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طيار" بدون الطائرات صور في الطرق حواف وتتبع "كشف

الملخص
العصبية الشبكات أصبحت العميق، للتعلم الحاسوبية الرؤية ظهور مع الأخيرة، السنوات في
مثل مهام في الشبكات هذه تتفوق الصور. لمعالجة أساسًا CNNs الالتفاف) (شبكات الترشيحية
الطرق استخراج عملية استفادت المهام، هذه بين ومن والتقسيم. التصنيف، الأشياء، على التعرف
الصور. من تلقائياً المعقدة الميزات تعلم على قدرتها بسبب CNNs من كبير بشكل UAV صور من
تعُد الحسابية. القيود مع النموذج تصميم يتوافق أن يجب مثالياً، أداءً CNNs تحقق لكي ذلك، ومع
التكيف على عالية قدرة أظهرت وقد الصور، لتقسيم العميق لتعلم طرق أشهر من واحدة U-Net

الطرق. اكتشاف في جداً واعدة يجعلها مما الجوية، الصور في متميز وأداء
من تلقائياً الطرق لاكتشاف U-Net لشبكة محسنة بنية استخدام تم البحثي، المشروع هذا في
تم النموذج. لتدريب الجوية للطرق المصدر مفتوحة بيانات مجموعة استخدام تم .UAV صور
البيانات وزيادة الصور معالجة تقنيات استخدام تم كما جديدة. تقييس طبقة دمج عبر النموذج تحسين
بالنماذج مقارنة طريقتنا تفوق لتوضيح وكمية نوعية إحصائيات استخدام تم وأخيرًا، الأداء. لتحسين

الأخرى. الأساسية
تقاطع معدل حقق ،BGN-UNet المسمى لدينا، المحسن U-Net نموذج أن التجارب أظهرت
أسرع تقارب إلى النتيجة هذه تشير فقط. تدريبية دورة 25 بعد 0.984 بلغ (Mean IoU) متوسط

المختارة. الأساسية بالنماذج مقارنة فائقة تقسيم وجودة
الهدف عنابة. مختار باجي بجامعة LASA مختبر في تنفيذه تم عمل هو البحثي المشروع هذا

.UAV صور من الطرق عن التلقائي للكشف منهجية تطوير هو البحث هذا من الرئيسي

جوية مركبة من صور الدفعي، المجمّع التقييس ،U-Net الدلالية، التجزئة المفتاحية: الكلمات
التقييس. تقنيات العميق، التعلم الطرق، اكتشاف طيار، بدون



”Road Edges Detection and Tracking from UAV Images”

Abstract

In recent years, with the advent of computer vision and deep learning, Convolutional Neu-
ral Networks (CNNs) have become foundational for image processing. CNNs excel at
tasks such as object recognition, classification, and segmentation. Among these tasks,
road extraction from UAV imagery has benefited from CNNs due to their ability to auto-
matically learn complex features from images. However, for CNNs to perform optimally,
the model architecture must align with computational constraints. U-Net is one of the
most well-known deep learning methods for image segmentation and has demonstrated
remarkable adaptability and performance on aerial images. It shows great promise for
road detection.

In this thesis project,an enhanced U-Net architecture is used to automatically detect
road from UAV images. An opensource aerial road dataset is used for training the model.
The model is improved by integrating new normalization layer. Image pre-processing
techniques and augmentation methods are also used for improvement. At last, qualitative
and quantitative statistics are used to illustrate superiority of our method compared to other
baseline models.

The experiments demonstrate that our enhancedU-Netmodel, called BGN-UNet, achieved
a Mean Intersection over Union (Mean IoU) score of 0.984 after just 25 epochs. This re-
sult indicates both faster convergence and superior segmentation quality compared to the
selected baseline models.

This thesis project is a research project carried out by the LASA Laboratory at Badji
Mokhtar University of Annaba. The main objective of this thesis is to develop a method-
ology for automatic road detection from UAV images.

Keywords: Semantic segmentation, U-Net, Batch Group Normalization, UAV im-
agery, road detection, deep learning, normalization techniques.



”Detection et Suivi de Bords de Routes dans les Images d’UAV”

Résumé

Ces dernières années, avec l’avènement de la vision par ordinateur et de l’apprentissage
profond, les réseaux de neurones convolutionnels sont devenus fondamentaux pour le
traitement d’images. Ces réseaux excellent dans des tâches telles que la reconnaissance
d’objets, la classification et la segmentation. Parmi ces tâches, l’extraction des routes à
partir d’images de drones a bénéficié des réseaux de neurones convolutionnels grâce à
leur capacité à apprendre automatiquement des caractéristiques complexes à partir des im-
ages. Cependant, pour que ces réseaux fonctionnent demanière optimale, l’architecture du
modèle doit être adaptée aux contraintes computationnelles. U-Net est l’une des méthodes
d’apprentissage profond les plus connues pour la segmentation d’images et a démontré une
remarquable adaptabilité et performance sur les images aériennes. Elle montre un grand
potentiel pour la détection des routes.

Dans ce projet de thèse, une architecture améliorée de U-Net est utilisée pour dé-
tecter automatiquement les routes à partir d’images de drones. Des images aériennes
issues d’une source ouverte, ont été utilisées pour entraîner le modèle. Ce dernier est
amélioré par l’intégration d’une nouvelle couche de normalisation. Des techniques de pré-
traitement d’images et des méthodes d’augmentation de données sont également utilisées
pour améliorer les performances. Enfin, des statistiques qualitatives et quantitatives sont
employées pour illustrer la supériorité de notre méthode par rapport à d’autres modèles de
référence.

Les expériences montrent que notre modèle amélioré U-Net, appelé BGN-UNet, a
atteint un score moyen d’intersection sur l’union de 0,984 après seulement 25 époques.
Ce résultat indique une convergence plus rapide et une qualité de segmentation supérieure
par rapport aux modèles de référence sélectionnés.

Ce projet de thèse est une recherche réalisée au laboratoire LASA de l’université Badji
Mokhtar d’Annaba. L’objectif principal de cette thèse est de développer uneméthodologie
pour la détection automatique des routes à partir d’images de drones.

Mots-clés : Segmentation sémantique, U-Net, Batch Group Normalization, images
UAV, détection de routes, apprentissage profond, techniques de normalisation.
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1.1 Motivation

This thesis presents a framework for detecting roads in imagery captured by Unmanned
Aerial Vehicles (UAVs). This task is essential formany applications, including autonomous
navigation, infrastructure monitoring, urban planning, and disaster response [1][2]. Fig-
ure 1.1 presents an example of an aerial road image along with its corresponding binary
segmentation mask, illustrating the semantic segmentation technique we used in this the-
sis. With the rapid growth of Unmanned Aerial Vehicle (UAV) technology, it has become
possible to collect high-resolution aerial images at scales and frequencies that were not
achievable before, creating new opportunities for automated road analysis. Despite these
advantages, natural scene complexity, non-road objects, occlusions, and variations in light-
ing conditions remain major obstacles to the precise extraction of road boundaries from
UAV imagery [3][4]. Relying on traditional manual inspection is no longer practical, as
it is time-consuming, labor-intensive, and prone to error, which highlights the need for
robust and fully automated solutions [5].

In order to address these challenges, we place our work within the broader field of
computer vision, where image processing techniques have long been used to analyze and
interpret visual data. Tasks such as edge detection, segmentation, and feature extraction
were traditionally carried out using handcrafted algorithms [6][7][8]. However, when we
apply these methods to UAV imagery, they often fail because of the high variability and
complexity of aerial scenes [9]. For this reason, we turn to learning-based methods, where
models are trained on large collections of images and learn directly from data instead of
depending on manually designed rules.

Modern approaches like Convolutional Neural Networks (Convolutional Neural Net-
work (CNN)s) have completely transformed computer vision by making it possible to
learn features hierarchically and achieve impressive results in both image classification
and segmentation tasks [10]. CNNs are particularly effective for road detection, where
identifying fine details and larger structures is equally important, because they can auto-
matically capture spatial patterns at different scales.

Based on this progress, one of the most widely used CNN architectures for segmenta-
tion is U-Net. The original U-Net was first introduced for biomedical image analysis. Its
encoder–decoder design and skip connections allow the model to preserve spatial details
while also capturing high-level semantic information. These two properties are essential
for accurately detecting roads in UAV images [11]. However, even though U-Net provides
a strong starting point, its performance can be affected by the choice of normalization tech-
nique, particularly when training with small batch sizes [12]. Working with small batches
(which define the number of samples that are propagated through the network) is often
unavoidable in aerial road segmentation, since high-resolution images quickly consume
memory and force us to reduce the batch size to fit both the data and the model on GPUs

2



Figure 1.1: Binary Semantic Segmentation for Aerial Road Image

with limited resources [13].

1.2 Research Problems

Despite the progress in computer vision and deep learning, we still face many challenges
when trying to accurately detect and track road edges in UAV images. One big difficulty
comes from the fact that roads often look very similar to the surrounding areas, like soil,
rooftops, or vegetation. On top of that, shadows, trees or buildings blocking the view, and
changes in lighting or seasons make it even harder for us to get precise road edges, which
can sometimes end up fragmented or unclear.

We also face challenges from the complex backgrounds in UAV images, especially
in urban or semi-urban areas. These scenes are full of things like vehicles, pedestrians,
buildings, and vegetation, which makes it tricky for us to separate roads from everything
else. To deal with this clutter, our models need to be both accurate and aware of the
surrounding context.

High-resolution aerial images add another layer of difficulty during training and de-
ployment. Processing such large images uses a lot of GPU memory, which often forces
us to work with smaller batch sizes to avoid running out of memory. Many popular mod-
els, including U-Net, use normalization layers like Batch Normalization, and these layers
don’t work well when the batch size is small. This can make training unstable and reduce
the performance of our models.

On top of that, UAV platforms usually have limited computational resources. Deep
learning requires heavy calculations and lots of processing power, but embedded UAV
systems often have restrictions on memory, storage, and computing capacity. This makes
it tough for us to deploy large models in real time or on a bigger scale.

Finally, although several advanced normalization techniques have been proposed to
overcome the limits of traditional methods, we noticed that many of them have not been
tested in U-Net for high-resolution aerial road segmentation. Their potential benefits like
more stable training, faster learning, and better results with small batches are still underex-
plored. This is why we want to evaluate and adapt these techniques to see how well they

3



work for UAV-based road detection.

1.3 Project Background

Semantic segmentation has become a key task in computer vision, especially in applica-
tions that require a detailed understanding of scenes, such asmedical imaging, autonomous
driving, and aerial mapping [14]. In our work on UAV-based road detection, semantic
segmentation helps us classify every pixel in an aerial image, allowing us to separate road
surfaces from the background with high spatial accuracy.

The rise of deep learning, particularly Convolutional Neural Networks (CNNs), has
greatly improved what we can do with semantic segmentation. CNNs let our models learn
hierarchical features directly from image data, which makes them much more effective
than traditional methods that rely on handcrafted features. This ability is especially useful
for handling the complexity of aerial imagery captured by UAVs.

Among CNN architectures, U-Net has become very popular because of its encoder-
decoder design [11]. This structure allows us to capture both local textures and global
semantic information efficiently. Although U-Net was originally developed for biomedi-
cal image segmentation, we and other researchers have adapted it for remote sensing and
aerial image analysis because its skip connections help preserve spatial details between
encoding and decoding paths [15, 16].

Even though U-Net provides a strong starting point, we know that its baseline imple-
mentation has some limitations. Its performance depends on factors such as the choice
of normalization technique [17], the resolution of the training data, and how efficiently
the model runs especially in environments with limited hardware. To overcome these
issues, recent work has focused on enhancing U-Net with features like multi-scale con-
text aggregation, attention modules [18], and alternative normalization layers, all aimed
at improving accuracy and generalization in complex scenarios.

Despite these improvements, we noticed that many of them have not been fully tested
under the specific constraints of UAV-based road detection, such as small batch sizes,
high-resolution inputs, and the need for real-time deployment. This shows that there is
still a need to adapt segmentation models carefully to balance performance, efficiency,
and robustness in aerial road segmentation tasks.

Building on this background, in our research we aim to explore how U-Net can be
effectively optimized for road detection in UAV imagery, by adjusting its components to
better address these practical challenges.
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1.4 Research Objectives

In this thesis, our main goal is to create and assess a strong deep learning framework that
can detect roads in UAV imagery. Therefore, we aim to overcome persistent limitations in
existing segmentation models, particularly those related to normalization techniques when
applied under small batch training conditions [19]. As discussed earlier, high-resolution
aerial images often impose memory constraints that necessitate the use of small batch
sizes, making standard normalization methods like Batch Normalization unstable and less
effective.

To address these constraints, we propose to integrate a more adaptive normalization
strategy into the popular U-Net model to create a novel architecture that we named BGN-
UNet. Our main objective is to systematically assess the impact of this modification on
segmentation performance under controlled conditions that reflect common limitations in
aerial image analysis, such as limited memory resources and hardware constraints. Ad-
ditionally, our study seeks to analyze the practical considerations involved in using such
models for UAV tasks, including computational efficiency and model scalability, while
recognizing that real-world deployment remains a topic for future investigation.

To summarize the research objectives of this work, this thesis focuses on enhancing
the baseline U-Net architecture through improved normalization, performing comparative
analysis with existing approaches, and discussing the practical aspects of model adaptation
in the context of UAV imagery.

1.5 Proposed Solutions

To address the challenges in road segmentation from UAV images, we propose an en-
hanced U-Net architecture called BGN-UNet that integrates Batch Group Normalization
(BGN). It is important to note that the original U-Net architecture, as introduced for
biomedical image segmentation, did not include any normalization blocks. While many
subsequent implementations incorporated Batch Normalization to stabilize training and
improve convergence, such additions are not standardized and often struggle under small
batch size regimes common in high-resolution aerial image processing.

Batch Group Normalization (BGN) combines the strengths of Batch Normalization
[20] and Group Normalization [21], making it more adaptable to varying batch sizes
and feature structures. Figure 1.2 illustrates several normalization techniques, Batch Nor-
malization (BN), Layer Normalization (LN) [22], Group Normalization (GN) and Batch
Group Normalization (BGN) [23]. Each subfigure displays a feature map with axes rep-
resenting batch size (N), number of channels (C), and spatial dimensions (H, W). The
highlighted regions indicate the pixels used to compute normalization statistics. Unlike
other methods, BGN uniquely merges the channel and spatial dimensions into unified
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Figure 1.2: Normalization Techniques: Batch Normalization (BN), Layer Normalization
(LN), Group Normalization (GN), and Batch Group Normalization (BGN). The purple
regions indicate the pixels used to compute normalization statistics.

groups, enabling more stable and effective normalization, particularly when training with
small batches.

The BGN-UNet [24] model is implemented and evaluated under realistic constraints
associated with aerial imagery, such as processing high-resolution inputs under limited
memory resources. Its performance is compared to the baseline U-Net variants employ-
ing traditional normalization strategies, with evaluation metrics focused on segmentation
quality, training stability, and robustness. Although the experiments were conducted in a
controlled research environment using cloud-based GPU resources. We found that using
the right normalization method is key to improving a model’s ability to deal with UAV
segmentation images.

1.6 Research Scope

This thesis is centered on the problem of binary semantic segmentation, specifically, the
detection and delineation of road pixels from non-road regions in UAV captured imagery.
Our research is limited to experiments designed to simulate the constraints encountered
in UAV image processing, such as large image dimensions, restricted computational re-
sources, and the need to train with small batch sizes due to memory limitations.

The research scope includes the design, implementation, and evaluation of the pro-
posed BGN-UNet model, with a focus on segmentation accuracy, training stability, and
robustness to aerial scene content. A comparative analysis is conducted against traditional
normalization methods and established segmentation architectures to determine the added
value of BGN within the U-Net framework.

To manage computational limitations and focus the research on its main objective, we
adopt a binary semantic segmentation approach, distinguishing only between road and
non-road classes. This simplification is justified by the specific needs of aerial road ex-
traction, where multi-class segmentation is unnecessary. Additionally, to reduce mem-
ory consumption and enhance training efficiency, grayscale images were used instead of
Red, Green, and Blue (RGB), as color information was not essential for this task. High-
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resolution aerial images were also divided into smaller patches to make training feasible
on limited hardware resources. These choices, while detailed further in the Methodology
chapter, define the practical and technical boundaries within which the BGN-UNet model
was designed and evaluated.

Although our study does not involve deployment in real-world UAV systems, it in-
cludes a theoretical discussion of practical considerations such as model scalability and
computational feasibility. These aspects are considered with the intention of guiding fu-
ture research toward real-time or embedded applications.

1.7 Structure of the Thesis

The remainder of this thesis is organized into five chapters. In Chapter 2, we present a
comprehensive literature review, covering traditional and deep learning-based approaches
to road extraction, recent enhancements to the U-Net architecture, and normalization tech-
niques that aim to improve training under constrained conditions. Chapter 3 outlines our
research methodology, where we describe the experimental framework, including our
dataset, model architecture, training procedures, and evaluation metrics, all adapted to
the constraints of UAV-based segmentation. Chapter 4 presents our experimental results,
offering quantitative and qualitative evaluations of our proposed BGN-UNet, alongside
ablation studies and comparisons against baseline models. In Chapter 5, we discuss the
challenges and theoretical considerations for practical implementation, focusing on model
scalability, memory efficiency, and potential deployment constraints. Finally, the general
conclusion summarizes our main contributions, identifies limitations, and outlines our vi-
sion for future research.
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2.1 Introduction

Automated road extraction from aerial imagery, especially from Unmanned Aerial Vehi-
cles (UAVs), has become a major focus in remote sensing and computer vision over the
last ten years. This shift began moving away from older photogrammetric and manual
methods [25], which, while useful for small mapping projects, were not easily scaled or
automated. The rise of high-resolution sensors on flexible UAV platforms greatly im-
proved data collection, paving the way for algorithmic solutions suited for dynamic and
large-scale road detection [26, 27]. UAVs provide distinct benefits compared to satellites
or manned aircraft, such as reduced cost, more adaptable deployment, and superior spatial
and temporal detail [28]. These characteristics position UAV imagery as a highly suitable
resource for applications like urban planning, traffic analysis, disaster management, and
environmental monitoring [29].

Despite advances in the field, the extraction of road networks from UAV imagery still
encounters many challenges. Roads vary considerably in their characteristics, with differ-
ences in width, construction material (asphalt, concrete, or gravel), surface condition, and
spectral properties [30]. They are also frequently obscured by trees, vehicles, or build-
ings, and their appearance may be distorted by shadows, illumination changes, or oblique
viewing angles [31]. Background features with similar visual patterns, such as rooftops,
riverbanks, or parking areas, can easily be mistaken for roads, particularly in complex ur-
ban and rural environments [26]. These difficulties undermine the assumptions of earlier
rule-based or feature-driven methods, which often suffer from limited generalization, high
rates of false identification, and weak boundary precision [30, 31].

2.2 Traditional Approaches

Early methods for road extraction were mainly based on classical machine learning and
hand-crafted features. In these approaches, techniques such as Support Vector Machine
(SVM) [32], Markov Random Field (MRF) [33], edge detection, and template matching
were commonly used. These approaches tried to recognize road pixels by using prede-
fined cues such as geometry, texture, or spectral properties [25]. For example, Mie et al.
combined SVM with template matching to make road detection more reliable [34], while
Jayaseeli and Mathali applied multi-thresholding along with heuristic optimization to seg-
ment high-resolution satellite images [35]. While these methods managed to produce rea-
sonable results, they often camewith limitations. They required significant pre-processing
and careful adjustment of parameters for each dataset, and they struggled in difficult situ-
ations such as road occlusion, varying illumination, and the inherent complexity of aerial
imagery.
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2.3 Deep Learning for Road Extraction

Deep learning approaches were developed to overcome the limitations of traditional meth-
ods and to improve both robustness and scalability. One important development was the
Fully Convolutional Network (FCN) [1]. This network enabled pixel-wise prediction by
removing the fully connected layers. However, because it relied on repeated downsam-
pling, the results were often coarse and the boundaries of roads were not well defined.

Thus, encoder–decoder architectures were introduced to solve the problem of impre-
cise results. Examples of these are U-Net, SegNet [36], and DeConvNet [37]. These mod-
els use a symmetric design with skip connections or index-preserving upsampling to keep
the spatial details and recover clearer segmentation maps. Among them, U-Net became
the most popular because it is effective and can be adapted to many applications. Later
versions such as Residual U-Net [38] added residual blocks to make training more stable.
Buslaev et al. further improved the design by using ResNet encoders, which increased
feature depth and made the extracted information richer [39, 40].

Further progress was achieved with dilated convolutions and multi-scale fusion meth-
ods. The DeepLab series followed this direction by adding the Atrous Spatial Pyramid
Pooling (ASPP) module [41], which gathers contextual information at different scales
without losing spatial detail. At the same time, attention mechanisms were introduced to
emphasize important regions and reduce background noise, which improved both recall
and precision [42]. Other models such as RoadNet and CasNet used multi-task learning,
where surface segmentation, edge detection, and centerline extraction were performed to-
gether. This gave the models a stronger structural understanding of roads [43].

Even with these deep learning methods, the task of segmenting roads in UAV images
is still challenging. The main difficulties are related to scale changes, occlusions, and sim-
ilarities with other objects. The next section looks more closely at image segmentation
methods, focusing on binary semantic segmentation and the architectural and normaliza-
tion strategies used in our proposed approach.

2.4 Image Segmentation

Image segmentation is an important task in computer vision. It divides an image into
meaningful parts that represent real-world objects or boundaries [14]. In this thesis, the
focus is on binary semantic segmentation, where each pixel is labeled as road or non-
road. This is essential in UAV-based road extraction, since segmentation helps isolate road
areas from complex scenes. Such separation is important for applications like autonomous
navigation, infrastructure monitoring, and post-disaster analysis.

Classical segmentation methods are usually divided into two groups: methods based
on discontinuity and methods based on similarity. Discontinuity-based methods, such as
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edge detection, work by finding sudden changes in pixel values. They can detect clear
boundaries, but they are very sensitive to noise and often create broken edges, especially
in aerial images affected by shadows or occlusions [44, 45, 46, 47, 48].

Methods based on similarity include thresholding, region growing, and clustering.
Thresholding is simple and fast, but it cannot handle changes in lighting that are common
in UAV images. Region growing is more robust to noise but depends on careful parameter
choice and initialization. Clustering methods, such as k-means and fuzzy c-means, group
pixels with similar features, but they often ignore spatial context. As a result, they may
confuse roads with non-road areas when their spectral values overlap [49, 50].

Other classical methods include watershed algorithms, which treat grayscale images
as topographic surfaces and segment them by finding catchment basins. These can pro-
duce closed boundaries but often lead to over-segmentation and require preprocessing [51].
PDE-based methods use diffusion to enhance structures, but they are computationally ex-
pensive and depend strongly on the starting conditions.

Even with these techniques, traditional methods face clear limitations in UAV-based
road extraction. Scene variability, shadows, non-uniform road surfaces, and confusion
with similar structures such as rooftops or rivers make them unreliable. In addition, they
depend heavily on handcrafted features and fixed thresholds, which limits their adaptabil-
ity across different datasets [52].

Figure 2.1 shows examples of classical segmentation results on UAV imagery, in-
cluding global thresholding, Canny edge detection, Otsu thresholding, watershed segmen-
tation, and k-means clustering. As can be seen, these methods often give fragmented,
noisy, or over-segmented outputs because of shadows, occlusions, and spectral ambigui-
ties. These problems highlight the weaknesses of traditional approaches and explain why
more robust, data-driven deep learning methods are needed. The next section will focus
on these methods in detail.

Unlike traditional methods, deep learning approaches-based segmentation techniques
have become strong alternatives because they can learn features directly from data. Convo-
lutional Neural Networks (CNNs), especially encoder–decoder designs like U-Net, have
shown very good results in tasks that need precise localization, such as road extraction
[15, 16]. The U-Net model combines downsampling and upsampling paths with skip con-
nections, which helps it keep spatial details while still capturing context. This makes it
effective for high-resolution aerial images.

The performance of these models depends a lot on the training setup, including normal-
ization, batch size, and data diversity [17, 21, 23]. Batch Normalization (BN) is widely
used but can be unstable with small batch sizes, which are often required for large UAV
images due to memory limits. Group Normalization (GN) reduces some of these problems
but does not fully use information across samples. For this reason, hybrid methods such
as Batch Group Normalization (BGN) were proposed. Adding BGN to U-Net improves

11



Figure 2.1: Comparison of classical segmentation methods applied to UAV imagery: (a)
Original image; (b) Global thresholding; (c) Canny edge detection; (d) Otsu thresholding;
(e) Watershed segmentation; (f) K-means clustering. These classical methods often strug-
gle with fragmented edges, noise, and over-segmentation due to shadows and complex
backgrounds.

stability during training and increases segmentation accuracy, especially under UAV con-
straints.

In summary, traditional segmentation methods are important but limited when applied
to UAV scenes. Deep learning models, supported by adaptive normalization strategies,
provide more reliable and scalable solutions. This shift from classical to methods that
learn from data motivates the design of models that achieve high accuracy and robustness
in UAV road extraction [53, 45].

2.5 Recent Architectures and Improvements

Over the years, researchers have tried to push the limits of road extraction by designing
more advanced and hybrid neural networks. One line of work focused on Generative
Adversarial Network (GAN)s, which are able to produce realistic outputs by learning
through competition between a generator and a discriminator. Building on this idea, Zhang
et al. combined Deep Convolutional Generative Adversarial Network (DCGAN) and
Conditional Generative Adversarial Network (CGAN) with a fully convolutional genera-
tor, which helped to improve the spatial coherence of road extraction results [54, 55, 56].

Another direction explored the use of recurrent connections. For instance, Yang et al.
proposed Region-based Convolutional Neural Network (RCNN)-U-Net, where recurrent
links were added to CNN backbones so that the model could capture both spatial patterns
and sequential dependencies [57]. VNet approached the problem from another angle by
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designing a Cross-Entropy-Dice Loss (CEDL) to reduce class imbalance and better capture
narrow road segments [58]. These solutions showed clear improvements, but their heavy
computational cost limited their use in real-time UAV applications [45].

More recently, researchers have turned to Transformer-based models. By combining
the global attention ofVision Transformerswith the local detail extraction of CNNs, hybrid
CNN-Transformer networks achieved more accurate segmentation, especially when fine
details and large structures had to be recognized together [59]. Yet, these benefits came at
the price of longer training times and slower inference speeds [14].

Attention mechanisms have also been integrated into traditional encoder–decoder de-
signs. UNet++, for example, was enhanced with the Convolutional Block Attention Mod-
ule (CBAM), which helped the network focus on important regions while reducing false
positives in cluttered scenes [60, 61]. Similarly, Multi-Scale Attention Generative Adver-
sarial Network (MS-AGAN), a multi-scale adversarial model, improved road continuity
and connectivity, though challenges like occlusion and scene clutter remained [55].

Taken together, these advances show how the field is moving toward hybrid solutions
that combine the strengths of CNNs, Transformers, and adversarial learning. Wang et
al. [62], for instance, use a dual-branch fusion encoder with spatial-channel attention to
capture both global context and fine details, while Zhang et al. [55] leverage adversarial
training at multiple scales to strengthen road continuity. Hybrid GANs [56] and recur-
rent CNNs [63] add further improvements in spatial consistency, although they remain
computationally demanding. Despite this progress, extracting roads from UAV images,
especially in dense urban environments, continues to pose difficulties. This ongoing chal-
lenge keeps driving research toward adaptive architectures and refined loss functions [64,
65].

2.6 Representative UAVRoadDetectionAlgorithms (Pre-
2015 to 2025)

In recent years, road detection from Unmanned Aerial Vehicle (UAV) imagery has pro-
gressed significantly, supported by advances in remote sensing and the growing need for
automated infrastructure monitoring and traffic management [53, 55]. Early studies be-
fore 2015 mainly relied on classical image processing techniques such as edge detection,
thresholding, morphological operations, and Hough transforms [25, 44, 49]. These ap-
proaches attempted to identify roads using handcrafted rules based on color, texture, and
geometry. However, as we observe from the literature, their performance was limited
by shadows, occlusions, and illumination changes. Roads often shared visual similarities
with objects such as rooftops or riverbanks, which further reduced their reliability [45,
52]. Consequently, we can see that classical methods lacked robustness and adaptability,
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restricting their deployment in large-scale or complex urban environments.
The emergence of deep learning, particularly Convolutional Neural Networks (CNNs),

brought a decisive shift around 2015. Architectures like Fully Convolutional Networks
(FCNs), SegNet, and U-Net enabled pixel-wise segmentation by learning hierarchical rep-
resentations directly from data [66, 36, 11]. U-Net, with its encoder–decoder structure and
skip connections, proved especially powerful in capturing both spatial detail and broader
context, which made it highly effective for aerial imagery [11, 67, 15]. However, from
our perspective, these models come with important constraints: they require extensive an-
notated datasets and high computational resources, both of which can be challenging for
UAV platforms with limited onboard capacity [68, 69]. In addition, we note that perfor-
mance can be sensitive to training hyperparameters such as batch size and normalization,
which are critical considerations in UAV applications [17, 21, 23].

To mitigate these issues, researchers have turned toward task-specific and lightweight
models. For example, Sunitha et al. designed a framework tailored for UAV-based road
surface damage detection, incorporating domain-specific features to improve accuracy
[70]. While effective in some cases, it showed limited generalization and reduced suit-
ability for real-time use. Zhang et al. explored MobileNet to cut down computational
demands, and although this improved efficiency, it compromised the extraction of fine
spatial details in dense scenes [71]. From our analysis, this underlines a recurring trade-
off between compact models and segmentation fidelity.

More recently, hybrid and transformer-based models have been proposed. By com-
bining CNNs with attention mechanisms, these approaches aim to capture long-range de-
pendencies and fine-scale details simultaneously. Liu et al., for instance, introduced a
hybrid CNN–Transformer model for better detection of narrow roads and markings [72].
Although such designs are promising, we find that their computational and training com-
plexity still restricts deployment on UAVs with limited hardware [71, 59].

UAV imagery is also being applied beyond road segmentation. For example, Cruzado
et al. employed background subtraction techniques for freeway incident detection, report-
ing accuracies up to 92% while also showing how UAV altitude and viewing distance
affect detection performance [73]. Multi-object detection models such as HeMoDU have
also been developed, demonstrating improved detection speed and accuracy in challenging
urban scenes when tested on datasets like VisDrone2019 and UA-DETRAC [74].

In parallel, we observe growing interest in transfer learning and ensemble approaches.
Senthilnath et al. proposed Deep TEC, which combines transfer learning with ensemble
classifiers. Their work showed how pre-trained models such as conditional GANs, Cy-
cleGANs, and FCNs could be adapted to UAV imagery to improve generalization [75].
From our perspective, this line of research highlights the benefit of reusing knowledge
from related domains to address dataset variability.

Another emerging trend is the application of modern object detection frameworks such
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as YOLOv7 and YOLOv8 for UAV-based road damage detection. These models achieved
accurate and real-time classification of different road damage types, providing UAV plat-
forms with reliable tools for infrastructure assessment [76, 77]. Evaluations were typically
carried out with precision, recall, and F1-scores, showing their practical efficiency.

More integrated frameworks have also been explored. For example, C-DeepLabV3+
was introduced to perform both road segmentation and vehicle detection by incorporating
coordinate attention and cascade feature fusion modules [78]. We consider these multi-
task approaches an important step toward broader scene understanding, which is essential
for intelligent transportation systems [79].

In summary, the field has evolved from handcrafted methods to increasingly sophis-
ticated deep learning and hybrid solutions [53, 45]. Despite these advances, challenges
remain, including dependence on large annotated datasets, UAV hardware constraints, and
the ongoing need to balance model complexity with real-time applicability [17, 21]. These
limitations motivate our ownwork, where we aim to designmethods that are both effective
and practical for UAV-based road extraction.

To address this, we propose the BGN-U-Net model, which integrates Batch Group
Normalization into the U-Net architecture. With this design, we aim to improve training
stability and segmentation accuracy across varying batch sizes. Our approach seeks to
provide a reliable and efficient solution for UAV road detection, bridging the gap between
research advances and real-world deployment. The following chapter presents ourmethod-
ology in detail, including dataset preparation, model architecture, and evaluation. Table
2.1 summarizes key UAV road detection algorithms and approaches developed between
2015 and 2025, highlighting their main contributions and application focus.
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Table 2.1: Representative UAVRoad Detection Algorithms Developed Between 2015 and
2025

Year Algorithm /
Approach

Description & Contribution Application
Focus

Before 2015 Classical
Methods

UAV road detection relied on classical im-
age processing techniques such as edge
detection, color thresholding, and Hough
transform, limited by computational re-
sources and dataset size.

Road segmenta-
tion from aerial
imagery [80]

2017–2018 CNN-based
Segmentation

Emergence of CNN models (e.g., U-Net
variants) adapted for UAV imagery, im-
proving accuracy and robustness in com-
plex urban scenes.

Road segmenta-
tion [36]

2019–2020 Background
Subtraction

Background subtraction applied to UAV
video for vehicle detection, achieving up
to 92% accuracy and analyzing UAV posi-
tioning effects on detection performance.

Vehicle detection
and traffic moni-
toring [73]

2021–2022 YOLO-based
Detection

Adoption of YOLO architectures
(YOLOv5, YOLOv7) for real-time
road damage and vehicle detection, en-
abling fast and accurate UAV monitoring.

Road damage and
vehicle detection
[81]

2023–2024 C-
DeepLabV3+
+ S-YOLOv5

Integrated framework combining coordi-
nate attention enhanced DeepLabV3+ for
road segmentation and SimAM attention
enhanced YOLOv5 for vehicle detection,
achieving state-of-the-art results.

Simultaneous
road segmenta-
tion and vehicle
detection [78, 79]

2025 Transformer-
CNN Frame-
work

Incorporation of Transformer modules
significantly improving road damage de-
tection accuracy on UAV datasets, reflect-
ing the trend toward transformer-based ar-
chitectures.

Road damage de-
tection [82]

2.7 Normalization Techniques

When training deep neural networks, we often face difficulties such as vanishing and ex-
ploding gradients or internal covariate shift, where the distribution of activations changes
during training. These problems can slow convergence and destabilize learning. Over
time, researchers have developed several strategies to address them, and among these, nor-
malization techniques have proven especially effective in improving stability and speeding
up optimization.

The main idea of normalization is to standardize intermediate feature distributions
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inside network layers. By doing this, we reduce internal covariate shift and make opti-
mization more efficient. Since the introduction of Batch Normalization (BN) by Ioffe
and Szegedy in 2015 [17], normalization has become a core component of modern archi-
tectures. BN works by normalizing activations within each mini-batch using their mean
and variance, followed by a scaling and shifting step with learnable parameters. This
procedure stabilizes training, accelerates convergence, and often improves generalization
performance.

Batch Normalization effectively mitigates internal covariate shift by normalizing layer
inputs within each mini-batch during training. As shown in Figure 2.2, BN accelerates
training and improves final accuracy on the MNIST dataset. The figure illustrates that
networks trained with BN achieve higher test accuracy more rapidly than those without.
Furthermore, the evolution of input distributions to a sigmoid activation reveals that BN
maintains a more consistent distribution over training iterations, reducing internal covari-
ate shift. This stabilization enables the use of higher learning rates and improves gradient
flow, ultimately enhancing model performance.

Figure 2.2: (a) Test accuracy of a neural network trained on MNIST with and without
Batch Normalization (BN) versus training steps. BN accelerates training and improves
accuracy. (b, c) Evolution of input distributions to a typical sigmoid activation during
training, shown at the 15th, 50th, and 85th percentiles. BN stabilizes these distributions,
reducing internal covariate shift. Figure adapted from Ioffe and Szegedy (2015) [17].

Still, BN is not without limitations. During inference, when themodel processes single
samples rather than batches, it must rely on running statistics collected during training. If
the test distribution differs from the training distribution, performance can suffer. This has
motivated alternative approaches that avoid dependency on batch statistics.

Among these alternatives, Layer Normalization (LN) [22] normalizes across all fea-
tures within a single sample, eliminating dependence on batch size and making it particu-
larly suitable for recurrent architectures. The benefits of LN were demonstrated using the
Deep Recurrent AttentionWriter (DRAW)model on theMNIST dataset. As shown in Fig-
ure 2.3, the model with LN converges almost twice as fast as the baseline model without
normalization. Both models eventually reach similar performance levels, but LN accel-
erates learning by stabilizing internal computations during training, improving efficiency
without sacrificing accuracy.
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Figure 2.3: DRAW model test negative log likelihood with and without layer normaliza-
tion [22].

Building upon the concept of per-sample normalization, Instance Normalization (IN)
[83] normalizes each channel of individual samples independently. This approach has
been extensively applied in style transfer tasks due to its ability to remove instance-specific
contrast information. While IN effectively normalizes each channel, it does not explicitly
leverage relationships among channels.

To address this, Group Normalization (GN) [21] divides channels into groups and nor-
malizes within each group independently of the batch dimension. This design overcomes
batch size limitations and maintains stable training dynamics even with small or varying
batch sizes, making GN especially suitable for memory-constrained environments such as
UAV image segmentation.

Further developments include Weight Normalization (WN) [84], which reparameter-
izes neural network weights to decouple magnitude and direction, facilitating faster con-
vergence without relying on batch statistics. Additionally, hybrid methods such as Batch
Group Normalization (BGN) [23] combine the advantages of BN and GN by comput-
ing normalization statistics across both batch and group dimensions. BGN preserves rich
feature representations while maintaining robustness to varying batch sizes, proving par-
ticularly effective in high-resolution semantic segmentation tasks.

Other sophisticated normalization frameworks, including Switchable Normalization
(SN) [85] and Batch-Instance Normalization (BIN), dynamically learn to balance between
BN, IN, and LN statistics. These methods adapt normalization strategies on a per-layer
basis to optimize performance across diverse tasks and batch configurations.

As illustrated in Figure 2.4, normalization techniques differ primarily in the dimen-
sions over which they compute statistics, which significantly affects their behavior and
performance in deep neural networks.

Incorporating advanced normalization methods such as GN and BGN into segmenta-
tion networks like U-Net has been shown to improve training stability and segmentation
accuracy, especially under constraints posed by small batch sizes and high-resolution in-
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Figure 2.4: Visualization of different normalization techniques in deep learning, includ-
ing Batch Normalization, Instance Normalization, Layer Normalization, Group Normal-
ization, Batch Group Normalization, and Switchable Normalization. Each colored region
illustrates the scope over which statistics are computed for each normalization method.

puts typical of UAV-based semantic segmentation. This thesis further investigates the
application of BGN within U-Net to evaluate its effectiveness in this context.

To better understand the distinctions and practical considerations of the various normal-
ization methods discussed, Table 2.2 summarizes their key characteristics. The table com-
pares each technique based on the dimensions over which normalization is performed, de-
pendence on batch statistics, typical application domains, and principal advantages. This
overview highlights how different normalization strategies address specific challenges in
deep neural network training, such as handling small batch sizes, stabilizing recurrent
computations, or improving style transfer. This comparison provides a useful reference
for selecting appropriate normalization methods tailored to particular architectures and
tasks.

2.8 Research Gaps and Motivation

Despite the progress made in UAV-based image segmentation, important challenges re-
main before models can be used reliably in real-world situations. Many advanced deep
learningmodels demand significant computational power andmemory, whichmakes them
difficult to run on UAV platforms with limited onboard hardware [86, 87]. This creates a
trade-off between accuracy and efficiency that is problematic for time-sensitive tasks such
as disaster response or autonomous navigation.

The accuracy and robustness of current models can also decrease in difficult condi-
tions. Occlusions, changes in illumination, and cluttered environments often reduce seg-
mentation quality, especially when annotated training data is scarce or imbalanced [88,
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Table 2.2: Comparison of Normalization Techniques in Deep Neural Networks

Normalization Normalization
Dimension

Batch Depen-
dence

Typical Applications Key Advantages

Batch Normalization (BN) [17] Across batch and
spatial dimensions
per channel

Yes, depends on
mini-batch statis-
tics

CNNs, general deep
networks with large
batch sizes

Stabilizes training, accel-
erates convergence, im-
proves generalization

Layer Normalization (LN) [22] Across all features
within each individ-
ual sample

No, independent
of batch size

Recurrent Neural Net-
works, Transformers

Suitable for variable or
small batch sizes, stabi-
lizes recurrent computa-
tions

Instance Normalization (IN) [83] Per channel, per indi-
vidual sample

No Style transfer, GANs Removes instance-
specific contrast, pre-
serves style information

Group Normalization (GN) [21] Groups of channels
within each sample

No Object detection,
segmentation,
small/variable batch
sizes

Stable training with small
batches, balances between
BN and LN

Weight Normalization (WN) [84] Reparameterizes
weight vectors (mag-
nitude and direction)

No General deep networks Faster convergence with-
out batch statistics

Batch Group Normalization (BGN) [23] Combines batch and
group normalization
statistics

Yes High-resolution se-
mantic segmentation

Robust to batch size vari-
ation, preserves rich fea-
tures

Switchable Normalization (SN) [85] Learns weighted
combination of BN,
IN, LN

Yes/No (adaptive) Diverse tasks Adaptive normalization,
optimizes per layer for
task

89]. Since creating large, high-quality UAV datasets is costly and time-consuming, this
remains a practical limitation.

Normalization techniques are another key element for stable and efficient training.
However, widely used methods such as Batch Normalization rely on large batch sizes to
perform well [17]. In UAV workflows, batch sizes are often small or variable because of
hardware limits or dataset constraints, which reduces the effectiveness of BN [21, 23]. Al-
ternatives such as Group Normalization and Batch Group Normalization have been intro-
duced, but there is still a lack of models that integrate normalization strategies specifically
adapted to UAV scenarios.

These challenges point to the need for lightweight segmentation models, defined as
architectures that require fewer parameters and computational resources, while still bal-
ancing accuracy, stability, and efficiency and remaining suitable for small-batch learn-
ing. Batch Group Normalization (BGN) is a promising solution because it combines the
strengths of both batch and group statistics [23], making it particularly relevant for UAV
applications.

Looking at the broader literature, road extraction has evolved from classical image
processing approaches to deep learning-based methods. Among these, U-Net and its many
variants have become widely used because of their flexibility and strong performance [11,
38, 90]. Yet, these models do not always address UAV-specific challenges, such as varying
environmental conditions or limited batch sizes. While normalization has improved the
training stability of these architectures, further work is needed to adapt such methods more
directly to UAV-based segmentation [21, 23, 85].

In this thesis, we aim to fill these gaps by developing lightweight segmentation mod-
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els that incorporate Batch Group Normalization. Our objective is to improve robustness,
efficiency, and generalization in UAV-based road segmentation, while ensuring that the
proposed models remain practical for deployment in real-world scenarios.
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3.1 Introductinon

In this chapter, we present the methodology we followed to tackle the task of road seg-
mentation in aerial images captured by Unmanned Aerial Vehicles (UAVs). We begin by
describing the dataset we used, highlighting its key characteristics and explaining why it
is well-suited to address the problem. We then detail the preprocessing steps we applied to
the raw images, including normalization and geometric corrections, to ensure that the data
is consistent and of high quality. To further improve our model’s ability to generalize, we
also explore several data augmentation techniques that artificially increase the diversity
of training samples.

Next, we present the normalization strategies we explored, paying particular attention
to their effect when training with small batch sizes, which is a common limitation when
handling high-resolution UAV imagery. We then describe the architecture of our proposed
segmentation model, which builds upon the well-established U-Net framework. Our ad-
justments to the baseline are specifically designed to improve robustness and accuracy,
especially through the integration of a tailored normalization technique that addresses the
unique challenges posed by UAV data.

We provide full details of our training setup, including the optimization algorithms
and learning rate schedules, to ensure reproducibility and demonstrate the rigor of our
experiments. Finally, we describe the evaluation metrics used to quantitatively assess seg-
mentation performance, allowing for a thorough and objective comparison with existing
methods. Overall, our goal is to develop a segmentation framework that can accurately
and reliably extract road networks from UAV imagery, contributing to advancements in
remote sensing and computer vision applications.

3.2 MemoryRequirements to Train aDeepLearningModel

When training a deep learning model on large images, memory usage can far exceed the
raw size of the input data. The total memory required depends on several factors including:
image resolution, color depth, the number of channels, model architecture, sizes of inter-
mediate feature maps, batch size, and data precision. Being able to estimate these memory
requirements accurately is essential for managing resources efficiently and avoiding out-
of-memory errors during training. Recent studies have introduced optimization strategies,
such as tensor lifetime analysis and checkpointing, which help reduce peak memory con-
sumption without affecting model accuracy or training time [91, 92, 93]. Additionally,
analyses examining memory use in relation to hyperparameters have shown that batch
size and model depth play a major role in determining memory demands [94].

The memory required to store a single input image can be estimated by multiplying its
width, height, number of channels, and bytes per channel. While standard images are often
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stored as 8-bit per channel (1 byte), deep learning frameworks typically represent pixel
values and intermediate activations using 32-bit floating-point precision (float32), which
requires 4 bytes per value [95]. Therefore, for practical training memory calculations, the
bytes per channel is usually taken as 4 bytes.

The memoryM required to store a single input image can be estimated as:

M = W ×H × C × B (3.1)

whereW andH are the image width and height in pixels, C is the number of channels,
and B is the bytes per channel.

For example, a single 1028 × 1028 RGB image stored as 8-bit data requires approxi-
mately 3.02 MB of memory, while the same image stored as float32 data requires roughly
four times more memory, approximately 12.1 MB.

However, the input imagememory represents only a small fraction of the total memory
consumed during training. The dominant memory usage arises from storing intermediate
feature maps (activations) at each layer of the network. Each layer outputs feature maps
with specific spatial dimensions and channel counts, and the memory required to store
these activations accumulates across all layers. The memory needed to store feature maps
for a single image can reach approximately 76 MB for a 256 × 256 image, 1.2 GB for
a 1024 × 1024 image, and nearly 9.6 GB for a 4K image. These values reflect only the
forward pass; the backward pass during training will consume a similar amount of memory
[95].

Formally, the activation memoryMactivation for an input image of widthW and height
H can be estimated by scaling from a baseline memoryMbase at resolutionWbase×Hbase:

Mactivation = Mbase ×
W ×H

Wbase ×Hbase

(3.2)

whereMbase is the activation memory at the baseline resolution. This formula assumes
the network architecture and number of channels remain constant.

It is important to note that the backward pass approximately doubles the memory re-
quirement since gradients of activations must also be stored [96]. Therefore, efficient
memory management strategies are essential for training high-resolution models on lim-
ited hardware.

In addition to activation memory, the model’s trainable parameters contribute to the
overall memory footprint. The BGN-UNet architecture used in this thesis contains approx-
imately 31 million trainable parameters, which require additional memory storage. These
parameters remain constant regardless of the input image size but add to the total memory
demand during training and inference.

During training, activation memory requirements scale linearly with the batch size,
as activations for all images in the batch must be stored simultaneously. Additionally,

24



memory is required for gradients and optimizer states, which typically adds a factor of
two to three times the activation memory, depending on the optimizer used [95, 96, 97].

In the context of this thesis, we trained the BGN-UNet model on images from two
different sequences, each subjected to distinct preprocessing steps. After applying reflec-
tion padding, the images in the first sequence have a size of 1024× 512 pixels, while the
images in the second sequence retain their original resolutions (1280 × 720 pixels and
1024 × 576 pixels), as no padding was applied. The memory needed to store the activa-
tions for a single image as it passes through the BGN-UNet model depends directly on
these input dimensions. Naturally, larger images require more memory to hold the inter-
mediate feature maps generated at each layer, including the encoder, bridge, and decoder
blocks. For comparison, if the full images were processed directly by the network, we
estimated the activation memory footprint to be roughly 1.1 GB for the 1024 × 512 im-
ages, and slightly higher for the larger images in the second sequence. As we increase
the batch size, the total memory demand grows linearly, which makes careful planning of
computational resources essential during training.

Tomanage these substantialmemory demands, several strategieswere employed. First,
all RGB images were converted to grayscale, reducing the number of channels from three
to one and thereby decreasing memory usage by approximately two-thirds [98]. Second,
the original high-resolution images were partitioned into smaller patches of 256 × 256

pixels. This patching reduces the spatial dimensions of feature maps, significantly lower-
ing the per-layer activation memory footprint and enabling the use of larger batch sizes
during training [99]. The choice of a patch size of 256×256 has been made for the sake of
computational efficiency, striking a balance between capturing adequate spatial informa-
tion and maintaining a manageable computational load. It is observed in the literature and
established practices for similar tasks that a patch size of 256×256 is commonly chosen,
reflecting a widely adopted approach in the field [100, 101].

Through these preprocessing steps, we were able to effectively reduce memory usage,
which allowed us to train the BGN-UNet model more efficiently and improve overall
computational performance. By carefully considering these memory requirements, we
ensured that our training process remained practical and scalable, even when working
with large, high-resolution images.

In summary, we observed that the memory needed to train a deep learning model on
large images depends on several factors, including input size, model architecture, batch
size, and data precision. Accurately estimating memory usage across all layers and taking
into account the batch size and optimizer overhead proved essential for successful training.
In our work, preprocessing strategies such as grayscale conversion and image patching
were particularly effective, helping us manage memory demands and enabling the model
to learn robustly from the data.
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Figure 3.1: Examples of training images and their corresponding ground truth masks.

3.3 Dataset

In our work on road segmentation, we used a dataset consisting of two distinct image se-
quences. The first sequence includes 224 images, eachwith dimensions of 848×480 pixels,
while the second sequence comprises 109 images, of which 49 have resolution 1280×720
pixels and 60 have resolution 1024×576 pixels. Every image is paired with its correspond-
ing ground truth mask, which labels the road regions to guide the segmentation process.
This dataset was originally used in a previous study [102]. We should note that the orig-
inal source for downloading the dataset (https://sites.google.com/site/hailingzhouwei/) is
currently unavailable. In the meantime, we have made the dataset accessible via the
following link: https://drive.google.com/file/d/1DiQBsm5wmN0fFNnZs6i7oG_
SHEo6HLej/view?usp=drive_link.

The dataset includes a variety of road scenarios, which allows us to comprehensively
evaluate the model’s performance across different types of road environments. Represen-
tative examples of training images and their corresponding ground truth masks are shown
in Figure 3.1, highlighting the diversity of road layouts and image qualities present in the
dataset.

3.4 Data Preprocessing

In our work, we carefully designed a preprocessing pipeline to turn the raw UAV images
into a structured and manageable format. This pipeline allowed us to improve the effi-
ciency and performance of our model while also reducing memory usage, as discussed in
the previous section [103].

We began by converting the original RGB images to grayscale. We chose this step
because it greatly reduced memory requirements by removing the color channels, while
still keeping the essential intensity patterns needed for accurate road segmentation. This
simplification also made the learning task easier for the model by focusing on the most
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important features instead of color information.
Next, the images of the first sequence were processed using reflection padding so that

their dimensions became divisible by the selected patch size of 256 pixels. Reflection
padding was chosen because it mirrors border pixels, thereby preserving contextual infor-
mation near image boundaries while reducing artificial edge effects [104]. As a result, all
images in the first sequence were resized from 848× 480 to 1024× 512 pixels, enabling
uniform patch extraction.

The second sequence contains imageswith two native resolutions: 49 images of 1280×
720 pixels and 60 images of 1024 × 576 pixels. Since both resolutions already contain
a sufficient number of complete 256 × 256 regions, no reflection padding was applied.
Instead, only complete non-overlapping 256× 256 patches were extracted from each im-
age, while incomplete border regions were discarded. This strategy avoids introducing
artificial image content while preserving the original image information used for training.

To manage the large image sizes and optimize memory during training, the prepro-
cessed images were divided into non-overlapping patches of 256×256 pixels. This patch-
based strategy enabled efficient processing of high-resolution UAV images while increas-
ing the number of training samples. A total of 1792 patches were generated from the first
image sequence, whereas 970 patches were extracted from the second sequence. Equa-
tion 3.3 and Figure 3.2 illustrate the calculation of the number of extracted patches. We
chose the 256 × 256 patch size because it balanced spatial detail with computational fea-
sibility, as seen in other segmentation studies [100, 101]. Overall, by applying grayscale
conversion, sequence-specific image preparation, and patch extraction, we prepared the
dataset for efficient training of the proposed model.

n = (
SIZE_X
patch_size

)(
SIZE_Y
patch_size

) (3.3)

N1 = 224×
(
1024

256

)
×

(
512

256

)
= 224× 4× 2 = 1792 (3.4)

N2 = 49×
⌊
1280

256

⌋
×
⌊
720

256

⌋
+ 60×

⌊
1024

256

⌋
×
⌊
576

256

⌋
= 49× 5× 2 + 60× 4× 2

= 490 + 480

= 970.

(3.5)

To improve the quality of our training data, we automatically removed patches that
did not contain road information (Figure 3.3). We carried out this pruning by checking the
corresponding binary masks, which hold the ground-truth road annotations. Whenever a
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(a) (b)

Figure 3.2: Creating Patches. (a): Patches from padded graysclae image, (b): Patches
from padded groundtruth

(a) (b)

Figure 3.3: Elimination of Non-Informative Patches. (a):Informative images patches, (b):
Informative groundtruth patches

patch had zero road pixels, we excluded it from the dataset. By doing this, we focused the
model’s learning on the areas that actually matter for road segmentation, reduced noise,
and improved overall accuracy.

After extracting and cleaning the patches, we merged the datasets from both sequences
into a single dataset of 906 images. We made this decision to increase the variety of our
training data by including more types of road structures, environmental conditions, and
scene layouts. This diversity helped the model generalize better to different real-world
situations.

We then normalized all images to scale the pixel intensity values to a standard range.
We included this step because it is required by most neural network architectures and it
makes the training process more stable and efficient [105].

By combining patch pruning, dataset fusion, and normalization, we built a dataset that
is both memory-efficient and rich in useful information. Because our final dataset was
relatively modest in size, we decided to train our U-Net model from scratch. This allowed
the model to adapt more closely to our data and reduced the risk of overfitting.

Figure 3.4 shows our complete preprocessing pipeline, starting from the original RGB
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Figure 3.4: Visualization of the preprocessing pipeline applied to the dataset images. The
process begins with the input RGB image and its ground truth mask, followed by grayscale
conversion, padding, patch creation, and pruning of non-informative patches. Each step
is illustrated for both the image and its corresponding mask, providing a clear overview
of the transformations performed prior to model training.

images with their corresponding masks, moving through grayscale conversion, padding,
patch extraction, and ending with the selection of informative patches we used for training.

3.5 Data Augmentation

Data augmentation played an important role in our work because it allowed us to expand
and diversify the training dataset without collecting new images. In deep learning, large
and varied datasets are essential for buildingmodels that generalize well [106]. In our case,
the original dataset contained 906 grayscale images of 256 × 256 pixels. By applying
augmentation techniques, we increased its diversity to better support our U-Net model
enhanced with Batch Group Normalization for aerial road segmentation.

Because our dataset was relatively small, we relied on transformations such as rotation
and flipping to create additional training samples. These operations added variety with-
out the need for extra labeling, helping us to reduce overfitting, improve robustness, and
strengthen the model’s ability to generalize [107].

We also applied reflection padding to the first image sequence as part of our prepro-
cessing. This method mirrors the pixels at the edges of the images, extending the borders
and providing more spatial context without adding artificial edges. It preserves important
edge details and reduces boundary artifacts during convolutions. While some studies warn
about possible artifacts when using reflection padding [108, 109], it was applied only to
the first sequence, where it was required to make the image dimensions divisible by the
selected patch size. For the second sequence, complete 256 × 256 patches could be ex-
tracted directly from the original images; therefore, reflection padding was not applied to
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avoid introducing unnecessary artificial border information.
Although our model was trained on a small dataset, combining it with data augmenta-

tion allowed us to achieve strong performance. We believe this approach can also scale to
larger datasets, which we plan to investigate in future research.

As highlighted in [110], the dataset size required for training depends on the complex-
ity of the task and the number of model parameters. This suggests that smaller datasets
can still be sufficient for less complex tasks or models with fewer parameters, supporting
our methodological choices.

During training, we applied horizontal and vertical flipping as well as random rota-
tions. We carefully kept the masks aligned with the images so the model could learn from
consistent pairs. Figure 3.5 shows one original aerial image and some of its augmented ver-
sions. These steps gave us a much more diverse training set, which improved the model’s
robustness and performance.

Figure 3.5: Example of data augmentation applied to an aerial image. The original image
(bottom left) is shown alongside several augmented versions generated through flipping
and rotation. These transformations increase the diversity of the training data and improve
model robustness.

3.6 Normalization Techniques

In our work, we gave special attention to normalization techniques because they play a
key role in training deep learning models. They help us stabilize the learning process
and speed up convergence by keeping the feature distributions consistent across the net-
work. This consistency reduces problems such as internal covariate shift and improves the
model’s ability to generalize. We focused on three main approaches: Batch Normalization
(BN) [17], Group Normalization (GN) [21], and their hybrid, Batch Group Normalization
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(BGN) [23]. These techniques are widely used in computer vision and have shown strong
results in image segmentation tasks [111].

Batch Normalization operates by standardizing the activations of intermediate layers
using the mean and variance computed over the current mini-batch. Formally, given a
feature activation xi, BN computes the normalized activation x̂i as:

x′
i =

1

σi

(xi − µi). (3.6)

Here, x represents the feature computed by a layer, and i is an index. In the context of 2D
images, i = (iN , iC , iH , iW ) is a 4D vector indexing the features in the order (N,C,H,W ),
where:

• N is the batch axis,

• C is the channel axis,

• H is the spatial height axis, and

• W is the spatial width axis.

In Batch Normalization, the transformation applied to the input feature to compute the
normalized output is given by the following formula:

Si = {k | kC = iC}. (3.7)

This means that the mean and variance are calculated along the batch dimension. Thus,
normalization is performed across the batch for the same input and makes the optimization
process more stable and faster.

While Batch Normalization is very effective in many applications, we found that it
performs less well for high-resolution images or small batch sizes, common conditions
in segmentation tasks, mainly because of memory limits. To address this, researchers
developed Group Normalization (GN), which normalizes features within groups of chan-
nels rather than across the whole batch [21]. GN reduces the dependency on batch size
and allows us to train more efficiently when memory is limited. The formula for Group
Normalization is as follows:

Si =

{
k | kN = iN ,

⌊
kC
C/G

⌋
=

⌊
iC

C/G

⌋}
(3.8)

where:

• G is the number of groups (pre-defined hyper-parameter, with G = 32 by default),

• C/G is the number of channels per group,
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• ⌊·⌋ denotes the floor operation,

•
⌊

kC
C/G

⌋
=

⌊
iC

C/G

⌋
means that the indexes i and k are in the same group of channels,

assuming each group of channels is stored in a sequential order along the C axis.

Despite the advantages of GN, it does not leverage batch-level statistics, which can
sometimes provide useful regularization and improve generalization. To harness the bene-
fits of both BN and GN, Batch Group Normalization (BGN) has been proposed as a hybrid
technique that combines the strengths of these methods while mitigating their weaknesses.
In Batch Group Normalization (BGN) technique, the channel, height, and width dimen-
sions are initially concatenated into a new dimension, resulting in a flattened representa-
tion denoted as FN×D, where D = C ×H ×W . The mean µg in (4) and variance σ2

g in
(5) are then computed along both the batch and the new dimension [23]:

µg =
1

NS

N∑
n=1

gS∑
d=(g−1)S+1

fn,d, (4)

σ2
g =

1

NS

N∑
n=1

gS∑
d=(g−1)S+1

(fn,d − µg)
2, (5)

where g = 1, . . . , G is a group index used in the group normalization technique and G is
the number of groups that the new dimension is divided into, and is a hyper-parameter;
fn,d is a member of F (N)N×D, representing a feature instance after merging the channel,
height, and width dimensions into a new dimension; D = C × H × W , where C, H ,
and W are the channel, height, and width dimensions, respectively. Further, S = M/G

is the number of instances indexed inside each divided feature group. The notation gS

represents the range of feature instances included within group g for the calculation of the
mean µg and variance σ2

g . Specifically, the summation over d goes from (g − 1)S + 1 to
gS, so that each group contains S feature instances along the new dimension D.

BGN dynamically adjusts the number of feature instances used for statistical calcula-
tion, employing the group technique from Group Normalization (GN). When dealing with
a small batch size, a smaller value for G is chosen to combine the entire new dimension,
preventing noisy statistics. Conversely, with a larger batch size, a larger G is selected to
partition the new dimension into smaller segments, enabling the calculation of more accu-
rate and less confused statistics. That is why, in our training process, G = 2 was used for
a batch size of 2 to combine the entire new dimension, and G = 32 was used for batch
sizes 8 and 16.

In our model, we went a step further and implemented Batch Group Normalization
(BGN) as a custom Keras layer. By doing this, we allowed the model to benefit from
stable normalization statistics across a wide range of batch sizes. This approach improved
training stability, helped the model generalize better, and worked well with the memory
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constraints of high-resolution image segmentation [24].
In summary, normalization techniques such as BN, GN, and BGN play a pivotal role in

deep learning by stabilizing feature distributions and facilitating efficient training. BGN,
in particular, offers a flexible and robust solution by leveraging group-based statistics
across flattened feature dimensions, making it especially suitable for scenarios with vari-
able or small batch sizes.

3.7 Baseline Model

We built our baseline model using the standard U-Net architecture, which is widely used
for semantic segmentation tasks [11]. This architecture uses a symmetric encoder–decoder
design with skip connections to combine low-level spatial information with high-level
semantic features. Figure 3.6 shows the original U-Net structure we used as a reference.

In the encoder path, we implemented four levels, each with two 3 × 3 convolutional
layers followed by Rectified Linear Unit (ReLU) activations. We applied 2 × 2 max-
pooling layers with stride 2 to downsample the feature maps, doubling the number of
filters at each step (64, 128, 256, 512). At the bottleneck, we added two convolutional
layers with 1024 filters.

In the decoder path, we upsampled the feature maps using transposed convolutions
with a 2 × 2 kernel. We then concatenated them with the corresponding cropped feature
maps from the encoder through skip connections. Each decoder block contained two 3×3

convolutional layers followed by ReLU activations. Finally, we used a 1× 1 convolution
with a sigmoid activation to produce the binary segmentation mask.

We implemented this model in TensorFlow/Keras and trained it on grayscale images
of 256×256×1. The total parameter count reached about 31 million, most of which were
trainable.

3.8 Proposed Model Architecture

We extended the standard U-Net to build our proposed model, which we call BGN-UNet.
This design kept the encoder–decoder structure and skip connections to preserve spatial
detail while extracting semantic features at multiple scales [11].

To improve segmentation accuracy and stabilize training, we inserted a Batch Group
Normalization (BGN) layer after each convolution. Because the original U-Net does not
include normalization, we added BGN to combine the benefits of Batch Normalization
and Group Normalization, especially under small batch size conditions.

Our BGN-UNet kept the symmetrical encoder–decoder layout but replaced each stan-
dard convolutional block with two 3 × 3 convolutions followed by BGN (group size 32)
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Figure 3.6: The original U-Net architecture illustrating the encoder-decoder structure with
skip connections, which forms the baseline model used in this study [11].

and ReLU activations. We still used max pooling for downsampling and transposed con-
volutions for upsampling. We also kept the skip connections between encoder and decoder
layers.

The last layer remained a 1×1 convolution with sigmoid activation to generate the bi-
nary segmentation output. We implemented and trained BGN-UNet with the same settings
as the baseline model to ensure a fair comparison.

For training, we used 1792 aerial images divided into 256×256 grayscale patches. Af-
ter removing non-informative patches, we worked with 906 informative patches split into
training (80%, 724), validation (10%, 91) and test (10%, 91) sets using the train_test_split
function. This ensured reproducibility and consistency across all experiments.

Performance improvements achievedwith this architecture are presented and discussed
in the results section.

Figure 3.7 presents a side-by-side comparison of the convolutional blocks used in the
standard U-Net and the proposed BGN-UNet, emphasizing the structural differences and
the role of Batch Group Normalization in enhancing the model. Subsequently, Figure 3.8
provides a detailed visualization of the full BGN-UNet architecture, illustrating how these
modified blocks are integrated throughout the network. This progressive presentation-
from block-level details to the entire architecture-facilitates a clearer understanding of the
proposed modifications relative to the original U-Net model [11].
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Figure 3.7: Comparison of convolutional blocks in the standard U-Net and the proposed
BGN-UNet, highlighting the incorporation of Batch Group Normalization layers in the
latter.

3.9 Implementation and Training Setup

The proposed model was implemented using TensorFlow 2.12 within a GPU-enabled
Google Colab environment. The experiments were executed on an NVIDIA Tesla T4
GPU with 16 GB of GPU memory using Python 3. Libraries such as NumPy, OpenCV,
and Scikit-learn were used to support data preprocessing, visualization, and evaluation
metrics. The dataset, which consisted of 906 grayscale UAV images and their correspond-
ing binary masks, was divided into training (80%), validation (10%), and test (10%) sets
using a stratified random sampling approach to maintain the overall class balance.

Training was carried out using the Adam optimizer, which combines the advantages
of AdaGrad and RMSProp by computing adaptive learning rates for each parameter. This
optimizer was chosen for its efficiency and ability to converge faster compared to tradi-
tional methods like Stochastic Gradient Descent (SGD). A learning rate of 1×10⁻³ was set
for training, which was found to provide a good balance between convergence speed and
model accuracy. Binary cross-entropy was used as the loss function, which is suitable for
binary semantic segmentation tasks. The model was trained for 25 epochs with a batch
size of 16, and a group size of 32 for Batch Group Normalization (BGN) was applied to
ensure stable and effective learning throughout the training process.

Our model’s total parameter count was 31,065,921, with 31,054,145 trainable param-
eters and 11,776 non-trainable parameters, resulting in a memory requirement of approxi-
mately 118.51 MB. This configuration was designed to maximize performance while stay-
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Figure 3.8: Architecture of the proposed BGN-UNet model, based on the original U-Net,
with Batch Group Normalization integrated to improve segmentation performance and
training stability.

ing within hardware limitations. Training, validation, and test subsets were divided, with
80% used for training, 10% for validation, and 10% for testing, ensuring robust evaluation
across all stages.

The hyperparameters were chosen based on preliminary experiments to balance perfor-
mance and computational efficiency. They were set as shown in Table 3.1 during training.

3.10 Evaluation Metrics

We mainly evaluated our model using the Mean Intersection over Union (Mean IoU),
which evaluates the overlap between predicted segmentation and the ground truth. Ad-
ditional metrics such as accuracy and loss curves were monitored throughout the training
process to evaluate convergence behavior and detect signs of overfitting [112].

IoU =
true_positives

true_positives+ false_positives+ false_negatives
(3.9)

3.11 Summary

In this chapter, we presented our full methodology for road segmentation in UAV images.
We started by selecting and preparing the dataset, then applied a preprocessing pipeline
that included grayscale conversion, reflection padding for the first image sequence, patch
extraction, normalization, and removal of non-informative patches. These steps reduced
memory use and prepared the data for deep learning.

We then used data augmentation (flipping and rotation) to increase the diversity of our
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Parameter Value
Learning Rate 1× 10−3

Loss Function Binary Crossentropy
Epochs 25
Batch Size 16
Group 32
Optimizer Adam Optimizer
Validation Split 0.20, Random State = 42
Total Params 31,065,921 (118.51 MB)
Trainable Params 31,054,145 (118.46 MB)
Non-Trainable Params 11,776 (46.00 KB)
Image Data Shape (906, 256, 256, 1)
Mask Data Shape (906, 256, 256, 1)
Max Pixel Value in Image 255
Labels in the Mask [0, 255]
Patch Size 256 x 256 x 1

Table 3.1: Model Hyperparameters

dataset and improve generalization. We analyzed memory requirements and showed how
strategies like grayscale conversion and patch-based processing helped us train deeper
models on high-resolution images.

We also reviewed normalization techniques and highlighted the limitations of Batch
Normalization for small batch sizes. To overcome these challenges, we integrated Batch
Group Normalization into the U-Net framework, creating our BGN-UNet model. This
model combined the strengths of the original U-Net with advanced normalization to stabi-
lize training and improve segmentation accuracy.

Altogether, this chapter described how we built a solid foundation for evaluating our
proposed approach. In the next chapter, we present the results and analysis, showing how
well BGN-UNet performs for precise road segmentation in UAV imagery.

The following flowchart (Figure 3.9) summarizes the overall pipeline of the BGN-
UNet approach:
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4.1 Introduction

In this chapter, we present a comprehensive experimental evaluation of various normaliza-
tion techniques that we implemented within the U-Net architecture for semantic segmenta-
tion tasks. We focus on twowidely adopted normalizationmethods—BatchNormalization
(BN) and Group Normalization (GN)—which we selected as our baseline approaches be-
cause of their proven effectiveness in deep learningmodels. We also rigorously benchmark
our novel Batch-GroupNormalization (BGN) technique, whichwe designed to address the
limitations of existing methods under small batch size conditions.

We systematically compare the performance of our BGN-UNet model with BN-UNet
and GN-UNet, giving particular attention to segmentation accuracy, convergence behav-
ior, and robustness. We carry out these evaluations in the context of aerial imagery, where
high spatial resolution, limited batch sizes, and complex scene variability impose strict
requirements on normalization strategies. We rely on both quantitative metrics and quali-
tative analyses to critically examine the advantages and potential trade-offs of integrating
BGN into the U-Net framework.

Through this experimental investigation, we provide insights into the practical appli-
cability and effectiveness of our proposed normalization technique, contributing to the
advancement of semantic segmentation methods specifically tailored for UAV-captured
aerial data.

4.2 Experimental Setup

We employed the U-Net architecture as the foundation of our work and built three vari-
ants: BN-UNet, GN-UNet, and BGN-UNet. We trained each model for 25 epochs using a
limited dataset on a single GPU to reflect realistic constraints in computational resources.
We used the Adam optimizer because of its proven efficiency and widespread adoption in
deep learning applications, which ensured robust convergence and adaptive learning rates
[113].

For the binary segmentation task distinguishing between road and non-road classes,
we adopted the binary cross-entropy loss function. This choice allowed us to rigorously
evaluate the similarity between our model’s predictions and the ground-truth labels [114].

4.3 Quantitative Results

4.3.1 Mean Intersection over Union (IoU) Analysis

Performance was primarily assessed using the Mean Intersection over Union (IoU), a stan-
dard metric for segmentation accuracy. Experiments were conducted with batch sizes of
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Table 4.1: Mean IoU for Different Batch Sizes and Models

Model Batch Size 2 Batch Size 8 Batch Size 16

BN-UNet 0.96733713 0.96600366 0.97286165
GN-UNet 0.9687331 0.97235453 0.9730376
BGN-UNet 0.9726844 0.9729512 0.9740099
BGN-UNet+data augmentation 0.98135 0.9821 0.9840

2, 8, and 16 to investigate the influence of batch size on each normalization method. The
results are summarized in Table 4.1. The IoU for each class is defined as the ratio of the
intersection to the union of the predicted and ground truth regions:

IoU =
|Prediction ∩ Ground Truth|
|Prediction ∪ Ground Truth|

=
TP

TP+ FP+ FN
(4.1)

The Mean IoU is the average IoU across all classes:

Mean IoU =
1

K

K∑
k=1

TPk

TPk + FPk + FNk

(4.2)

[115, 116]
Across all batch sizes, BGN-UNet consistently achieved the highest Mean IoU, indi-

cating superior segmentation accuracy compared to BN-UNet and GN-UNet. These find-
ings underscore the robustness and adaptability of the BGN approach, particularly under
varying batch size conditions.

4.3.2 Inference Speed and Model Initialization

Inference speed was evaluated by measuring the time required to predict patches of size
256×256 pixels extracted from a full image of size 1024×512 pixels, which is divided
into 8 non-overlapping patches (4 patches horizontally and 2 vertically). It was observed
that the initial prediction of the first patch using BGN-UNet required approximately 18
seconds, compared to 12 seconds for BN-UNet and 15 seconds for GN-UNet. This initial
delay is primarily due to model initialization overhead, including weight loading, memory
allocation, and preprocessing. As shown in Figure 4.1, only the very first patch incurs this
significant delay. Subsequent patches are processed almost instantaneously, with infer-
ence times dropping to approximately 125–132 milliseconds per patch. This rapid pro-
cessing after initialization demonstrates efficient reuse of the loaded model and highlights
the practicality of BGN-UNet for large-scale inference tasks on high-resolution images.

BN-UNet exhibited the fastest initial processing time, likely due to its reliance on batch
statistics, while GN-UNet showed intermediate performance. Despite a slightly longer
initialization period, BGN-UNet maintained highly efficient inference for all subsequent
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patches.
The initial prediction times for the three models are summarized in Table 4.2.

Table 4.2: Initial Inference Time per Patch for Different Models

Model Initial Prediction Time (seconds)

BN-UNet 12
GN-UNet 15
BGN-UNet 18

Figure 4.1: Inference times per patch for BGN-UNet on a 1024×512 image divided into
8 patches of 256×256 pixels. The first patch requires approximately 18 seconds due to
initialization overhead, while subsequent patches are processed in about 125–132 millisec-
onds each.

4.3.3 Visual Evaluation

Figures 4.2, 4.3, and 4.4 provide visualizations of training and validation metrics across
the three models and various batch sizes. The graphical results for BGN-UNet reveal
minimal distortion and negligible false detections, further supporting its effectiveness in
segmentation tasks. In Figure 4.5, four randomly selected patches from the test set are
showcased, segmented using the BGN-UNet model. These patches present varying lev-
els of difficulty while consistently demonstrating remarkable segmentation results. After
training on small grayscale patches of size 256 × 256, the trained BGN-UNet model is
applied to segment larger test images. For inference, a large test image of 1024× 576 pix-
els is first converted to grayscale and then partitioned into non-overlapping patches of the
same size used during training. These patches are sequentially fed into the trained model
to obtain individual patch predictions. Once all patches have been processed, the predicted
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segmentation masks are recombined through an unpatchifying process to reconstruct the
full segmentation mask corresponding to the original large image. This patch-based infer-
ence strategy enables efficient segmentation of large images while leveraging the model’s
training on smaller patches, thereby preserving accuracy and computational feasibility as
shown in Figure 4.6.

4.4 Ablation Study: Impact of Batch Size

To further elucidate the influence of batch size, an ablation study was conducted, focusing
on the BGN-UNet model. The following Mean IoU values were obtained:

• Batch Size 2: 0.98135

• Batch Size 8: 0.9821

• Batch Size 16: 0.9840

A slight improvement in Mean IoU was observed as batch size increased, with batch
size 16 yielding the highest performance. Notably, no evidence of overfitting was de-
tected, and model stability was maintained across all configurations. This suggests that
larger batch sizes may contribute to gradient stabilization during training, thereby enhanc-
ing performance. However, even with smaller batches, BGN-UNet demonstrated robust
results, in contrast to traditional normalization methods, which exhibited greater sensitiv-
ity to batch size variations.

For reference, the performance of BN-UNet and GN-UNet under varying batch sizes
is summarized below:

• BN-UNet:

– Batch Size 2: 0.9673

– Batch Size 8: 0.9660

– Batch Size 16: 0.9729

• GN-UNet:

– Batch Size 2: 0.9687

– Batch Size 8: 0.9724

– Batch Size 16: 0.9730

These results reinforce the conclusion that BGN-UNet is less affected by batch size,
making it particularly advantageous in scenarios with limited data or computational re-
sources. Future investigations will consider even larger batch sizes (e.g., 32 and 64) to
further explore their impact on model dynamics and generalization.
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(a) BN-UNet Loss (b) BN-UNet Accuracy

(c) GN-UNet Loss (d) GN-UNet Accuracy

(e) BGN-UNet Loss (f) BGN-UNet Accuracy

Figure 4.2: Training and Validation Metrics for Batch Size 2: Loss and Accuracy for BN-
UNet, GN-UNet, and BGN-UNet.
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(a) BN-UNet Loss (b) BN-UNet Accuracy

(c) GN-UNet Loss (d) GN-UNet Accuracy

(e) BGN-UNet Loss (f) BGN-UNet Accuracy

Figure 4.3: Training and Validation Metrics for Batch Size 8: Loss and Accuracy for BN-
UNet, GN-UNet, and BGN-UNet.
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(a) BN-UNet Loss (b) BN-UNet Accuracy

(c) GN-UNet Loss (d) GN-UNet Accuracy

(e) BGN-UNet Loss (f) BGN-UNet Accuracy

Figure 4.4: Training and Validation Metrics for Batch Size 16: Loss and Accuracy for
BN-UNet, GN-UNet, and BGN-UNet.
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Figure 4.5: Road segmentation using BGN-UNet
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Figure 4.6: Semantic Segmentation of the Aerial Road Image with BGN-UNet

4.5 Practical Applications of BGN-UNet in Road Detec-
tion

The versatility of BGN-UNet extends beyond academic benchmarks, offering tangible
benefits in various real-world applications related to road detection (See Figure 4.7):

• Urban Road Mapping: BGN-UNet can be leveraged to generate precise urban
road maps from high-resolution satellite or aerial imagery, thereby supporting urban
planning and traffic management efforts. Its accuracy in extracting detailed road
layouts can facilitate more effective infrastructure development.

• AutonomousVehicle Navigation: Themodel’s real-time segmentation capabilities
enable reliable lane and road boundary detection, which are critical for autonomous
driving systems. Its robust performance across diverse scenarios enhances the safety
and reliability of navigation algorithms.

• Infrastructure Monitoring: By detecting surface anomalies such as cracks or pot-
holes, BGN-UNet can automate the inspection of road conditions, contributing to
proactive maintenance strategies and improved public safety.

• Disaster Response and Recovery: In post-disaster scenarios, rapid assessment of
road damage is essential for effective emergency response. BGN-UNet can analyze
satellite imagery to identify blocked or damaged routes, expediting relief operations.

• Traffic Analysis and Management: The model can be applied to segment roads
in video feeds or drone imagery, supporting real-time traffic analysis and manage-
ment. Its ability to extract road features from high-resolution images enables more
informed decision-making in traffic control systems.

48



Figure 4.7: Practical applications of the BGN-UNet model in UAV-based road detection.

4.6 Summary

The experimental results that we present in this chapter show that integrating Batch-Group
Normalization into the U-Net architecture leads to significant improvements in segmenta-
tion accuracy, especially in binary segmentation tasks with limited data and computational
resources. Our BGN-UNet consistently outperformed BN-UNet and GN-UNet across all
tested batch sizes, remained stable despite batch size variations, and proved useful in var-
ious road detection scenarios.

These findings demonstrate the strength of our BGN-UNet as a robust and adaptable
solution for semantic segmentation challenges in both research and real-world applica-
tions.
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5.1 Introduction

With BGN-UNet, we aimed to push forward deep learning-based image segmentation,
especially for demanding tasks such as aerial road extraction from UAV imagery. By inte-
grating Batch Group Normalization (BGN), we designed BGN-UNet to stabilize training
across variable batch sizes and improve generalization in complex visual environments.

Although our experiments were conducted under controlled conditions rather than real-
world deployments, we consider it essential to anticipate the challenges that may arise in
practical applications. These include technical aspects such as selecting the most suit-
able normalization scheme, managing training dynamics, and maintaining computational
efficiency, as well as broader issues like scalability and robustness to domain shifts.

In this chapter, we therefore discuss these potential obstacles and the ways in which fu-
ture research could address them. We analyze how normalization techniques may behave
within the architecture, identify likely performance bottlenecks, and outline strategies to
mitigate them. Our goal is to help bridge the gap between algorithmic innovation and ro-
bust field deployment, so that BGN-UNet can remain effective across diverse operational
contexts in future applications.

5.2 Challenges Related to Normalization Techniques

We relied on normalization as a cornerstone for stabilizing training and improving gen-
eralization. Yet, as we worked with high-resolution aerial image segmentation, several
practical challenges emerged.

We observed that a key limitation of BN is its dependence on mini-batch statistics.
In UAV image segmentation, the large spatial dimensions of the data restricted our batch
sizes due to GPU memory constraints. Small batches produced noisy mean and variance
estimates, undermining BN’s stability. To address this, we combined BN with GN. GN
normalizes over groups of channels independently of batch size, making it particularly
useful in memory-constrained environments and even with a batch size of one.

We also recognize the potential challenges associated with distributed or federated
training, a setting in which training data is stored across multiple independent devices
or institutions (called clients) rather than in a single central location. In such cases, each
client would train the model locally on its own dataset, which may differ from other clients
in terms of image characteristics (e.g., lighting, terrain, or resolution). These differences
mean that the data distribution, the statistical properties of the images, would vary across
clients. When using Batch Normalization (BN) under these conditions, the mean and
variance computed locally on each client could diverge from the global averages, leading
to external covariate shift and degraded model performance.

To address this issue, Federated Batch Normalization (FBN) has been proposed [117].
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FBN allows clients to share the running statistics (mean and variance) of their BN layers
with a central server, which aggregates and redistributes them back to the clients. This
approach harmonizes normalization across clients, making training more stable and con-
sistent even with non-identically distributed data. Although in this work we evaluated
BGN-UNet only in a centralized (single-dataset) setting, we view these insights as crucial
for future adaptations to distributed learning scenarios, such as UAV networks collecting
data in multiple locations.

Another important consideration in designing our model was the placement of normal-
ization layers relative to activation functions. Traditionally, normalization (such as BN)
is applied before the activation (e.g., ReLU). However, recent studies indicate that ap-
plying normalization after the activation can sometimes improve the learning of complex
visual features, especially in high-resolution or detail-rich images [118][119]. In develop-
ing BGN-UNet, we adopted the pre-activation configuration, following the conventional
approach. We did not yet implement post-activation normalization, but we consider ex-
ploring it in future work to assess its potential benefits for aerial road segmentation.

5.3 Implementation Considerations

Implementing BGN-UNet with its hybrid normalization mechanisms required a deeper
integration with the Keras backend. Keras is a high-level deep learning API built on top
of TensorFlow that allows researchers to design, train, and deploy neural networks rapidly.
While it simplifies prototyping through its modular design, creating custom layers that
combine Batch Normalization and Group Normalization still demanded precise handling
of tensor dimensions, consistent computation of statistics, and proper support for both
training and inference modes.

Beyond the core implementation, developers who want to use more advanced tech-
niques, such as mixed precision training (using lower-precision numbers to make training
faster), gradient checkpointing (saving memory by temporarily discarding some interme-
diate results), or distributed training (splitting the work across several computers), face
extra technical challenges. For example, they must carefully track variables that store
running statistics, keep the calculations stable and consistent across different machines,
and adapt custom layers so they work correctly in parallel environments. While our work
mainly focused on standard, single-machine training, these examples show the kinds of
practical difficulties that arise when turning a well-designed model into a scalable and
reusable tool.
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5.4 Training Considerations

Training deep neural networks like BGN-UNet requires careful adjustment of hyperpa-
rameters and architectural choices, since normalization strongly influences how the model
learns. In our work, we focused on selecting an appropriate learning rate and on ensuring
that the normalization layers were configured consistently across the architecture. This
helped maintain stable training and reliable convergence without the need for very large
batch sizes.

Batch size selection also presents a key trade-off. Larger batches provide more reliable
normalization statistics and smoother gradient updates but require substantial memory,
which is often unavailable in high-resolution UAV segmentation. Conversely, smaller
batches reduce memory usage but can compromise BN’s effectiveness. BGN-UNet ad-
dresses this by combining BN and GN, leveraging BN when batch sizes are sufficient and
relying on GN in low-memory scenarios.

5.5 Computational and Memory Constraints

High-resolution UAV images need a lot of computing power and memory. We trained
BGN-UNet on Google Colab, which gave us only one Graphics Processing Unit (GPU)
and limited memory. Because we trained on Google Colab, we adjusted the model so it
could still fit and run within the limited GPU memory available. Using the hybrid normal-
ization layers also helped us keep good accuracy without adding too much extra cost.

Nevertheless, memory limitations often constrain batch sizes, affecting normalization
performance. While BGN-UNet’s hybrid approach mitigates this, it remains important to
match the model and training setup to the available hardware resources to ensure stable
and efficient training.

5.6 Robustness and Generalization

Robustness and generalization are essential for models deployed in real-world aerial imag-
ing. UAV images can vary due to lighting, weather, and scene complexity. Although nor-
malization layers reduce internal covariate shift, they are insufficient alone to guarantee
performance across diverse conditions. We therefore incorporated data augmentation to
expose the model to a broader range of inputs, thereby improving robustness.

Additionally, models must handle adversarial and noisy inputs, which can compro-
mise stability. Standard normalization layers may be sensitive to such perturbations. Re-
cent research suggests that robust normalization strategies, such as trimmed statistics or
adversarial-aware variants, can enhance resilience [120]. Incorporating these techniques
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into BGN-UNet is a promising direction for future improvement, particularly in safety-
critical applications.

5.7 Future Directions and Recommendations

Based on our findings, we see several ways to enhance BGN-UNet’s flexibility, scalabil-
ity, and robustness. Adaptive normalization strategies that dynamically switch or weight
between BN, GN, Layer Normalization, or Instance Normalization depending on batch
size or data characteristics could improve stability in heterogeneous scenarios.

We also plan to explore Federated Batch Normalization to enable BGN-UNet to op-
erate effectively in federated learning environments where UAV data is collected across
distributed sources. In addition, with transformer-based architectures becoming increas-
ingly common in computer vision, we aim to investigate normalization schemes suited to
non-convolutional models to broaden BGN-UNet’s applicability.

Finally, we acknowledge that manual hyperparameter tuning remains a bottleneck. Au-
tomated optimization tools such as Bayesian search or evolutionary algorithms could effi-
ciently identify optimal settings tailored to specific datasets and operational requirements
[121].

5.8 Summary

In summary, the practical implementation of BGN-UNet requires careful consideration of
normalization techniques, training dynamics, computational constraints, and robustness
strategies. By addressing these challenges through thoughtful design and empirical evalu-
ation, BGN-UNet can achieve reliable performance in diverse and demanding aerial image
segmentation tasks.

54



General Conclusion

In this thesis, we focused on the detection and segmentation of roads from Unmanned
Aerial Vehicle (UAV) images, aiming to improve the accuracy and reliability of aerial
road extraction for practical applications such as mapping, infrastructure monitoring, and
autonomous navigation. To achieve this, we designed and evaluated an enhanced semantic
segmentationmodel based on the widely used U-Net architecture, integrating Batch Group
Normalization (BGN) to address limitations of existing normalization methods. This ap-
proach was motivated by the need to develop a model that remains stable and accurate
under the constraints of high-resolution UAV imagery and varying batch sizes.

Through our experiments, we systematically compared the performance of BN-UNet,
GN-UNet, and the proposed BGN-UNet on our aerial road dataset. We found that the
BGN-UNet consistently outperformed the baselinemodels, achieving aMean IoU of 0.984
while converging faster and remaining stable even at larger batch sizes. This demonstrates
the effectiveness of combining batch and group normalization principles to capture both
global and local statistics, enabling improved segmentation of complex road structures
from UAV images. Data augmentation techniques, including geometric transformations,
also contributed to improving the model’s generalization capability across diverse aerial
conditions.

By embedding BGN into the U-Net framework, we were able to retain the architec-
tural advantages of U-Net while enhancing its normalization strategy, resulting in more
precise and robust road extraction. Although our work was centered on UAV images, the
methodology we developed could be extended to other domains where pixel-level segmen-
tation is essential, such as medical imaging or autonomous driving. Our implementation
was also optimized to run on limited hardware resources (Google Colab), demonstrating
the feasibility of deploying high-performing models under constrained computational en-
vironments.

For future work, we plan to expand our evaluation to larger and more diverse UAV
datasets, incorporate advanced architectures such as transformer-based segmentation mod-
els, and explore real-time deployment on edge or embedded platforms carried by UAVs.
This would involve further optimization of the BGN-UNet model through pruning, quan-
tization, and other model compression techniques to meet the requirements of onboard
processing.
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In summary, we have proposed and validated an enhanced U-Net architecture with
Batch Group Normalization specifically tailored for road detection from UAV images.
Our results demonstrate that careful normalization design, together with good data prepro-
cessing, effective data augmentation, and realistic implementation strategies, can signifi-
cantly improve the performance and practicality of deep learning models in aerial image
analysis. We hope this research contributes to the development of more accurate, robust,
and efficient UAV-based road detection systems and provides a solid foundation for future
innovations in aerial computer vision applications.
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A.1 Classical Image Segmentation Methods

This appendix outlines several classical image segmentation techniques applied to UAV
imagery. The methods are presented in algorithmic form and include thresholding, edge
detection, Otsu thresholding, watershed segmentation, and k-means clustering.

Algorithm 1 Classical Image Segmentation Methods for UAV Imagery
1: Input: RGB UAV image, Ground Truth Mask, Predicted Result Mask
2: Output: Visualization of segmentation results using classical methods
3: Step 1: Load and Preprocess Images
4: Read RGB image, ground truth mask, and predicted mask
5: Convert masks to binary format and resize predicted mask to match ground truth di-

mensions
6: Step 2: Apply Segmentation Methods
7: Global Thresholding: Convert RGB to grayscale and apply fixed threshold
8: CannyEdgeDetection: Convert to grayscale, applyGaussian blur, then extract edges

using Canny operator
9: Otsu Thresholding: Apply Gaussian blur, compute Otsu threshold, and performmor-

phological opening to remove noise
10: Watershed Segmentation: Use Otsu result, compute distance transform, identify

local maxima as markers, and apply watershed algorithm
11: K-Means Clustering: Reshape image pixels into feature vectors, apply K-means

with two clusters, and reshape back to image form
12: Step 3: Visualize Results
13: Arrange original and processed images in a 2×3 subplot grid
14: Assign titles to each subplot and save the figure as a high-resolution image file
15: Step 4: Output Results
16: Display and save the final comparison plot of all segmentation methods
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A.2 BGN-UNet Model Building Algorithm

Below the construction of the BGN-UNet architecture in modular form, dividing the en-
coder and decoder into functional blocks.

Algorithm 2 Construction of the BGN-UNet Model
1: Input: Image size H ×W × C, number of classes n_classes
2: Define conv_block(input, num_filters, groups): apply Conv2D → BatchGroupNor-

malization→ ReLU twice
3: Define encoder_block(input, num_filters): apply conv_block then MaxPool2D
4: Define decoder_block(input, skip, num_filters): upsample using Conv2DTranspose,

concatenate with skip, apply conv_block
5: Build Encoder:

s1, p1← encoder_block(inputs, 64)
s2, p2← encoder_block(p1, 128)
s3, p3← encoder_block(p2, 256)
s4, p4← encoder_block(p3, 512)

6: Bridge b1← conv_block(p4, 1024)
7: Build Decoder:

d1← decoder_block(b1, s4, 512)
d2← decoder_block(d1, s3, 256)
d3← decoder_block(d2, s2, 128)
d4← decoder_block(d3, s1, 64)

8: Output layer: Conv2D(1×1, activation=sigmoid) on d4
9: Return: BGN-UNet model
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A.3 Prediction with Trained BGN-UNet

This appendix shows how the trained BGN-UNet model is applied to UAV image patches
to produce the final road segmentation results.

Algorithm 3 Patch-wise Prediction with Trained BGN-UNet
1: Input: Large UAV image divided into patches
2: Load trained BGN-UNet model
3: for all patches (i, j) in the image do
4: Normalize patch and add batch dimension
5: Predict segmentation mask using the model
6: Store predicted mask
7: end for
8: Reconstruct the full-size image from predicted patches
9: Save and visualize the segmented image
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