power of balanced scaling and
the architectural choices made in the design of EfficientNet.

Besides image classification, the principles and architecture of EfficientNet have been adapted
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Figure 4.8: Changes of Original VGG-16 Model for Efficient VGG-16

for various other tasks. Transfer learning with EfficientNet, where a model is pre-trained on
a large dataset and then fine-tuned on a smaller, task-specific dataset, has shown exceptional
performance across a multitude of tasks, from object detection to medical imaging.

In summary, EfficientNet represents a paradigm shift in how we approach the scaling of neural
networks. By balancing the scaling of depth, width, and resolution and by leveraging efficient
architectural components, EfficientNet delivers state-of-the-art performance while maintaining
computational efficiency. It’s a testament to the fact that with thoughtful design and scaling,
it’s possible to build models that are both powerful and efficient, making them suitable for a
wide range of applications, from cloud-based solutions to on-device deployments.

4.3.5 Efficient VGG-16

The Efficient VGG-16 is a new version of the well-known VGG-16 model, which is commonly
used in deep learning. The main idea behind creating this new model was to make it work
faster and use fewer resources without losing the ability to identify the quality of road markings.
Figure 4.8 and Figure 4.9 show the modifications made to the VGG-16 model in order to obtain
the new model. In the regular VGG-16 model, it uses a lot of details and calculations, which
makes it slow and heavy. This is because it has a high number of parameters, which are the
settings it needs to check and adjust to learn from images. The more parameters, the more
the model needs to compute, and sometimes, having too many can even make the model learn
wrong patterns from the data.

To solve this, the Efficient VGG-16 changes the way the model looks at images. Instead of
shrinking the image little by little using a small max-pooling filter of 2x2, it uses a bigger
max-pooling filter of 8x8. This means it looks at bigger parts of the image at once and reduces
the image size faster. For an image that is 800x400 pixels in size, the new model creates a
summary of the image that is 512x6x19 in size. This smaller size means it needs fewer settings
or parameters, around 270 million in total.

When compared to the regular VGG-16 using the same image size, the regular model creates a
bigger summary of 512x12x25 and needs around 661 million parameters. This shows that the
Efficient VGG-16 is much simpler and lighter.

To make sure the Efficient VGG-16 is actually better and not just simpler, we tested it against
other versions of the VGG-16 model with different image sizes. The results showed that the
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Figure 4.9: Comparison of Performance of VGG-16 and Efficient VGG-16 Models

Efficient VGG-16 did a good job, even with fewer parameters.

In short, the Efficient VGG-16 takes the best parts of the VGG-16 model and makes them
simpler and faster. This makes it a great choice for looking at images and understanding road
markings, and it could be useful for many other tasks in the future.

The Efficient VGG-16 model introduces several key optimizations to the classic VGG-16 archi-
tecture to improve efficiency and performance. Below are some equations that describe these
enhancements:

HxW
52
Equation 4.4 calculates the number of parameters in the Efficient VGG-16, where H and W
are the height and width of the input image, s is the size of the new larger maxpooling stride,
D is the depth of the feature maps, and N is the number of convolution filters. This shows
how increasing the maxpooling size reduces the spatial dimensions of the feature maps, thereby

reducing the total number of parameters.

Output Size = <E, E) (4.5)

S S

Params, ey = x D x N (4.4)

Equation 4.5 demonstrates how the spatial dimensions of the output feature maps are reduced
by the larger maxpooling size s. This reduction is directly proportional to the stride, enhancing

o8



processing speed by decreasing the computational load.

Paramsoriginal

Efficiency Ratio = (4.6)

Params,cy
Equation 4.6 defines the efficiency ratio, comparing the number of parameters in the original

VGG-16 model to the Efficient VGG-16. This ratio quantifies the improvement in parameter
efficiency, which contributes to faster processing and reduced memory usage.

1
YT
Equation 4.7 calculates the effective processing time T for the Efficient VGG-16, where T;
represents the processing time per layer. The harmonic mean provides a better average when

dealing with rates, highlighting the speed improvement due to the reduced number of operations
per layer.

T= (4.7)

These equations and their parameters highlight the technical underpinnings of the Efficient
VGG-16 model, demonstrating how changes in architecture lead to gains in computational
efficiency while maintaining effective learning and prediction capabilities.

4.4 Experimental Results and Analysis

The training process of our models is an intricate journey, where we ensure the models learn
effectively from the data they’re provided. As shown in the flowchart in Figure 77, our data was
organized into different batches - 73 samples for validation, 145 for testing, and 582 for training.
Before applying data augmentation, a technique used to artificially increase the amount of data
by slightly altering the original images, we ensured that the data was separated using a 5-fold
cross-validation technique. This technique ensures the models are exposed to different subsets
of the data throughout the training, promoting better generalization when they encounter new
data.

The models’ input is structured as 800x400 pixel binary masks, each having a label representing
the average quality of the road markings. For the traditional VGG-16 model, however, the input
size was tweaked to 510x255 pixels. These models were trained over a span of 1000 steps, after
which they were evaluated based on how well they performed on the test set. The results are
shown in Table 7.1 and Table 5.2.

A pivotal part of training deep learning models is the choice of the loss function. It’s essentially
the guiding star for the model, telling it how far off its predictions are from the actual values.
We explored three different loss functions - Square loss, Huber loss, and Log-cosh loss. Each of
these comes with its own set of advantages and challenges.

The Square loss, a staple in regression tasks, calculates the squared difference between the actual
and predicted values. It’s known for its quick convergence due to the way it’s structured. When
the error is high, the square loss function penalizes the model heavily, making it adjust more
aggressively. However, this also means it’s very sensitive to outliers, potentially leading the
model astray.

Huber loss, on the other hand, tries to strike a balance. It combines the features of both squared
loss and absolute loss functions. Depending on the error’s magnitude, it decides which function

29



Initial Dataset

Quality —
Labels

Segementation Model
!

Binary

Masks

l v
| Training Quality Evaluation
Models

v

Testing

No

ood Enough

Yes

Evaluation on
Validation Set

Figure 4.10: Flowchart Summarizing Process for Training each Model

to use. It’s like a safety net, ensuring the model doesn’t get too penalized by outliers, which is
an issue with the square loss. But it’s a bit more complicated, potentially making the training
process a tad more involved.

Lastly, the Log-cosh loss is an interesting one. It shares similarities with Huber’s loss, including
being differentiable everywhere, which is a nice property when optimizing. However, it tends
to plateau for large errors, meaning the model might not correct itself as aggressively as one
might want.

In essence, the choice of loss function plays a fundamental role in shaping the model’s learning
journey. By comparing these functions, we aim to understand their effects on the training
process, ensuring we choose the best one for our specific problem. Some qualitative results are
shown in Figure 4.11.
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Table 4.1: Performance Results on Test Set (NVIDIA GeForce RTX 3090 GPU)
Test Set Evaluation
Model Corr MSE% R2 Acc% Number | Time per
of param- | image
eters
Efficient | 0.95 3.04% 0.91 84.44% 271M 12.50ms
VGG-16
VGG-16 | 0.94 3.711% 0.89 80.10% 661 M 13.78ms
(800x400p
VGG-16 | 0.96 3.10% 0.91 83.77% 300M 11.00ms
(520x260p
VGG-16 | 0.93 4.52% 0.87 78.92% 252M 9.79ms
(510x255p
Efficient- | 0.07 33.41% 0.00 13.87% 4M -
Net
Res-Net- | 0.742 15.49% 0.53 44.08% - -
18
Efficient | 0.94 100.42% | -2.07 0.64% 271M -
VGG-16
Huber
loss
Efficient | -0.011 114.59% | -2.50 28.20% 271M -
VGG-16
cosh loss

Predicted = 19.62%

ﬁ-ﬁue = 20%

Error=0.37%

Predicted = 19.03%

ﬁ-ﬁue = 20%

Error = 0.96%

Predicted =21.92%

ﬁ-ﬁue = 20%

Error = 1.93%

Figure 4.11: Example of Qualitative Result (Pprediction of Deterioration Rate)
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Table 4.2: Performance Results on Validation Set (NVIDIA GeForce RTX 3090 GPU)

Validation Set Evaluation

Model Corr MSE% R2 Acc% Number | Time per
of param- | image
eters

Efficient | 0.94 3.62% 0.89 82.87% 271M -

VGG-16

VGG-16 | 0.93 4.70% 0.86 77.73% 661 M -

(800x400p

VGG-16 | 0.94 3.78% 0.88 82.87% 300M -

(520x260p

VGG-16 | 0.91 6.04% 0.81 72.60% 252M -

(510x255p

Efficient- | 0.09 32.57% 0.00 17.46% 4M -

Net

Res-Net- | 0.73 16.35% 0.51 44.73% - -

18

Efficient | 0.92 98.14% -1.90 02.04% 271M -

VGG-16

Huber

loss

Efficient | 0.05 110.98% | -2.28 30.70% 271M -

VGG-16

cosh loss




Chapter 5

Building a Large Binary Mask Dataset
and Surveying Segmentation Models

5.1 Introduction

Embarking on the journey of developing a segmentation solution, as detailed in the preceding
chapter, unveiled a panorama of possibilities that convolutional neural networks (CNNs) offer
for solving complex segmentation tasks. The realization that numerous segmentation models
exist, each with its unique capabilities and idiosyncrasies, propelled us into conducting an
in-depth exploration of these models. Our aim was to not just understand the breadth of
segmentation CNNs available but to dissect their functionalities, strengths, and limitations
through a meticulous comparative analysis. This endeavor was not merely academic but a
foundational step toward refining our segmentation approach, ensuring that we leverage the
most effective model tailored to our specific needs in road surface marking detection.

Understanding the intricacies of these models necessitated a structured approach to evaluation.
To this end, we embarked on survey research, an analytical journey that required a compre-
hensive dataset of labeled images as its cornerstone. These labels, or binary masks, serve as
indicators of road surface markings within the images, distinguishing them from the surround-
ing environment. Creating such a dataset posed a significant challenge, as it required precise
and accurate labeling that could accurately represent the real-world scenarios depicted in the
images.

Addressing this need led to the development of a specialized software tool, an innovation born
out of necessity. As discussed previously, this tool was designed from the ground up to facilitate
the manual labeling of images, allowing us to create binary masks with a high degree of accuracy.
Utilizing this software, we meticulously labeled 400 images, a task that, while labor-intensive,
was crucial for laying the groundwork for our segmentation model training. This initial set
of labeled images then served as the training data for a U-Net model, chosen for its proven
effectiveness in similar tasks.

The trained U-Net model became a pivotal tool in our arsenal, enabling us to perform inference
on the original, larger dataset. This step was instrumental in pre-filtering the dataset, iden-
tifying and segregating images where the segmentation results did not meet our standards of
accuracy. Recognizing the limitations of relying solely on automated segmentation for dataset
preparation, we developed a new software tool. This tool was designed with a specific purpose:
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to streamline the review process, allowing us to efficiently filter out incorrectly segmented im-
ages and refine the dataset further.

This iterative process of manual labeling, model training, automated inference, and rigorous
filtering culminated in the creation of a robust dataset. This dataset, enriched with accurately
labeled images of road surface markings, became the foundation of our survey research. It
not only enabled us to conduct a comprehensive comparative analysis of various segmenta-
tion models but also ensured that our findings were grounded in real-world applicability and
relevance.

Our survey research transcended a mere academic exercise. It was a quest for optimization,
a search for the segmentation model that not only promised theoretical excellence but also
demonstrated practical efficacy in detecting road surface markings. Through this survey, we
delved into the architecture, performance metrics, and application scenarios of each model,
comparing them against the backdrop of our specific use case. This meticulous evaluation
aimed to distill insights that could guide the future direction of segmentation in road surface
marking detection, potentially setting new benchmarks for accuracy and efficiency.

As we venture into the details of this survey in the following sections, we not only aim to share
our findings but also to illuminate the path for future research in this domain. The develop-
ment of the dataset and the ensuing comparative analysis of segmentation models represent
pivotal milestones in our ongoing exploration of computer vision’s potential to revolutionize
traffic management and road safety. This chapter, therefore, is not just a recounting of our
methodological journey but a testament to the transformative power of targeted research and
technological innovation in addressing real-world challenges.

5.2 Building Dataset

The foundation of any robust machine learning project is a well-constructed dataset. For our re-
search, we were fortunate to have access to a comprehensive collection of 13,000 high-resolution
images (3000x1600 pixels) provided by the local government facilities of Mie Prefecture. These
images present a rich tapestry of the region’s road network, capturing a diverse array of sce-
narios that include bustling urban intersections, serene rural roads, and challenging off-road
segments. This variety ensures that our dataset is not only extensive but also reflective of
real-world conditions.

These images were not uniform in their composition; they depicted varied lighting conditions
and a range of complexities, such as areas with significant glare, shadowy patches, deteriorated
road sections, and visible traffic signs. Each of these elements introduces particular challenges
for segmentation models, making the dataset an excellent test bed for evaluating the robustness
of different algorithms. The diversity within the dataset is critical, as it pushes the boundaries
of what segmentation models must handle and helps in developing solutions that are adaptable
to a wide range of real-world scenarios.

The crux of our segmentation task lies in the accurate identification of road surface markings,
which necessitates detailed pixel-wise labeling of each image. These labels, or binary masks, are
created such that each pixel is assigned a value of 1 if it corresponds to a road surface marking,
and 0 otherwise. This meticulous process of labeling is pivotal as it directly influences the
training effectiveness and eventual performance of our segmentation models.

In our initial efforts, as documented in our first publication, we developed a specialized anno-
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Figure 5.2: Color-coded Up-pool Operation

labels for each pixel within a given input image, effectively partitioning the image according
to predefined criteria. In typical implementations, the output of these segmentation networks
employs one-hot encoding, where each class label is represented by a unique binary code in the
output channels. This results in the number of output channels being equivalent to the number
of classes being identified. For our specific application, where the focus is singularly on road
surface markings, the output from each of the models we trained is a two-dimensional binary
mask, indicating the presence or absence of the marking.

Segmentation models are generally structured around an encoder/decoder framework. Initially,
the input image undergoes a series of downsampling operations through convolutional layers,
which reduce its resolution while extracting and condensing the feature information. This low-
resolution feature map encapsulates the essential details needed to understand and segment the
image but at a reduced scale.

The next phase involves upsampling these compressed features back to the original resolution
of the input image, forming the precise segmentation map. This is where the models diverge
significantly from typical convolutional operations.

Upsampling in segmentation networks is a pivotal operation, reintroducing spatial dimensions
that were compressed during downsampling. It allows the network to project the learned
abstract features back onto the high-resolution grid necessary for pixel-level classification. Two
primary techniques for upsampling are prevalent among the models we studied.

Up-pooling increases the spatial dimensions of the input by scaling up each value to cover a
larger area on the output feature map. One common variant of up-pooling is ” Nearest Neighbor”
upsampling, which replicates the input values across the expanded area, as illustrated in our
referenced Figure 5.2 and Figure 5.3. This method, while straightforward, can sometimes lead
to a blocky, less precise restoration of image details.

Transpose Convolution, More sophisticated than up-pooling, transpose convolution, also known
as deconvolution, involves reversing the forward convolution process. Unlike standard convo-
lution that aggregates input data through a filter to produce a single output at each location,
transpose convolution takes a single input from the compressed feature map, applies the filter,
and spreads the result across a larger area in the output. This process is depicted in 2D form
in Figure 5.4 and simplified further in a 1D representation in Figure 5.5.

While transpose convolution is generally preferred for its ability to learn optimal upsampling
from the data itself, it is not without drawbacks. One notable issue is the potential for ” checker-
board artifacts,” where the overlapping of deconvolved outputs can lead to uneven or striated
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Figure 5.5: Operation of 1D Transpose Convolution for Purpose of Clarification
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patterns in the reconstructed image. This artifact arises when the spread regions from adjacent
activations overlap, a situation exacerbated by certain stride and kernel size configurations in
the transpose convolution layers.

To mitigate issues like checkerboard artifacts, careful consideration is needed when configuring
the parameters of transpose convolutions. Ensuring that the outputs do not overlap or adjusting
the stride and padding settings can help in producing smoother, more uniform segmentation
maps.

As we transition into the subsequent sections that detail the training and testing of these
models, we will explore how each model handles the upsampling challenges and their efficacy in
providing high-fidelity segmentation results. Our comparative analysis will focus not only on
the architectural strengths and weaknesses of each model but also on their practical performance
in segmenting road surface markings from diverse urban and rural scenes. This discussion will
culminate in a robust understanding of which segmentation strategies are most effective and
under what conditions, providing valuable insights for future applications in automated image
segmentation.

5.4 Training and Testing

The training of segmentation models requires significant computational resources, especially
when working with high-resolution datasets like ours, which includes 12,000 images. Managing
these resources efficiently is crucial to the success of the project. We divided the dataset
into several parts to facilitate a balanced approach to training and evaluation. Specifically, we
allocated 10,000 images for training, which allows the models to learn from a diverse set of data,
representing various road conditions and scenarios. We reserved 1,000 images for validation and
another 1,000 for testing. This separation ensures that we can periodically assess the model’s
performance against data it hasn’t seen during training, which is critical for tuning the models
and preventing overfitting. Figure 5.6 shows the process of training each segmentation model.

Training segmentation models is computationally expensive, particularly due to the high res-
olution of our images. Each image is resized to 1600x1600 pixels, requiring significant GPU
resources to process. We conducted our training on a GeForce RTX 3090 GPU using Pytorch,
which provided the necessary computational power to handle the dataset efficiently.

During the training process, we implemented an early stopping mechanism to optimize com-
putational efforts. If a model showed no improvement on the test set after five consecutive
epochs, we halted further training. This approach helps in conserving resources and avoiding
unnecessary computations that do not yield better results. For the Mask-RCNN model, train-
ing was specifically stopped once we observed that the training loss plateaued, indicating that
continuing training would likely not result in further gains.

The loss function used for training is a critical component of our setup. It is composed of a
weighted sum of Dice loss and Focal loss. This combination was chosen based on its proven
effectiveness in previous work where it was beneficial for datasets with imbalanced classes. In
our case, the dataset contains significantly more background pixels than target pixels, which
classifies the target class of road surface markings as a “hard” class due to its rarity. The
Focal Loss is particularly useful in such scenarios as it helps to focus more on hard-to-classify
examples by adjusting the focus parameter, thus improving model performance on minority
classes. The Dice Loss, on the other hand, is crucial for ensuring good boundary detection, a
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Figure 5.6: Process of Training Segmentation Models

key factor in the quality evaluation of road surface markings.

The formulas for the Dice Loss and Focal Loss are critical to understanding how they influence
model training: Dice Loss is calculated using the formula provided in Equation 5.1, where pi
represents the predicted pixel values, gi is the ground truth, and N is the total number of pixels.
Focal Loss is detailed from Equation 5.2 to Equation 5.5, with p representing the predicted
pixel values, y the true pixel values, and «, v are hyperparameters set to 2 and 10, respectively,
to adjust the model’s sensitivity to the target class.

25N gip;
> P+ gf
—log(p) ify=1
CrrossEntropy(p,y) = ) (5.2)
—log(l —p) otherwise
ify=1
pe = {p o (53)
1—p otherwise
CrrossEntropy(p,y) = CrrossEntropy(p;) = — log(p:) (5.4)
FocalLoss(pt) = —a(1 — py)" log(pr) (5.5)
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Through this detailed setup and careful monitoring, we aim to develop robust models capable
of accurately segmenting road surface markings from diverse images, thereby enhancing the
reliability and efficiency of traffic management systems.

5.5 Results and Analysis

Following a rigorous training and testing regime, the performance of our segmentation models
was carefully analyzed across both the test and validation sets. We employed a variety of
metrics to gain a comprehensive understanding of each model’s strengths and weaknesses. The
findings from this analysis were systematically presented in table 7.1 and table 5.2, providing
a clear comparative perspective.

Table 5.1: Performance Results (Test Set)

Encoder type | mean IoU | Dice score Accuracy Number of pa-
score score rameters

U-Net models

VGG-16 38.80% 88.24% 99.14% 23M

VGG-19 38.78% 88.25% 99.14% 29M

Inception-v4 40.58% 88.97% 99.15% 48M

Resnet-18 38.91% 87.84% 99.13% 14M

PSPNet models

VGG-16 42.97% 85.83% 99.10% 15M

VGG-19 41.91% 85.78% 99.10% 20M

Inception-v4 40.43% 84.84% 99.09% 41M

Resnet-18 38.79% 83.61% 99.07% 11M

DeepLab models

Resnet-18 39.29% 85.50% 97.76% 156M

Resnet-34 40.63% 85.95% 97.80% 26M
FCN models

Resnet-50 [ 39.17% [ 84.20% [ 99.05% [ 32M
Mask RCNN

VGG-16 | 30.16% | 39.53% | 96.16% | 44M

Seg-Net
VGG-16 | 38.88% | 84.68% [ 99.09% | 29M
Link-Net
Resnet-34 [ 38.75% | 87.73% [ 99.13% [ 21IM

Consistency Between Testing and Validation Interestingly, our analysis revealed that the per-
formance disparities between the test results and the validation results were minimal. This
consistency is indicative of the robustness of the training regimen, which included monitoring
the Dice score at each epoch on the test set and halting training when improvements in the
Dice score ceased. This approach proved effective in mitigating the risk of overfitting, which is
a common challenge in machine learning models.

Challenges with Mask-RCNN In the case of the Mask-RCNN model, however, the outcomes
were less favorable. This model struggled to converge as effectively as others and exhibited
a noticeable decline in Dice score performance when transitioning from the test set to the
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Table 5.2: Performance Results (Validation Set)

Encoder type | mean IoU | Dice score Accuracy Number of pa-
score score rameters

U-Net models

VGG-16 39.60% 88.43% 99.10% 23M

VGG-19 39.56% 88.17% 99.15% 29M

Inception-v4 41.46% 88.91% 99.15% 48M

Resnet-18 39.71% 87.56% 99.13% 14M

PSPNet models

VGG-16 43.59% 85.73% 99.11% 15M

VGG-19 42.58% 85.71% 99.11% 20M

Inception-v4 41.16% 84.86% 99.10% 41M

Resnet-18 39.58% 83.58% 99.07% 11M

DeepLab models

Resnet-18 40.07% 85.57% 97.79% 15M

Resnet-34 41.28% 85.90% 97.81% 26M
FCN models

Resnet-50 | 39.96% | 83.98% [ 99.05% | 32M
Mask RCNN

VGG-16 | 31.44% | 27.93% [ 96.25% | 44M

Seg-Net
VGG-16 | 39.70% | 84.89% 1 99.09% | 29M
Link-Net
Resnet-34 | 39.53% | 87.50% [ 99.13% | 21M

validation set. This drop suggests that the training strategy, which focused predominantly on
tracking training loss, may have inadvertently led to overfitting. Such a scenario underscores
the need for a more nuanced approach to training loss monitoring and model evaluation.

Superiority of U-Net in Dice Performance The U-Net models demonstrated a significant ad-
vantage in terms of the Dice score, reaffirming the efficacy of the concatenation method used
in these models to preserve information through the encoder and decoder segments of the net-
work. This method minimizes information loss and enhances the model’s ability to accurately
segment images based on learned features.

PSP-Net and Spatial Pooling Efficiency On another front, PSP-Net models excelled in achieving
higher mean Intersection over Union (IoU) scores. This metric is particularly telling of a model’s
ability to precisely delineate the area of overlap between the predicted segmentation and the
ground truth. The success of PSP-Net in this area can be attributed to its pyramid spatial
pooling technique, which effectively captures contextual information at various scales, thus
enhancing segmentation accuracy.

Link-Net’s Efficiency and Simplicity Link-Net also emerged as a noteworthy model, surpassing
the 87% Dice score threshold with only 21 million parameters. This result is particularly
impressive, showcasing Link-Net’s ability to offer a favorable balance between model simplicity
and segmentation efficacy, compared to more complex models like Seg-Net, DeepLab, and PSP-
Net.

Limitations of Accuracy as a Metric Despite the high accuracy scores (above 98%) achieved
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by all models, this metric proved to be a less reliable indicator of model performance for our
specific segmentation task. Due to the predominance of background pixels over target pixels in
our dataset, a model predicting all pixels as background could still achieve high accuracy while
failing at meaningful segmentation of road surface markings.

The results across different encoder types in the U-Net models show VGG-16 outperforming
VGG-19 with a Dice score of 88.43% and an accuracy of 99.10% while only using 23M parame-
ters. This suggests a better efficiency of VGG-16 in utilizing fewer parameters to achieve slightly
better segmentation results. On the other hand, VGG-19, with 29M parameters, showed a min-
imal decrease in performance which raises questions about the cost-benefit of the additional
complexity.

Inceptionv4 used in U-Net models stands out with a higher mean IoU score of 41.46% and
a Dice score of 88.91%, making it one of the best performers in terms of balancing segmen-
tation accuracy and boundary precision, albeit at a higher computational cost given its 48M
parameters.

Resnet-18, while having the least parameters among the U-Net models at 14M, shows commend-
able performance with a Dice score of 87.56% and an accuracy of 99.13% . This highlights its
efficiency in handling segmentation tasks with fewer resources, though it falls slightly behind
Inceptionv4 and VGG-16 in Dice performance.

For the PSPNet models, the VGG-16 encoder leads with a mean IoU of 43.59% and a Dice
score of 85.73%, which is notable for its higher spatial overlap accuracy. This model, with only
15M parameters, provides a strong argument for its use in applications where IoU is a critical
metric. Conversely, the VGG-19 encoder doesn’t significantly improve on this performance
despite having more parameters.

Inceptionv4 in PSPNet models doesn’t perform as well as it does in U-Net configurations, which
could suggest that the network architecture may not synergize as well with the PSP pooling
strategies, reflected in both lower IoU and Dice scores.

Resnet-18 in PSPNet shows the lowest performance among its group, which might indicate lim-
itations in its ability to upscale detailed features necessary for precise segmentation in complex
pooling structures like those in PSPNet.

DeepLab models using Resnet as an encoder show a moderate performance with Resnet-34
slightly leading over Resnet-18, suggesting that increased depth can help in capturing more
complex features beneficial for segmentation tasks, but the difference isn’t stark, indicating a
potential area of diminishing returns when adding depth.

FCN models with Resnet-50 didn’t achieve as high performance as some of the simpler U-Net
configurations, which might be due to the inherent challenges in upscaling in FCN architectures
which can dilute detailed features necessary for high-quality segmentation.

Mask RCNN with VGG-16 showed significantly lower performance across all metrics, which
may reflect challenges in adapting the Mask RCNN architecture for this particular type of
segmentation task, possibly due to its typical use in instance segmentation which focuses on
object detection rather than pixel-wise classification.

Seg-Net using VGG-16 and Link-Net with Resnet-34 show performances that are comparable to
simpler U-Net models, indicating that while these models are capable, they do not necessarily
provide a clear advantage over the U-Net with a VGG-16 encoder in terms of efficiency and
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efficacy for this dataset.

These results contribute valuable insights into the trade-offs between model complexity, pa-
rameter count, and performance across various metrics. They underscore the importance of
selecting the right model architecture tailored to specific needs of the segmentation task at
hand, balancing precision, efficiency, and computational demands.

This survey not only serves as a detailed reference for the research community interested in
segmentation models but also highlights our efforts to refine solutions for road surface marking
detection. The insights derived from this study pave the way for future endeavors in traffic
landmark quality evaluation, crucial for enhancing road safety and maintenance protocols.
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Chapter 6

Enhancing Road Surface Marking
Reconstruction Through Synthetic
Noise and Autoencoder Techniques

6.1 Introduction

Building upon the established necessity of maintaining visible and effective road surface mark-
ings, this chapter introduces a novel autoencoder-based solution designed to reconstruct these
markings from a state of degradation. This approach marks a significant advancement in our
ongoing efforts to automate and enhance the accuracy of road marking assessments. We can
see some examples of road markings in their original state in Figure 6.1 which is the state we
will try to restore the deteriorated markings to. Some examples of deteriorated markings can
be seen in Figure 6.2.

Previous methods, while effective within their specific contexts, often relied heavily on sub-
jective assessments or were constrained by the granularity of data derived from traditional
imaging techniques. To address these limitations, this research leverages a more objective,
data-driven approach through the use of synthetic noise data, simulating the natural deterio-
ration processes of road markings. This technique allows for a controlled replication of various
degradation conditions, providing a robust training environment for our models.

The introduction of an autoencoder model in this study is predicated on its ability to learn
efficient data codings in an unsupervised manner, specifically for the task of predicting the
degradation state of road markings. Autoencoders are particularly suited for this kind of
application because they excel in capturing and reconstructing the underlying patterns in the
data, even when the data has been corrupted or is incomplete.

In the deployment of this model, we first utilize a pre-existing segmentation model to isolate
the road markings from their backgrounds effectively, as shown in Figure 6.3. Following this
segmentation, synthetic noise is introduced to the isolated markings as seen in Figure 6.4, mim-
icking real-world deterioration effects such as fading, cracking, and wear. The autoencoder is
then trained not only to filter out this noise and reconstruct the road markings to their near-
original state but also to refine the model’s ability to generalize from synthetic to real-world
conditions. This chapter details the process of developing the autoencoder architecture, the
training regimen adopted, and the synthetic noise models used. It discusses the comprehensive
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Figure 6.1: Example of Road Surface Markings (good Condition)
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Figure 6.2: Example of Road Surface Markings (Deteriorated Condition)
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Figure 6.3: Example of Segmentation Step Performed on Original Images
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Figure 6.4: General Structure of Pipeline Proposed by Autoencoder Approach
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testing and validation of the model, emphasizing the challenges encountered when applying the
trained model to real-world data. The outcomes of these experiments are crucial in illustrat-
ing the potential and limitations of using deep learning techniques for the reconstruction and
ongoing assessment of road surface markings.

By advancing this autoencoder approach, this research contributes to the broader field of traffic
management by providing a scalable, efficient tool for monitoring and restoring the clarity and
visibility of road markings, thereby enhancing road safety and traffic flow efficiency.

6.2 Autoencoder Model for Road Marking Reconstruc-
tion

Building on the foundational dataset described earlier, the focus of this section of the thesis
is on a novel autoencoder model designed specifically for the reconstruction of road surface
markings. This model uses a sophisticated combination of U-Net and Pyramid Scene Parsing
Network architectures to handle synthetic noise data simulating real-world degradation of road
markings, ensuring the process approaches real-life conditions as closely as possible.

6.2.1 Circle Noise

In the development of an autoencoder aimed at reconstructing road surface markings from
synthetic noise-augmented data, we employed a strategic approach to simulate the real-world
deterioration of these markings. This step was crucial in preparing the models to handle
actual road conditions effectively. Deterioration in road markings can stem from various factors
including weather exposure, the constant stress of vehicular traffic, and environmental effects,
all of which degrade the quality and visibility of these crucial navigational aids.

To introduce realistic challenges into our training dataset, we implemented a method of syn-
thetic noise generation that mimics these common forms of deterioration. Specifically, we
started by adding random black circles to approximately half of the dataset images. These
circles serve as a proxy for common physical damages such as holes, cracks, and large chips
that are frequently caused by the heavy wear and frequent impact from vehicles. Such defects
not only compromise the functionality of road markings but also pose safety risks by reducing
the clarity of road layouts for drivers.

The choice to simulate such imperfections was informed by observations and studies indicating
that these types of physical deteriorations are among the most common and impactful on road
safety. By integrating these simulated defects into our training images, the autoencoder is
tasked with identifying and reconstructing markings as they might appear post-damage, thus
enhancing its capability to generalize from synthetic training scenarios to real-world conditions.

This synthetic deterioration approach helps the model to better understand the varied textures
and contrasts that characterize damaged road surfaces. Training on this enhanced dataset en-
sures that the autoencoder develops robust pattern recognition abilities, crucial for the accurate
reconstruction of degraded markings. The logic behind using random placement and sizing of
the black circles was to ensure that the model does not overfit to specific patterns of damage,
but rather learns to recognize and react to a wide range of imperfection scenarios.

Furthermore, this method of introducing synthetic noise is beneficial for testing the model’s
effectiveness in differentiating between actual road markings and similar-looking anomalies.
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This differentiation is vital as it directly affects the model’s practical application in real-world
settings, where a multitude of extraneous visual elements can potentially be mistaken for road
markings by less discerning models.

The introduction of synthetic noise to mimic deterioration is a nuanced process, requiring
careful balance to ensure that the generated images remain realistic and represent a broad
spectrum of potential real-world conditions. The success of this approach hinges on the ability
of the model to learn from these complexities and still perform effectively when confronted
with actual degraded road markings. This training methodology not only enhances the model’s
accuracy but also its applicability in diverse operational environments where road markings
vary significantly in design, color, and condition.

By rigorously training the autoencoder with these synthetically altered images, we aim to equip
it with the necessary skills to accurately identify and reconstruct road markings from varied
states of decay, thus supporting efforts to maintain clear and reliable road signage. This is
particularly crucial for the safety of all road users and the efficiency of traffic management
systems, especially as we move towards more automated and assisted driving technologies. An
example of the application of this noise can be seen in Figure 6.5.

6.2.2 FErosion and Gaussian Noise

The integration of erosion and Gaussian noise into the dataset of road surface markings en-
capsulates a deliberate effort to simulate more nuanced forms of degradation. Erosion, in this
context, replicates the wear and tear inflicted by continuous vehicular movement and natural
wear factors. The erosion effect is implemented algorithmically to mimic the gradual loss of
marking material, which can result from various factors including friction from tires, water
erosion due to rain, and even the slow degradation from chemicals used in road maintenance.

Gaussian noise, on the other hand, introduces a random, variable distortion that simulates
environmental noise—such as dust, fog, or spray from other vehicles—that can obscure or
alter the appearance of road markings. This type of noise is characterized by its bell-shaped
probability distribution, which effectively introduces variations in pixel intensity across the
image the range of which can be seen in Figure 6.6, thus emulating the random visual noise
found in real-world conditions. The combined application of erosion and Gaussian noise creates
a richly textured simulation of road markings that have been subjected to a diverse array of
degrading influences, enhancing the realism of the training set. An example of the application
of this noise can be seen in Figure 6.7.

This sophisticated approach to synthetic data generation not only broadens the model’s ex-
posure to various degradation scenarios but also significantly bolsters its ability to generalize
from training data to real-world applications. As the autoencoder is trained on these artificially
deteriorated images, it learns to pinpoint and reverse these changes, honing a set of capabilities
essential for real-time applications in road maintenance and safety. The model is thus trained
not only to recognize intact and slightly worn markings but also to detect and interpret severely
compromised road markings that might otherwise be overlooked.

Training the autoencoder on this diversified dataset ensures that it learns to recognize and
rectify a wide spectrum of degradation states. This comprehensive understanding allows the
model to apply its learned capabilities to actual road conditions with greater accuracy and
effectiveness. The ultimate goal of this training approach is to create an automated system
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Figure 6.5: Example of Introducing Random Circles Noise for Synthetic Dataset (The left figure
is the original segment of the road marking and the right one is noised image.)
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Figure 6.6: Plot of Two Limits of Range of Gaussians (The outside of this range were observed
to produce noise that was too unrealistic.)

that can reliably analyze and restore clarity to road markings, thereby contributing significantly
to road safety and the effectiveness of traffic management systems.

In essence, this methodical training strategy is not merely about teaching the autoencoder to
recognize patterns but about empowering it to apply its learned insights to actively improve real-
world conditions, thus closing the gap between theoretical models and practical applications.
The ability of the system to adapt to the varied and unpredictable conditions of real-world road
environments marks a significant step forward in the application of deep learning technologies
to the field of public infrastructure maintenance.

1 if I(x,y) = white

i (6.1)
0 otherwise

M(ﬂf,y)—{

where M (z,y) is a binary mask indicating the position of potential noise addition, I(x,y) is
the pixel intensity at coordinates (x,y) in the input mask, and ”white” represents the target
color for noise addition.

1 oif(z—z)2+ (y—y)2 <r

) (6.2)
0 otherwise

C('Ta%r) = {

where C(x,y,r) represents a circle of radius r centered at (x.,y.), and the condition inside
checks if a point (x,y) lies within the circle.

7 ~ Uniform (7 min, "max) (6.3)

where r is the radius of a circle, and it is chosen randomly from a uniform distribution between
Tmin and Ty.y, defining the range of possible circle sizes.
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Figure 6.7: Examples from the Second Dataset (The left images are the original images used as
labels for reconstruction, the middle ones are the results of erosion with a random sized filter,
and the right ones show the result of introducing Gaussian noise to the erosion result, both the
erosion result and the Gaussian result are used in the dataset.)
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I(z,y) otherwise (6.4

[noisy(may) = {
where Loisy (2, y) is the resulting image after applying the noise. This equation applies a black
pixel where the mask and circle overlap, simulating the effect of a hole or crack.

These equations effectively describe the process of adding synthetic noise in the form of black
circles to white areas of an input mask, capturing a method to simulate physical damage on road
markings. The randomness in circle placement and size adds variability, mimicking real-world
deterioration more closely.

_Iom (6.5)

o

-[norm

where [, represents the normalized input image, [ is the original input image, p is the mean
pixel intensity of the training dataset, and o is the standard deviation of pixel intensities. This
normalization step ensures the model processes data within a similar range, enhancing the
training stability.

Inoisy = Inorm + N(O, 0-121) (66)

where I,y 18 the image after adding synthetic noise, and N (0, 02) represents Gaussian noise
with a mean of 0 and a variance of o2. This equation simulates environmental noise factors
affecting the road markings.

j - fAE(]noisy) (67)

where [ is the reconstructed image from the autoencoder fag, aiming to denoise and restore
the original road marking features from the noisy input Ipisy.

These equations collectively form the mathematical foundation of the autoencoder model’s
implementation, providing a structured approach to training and evaluating the model’s ability
to reconstruct degraded road markings. The normalization and noise addition prepare the
model for real-world scenarios, while the loss function and PSNR offer quantitative metrics to
assess model performance.

6.2.3 Training and Testing

The rigorous training regimen adopted for these models was meticulously crafted to maximize
their efficiency and accuracy in segmenting and reconstructing road surface markings. By
allocating 80% of the dataset to training, the models were exposed to a diverse array of scenarios,
encompassing various stages of road marking degradation. This extensive training set was
crucial for the models to learn a wide range of features and deterioration patterns, ensuring
comprehensive learning coverage. The remaining 20% of the dataset, used for testing, served
as a new, unseen set of data to rigorously assess the models’ generalization capabilities. This
division was strategic, aimed at balancing the depth of learning with the necessity of validation
against unbiased data.

Monitoring the models’ training progress was executed with precision, utilizing the Dice score
at each epoch’s conclusion. The Dice score, a statistical tool measuring the overlap between
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the predicted segmentation and the actual annotation, was pivotal in evaluating the models’
segmentation effectiveness. This metric is particularly valuable in scenarios where the exact
delineation of the object (in this case, road markings) is critical for the model’s operational
success.

To mitigate the risk of overfitting—a common challenge in neural network training where
models learn to perform well on training data but poorly on any new data—training cessation
protocols were implemented. Specifically, if the model’s performance did not improve after
five consecutive epochs, training was halted. This precaution was essential to ensure that the
model did not simply memorize the training data’s details but developed a robust capability
to generalize across different datasets.

The choice of loss functions was pivotal in refining the model’s training. The composite loss
function, combining Dice loss and Focal loss, was strategically selected to enhance model perfor-
mance on two fronts. Dice loss was crucial for its ability to promote precise boundary detection,
enhancing the model’s capability to delineate road markings accurately from their surroundings.
Accurate boundary detection is vital for effective road marking recognition, directly influencing
the quality of the reconstructions produced by the autoencoder.

Focal loss, on the other hand, addressed the challenge of class imbalance prevalent in the dataset.
In road marking datasets, the majority of pixels represent the background rather than the road
markings themselves, which could lead models to prioritize the more frequent background class
at the expense of the critical, less frequent road marking class. Focal loss adjusts the focus
towards harder-to-classify instances, ensuring that these crucial but less frequent features are
not overshadowed during the learning process.

The entire computational workload, including the training of these sophisticated models, was
managed using the PyTorch framework, renowned for its flexibility and efficiency in handling
deep learning applications. The use of NVIDIA’s GeForce RTX 3090 GPU was instrumental in
managing the substantial computational demands of this project. The GPU’s robust process-
ing capabilities allowed for rapid handling of large datasets and complex model architectures,
significantly reducing training time and enhancing the iterative testing process. This hard-
ware setup not only provided the raw power needed to process extensive data volumes but also
supported the advanced computational tasks required to train deep learning models effectively.

This detailed approach to training setup, model monitoring, and computational handling forms
a comprehensive strategy aimed at developing highly effective autoencoder models capable of
recognizing and reconstructing deteriorated road markings with high accuracy, thereby pushing
the boundaries of what can be achieved with automated systems in road safety and infrastruc-
ture maintenance. A diagram illustrating the steps for training our models can be seen in Figure
6.8. In summary, this methodology leverages advanced synthetic techniques and deep learning
architectures to develop a robust system for road marking detection and reconstruction. By
simulating real-world degradation in a controlled environment and training models to correct
these imperfections, the project aims to significantly enhance the clarity and visibility of road
markings, thus contributing to safer and more efficient traffic systems.

6.3 Experimental Results and Analysis

In this results and discussion section, we delve into the performance evaluations of our autoen-
coder models, specifically the U-Net and PSPNet, which were trained on two distinct synthetic
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Figure 6.10: Result of PSP-Net Model on Circle Noise Dataset (2)

noise datasets: Circle Noise and Erosion and Gaussian Noise. The insights gleaned from these
evaluations are critical in understanding the models’ capabilities and limitations, particularly in
relation to their application in real-world scenarios. Figures 6.9 to 6.14 show some qualitative
results from the test set.

In our exploration of optimal training methods for the autoencoder models, the Circle Noise
dataset emerged as a particularly effective tool for enhancing model performance. The addition
of random circles to simulate straightforward physical damage, such as holes or general wear,
on the road markings, created a set of conditions that was somewhat simplified yet sufficiently
challenging to improve the robustness of the models. The controlled nature of this synthetic
damage allowed the models, specifically U-Net and PSPNet, to focus on recognizing and re-
pairing clear-cut defects in road markings, which are commonly caused by physical wear and

Figure 6.11: Result of PSP-Net Model on Circle Noise Dataset (3)
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Figure 6.12: Result of U-Net Model on Circle Noise Dataset (1)

Figure 6.13: Result of U-Net Model on Circle Noise Dataset (2)

Figure 6.14: Result of U-Net Model on Circle Noise Dataset (3)
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tear over time. In figures 6.15 to 6.18 we can see some results of reconstruction performed on
real-world samples where the deterioration is due to natural factors. The models trained
on the Circle Noise dataset consistently demonstrated superior performance across a variety of
metrics when compared to those trained on the Erosion and Gaussian Noise dataset. This latter
dataset was designed to replicate a more complex type of degradation. It included effects such
as chemical erosion from environmental exposure and the granular noise that might result from
scattered debris or water damage. These elements introduce a higher level of randomness and
complexity, which challenges the models’ ability to accurately reconstruct road markings by
requiring them to differentiate between a wider range of degradation patterns and background
noise.

Interestingly, while the Erosion and Gaussian Noise dataset provided a robust test of the models’
capabilities in handling complex scenarios, the models trained on this dataset tended to achieve
higher mean Intersection over Union (mloU) scores. The mloU metric is crucial as it evaluates
the extent of overlap between the predicted segmentation and the actual markings, regardless
of the precision of the boundaries. This suggests that while these models were generally good
at identifying the areas where road markings existed, they were not as precise in delineating
the exact edges of those markings.

On the other hand, the Dice score, which is a direct measure of the accuracy of the recon-
structions against the actual markings, was consistently higher for models trained with the
Circle Noise dataset. This indicates that these models were particularly adept at precisely
reconstructing the shape and boundaries of road markings, resulting in outputs that were not
only more accurate but also visually closer to the actual conditions of the road markings prior
to degradation.

Qualitatively, the outputs from models trained on the Circle Noise dataset were visually more
appealing and accurate. These reconstructions successfully restored the road markings to a
semblance of their original state before deterioration, offering a clear visual confirmation of the
models’ effectiveness. The fidelity of these reconstructions was evident when comparing the
output images from the models against actual photos of road conditions, where the restored
markings often appeared nearly indistinguishable from their pre-degraded states.

The findings from this comparative analysis underscore the importance of dataset selection in
training models for specific tasks. The simpler, more controlled degradation represented in the
Circle Noise dataset allowed for more focused learning and refinement of the models’ capabilities
in restoring road markings. Meanwhile, the more varied and complex degradation patterns in
the Erosion and Gaussian Noise dataset, while providing a rigorous challenge, highlighted the
need for models to evolve further to handle such diverse environmental effects effectively.

The comparative analysis between the U-Net and PSPNet models revealed a significant dis-
parity in their performance, particularly when evaluated on the synthetic Circle Noise dataset.
U-Net’s superior performance in terms of reconstruction accuracy and quality stems largely
from its architecture, which is specifically tuned for detailed image segmentation tasks. The
U-Net architecture is designed to capture fine details through its symmetric expanding path
which recovers the spatial resolution that might be lost during the contracting path. This
design allows U-Net to excel in tasks where precise delineation of features is critical, such as
the reconstruction of road surface markings where every detail can be crucial for clarity and
recognition.

In contrast, PSPNet, known for its strength in integrating contextual information over large
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Real world sample Model output

Figure 6.15: Results of Circle Noise (U-Net Model on Real-world Examples)
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Real world sample Model output

Figure 6.16: Results of Circle Noise (PSP-Net Model on Real-world Examples)



Real world sample Model output

Figure 6.17: Example of Qualitative Results of Erosion & Gaussian Noise (U-Net Model on
Real-world Examples)
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Real world sample Model output

Figure 6.18: Results of Erosion & Gaussian Noise (PSP-Net Model on Real-world Examples)
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areas, tends to introduce additional noise into the reconstructions. This model leverages a
pyramid pooling module to aggregate global context, which theoretically helps in understanding
the broader scene. However, this characteristic, while beneficial in large-scale scene parsing
tasks, proved to be less advantageous for the specific needs of road marking restoration, where
precision in small-scale features is more significant. The additional noise introduced by PSPNet
can result in a less clean, more cluttered image output, which obscures the finer details essential
for high-quality road marking restoration.

The shift to real-world application provided a stern test for both models, which both saw a
decline in their effectiveness. This decline in performance highlights the challenge of domain
shift, a common issue in the deployment of machine learning models. Domain shift occurs
when the distribution of data on which the model is trained (synthetic data in this case) does
not adequately reflect the distribution of data it encounters in a real-world setting. Factors
contributing to this shift in the context of road surface marking include variations in environ-
mental conditions such as weather effects, physical wear and tear from traffic, and fluctuations
in lighting and visibility.

These real-world conditions introduce complexities that the training datasets may not fully
capture. For instance, real road markings may be faded not just by physical abrasion but also
by chemical reactions with vehicular pollutants or obscured by dirt and debris. Additionally,
lighting conditions can vary widely in the real world, affecting the visibility and appearance of
road markings. The synthetic datasets, while carefully constructed, could not replicate these
nuanced variations completely.

This gap between training environments and actual deployment scenarios underscores the im-
portance of constructing training sets that mirror the full spectrum of real-world conditions
as closely as possible. Enhancing the diversity of training datasets to include a broader range
of deterioration types, environmental conditions, and lighting scenarios would likely lead to
improved model robustness and reliability when applied in real-world settings.

Moreover, this scenario illustrates the broader challenge in machine learning of ensuring that
models are not only trained to perform well on their training data but are also adaptable and
robust enough to handle the unpredictable variability of real-world data. As machine learning
continues to make inroads into practical applications, particularly in critical areas like road
safety, the ability to generalize across different domains remains a paramount concern. Ad-
dressing this issue may involve not only diversifying training data but also exploring advanced
techniques in domain adaptation and continual learning to help models adjust to new data
without needing exhaustive retraining.
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Chapter 7

Quality Evaluation of Road Surface
Markings with Uncertainty Aware
Regression and Progressive Pretraining

7.1 Introduction

In advancing the methodologies for automated quality assessment of road surface markings, this
chapter introduces an innovative approach utilizing Uncertainty Aware (UA) regression coupled
with a progressive pretraining (PPT) strategy. This method refines the evaluation process by
integrating advanced machine learning techniques to enhance precision and reliability, moving
beyond the limitations of existing automated systems.

in this study we leverage the dataset previously used in quality evaluation using ” Efficient VGG-
16” comprised of binary masks derived from RGB images of road markings. This dataset,
enriched through sophisticated data augmentation techniques, serves as the foundation for
training state-of-the-art convolutional neural network (CNN) models. By transforming complex
real-world images into a format more amenable to automated analysis, we ensure that our
models are both robust and adaptable to diverse operational scenarios.

The core of our methodological innovation lies in the application of the uncertainty aware
regression and the progressive pretraining strategy. This approach begins with a baseline model,
which undergoes successive refinements to incorporate more complex architectures capable of
accounting for uncertainty. This progression is not merely incremental; it is strategic, enhancing
the model’s ability to deliver reliable predictions under varied and unpredictable conditions.
The CNN architectures employed, namely VGG-16 and ResNeXt, are adapted through this
training regimen to better predict quality metrics of road markings with enhanced accuracy.

To quantify the effectiveness of our approach, we conducted extensive evaluations comparing
the performance of our UA-enhanced models against a traditional baseline. The metrics used
for this assessment include Mean Absolute Error (MAE) and accuracy, which provide insights
into the precision and reliability of the models. These performance metrics underscore the
potential of integrating uncertainty into the regression framework, highlighting improvements
over traditional methods that do not account for the inherent variability and noise present in
real-world data.
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This chapter will detail the training process, from the initial data preparation through to the
advanced stages of model refinement. It will also discuss the specific challenges encountered
when applying these models to real-world data, such as the domain shift problem, and how
our approach seeks to mitigate these issues through innovative training strategies and model
architectures.

By addressing these sophisticated challenges with cutting-edge machine learning strategies,
this research not only pushes forward the capabilities of infrastructure quality assessment but
also sets a foundation for further advancements in the application of deep learning to real-
world problems. The insights gained here extend beyond road surface marking evaluation,
offering potential applications in other domains where quality assessment is critical and where
environmental variability plays a significant role.

7.2 Methodology

7.2.1 Dataset and Baseline Models

For this task, we used the dataset described previously. We processed 800 RGB images to
create binary masks. These masks were augmented by rotating and applying mirror imaging
techniques, resulting in 3,200 enhanced masks. Each mask is linked to a quality score averaged
from initial human assessments, providing a spectrum of quality from 1 to 4. These scores,
critical for our regression models, were adjusted to address class imbalances in the dataset.

The first baseline model used was VGG-16. VGG-16 is a widely-used deep learning model,
originally created by researchers at the University of Oxford. The model consists of 16 layers,
of which 13 are specialized in detecting features such as edges and textures in images. The
remaining three layers assist in making final decisions based on these features. What makes
VGG-16 unique is its use of small filters in its layers, allowing it to learn intricate image features.
However, because of its

The second model we used was ResNeXt. ResNeXt is a more recent type of deep learning
model that is specifically designed for tasks related to image recognition. It represents an
evolution of earlier models and aims to improve their performance. One of the key features of
ResNeXt is the introduction of “cardinality,” which refers to the number of parallel paths or
transformations that the model uses. This is different from older models that mostly relied on
increasing the depth (adding more layers) or width (adding more units to each layer) for better
performance.

7.2.2 The Baseline Model

In the initial phase of our methodology, we employed a conventional regression approach to
establish a baseline for our subsequent experiments. This initial model featured a simplistic
architecture with a single output neuron, designed to predict the quality score of road surface
markings from input images. The purpose of this baseline model was to provide a straight-
forward, deterministic prediction of quality scores, where each image’s assessment was boiled
down to a single numerical value representing the quality of the road markings. Figure 7.1
shows the pipeline of this approach.

The regression model we used is a form of supervised learning where the goal is to predict a
continuous outcome—the quality score—based on input features extracted from the images. In
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Figure 7.1: A depiction of the training pipeline for the different models we used. The baseline
CNN model in the top left represents the original network trained as a regression model with
a single output neuron that is supposed to predict the quality score. The hybrid CNN model
in the middle is initialized with weights from the previous model, it outputs a probability
distribution, and the ground truth on which it was trained is a 1-hot encoding of the quality
score on a vector of 40 entries. The UA CNN on the right is trained to predict a distribution,
and the ground truth presented to it is also encoded as a distribution which accounts for the
uncertainty. When this model inherits the weights from the hybrid model we call it “progressive
pretraining.” For comparison purposes, we also train a model with no “progressive pretraining,”
which inherits the weights of the baseline CNN only.

our case, these features might include aspects of texture, color, and edge information that are
indicative of the condition of the road markings. The single output neuron makes this a simple
linear regression task, where the model learns to fit a line through the data points mapped in
a high-dimensional feature space.

Using a traditional regression model like this has several advantages, including simplicity and
computational efficiency. It provides a clear, quantifiable baseline against which more com-
plex models can be evaluated. However, this approach also comes with significant limitations,
particularly in the context of road marking quality evaluation, where the quality assessment
is inherently subjective and influenced by numerous factors that a single score cannot fully
encapsulate.

For instance, traditional regression models do not account for the uncertainty inherent in the
quality assessment of road markings. Road markings can degrade in a variety of ways—fading
colors, chipping, or becoming obscured by dirt—and different observers might judge these
conditions differently. By relying solely on a deterministic output, the baseline model assumes
that there is an absolute truth to be discovered in the data, which simplifies the real-world
complexity of the task.

To enhance our approach and address these shortcomings, we later incorporate uncertainty-
aware regression techniques. These techniques allow our models not only to predict a quality
score but also to estimate the confidence in their predictions. This is crucial for practical
applications where decisions need to be made based on these predictions, such as prioritizing
road maintenance tasks based on the predicted quality of road markings.
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The progression from a simple baseline regression model to more sophisticated uncertainty-
aware models illustrates an evolution in our methodology. It reflects a deeper understanding
of the challenges inherent in automated road marking quality evaluation and represents an
effort to develop tools that can provide more reliable and nuanced insights into the condition of
road infrastructure. This approach not only improves the accuracy of the predictions but also
provides a probabilistic framework that captures the uncertainty, offering a more comprehensive
tool for infrastructure management and planning.

7.2.3 The Hybrid Model

Following the development and validation of our baseline regression model, we embarked on
a more advanced phase of our methodology by transitioning the learned weights to a hybrid
model as seen in Figure 7.1. This transition marks a significant enhancement in our approach
to evaluating road surface marking quality, by introducing the capability to predict a range of
scores instead of a single value. The hybrid model utilizes a softmax function at the output
layer, which allows it to predict a probability distribution over possible quality scores rather
than a single deterministic output. This method reflects a more nuanced understanding of the
variability and uncertainty inherent in the assessment of road surface marking quality.

The softmax function is a critical component in this setup. It is typically used in classification
tasks where the outputs are mutually exclusive classes. Here, however, we adapt it to our
regression framework by treating each potential quality score as a class. The softmax function
converts the raw logits—outputs of the last neural network layer before the softmax—into
probabilities by exponentiating and normalizing them. This means that each output represents
the model’s confidence in assigning a particular quality score to the input image, allowing for
a probabilistic interpretation of the model’s predictions.

To effectively implement this approach, we utilized one-hot encoded vectors for the labels of
our training data. Each label vector contains 40 entries, corresponding to the range of scores
from 1 to 4, subdivided into decimal increments (for instance, 1.0, 1.1, ..., 4.0). This granularity
in scoring allows for a more precise training and evaluation process, where the model learns
to associate specific image features with subtle variations in quality. Each entry in the vector
represents the presence or absence of a particular score, with a '1” indicating the true score for
a given image and '0’s indicating all other possible scores.

The process of transferring weights from the simpler baseline model to this more complex
hybrid model is a key aspect of our Progressive Pretraining (PPT) strategy. By starting with a
trained baseline model, the hybrid model inherits a foundational knowledge of the task, which
can improve the efficiency and effectiveness of further training. This technique leverages the
already learned features that are relevant for quality prediction and builds upon them to refine
the model’s predictions under a probabilistic framework.

Moreover, this step illustrates a practical application of knowledge transfer within deep learning,
where a model developed for one task is adapted for another related task or a more complex
version of the same task. In our case, the hybrid model does not start its learning process from
scratch but begins with a nuanced understanding inherited from the baseline model. This not
only accelerates the learning process but also helps in overcoming challenges associated with
training deep models from zero knowledge, such as convergence issues and sensitivity to the
initial random weights.

This phase of transferring and transforming model capabilities is pivotal in our approach, bridg-
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ing the gap between simple regression and a fully uncertainty-aware framework. It represents an
intermediate yet crucial step towards developing a robust model that not only predicts the qual-
ity of road surface markings more accurately but also provides insights into the confidence of its
predictions. This enhancement is instrumental in paving the way towards employing advanced
uncertainty quantification techniques in subsequent phases, further refining the model’s ability
to handle real-world variability and ambiguity in road surface marking quality assessments.

7.2.4 The Uncertainty Aware Model

In the final phase of our methodology, we significantly advanced our model by incorporating
an Uncertainty Aware (UA) regression approach. This innovative step involved transitioning
the knowledge and parameters from the previously developed hybrid model into a new, more
sophisticated framework. This new UA model is designed not just to predict a static range
of quality scores but to dynamically express these scores as a probability distribution. Such
a distribution encompasses 40 discrete values, reflecting the granularity of quality evaluation
possible by human experts. This probability distribution is centered around the values provided
by human evaluators, thus capturing the inherent uncertainty in manual quality assessments
of road surface markings. A diagram illustrating the implementation steps of our approach is
seen in Figure 7.2.

The move to an UA approach allowed our model to account for real-world variability and
the subjective nature of quality assessment. By doing so, it more accurately mirrors human
judgment, which inherently includes a degree of uncertainty. This adaptation is visually repre-
sented in Figure 7.3, where the distribution of scores illustrates the variability and uncertainty
captured by the model.

The progressive pretraining (PPT) technique utilized across our model development phases en-
sures that each subsequent model phase builds on the refined understanding and weights from
its predecessors. This layered learning approach is especially beneficial in the domain of road
surface marking quality evaluation, a field where subjective assessments can vary widely from
one evaluator to another. By progressively training our models to anticipate and accommodate
these variations, the UA model learns to output a range of potential quality scores, each asso-
ciated with a calculated probability. This method offers a more nuanced and flexible approach
to predicting road marking quality, which is far superior to fixed-score predictions.

To train and evaluate this sophisticated model architecture effectively, we partitioned our
dataset into an 80% training set and a 20% testing set. This allocation allows for compre-
hensive training while still reserving a significant portion of data for rigorous testing of the
model’s efficacy. For our baseline models, such as the VGG-16 and ResNeXt, we employed
traditional loss functions, L1 and L2 respectively, to optimize the learning process. These func-
tions facilitate the adjustment of model parameters based on the difference between predicted
outputs and actual quality scores.

Further refining our approach for the hybrid and UA models, we implemented the Kull-
back—Leibler (KL) divergence[134] as the loss function. The KL divergence is particularly suited
for scenarios where the model outputs and the target values are probability distributions, as it
quantifies how one probability distribution diverges from a second, expected probability distri-
bution. In our application, this involves comparing the predicted distribution of road surface
quality scores against the actual distribution derived from expert evaluations.
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Here, K L(y||ly) measures the divergence between the predicted probability distribution ¢ and
the true distribution y, over M discrete classes. 9. and y,. are the predicted and true probabilities

of class ¢, respectively.
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MSE is the average of the squares of the errors between the predicted values x; and the actual
values y;, providing a measure of the variance of the predictions.

D

Z(% —y)? (7.3)

i=1

This equation represents a Gaussian probability density function where c is the variable, s is
the mean of the distribution, and o? is the variance.

g(c) = \/;r—a exp <_<(;T_28)2> (7.4)

This equation represents a Gaussian probability density function where c is the variable, s is
the mean of the distribution, and ¢2 is the variance.

8c = [9(61)79(62)a s 7g(cm)] (75)
g. is a vector consisting of Gaussian distribution values computed for different classes ¢y, ca, . . ., ¢/p.
g(c:)

p(ci):m, 1=1,2,...,m (7.6)

p(c;) is the normalized probability for class ¢;, calculated by dividing the Gaussian value for
¢; by the sum of Gaussian values for all classes, ensuring that the probabilities sum to 1. For
computational efficiency and to handle the intensive demands of training such sophisticated
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models, we utilized a high-performance NVIDIA GeForce RTX 3090 GPU. This hardware
choice ensures that our models train swiftly and can handle the complex calculations required
by our advanced neural network architectures.

The following equations together summerize the progression of model training and sophistica-
tion from simple regression to handling complex, uncertainty-laden outputs in a structured and
methodical way, which parallels our description of employing a progressive pretraining (PPT)
approach.

y=f(z;0) (7.7)

Equation 7.7 represents the baseline regression model where y is the predicted quality score for
input z and 6 represents the parameters of the model.

Onybria = 0 + A0 (7.8)

In Equation 7.8, Onyiria denotes the parameters of the hybrid model, initially set to the learned
weights 6 from the baseline model, adjusted by A#, which represents modifications tailored to
handle a probability distribution output.

P(y|x; Onybria) = softmax(g(x; Onybria)) (7.9)

Here, P(y|z; Ohybria) in Equation 7.9 is the probability distribution over possible quality scores,
computed using a softmax function applied to the output of function g, which is parameterized

by Onybrid-

Oua = transfer(Opybria) (7.10)

In Equation 7.10, fya represents the parameters of the UA model, obtained by adapting the
Onybria through a transfer function that further aligns the model with the uncertainty represen-
tation requirements.

Q(yla; Bua) = sample(softmax(g(: 6ua)) (7.11)

Equation 7.11 calculates the prediction as a sampling from the softmax distribution provided
by the UA model, emphasizing the probabilistic nature of the output which encapsulates un-
certainty.

To guard against overfitting a common challenge in deep learning where models learn the
training data too well and fail to generalize to new data we introduced specific stopping criteria.
For instance, training for the VGG-16 models would cease if there was no improvement in
the error metric after five consecutive evaluations, with each evaluation occurring every 1,000
training steps. For the ResNeXt models, a more lenient ten-check threshold was set.

The application of these rigorous and methodical training procedures, along with strategic use
of advanced regression techniques and computational resources, allows our models not only to
predict road marking quality with high accuracy but also to reflect the uncertainty inherent
in such real-world assessments. This dual capability significantly enhances the practical utility
and reliability of our automated road surface marking quality evaluation system.
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7.2.5 Model Evaluation

To rigorously evaluate the effectiveness and reliability of our regression models in assessing
infrastructure quality, we employed a suite of statistical metrics designed to capture various
aspects of model performance comprehensively.

Accuracy was the primary metric we used to gauge how closely the model’s predictions ap-
proximated the actual values. Specifically, this metric assessed whether the model’s predictions
fell within a tolerance of 0.5 units from the true values. This narrow margin is crucial for
practical applications where precision in categorizing infrastructure quality can have significant
implications, such as in maintenance scheduling and safety assessments.

Mean Squared Error (MSE) served as another critical metric in our analysis. Unlike simple
accuracy, MSE provides a more nuanced view by squaring the errors before averaging them,
thus giving more weight to larger errors. This characteristic of MSE makes it particularly useful
in situations where avoiding large deviations from the true values is more critical than smaller
deviations, which is often the case in quality control processes in infrastructure management.

Mean Absolute Error (MAE) was also utilized, offering a straightforward interpretation by
averaging the absolute differences between predicted and actual values. MAE is especially
valuable in providing a clear measure of the average error magnitude a user might expect when
using the model in real-world scenarios. This metric can directly inform stakeholders of the
expected reliability of the model in operational settings, helping to manage expectations and
plan accordingly.

We further enriched our evaluation by calculating the R-squared (’2) value, a statistic that
measures the proportion of variance in the dependent variable that can be predicted from
the independent variables. In our context, the R-squared value is particularly telling, as it
quantifies how well our regression model, with its inputs as observed values, can explain the
variability in the quality scores of road markings. An R-squared value close to 1 indicates that
our model accounts for a significant proportion of the variance, suggesting high explanatory
power and effectiveness. Conversely, a lower R-squared value would indicate that our model
lacks predictive accuracy, highlighting areas for potential improvement. Equation 7.12 shows
how to compute the R? score.

2 4 Do (Y — i)
R =1 ST (=) (7.12)

Correlation analysis was the final step in our evaluation process. By measuring the strength and
direction of the relationship between the predicted and actual values, we could assess the degree
of linear correspondence between the two sets of data. A high correlation coefficient would
indicate that increases or decreases in predicted values consistently match those in actual values,
reinforcing the model’s validity. This statistical tool provides an additional layer of validation
by confirming whether the model’s outputs meaningfully relate to real-world observations, an
essential factor in practical applications.

Each of these metrics contributes a distinct perspective on the model’s performance, offering
a rounded assessment that encompasses accuracy, error magnitude, explanatory power, and
correlation with actual outcomes. By applying these comprehensive evaluations, we ensure
that our models are not only statistically validated but also practically applicable in real-world
scenarios, providing reliable, actionable insights for infrastructure quality management.
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7.3 Experimental Results and Discussion

In the evaluation of our model’s performance, we organized our results in a comprehensive man-
ner to effectively compare the various models we implemented. This comparison was particu-
larly insightful as it showcased the varying effectiveness of our models under different training
paradigms. The results are recorded in table 7.1 and table 5.2.

Table 7.1: Results of Various Models (Test Data)

MSE MAE Corr R2 Acc
VGG-16 5.57% 37.57% 91.38% 0.83 73.91%
(Baseline)
VGG-16 5.92% 24.49% 91.82% 0.82 82.60%
(Hybrid)
VGG-16 5.83% 24.38% 91.66% 0.83 81.27%
(UA-PPT)
VGG-16 13.95% 41.63% 83.04% 0.59 72.57%
(UA)
ResNeXt 19.44% 79.19% 78.19% 0.42 31.43%
(Baseline)
ResNeXt 25.75% 61.54% 69.86% 0.23 67.22%
(Hybrid)
ResNeXt 26.03% 61.77% 71.13% 0.23 66.72%
(UA-PPT)
ResNeXt 71.78% - - - -
(UA)
Efficient 2.39% - 0.96% 0.93 88.33%
VGG-16

Table 7.2: Results Performance for Different Values of 0 (VGG-16(UA-PPT) Model)

o MSE MAE Corr R2 Acc
oc=0.1 5.83% 24.38% 91.66% 0.83 81.27%
o =0.15 6.14% 24.29% 91.21% 0.82 81.77%
oc=20.2 6.85% 25.10% 90.02% 0.80 83.61%
o =025 5.23% 22.24% 92.29% 0.84 84.44%

We categorized our models into several types for clarity and ease of understanding. The original
models, which served as our baseline, were compared against the more advanced hybrid and UA
(Uncertainty Aware) models. These comparisons were particularly important for identifying
improvements in our newer models over the baseline, highlighting advancements in machine
learning techniques that could better handle the complexities of road surface marking quality
evaluation.

The VGG-based models, known for their robustness in handling image data, showed notable
improvements across several key performance metrics. The Mean Absolute Error (MAE), cor-
relation, and accuracy metrics all saw enhancements, demonstrating the models’ refined ability
to predict and evaluate road marking quality accurately. The UA-PPT model, which inte-
grated both the uncertainty aware approach and progressive pretraining (PPT), matched the
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baseline model’s R-squared score, indicating its effectiveness in explaining the variance in the
data similar to the baseline but with the added benefits of uncertainty modeling.

However, despite these advancements, the baseline model still held an edge in the Mean Squared
Error (MSE) metric. This could suggest that while the new models are better at handling
average cases, they might still struggle with outliers or more extreme cases, which are more
heavily penalized by MSE.

In contrast, the ResNeXt-based models, which are typically praised for their scalable perfor-
mance across different domains, only outperformed the baseline in terms of MAE and accuracy.
This shows that while some newer models offer advantages in specific areas, they may not
uniformly outperform older models in all aspects.

Direct comparisons between the hybrid and UA-PPT models under the VGG architecture
revealed that the UA model provided better outcomes in terms of MSE, MAE, and R-squared
scores, highlighting the benefits of integrating uncertainty into the model’s predictions. This
suggests a more nuanced approach to handling data variability and improving model reliability,
especially in tasks involving quality assessment where precision is crucial.

The progressive pretraining approach significantly boosted the performance of the UA models,
demonstrating its effectiveness in enhancing model capabilities through a step-wise learning
process. This was particularly evident in the stark necessity of PPT for the ResNeXt-based
UA models, where without this approach, the models failed to converge.

The superior performance of VGG-based models over ResNeXt models across several metrics
underscores the suitability of VGG architectures for this specific application, possibly due to
their architectural characteristics which may align better with the demands of image-based
quality evaluation tasks.

Moreover, we observed the impact of the hyperparameter o, which represents the standard
deviation in the label distribution and quantifies the amount of uncertainty in our ground
truth data. An optimal value of o = 0.25 was found to yield the best performance, surpassing
even the baseline in MSE and other metrics. This not only reinforces the effectiveness of our
UA and PPT strategies but also underscores the importance of accurately setting parameters
that reflect real-world uncertainty. The graphical representations in our results, particularly the
Bland—Altman plots seen in Figures 7.4 and 7.5 and distribution overlays, visually supported
these findings, showcasing the improved alignment and consistency of the UA-PPT model
predictions with true values, compared to the baseline.

These insights not only validate the novel approaches employed in this study but also high-
light areas for future enhancements. The need for further refinement in our models is evident,
especially in terms of efficiency and handling outliers, which continue to pose challenges as
indicated by the persistence of MSE advantages in the baseline model. This suggests a contin-
uing evolution in our approach, aiming to not only match but surpass existing methods in all
aspects of performance, thereby pushing the boundaries of what is possible in automated road
surface marking evaluation.
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Bland-Altman Plot for VGG-16(Baseline)

Bland-Altman Plot for VGG-16(UA-PPT)
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Figure 7.4: The Bland-Altman plot for the VGG-16 baseline model on the left and the
Bland—Altman plot for the VGG-16 UAPPT model on the right.
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Figure 7.6: A histogram depicting the distribution of the predictions made by the baseline
VGG-16 model on the test set contrasted with the distribution of the ground truth values.

250 1 W= Ground truth
T VGG-16(UA-PPT)

Frequency
g

-

&

=

10 15 20 25 30 is 40
Road marking quality value
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PPT model on the test set contrasted with the distribution of the ground truth values.
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Chapter 8

Conclusion

The field of road surface marking analysis stands at the forefront of technological innovation,
offering promising avenues for transformative research with far-reaching practical implications.
Our study represents a pioneering endeavor, venturing into uncharted territory by introducing
novel methodologies tailored specifically to the segmentation and evaluation of road surface
markings. Through meticulous experimentation with an array of models and techniques, we
have uncovered insights that not only enrich our understanding of this complex domain but
also present tangible solutions to real-world challenges.

Central to our investigation is the implementation of cutting-edge models, notably the " Ef-
ficient VGG-16" model, which has demonstrated remarkable efficacy in extracting pertinent
features and patterns from road markings. Leveraging advanced techniques such as Uncer-
tainty Aware Regression with Progressive Pre-Training, we have pushed the boundaries of con-
ventional methodologies, setting a new standard for precision and accuracy in this field. The
robustness of our findings not only validates the viability of these models but also underscores
their potential to revolutionize existing practices within the transportation sector.

Our results serve as more than just a testament to the effectiveness of our chosen methodologies;
they represent a rallying cry for the broader research community to embrace and build upon
this foundation. By showcasing the tangible benefits of our approach in real-world applications,
we aim to inspire further exploration and innovation in this burgeoning field. Future endeavors
should heed the call to delve deeper into the potential of unsupervised methods, as exemplified
by the seminal work cited in [28], which promises to enhance the accuracy of assessments while
mitigating the inherent subjectivity associated with human judgment.

Moreover, the integration of generative adversarial networks (GANS) offers a tantalizing prospect
for augmenting data augmentation techniques, as elucidated in [29]. By harnessing the power
of GANs to generate synthetic data, researchers can potentially overcome limitations posed by
data scarcity and variability, thereby fortifying the robustness and generalizability of predictive
models. This symbiotic fusion of cutting-edge methodologies holds the key to unlocking new
frontiers in road surface marking analysis, heralding a paradigm shift in how we perceive and
interact with our urban environments.

In summation, our study stands as a beacon of innovation, illuminating the path towards a
future where the analysis of road surface markings transcends mere functionality to become a
cornerstone of intelligent transportation systems. As we chart a course towards this vision, we
invite fellow researchers to join us on this exhilarating journey of discovery and transformation.
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Together, we can harness the power of technology to forge a safer, more efficient, and more
sustainable future for all.
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