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ABSTRACT

Accurate delineation of building footprints is crucial for developing comprehensive maps
in rapidly expanding urban areas. These maps play a vital role in understanding popula-
tion distribution, delivering public services, and supporting fields like urban planning and
disaster management. However, the diverse and complex nature of urban environments
presents significant challenges for automated building detection.

This study explores the integration of two Deep Learning architectures, ResUNet
and SwinUNet, within a system designed to accurately identify and delineate building
footprints from aerial imagery. A novel dataset of aerial images from a region in Portugal,
that comprises the districts of Santarém, Leiria, Castelo Branco, and Portalegre was created
as the primary data source, complemented by two pre-existing datasets for validation. The
research investigates several factors affecting performance, such as the impact of different
datasets and model architectures, the integration of RGB and false-color imagery, and the
models’ generalization capability across various datasets and regions.

Following post-processing, the ResUNet architecture, trained on pre-existing datasets,
outperformed state-of-the-art methods, achieving Recall, Precision, IoU, and F1-Score
values of 86.44%, 89.66%, 76.61%, and 88.02% on the Inria Dataset, and 94.20%, 95.68%,
90.36%, and 94.93% on the WHU Dataset, respectively. For the novel dataset, the model
achieved values of 75.64%, 57.90%, 49.19%, and 65.59%, respectively, due to the presence
of imperfect footprints within the dataset, which significantly impacted the model’s
results. However, a qualitative analysis revealed that the model successfully detected
most buildings in the images, suggesting a discrepancy between the metrics and the visual
results.

Overall, the results highlight the effectiveness of the proposed approach for building
footprint extraction from aerial images and demonstrate the models” applicability to
diverse datasets and geographic regions.

Keywords: Building Footprint Extraction, Deep Learning, Object Segmentation, Convo-
lutional Neural Networks, Vision Transformers
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REsumMo

A delimitagdo exacta de areas edificadas é essencial para a elaboragdo de mapas abran-
gentes de dreas urbanas em rédpida expansao. Estes mapas sao cruciais para compreender
a distribuicdo da populagao, a prestacdo de servigos publicos e apoio a dominios como o
planeamento urbano e gestao de catastrofes. No entanto, a natureza variada dos ambientes
urbanos coloca desafios significativos a detegdo automatica de edificios.

Este estudo investiga a utilizagdo de duas arquitecturas de Deep Learning, ResUNet e
SwinUNet, integradas num sistema concebido para identificar e delinear com precisdo
dreas edificadas através de imagens aéreas. Para tal, um novo dataset composto por
imagens aéreas de uma regido de Portugal foi criado como fonte priméria de dados e
complementada por dois conjuntos de dados adicionais pré-existentes para validacdo de
resultados. Este trabalho explora varios factores que podem influenciar os resultados,
incluindo o impacto de diferentes datasets e arquitecturas de modelos, a integracdo de
imagens RGB e de falsa-cor, bem como as capacidades de generaliza¢do dos modelos em
diversos conjuntos de dados e regides.

Apbs o pos-processamento, a arquitectura ResUNet, treinada nos conjuntos de dados
pré-existentes, superou os métodos do estado da arte, alcancando valores de Recall, Pre-
cision, IoU e F1-Score de 86.44%, 89.66%, 76.61% e 88.02% no conjunto de dados Inria, e
94.20%, 95.68%, 90.36% e 94.93% no conjunto de dados WHU, respectivamente. Para o
novo conjunto de dados, o modelo obteve valores de 75.64%, 57.90%, 49.19% e 65.59%,
respectivamente, devido a presenca de areas edificadas com contornos imperfeitos, que
afectaram significativamente os resultados do modelo. No entanto, uma analise quali-
tativa revelou que o modelo detectou com sucesso a maioria dos edificios nas imagens,
sugerindo uma discrepancia entre as métricas e os resultados visuais.

No geral, os resultados destacam a eficicia da abordagem proposta para a extragdo de
areas edificadas a partir de imagens aéreas e demonstram a aplicabilidade dos modelos a

diversos conjuntos de dados e regides geograficas.

Palavras-chave: Extracdo de Areas Edificadas, Deep Learning, Segmentagdo de Objetos,
Convolutional Neural Networks, Vision Transformers
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1

INTRODUCTION

1.1 Context and Motivation

Portugal, located on the westernmost tip of Europe, spans a total area of 92,152 km?,
characterized by diverse land use and population distribution patterns. As presented
in Figure 1.1, over fifty percent of Portugal’s territory comprises forests and agricultural
settings, with the population predominantly concentrated in metropolitan regions such

as Lisbon and Porto, as well as along the western and southern coastlines [1, 2].

Accurate delineation of building footprints is vital for producing comprehensive maps,
especially in rapidly growing urban areas. These maps play a crucial role in understanding
population distribution, providing essential services, and supporting various fields such

as urban planning and disaster management [3-5].

The significance of this task has led to the development of numerous methodologies
for building detection over the past few decades, many of which rely on Remote Sens-
ing technologies. These technologies enable researchers to understand, analyze, and
remotely monitor various activities from considerable distances. Recent technological ad-
vancements have facilitated the acquisition of Very High-Resolution (VHR) aerial images,
typically characterized by spatial resolutions ranging from sub-meter to a few meters.
Such resolutions provide detailed ground information with precise delineation of urban
structures, enabling more accurate and efficient building detection [5-7].

However, manually creating building footprints for large-scale maps is impractical
due to its difficulty, time-consuming nature, error-proneness, and the requirement for
expertise. Therefore, there is a growing need to employ automatic building detection
methods [3, 8].

Despite the increasing interest in this field, existing strategies face significant limitations
due to the diverse nature of urban environments. Factors such as spatial variability
in building size, structure, complexity, background interference, varying illumination,
occlusions, and shadows in images limit the efficiency of current methods in capturing
building footprints [5, 6, 9].

When employing Very High-Resolution (VHR) aerial or satellite images, algorithms

1
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Figure 1.1: Mainland Portugal Land Use Data for 2018 [2]
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can be categorized into traditional handcrafted feature-based and Deep Learning-based
methods. Traditional methods assess spectral, texture, and geometric information from
images to distinguish buildings from the background. However, they heavily rely on
human experts for feature extraction, which may overlook subtle or crucial features and
may not be suitable for large-scale applications [10].

Conversely, Deep Learning methods represent a paradigm shift, achieving impressive
performance improvements and often surpassing conventional methods on established
benchmarks. These algorithms automatically learn detailed patterns, eliminating the need
for explicit hand-crafted feature engineering and enabling consistent, reproducible results
[11-13].

The Portuguese region studied in this work presents a diverse landscape, characterized
by a mix of urban and rural areas. These characteristics make it an ideal location for
studying building footprint extraction, as they provide a challenging environment for
developing accurate models. The region’s diversity allows for the evaluation of different
methodologies and the exploration of their effectiveness in capturing building footprints

across various settings.

1.2 Research Objectives

This study aims to develop a system capable of generating accurate building footprints
for a specific region of Portugal, using VHR aerial images supplied by Direcao Geral do
Territério (DGT). For this purpose, two distinct Deep Learning methods, ResUNet and

2



1.3. MAIN CONTRIBUTIONS

SwinUNet, will be implemented and evaluated to assess their effectiveness in building foot-
print extraction tasks across four datasets. This step will be followed by a polygonization

process aimed at improving border precision.

1.3 Main Contributions

This study allowed for the creation of a robust system capable of accurately generating
building footprints for a specific region of Portugal using VHR aerial images. The system
also demonstrated the ability to generalize and produce accurate building footprints
for other regions globally, as validated by the results obtained with the Inria and WHU
datasets. It offers a thorough evaluation of two Deep Learning methods, trained across four
different datasets. Additionally, the study investigates the influence of different datasets on
the previously mentioned models on extraction accuracy, explores the impact of false-color
images, and examines the importance of fine-tuning for model training. Furthermore,
the study explores the effects of imperfect footprints on key metrics, providing valuable
insights that contribute to advancing the field of building footprint extraction. Finally,
the study proposes a polygonization process to improve border precision, to enhance the
quality of extracted footprints.

1.4 Thesis Structure

This dissertation will be divided into five chapters: Introduction, Background and State-
of-the-art Review, Proposed Methodology, Results and Discussion and Conclusions and
Future Work.

The first chapter serves as the introduction to the dissertation. It will provide readers
with an understanding of the context and motivation of the proposed problem, as well as
a clear description of the objectives and an outline of the structure and organization of the
document.

The second chapter is intended to present a comprehensive literature review. It serves
both as the foundation for understanding the theoretical concepts used and exposition of
the current State-Of-The-Art in the field.

The third chapter will detail everything about the proposed methodology used for
creating the building footprints, from the theoretical basis of the components to the
practical implementation of the system.

The fourth chapter will present a detailed analysis of the obtained results through the
application of the proposed methodology. It will also compare these findings with other
relevant methodologies and approaches.

The fifth and final chapter will offer a conclusive summary of the work developed
during this dissertation. It will present the findings and outcomes of the project and
propose potential directions for future improvements in this project.
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BACKGROUND AND STATE-OF-THE-ART

Image segmentation is a fundamental conceptin computer vision that involves the labelling
of individual pixels in an image, dividing it into meaningful regions or objects. It plays a
pivotal role in various domains, like scene analysis, medical image processing or robotic
perception. Over the years, a variety of segmentation algorithms have been developed.
These methods have evolved from early approaches, such as thresholding, region growing,
k-means clustering, and watershed techniques, to more advanced methods, including
active contours, graph cuts, conditional and Markov random fields, and sparsity-based
approaches. However, traditional feature-based methods have a shared limitation, they
rely heavily on the quality of features extracted by human domain experts, which can
often miss subtle or abstract features crucial for accurate image segmentation [11].

2.1 Deep Learning Methods for Image Segmentation

Deep Learning models have brought in a new perspective achieving impressive perfor-
mance improvements, often outperforming conventional methods in well-recognized
benchmarks. These new algorithms interact with problem-specific training data, to au-
tomatically learn intricate patterns, relationships and features from prior computations,
extracting discriminative feature representations from massive databases, which allows
them to handle large-scale, noisy and unstructured data. The automatic feature extraction
also eliminates the need for explicit, handcrafted feature engineering, enabling these
models to generate reliable and repeatable results, especially for tasks related to high-
dimensional data. While Deep Learning models often require large, manually labeled
datasets for effective training, which can be resource-intensive, this investment is justified
by their ability to deliver superior performance when compared to other solutions [11, 12].

2.1.1 Artificial Neural Network

Deep Learning is a machine learning subset based on Artificial Neural Networks, ANNSs,
which mimic the structure and function of the human brain. They are composed of inter-
connected processing units called artificial neurons, which act as simplified mathematical

4



2.1. DEEP LEARNING METHODS FOR IMAGE SEGMENTATION

models. These neurons, also known as nodes, receive input signals and transmit them
through weighted connections. The strength of these connections is adjusted during the
learning process, allowing the network to learn from data.

The working principle of a neuron is presented in Figure 2.1. Incoming signals are
multiplied by their corresponding weights and summed. This weighted sum is then

passed through an activation function, which transforms the sum into the output signal
[14, 15].

—
Output

Activation
Function

Inputs Weights

Figure 2.1: Schematic of the Working Principle of an Artificial Neuron

Activation Functions

The activation function plays a crucial role in the training performance of an ANN, since
different activation functions result in different behaviours of the node, determining
whether the neuron should be considered or not. This provides the necessary nonlinearity
for the model to be able to learn complex representations. The choice of this function
depends on the specific problem, architecture, and data distribution. Therefore, experi-
mentation with different activation functions is common, since it can significantly impact
the training speed, convergence and overall performance of the neural network. Some
of the most common activation functions include the Sigmoid, Hyperbolic Tangent and
ReLu (Rectified Linear Units) [16].

The Sigmoid function, is a non-linear function that maps the input values to an
output from 0 to 1, causing output squashing and gradient vanishing, particularly in deep
networks.

1
1+e™™
The Hyperbolic Tangent function, similar to the Sigmoid function, squashes the input

o(x)= (2.1)

values in a range of -1 and 1. It has a steeper derivative and bounded output values,

allowing for a wider range but tending to vanish due to its steeper gradient.

2
tanh (X) = m -1 (22)

5



CHAPTER 2. BACKGROUND AND STATE-OF-THE-ART

ReLU is a linear function with output values ranging from 0 to infinity, offering the
ability to output true zero values, increasing representational sparsity in neural networks.
It is the most common activation function used in deep neural networks as it helps prevent
the vanishing gradient problem.

ReLu = max(0, x) (2.3)

Deep Neural Networks

Deep neural networks are characterized by their multilayered architecture, Figure 2.2,
where a series of interconnected neuron layers, with non-linear computations, enable the
extraction and transformation of features. The determination of the number of layers and
neurons is a manual process, along with setting parameters such as the learning rate and
activation function, which collectively constitute the model’s hyperparameters.

Input Layer Hidden Layers Output Layer

Figure 2.2: Schematic of the multilayered architecture of a Deep Neural Network

These layers are comprised of an input layer, which serves as the initial point where
the model receives data input, and an output layer, responsible for producing the final
result. Additionally, in between these layers, hidden layers are present, responsible for
learning a non-linear mapping between input and output. These architectures present
a hierarchical structure, where the layers are built upon the previous layers. Therefore,
the layers closer to the data input are able to learn simple features, while layers closer
to the output are able to learn more complex features, since they derive from the results
obtained in the first layers [12, 17].

In the context of semantic segmentation Deep Learning models often employ an
encoder-decoder architecture. The encoder compresses the input into a lower dimensional
representation that captures the essential features and discards irrelevant information,
while the decoder reconstructs this representation creating outputs that identify objects
or regions of interest within the input image [18]. Architectures like Convolutional Neural
Network (CNN)s and more recently, Transformers have been fundamental for the recent
developments in this context.



2.1. DEEP LEARNING METHODS FOR IMAGE SEGMENTATION

Deep Learning Model Workflow

Before diving into the specifics of CNNs and Transformers, itis important to understand the
general workflow behind the development of a Deep Learning model. This encompasses
several sequential phases, each playing a crucial role in the model’s predictive behaviour,
Figure 2.3.

Data
Acquisition &
Pre-Processing

Model Building Performance

& Training Evaluation Deplynent

Figure 2.3: Sequential Workflow of a Deep Neural Network

The process starts with the acquisition of relevant data for the training of the model.
Since these models automatically extract features from the dataset, the higher the amount
of quality data, the better the model can be. This data is then pre-processed, where it
is cleaned and formatted, the missing values are handled, and the features normalized.
When necessary, the data is also augmented, by applying a series of strategies for the
enlargment and enhancement of the dataset. This technique allows for the creation of new
data from from an initial limited set, helping to minimize overfitting problems. During
this phase there is also the creation of the Ground Truth masks. These masks serve as
labelled references, indicating specific regions or objects that the model should learn to
identify. After these masks are defined, and the data is properly seperated, the model
architecture can be defined. This includes choosing the number and type of layers, the
activation functions, and the overall structure of the model [19, 20].

After the architecture is defined, the model is trained. During the training phase, the
parameters of the network undergo an iterative process. Initially, input data is fed through
the network and the error between the predicted and actual output is computed. This
difference is calculated through a loss function and serves as a guide to the optimization
algorithm. The algorithm is employed to update weights in the opposite direction, effec-
tively minimizing prediction errors. This iterative process continues until the minimum
error is achieved, indicating the completion of the training phase [12, 21].

After the model is trained, its performance is tested through the test dataset. The
images that were not used to train the model are essential to determine the generalization
ability of the model and identify areas for improvement. If the results do not meet
expectations, it is necessary to return to the training phase and adjust the parameters of
the network [22].

There are several metrics that can be used to test the performance of the model, these
should be chosen based on the specific objectives of the task to be performed. For semantic
segmentation tasks, metrics such as Intersection over Union (IoU), F1-Score, Accuracy,
and Precision are typically used, which compare the model’s predictions to the reference

7



CHAPTER 2. BACKGROUND AND STATE-OF-THE-ART

masks. Through the visualization and analysis of the results, it is possible to determine
specific areas for improvement. Finally, after the model is trained and tested, it is ready to

be deployed, and integrated into other applications [23].

Evaluation Metrics

The evaluation of a Deep Learning model’s performance is a crucial step, allowing
for the identification of areas for improvement and the determination of the model’s
generalization ability. Choosing appropriate metrics is essential and should align with

the specific objectives of the task.

Predicted class

Positive Negative
Positive | True Positive (TP) | False Negative (FN)
Negative | False Positive (FP) | True Negative (TN)

True class

Table 2.1: Confusion Matrix

The common notation used to define these metrics is presented in Table 2.1, which
serves as a valuable tool for summarizing a model’s performance by categorizing predic-
tions into four groups: True Positives (TP), True Negatives (TN), False Positives (FP), and
False Negatives (FN).

True Positives represent the number of correctly predicted positive values, while True
Negatives denote the number of correctly predicted negative values. Conversely, False
Positives indicate the number of incorrectly predicted positive values, and False Negatives
signify the number of incorrectly predicted negative values [24, 25].

For semantic segmentation, the most common metrics include recall, Precision, Inter-
section over Union (IoU), and F1-Score.

Recall measures the ratio of correctly predicted positive observations over the total
number of actual positive observations, providing an indication of the model’s ability
to capture and identify positive samples. This metric is valuable when the cost of False

Negatives is high.

TP
TP +FN
Precision measures the ratio of correctly predicted positive observations over the total

Recall = (2.4)

number of predicted positive observations, providing an indication of the accuracy of
positive predictions. This metric is valuable when the costs of False Positives are high.
TP

Precision = TP+ EP (2.5)

IoU quantifies the overlap between predicted and ground truth bounding boxes. It is
calculated by dividing the area of overlap by the area of union, providing a good indication

of the model’s performance.
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TP
IoU=s —— .
U= 5 FPT EN (2.6)

F1-score combines precision and recall, offering a single value representing a model’s
overall performance. It is particularly useful in situations with imbalanced class distribu-

tions.

Precision X Recall
Fl=2x Precision + Recall 2.7)

2.1.2 Convolutional Neural Networks

Convolutional Neural Networks, or CNNSs, are a specialized kind of neural network
capable of processing data that is represented as a grid-like topology, such as an image.
This architecture success has made them a fundamental technology in the field of image
processing and computer vision, with a range of practical applications such as image
classification, object detection and image segmentation [26, 27].

Compared to regular fully connected layers, CNNs exhibit some advantages. While
fully connected layers establish connections between every neuron of the previous layer,
CNNs take advantage of local connections reducing parameters and speeding up conver-
gence. Moreover, these networks employ weight sharing, allowing a group of connections
to share the same weights. Likewise, they incorporate a dimension reduction through
the use of pooling layers. These layers leverage the principle of local image correlation to
downsample an image, reducing the amount of data while retaining useful information
[28].

CNN architectures vary, but in general, they are made up of convolutional and pooling
layers that are organized into modules. These modules are typically stacked on top of
each other to create a deep neural network. In addition to convolutional and pooling
layers, these networks also incorporate fully connected layers, similar to those found in
standard feedforward neural networks. These three types of layers, Convolutions, Pooling
and Fully Connected Layers are the main building blocks of a CNN, where the first two
perform feature extraction and the third maps the extracted features into a final output
[13].

f—

E—— e —» Output

e =

Input Layer Convolutional Layer Pooling Layer Fully Connected Layer

Figure 2.4: Schematic of a CNN pipeline
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An example of a CNN architecture is illustrated in Figure 2.4. An input image is
directly fed into the network, which then goes through a number of convolution and
pooling layers. The representations obtained from these operations are subsequently
directed into one or more fully connected layers, having the final output class dependent

on the specific task the network is designed for [29].

Convolutional Layers

Convolution layers are a fundamental component of the CNN architecture. These layers
employ a mathematical operation called convolution, a specialized kind of linear operation,
which will capture and learn the feature representations of their inputimages. Convolution
layers consist of learnable filters or kernels that act as parameters and output feature maps
[26, 30].

5 6 5 7 2 1 0 1
3 T T 9 8
Input Image Filter/Kernel Result

Figure 2.5: Schematic representing a Convolution Operation with a 3x3 Kernel

The mentioned operation involves sliding a small array of numbers, called a filter or
kernel, across the input image, which is an array of numbers called a tensor. As this filter
moves across the image, it computes the dot product between its values and the values
present in the current receptive field, detecting patterns and features within the image.
Each of the applied filters produces a feature map, which contains different aspects of the
input data. A combination of these feature maps allows the network to learn low-level
features such as edges and shapes and combine them to create more complex and abstract
representations of the image [13]. Figure 2.5 presents a graphical representation of a
convolution operation with a 3x3 kernel.

Some key hyperparameters that define a convolution operation are the size and number
of filters. The stride, distance between two successive kernel positions, the padding and
the activation function also define the convolution operation. A stride larger than one
is sometimes used to achieve downsampling of the feature maps. An alternative is to

perform a pooling operation [13].
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Pooling Layers

A pooling operation has the intention of downsampling the feature maps, reducing
their spatial resolution. This downsampling is crucial for achieving spatial invariance
allowing the network to recognize features regardless of their precise location within the
input. The primary example of this layer is to reduce computational complexity, while
maintaining most of the dominant features. During pooling, a pooling function replaces
the output of the net at a certain location with a summary statistic of the nearby outputs.
For instance, the max pooling operation, Figure 2.6, reports the maximum output within a
set neighborhood. Some other common pooling operations are average pooling, stochastic
pooling and spatial pyramid pooling [30, 31].

4 9 2 6 4 9 4 6
2x2 2x2
e ® 2 = Pool Size g @ > © 2 4 Pool Size 6 4
_— R
2 4 S 4 8 7 2 4 3 3 S 3
s 6 5 7 s 6 5 7
Max Pooling Average Pooling

Figure 2.6: Schematic of Max and Average Pooling Operations

Fully Connected Layer

The final pooling or convolutional layer serves as input to the Fully Connected Layer,
marking a transition to a structure similar to a conventional multiple-layer perceptron
neural network. Here, all neurons from the previous layers are connected to the Fully
Connected Layer and the hierarchical features extracted previously are made available
for further analysis. The input to the Fully Connected Layer takes the form of a flattened
feature map, a one-dimensional array of numbers. This flattening process serves as the

foundation for learning and making predictions in various tasks [30, 31].

2.1.3 Vision Transformers

Transformer-based models, firstly introduced as an attention driven model for Natural
Language Processing tasks, have shown promising results for various computer vision ap-
plications. These models replace the convolution operator with a self-attention mechanism
to capture long-range dependencies. Therefore, instead of static filters being computed
during the convolution operation in CNNs, self-attention dynamically computes its filters,
allowing the model to focus on global context information. Moreover, these architectures
present a great flexibility in handling vision tasks that require a large receptive field, high

model capacity, less inductive bias, or grouping effect [32].

11
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Like in CNNSs, there are several variants of Vision Transformers, but they all follow the
same underlying principle. They start by dividing an image into a grid of non-overlapping
patches. The grid size is determined by dividing the image resolution by the patch
size, a key configuration parameter for Vision Transformers. Smaller patches provide
more detail but increase computational cost, making patch size selection a critical balance
between precision and efficiency. Each patch is then embedded by applying a linear
projection, creating a token. These tokens, which create a sequence of embedded patches,
are then sent to the transformer encoder, where they will be processed by a series of
multi-head attention and normalization layers. Finally, a Multilayer Perceptron (MLP)
head receives the result from the encoder and outputs the input class. An example of a
Transformer-based architecture is illustrated in Figure 2.7 [32, 33].
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Figure 2.7: Schematic of a Vision Transformer Architecture and Encoder
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Each encoder module can be seen as a unit that processes the input information. This unit
is comprised of various sub-modules, that apply attention mechanisms, normalization
and feed-forward layers that capture long-range dependencies.

One of the key components within the transformer encoder is the Multi-Head At-
tention block. This block al lows for the connection of several Attention Heads, each
equipped with its own matrix of adjustable weights. Other essential configurations for a
Transformer include the number of attention heads, the depth (number of encoder layers),
the embedding size, and the size of the feed-forward networks. These hyperparameters
must be carefully chosen to balance model complexity and computational cost for a specific
task. This characteristic allows the model to capture a wide range of relationships and
dependencies within the data, enabling the model to encode the interactions between all
sequences of tokens [34].

Self-Attention

The key idea behind self-attention is to allow each token to learn self-alignment by
aggregating global information from all other tokens in sequence [34].

12



2.1. DEEP LEARNING METHODS FOR IMAGE SEGMENTATION

This is achieved by introducing a compatibility function, with three learnable weight
matrices that modify the input into queries (Q), keys (K) and values (V), and where the

dimension of individual key/query vectors is represented by dk:

Attention(Q, K, V) = softmax (QKT) %4 (2.8)
Vi

This attention mechanism outputs a dot-product that measures the representation
similarity [34, 35].

To clarify, each token’s representation determines whether a specific visual feature is
present or absent at a particular location in an image, providing a visual interpretation
or label for that position. This is achieved through a compatibility function, which
measures the inter-token relations and determines how much a token should be influenced
based on their visual content. Consequently, this function shifts the interpretation of
individual tokens towards that of more compatible tokens in the input. As a result of
these interpretations and adjustments, groups of tokens with similar visual characteristics
start to form. Tokens that have similar representations, cluster together, facilitating the
recognition of different elements in the image [35].

Since, the query, key and value have all the same source, originating from the previous
block’s output, the attention mechanism used in these blocks is referred to as "self-
attention". When multiple blocks are concatenated simultaneously channel-wise to capture
various complex interactions between different sequences of embeddings, this module is
referred to as Multi-Head Attention. Each of the heads present in this module has their
own learnable weight matrices allowing the model to capture a wide range of relationships
and dependencies within the data [34].

Positional Encoding

Since Transformers do not have any convolutional or pooling layers, they lack the ability
to capture spatial information. Therefore, although the self-attention mechanism allows
the model to capture long-range dependencies, it does not take into account the relative
position of the tokens. This absence of information about the relative position of tokens can
be a significant limitation, especially in sequential data where the order is fundamental.
To overcome this limitation, a Positional Encoding block is introduced, which, enriches
the token embeddings with information about their relative position in the sequence [33].

This is achieved by adding a positional encoding vector to the input embeddings. This
vector is calculated using sine and cosine functions of different frequencies, allowing
the model to learn the relative position of each token in the sequence. For image data,
this positional encoding embeds both spatial and sequential information, enabling the
Transformer to better interpret relationships between image patches. The equations used
to calculate the positional encoding are presented below, where pos is the position and i

is the dimension [33].
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2.2 Post-Processing Techniques

Post-processing techniques are essential for refining the model’s predictions and improving
the quality of the output. In tasks such as semantic segmentation, these techniques help
to mitigate challenges such as the loss of high-frequency details, noise, and artifacts in
the output. The strategies described below encompass some of the most commonly used

techniques in the field of semantic segmentation [36, 37].

2.2.1 Morphological Operations

Morphological operations are fundamental in filtering, feature enhancement, extraction,
and compression tasks. This collection of non-linear operations modifies the geometric
structure of an image, smoothing boundaries and filling gaps within segmented objects.
Key morphological operations include dilation, erosion, opening, and closing, all of which
depend on a structuring element that determines the geometry of the filtered object.
Different shapes and sizes of structuring elements can be utilized to achieve various effects
[38, 39].

Binary Dilation

Binary dilation adds pixels to the boundaries of objects, helping to connect disjoint
segments and close small holes. This process can be visualized as sliding the center of the
structuring element around the object’s perimeter in the binary image. The dilated object
is the original object expanded by the area covered by the structuring element [38, 39].

Input Image Structuring Dilated Image
Element

Figure 2.8: Binary Dilation Operation
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Binary Erosion

Binary erosion removes pixels from the boundaries of objects, which helps separate
touching objects and eliminate small noise. This process can be visualized as sliding the
structuring element inside the object’s perimeter in the binary image. The eroded object

is the original object reduced by the area covered by the structuring element [38, 39].

Input Image Structuring Eroded Image
Element

Figure 2.9: Binary Erosion Operation

Binary Opening and Closing

Two other fundamental morphological operators, opening and closing, are derived from
dilation and erosion, further refining image features by smoothing and filling gaps,
enhancing the overall quality and interpretability of the image.

The opening operation involves erosion followed by dilation. It smooths extrusions
on binary contours, effectively removing small objects or noise. The closing operation
consists of dilation followed by erosion. It smooths indentations in binary contours, filling

small holes and gaps within objects [38, 39].

2.2.2 Image Smoothing Techniques

Image smoothing techniques are essential for refining and smoothing the boundaries of
segmented objects, reducing jagged edges that can occur during the segmentation process.
By choosing an appropriate smoothing method based on the specific characteristics of
the noise and desired output quality, it is possible to reduce it and ensure an accurate
delineation of the segmented images. Three of the most known methods are the Mean,
the Median and the Gaussian filters, which work for both binary and gray scale images
[40].

Mean Filter

The Mean filter is a simple and effective method for reducing noise in an image. This
linear algorithm replaces the value of each pixel with the average value of the pixel and

its neighbors. This process is repeated for every pixel in the image, effectively reducing
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general noise and blurring sharp transitions at object boundaries. The Mean filter is
particularly useful for reducing Gaussian noise, which can occur during the segmentation
process [39, 40].

Median Filter

The Median filter is another effective method for reducing noise in an image. It replaces
the value of each pixel with the median value of the pixel and its neighbors. This process
is repeated for every pixel in the image, effectively reducing salt-and-pepper noise, which
can occur during the segmentation process. The Median filter is particularly useful for
preserving edges and fine details in the image, as it does not blur sharp transitions at
object boundaries [39, 40].

Gaussian Filter

The Gaussian filter is a widely used method for reducing noise in an image. It replaces
the value of each pixel with a weighted average of the pixel and its neighbors, with the
weights determined by a Gaussian distribution. This process is repeated for every pixel
in the image, resulting in a smoothed version of the original image. The Gaussian filter is
particularly useful for reducing Gaussian noise, which can occur during the segmentation
process [39, 40].
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2.3 State-of-the-art Review

2.3.1 Datasets

The development of effective semantic segmentation models for the construction of these
footprints requires large and diverse datasets, essential for training robust models that are
capable of handling real-world scenarios. Recent advancements in remote sensing, have
led to the creation of new datasets, each characterized by distinct classes and resolutions.
The three main datasets that have emerged as prominent benchmarks for comparing
results, are present in Table 2.2.

Name Type Bands Resolution Coverage Image Size  Ref
Inria Aerial Aerial RGB 0.3m 810 km?  1500x1500 px* [41]
Image Labeling

Whu Aerial Aerial RGB 0.075m 450 km? 600x600 px*  [42]
Building

Massachusetts Aerial RGB Im 340 km?  1500x1500 px* [43]
Buildings

Table 2.2: Comparison of Three of the most used Datasets

The Inria Aerial Image Labeling Dataset covers varied urban settlements, ranging
from densely populated areas to alpine towns. This aerial orthorectified colour imagery
presents ground truth data for two semantic classes: building and not building [41].

The Whu Building Dataset, on the other hand, covers Christchurch, New Zealand and
includes buildings with versatile architecture types, scales, and colours located in different
urban and suburban areas. This aerial orthorectified colour imagery was manually edited
and labelled into two classes: buildings and background objects [42].

Finally, the Massachusetts dataset covers the Boston area, covering most urban and
suburban areas with buildings of all sizes, including individual houses and garages. Their
aerial images were annotated by using reference maps and then hand-corrected to make
the evaluations more accurate [43].

Based on the characteristics of these tree datasets, it becomes evident that there is
great variability between them. The richness in diversity, both in terms of geographical
coverage and characteristics of urban settlements of these datasets, despite their signifi-
cance, introduces a layer of complexity when comparing results across them. The factors
that contribute to the value of each dataset, also result in variations in the performance
of semantic segmentation models when applied to different datasets. Divergencies in
image resolution, size, coverage and annotation quality all contribute to the introduction
of a substantial level of variability, which must be considered when doing cross-dataset
comparisons.

To mitigate this challenge, it’s important to be cautious when generalizing findings
across datasets with different features and pre-processing steps. Therefore, similar datasets
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should be considered when performing comparisons between different models [44].

2.3.2 Convolutional Neural Networks’ Architecture

Over the years, CNNs have been the most widely used architecture for semantic seg-
mentation tasks. These models have played a crucial role in the development of the
field, introducing architectures such as AlexNet, GoogleNet, VGGNet, and ResNet. These
architectures not only serve as benchmarks but also act as the foundation for innovative
approaches that address common issues found in CNNs. These issues include limited
receptive fields, problems associated with exploding and vanishing gradients, and the
need for increased computational resources as network complexity grows [33, 45].

Since CNNs heavily rely on convolutions with strong inductive biases, they present
a potential drawback: the loss of long-range dependencies. While the inductive bias
contributes to the network’s efficiency by promoting locality and translation invariance
and allowing for effective extraction of local contextual information, it imposes a limitation
— a restricted receptive field. This limitation makes CNNs less suited for capturing
extensive global context information [46, 47].

Additionally, these networks may suffer from an exploding or vanishing gradient
problem. During training, when backpropagation is used to adjust the model’s param-
eters, the error is propagated backward to minimize the loss value. However, when
the gradients diminish or approach zero rapidly, it impedes the model’s ability to learn
correlations across distant layers, presenting a vanishing gradient problem. Conversely,
the exploding gradients problem arises when gradients grow uncontrollably, challenging
the computation of meaningful updates to the model’s parameters [48].

Numerous strategies have been developed to address these challenges, but none have
provided a complete solution. Among these strategies, several architectures have emerged
to enhance the capture of contextual information. Some models incorporate a residual
squeeze and excitation pyramid pooling module, designed to fuse features across different
levels and improve information exchange between channels. Others explore a criss-cross
path, harvesting contextual information from all pixels along its trajectory, effectively
aggregating dense contextual details with minimal computational and memory overhead.
Additionally, some models utilize an atrous spatial pyramid pooling module, allowing for
an effective incorporation of contextual details, while others employ multiscale dilation
convolutions to extend their receptive fields and capture contextual information across
different scales [49-53].

2.3.3 Vision Transformers’ Architecture

Transformers, on the other hand, are a relatively new architecture in the field of computer
vision. These models have been widely used in Natural Language Processing tasks, but
their application to this type of tasks is still in its early stages. The first application of
Transformers to a vision task was in 2018, when the Vision Transformer was introduced.
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This model adopts a pure Transformer approach by directly applying a transformer to an
input image divided into a sequence of patches [46, 47].

This architecture, however, presents significant limitations. The quadratic compu-
tational complexity, associated with the self-attention mechanism, makes the model
computationally expensive, especially for large-scale datasets. Additionally, these models
lack inductive bias, which is fundamental for the extraction of local contextual information,
and are not translation invariant, as they process input sequences in a sequential manner
without explicitly considering the spatial relationships between different regions [54].

In Vision Transformers, the self-attention mechanism operates globally, which comes at
the expense of local information. The incorporation of inductive bias is applied sparingly
throughout the model, making it harder for the model to build assumptions about the
spatial relationships between different regions. This limitation is significant and makes
the model heavily reliant on learning from diverse examples present in the training data.
Therefore, this type of architectures require large datasets for training [54].

To overcome these limitations, several other models have emerged, each with its own
unique characteristics. Some models adopt a hierarchical structure to achieve linear com-
putational complexity, while others incorporate a spatial reduction layer and a progressive
shrinking pyramid to reduce parameters. Additionally, certain models integrate local
self-attention mechanisms, allowing the model to focus on specific regions within the

input sequence [55-57].

2.3.4 Hybrid Models

Architectures like CNNs and Transformers have become undisputed leaders in the field
of segmentation, delivering exceptional results and surpassing the state of the art in the
creation of building footprints. As result of the limitations associated with the individual
applications of these architectures, hybrid models, that leverage their respective strengths,
have emerged holding great promise and potentially leading to the attainment of new
state-of-the-art results [46, 47].

The adoption of hybrid models in building footprint detection remains limited, but the
success of these structures in various domains is undeniable. These hybrid architectures,
usually feature an encoder-decoder architecture with two parallel branches in the encoder.
The transformer’s branch efficiently captures global dependencies, while the CNN'’s
handles the low-level spatial details. These branches are interconnected through a module
designed to exchange key information and generate feature maps, which serve as the
input for the decoder block, typically a CNN [58-63].

2.3.5 Final Remarks

The Tables 2.3 and 2.4 present a summary of the most relevant state of the art models for
building footprints detection. The results presented in this table are based on the Whu
Building Dataset and on the Inria Aerial Image Labeling Dataset.
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Method Architecture IoU Precision Recall F1 Ref

Deeplab v3+ CNN-based 89.61 94.68 9436 9452 |
Res-U-Net CNN-based 89.44 94.34 9451 9442 |
Trans-UNet  Transformer-based 87.91 93.45 93.69 93.57 |[64
[
[
[

Swin-UNet Transformer-based 89.50 94.53 94.38 94.46
BuildFormer Hybrid 91.44 95.65 95.40 95.53
DSAT-Net Hybrid 92.04 96.17 95.54 95.81

Table 2.3: Performances of different architectures on the Whu Dataset

Method Architecture IoU Precision Recall F1 Ref
Deeplab v3+ CNN-based 76.80 87.37 86.40 86.88 [10
Res-U-Net CNN-based 76.91 87.69 86.22 86.95 [10

Trans-UNet  Transformer-based 80.77 90.44 88.32 89.36 |[64

Swin-UNet  Transformer-based 76.27 86.87 86.21 86.54 |
BuildFormer Hybrid 81.44 90.75 88.81 89.77 [65
DSAT-Net Hybrid 82.68 91.62 89.44 9052 [64

Table 2.4: Performances of different architectures on the Inria Dataset

The results present in these tables, will serve as a reference for the evaluation of the
performance of the models created in this dissertation. As it can be observed, the hybrid
models, DSAT-Net and BuildFormer, present the best results, outperforming the other
models. This is a clear indication of the potential of hybrid models.
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3

METHODOLOGY

To develop an automated system for building footprint extraction from high-resolution
aerial images, the approach must be subdivided into several steps, starting with the
preparation of the data and culminating in the creation of building footprints. Figure 3.1
presents a graphic representation of the methodology taken. Firstly, the original images
are examined. This initial step enables the creation and refinement of the ground truth
masks, which are essential for effectively training the developed model. Once the model
generates predictions with satisfactory metrics, the data is post-processed to enhance the
overall results. Upon completing this process for all datasets, conclusions can be drawn
based on the findings.

Initial Dataset

Data Preprocessing

Model Training

Data Post Processing

Figure 3.1: Methodology Overview.

3.1 Tools and Resources

This methodology is implemented using the Python programming language (version
3.11.5), leveraging widely used libraries and frameworks for Deep Learning and image
processing. PyTorch (version 2.2.0+cull8) serves as the primary Deep Learning frame-

work, and PyTorch Lightning (version 2.2.0) is used as a wrapper library to streamline
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training and experimentation processes, abstracting away boilerplate code and promoting
structured, scalable, and flexible development practices. Additionally, libraries such as
OpenCV (version 4.9.0) will be employed for various image processing tasks, complement-
ing the Deep Learning aspects of the methodology. The computational resources involved

in this dissertation are presented in Table 3.1.

Component Specification
Operating System Windows 11
GPU NVIDIA GEFORCE RTX 3060
CPU 12th Gen Intel Core i5-12400F, 2.5 GHz, 6-Core
RAM 16 GB 2400 MHz DDR

Table 3.1: Hardware Specifications

3.2 Data Preprocessing

As previously discussed, the primary purpose of this dissertation is to develop a system
capable of creating building footprints within a specific region of Portugal. To achieve this
goal, a dataset provided by DGT was utilized. This dataset comprises a comprehensive
compilation of high-precision imagery across a region that encompasses the districts of

Santarém, Leiria, Castelo Branco, and Portalegre.

i - ! "
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Figure 3.2: Region of the DGT Dataset.

Two extensively used datasets, the Inria Aerial Image Labeling and the Whu Aerial
Building datasets, were also used to facilitate the comparison and draw conclusions.
These datasets serve as valuable benchmarks for evaluating several aspects of the study.
However, prior to their use, it is imperative to preprocess and adapt the data so that it is
compatible with the methodology. This section presents the detailed methodologies for
preparing the datasets, outlining the steps taken to refine the data for effective integration

into our study framework.
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3.2.1 DGT Dataset
Exploratory Data Analysis

The dataset obtained from DGT comprises high-resolution images derived from the Carta
Militar de Portugal series. This series divides the Portuguese map into manageable blocks
at a scale of 1:25000. Each block is uniquely identified by a numeric code corresponding
to its geographic location.

For each block, 16 images representing different sections are provided, offering detailed
depictions of the terrain and infrastructure within the specified region of Portugal as of
2018. These images serve as the foundation for the dataset creation process. Accompanying
each image are World File (TFW) files containing metadata for georeferencing purposes,
including essential information such as the coordinate system, pixel size, and rotation
parameters, ensuring accurate spatial alignment and referencing within the dataset.

In total, 58 tiles stored in the Tagged Image File Format (TIFF) and their corresponding
TFW files were provided. Each TIFF file has a resolution of 0.25 meters per pixel and
consists of four bands representing the Red, Green, Blue, and Near Infrared channels,
with different brightness and contrast levels. With a default dimension of 16000 by 10000
pixels, each tile covers an area of 4x2.5 kilometers.

Tile Division and Sorting

They were divided into smaller, spatially preserved units to facilitate the manipulation
of these tiles and mitigate computational demands. This approach was essential to
handle the limited computational resources and ensure that each tile could be processed
independently without exceeding memory constraints. Given the small sample size of
images, two distinct methods were employed to augment the dataset’s size and variability.

The first method involved dividing the images into a grid of 16x16 tiles, with each tile
representing a specific section of the image and no overlap between adjacent tiles. The
second method followed the same principle, but the starting point was shifted by half
the width and height of the final image size, resulting in a 15x15 matrix of tiles. Each of
these new tiles has dimensions of 1000x625 pixels, corresponding to an area of 250x156.25
meters. This overlap effectively increased the number of training examples, contributing
to data augmentation.

After this step, the dataset contained 27,898 images. Given the predominantly green
landscape in this area and the scattered distribution of urban settlements across the tiles,
it became clear that further refinement was necessary to optimize the dataset for the
task at hand. The tiles were, therefore, removed where there were no buildings. By
eliminating these non-building areas, the dataset was refined to focus solely on relevant
features, allowing the model to learn the characteristics of building footprints better. This
optimization ensured that the model was trained on a dataset tailored explicitly to the
task, ultimately improving its performance and the accuracy of the resulting building
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footprints.

The quantity of images made manual sorting time-consuming. Therefore, an initial
automatic sorting was performed to overcome this challenge. Analyzing the spectral
indices using the bands of these images made it possible to filter a great number of images.

The Normalized Difference Vegetation Index (NDVI) considers the red and the Near-
Infrared (NIR) bands and is used to assess vegetation health and biomass density. NDVI
values range from -1 to +1, with higher values indicating healthier and denser vegetation,
while lower values correspond to sparse or stressed vegetation or non-vegetated surfaces.
The NDVI is calculated using the following formula 3.1 [66].

NIR - Red
NDVI = NIR £ Red (3.1)

Conversely, the Normalized Difference Water Index (NDWI) considers the green and
NIR bands and is used to highlight open water features. NDWI values range from -1 to
+1, with higher values indicating bodies of water, while lower values correspond to land
surfaces. The NDWI is calculated using the following formula 3.2 [66].

Green — NIR
NDWI = Green + NIR (3:2)

Each image was processed, and the average NDVI and NDWI values were computed
(Figure 3.3). These values were then used to classify the image as relevant or irrelevant
based on predefined thresholds. The thresholds for relevance were defined based on
empirical analysis, which indicated that suitable values for identifying areas with little
vegetation or water presence were less than 0.2. If either of these metrics was less than 0.2,
the image was classified as relevant. Finally, a visual inspection was performed to confirm
and refine the dataset, filtering out the remaining non-relevant images. From the original

27,898 images, only 1,085 were deemed relevant for inclusion in the final dataset.

NDVI: 0.12 NDVI: -0.21 NDVI: 0.37
NDWI: -0.12 NDWI: 0.2 NDWI: -0.35

NDVI: -0.62 NDVI: 0.46
NDWI: 0.18 NDWI: -0.39

Figure 3.3: Example of the values of NVDI and NDWI for different types of images.
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Creation of Ground Truth Masks

Ground truth masks are essential to train Deep Learning models for semantic segmentation.
These masks serve as a reference, accurately depicting the location and shape of buildings
present in the original images. The model learns to associate specific image features with
building footprints by providing labeled data alongside the images. This is an exhausting
and meticulous job that an expert must carry out to guarantee accurate and consistent
results across the entire dataset.

However, the images provided by DGT were not accompanied by such masks, which
presented a challenge in the training process. Therefore, the Microsoft GlobalMLBuilding-
Footprints [67] dataset was utilized to address this issue. This extensive dataset containing
over 999 million building footprint polygon geometries from various locations worldwide,
provided in a line delimited GeoJSON format, was crucial for developing this work. The
quality of the GeoJSON file varies across regions, including rural and urban areas, moun-
tains, and plains. However, the performance for the European region is known and can
be seen in Table 3.2.

Metric Precision Recall IoU Rotation Error
Value 94.3% 85.9% 65.1%  10.28 degrees

Table 3.2: Performance metrics for the Global MLBuildingFootprints Dataset.

The TFW files that accompanied the DGT images were used to extract the masks
from this dataset. These files contained image coordinates for the top-left corner of each
image, allowing for the deduction of the coordinates from the other corners. However,
since the initial images were in the EPSG:3763 coordinate reference system, while the
GlobalMLBuildingFootprints dataset required EPSG:4326, conversion of coordinates was
necessary. The precision of this conversion depends on the accuracy of the transformation
between the two coordinate systems, which could result in slight distortions, particularly
when transforming pixel coordinates to geographical coordinates.

The coordinates of these rectangles were then input into a script, which generated the
corresponding Geo]JSON file containing all the building footprints within the specified
regions. These extracted files exhibited different offsets due to differences in orthorectifica-
tion methods. To overcome this, a manual inspection and adjustment of these coordinates
was performed, which improved the alignment with the original images.

Finally, the original images are converted into Portable Network Graphics (PNG)
format, while the masks are saved as binary images indicating the presence or absence of

building footprints. Figure 3.4 illustrates the outcome of this process.

The False-color Dataset

The dataset provided by DGT, presented a fourth band the NIR band, which is uncommon
in datasets used to detect building footprints. This characteristic presented an opportunity

to explore the potential of this band in accurately detecting building footprints.
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Figure 3.4: Example of the resulting images and corresponding masks for the DGT dataset.

In multispectral imaging, the bands are often correlated once they represent different
aspects of the same underlying physical scene. By joining multispectral bands, some
details unique to certain bands can be enhanced, potentially improving the overall quality
and effectiveness of the data [68].

Therefore, to evaluate the potential benefits of the NIR band, a dataset was created
with a spectral shift applied. In this modification, the Red band was replaced with the NIR
band, the Green band was replaced with the Red band, and the Blue band was replaced
with the Green band. Figure 3.5 depicts a comparison of the histograms of a RGB image
and a NIR-RG image.

Red Channel Histogram Green Channel Histogram Blue Channel Histogram
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Figure 3.5: Comparison of Histograms: RGB vs. NIR-RG (NIR Replacement).

3.2.2 Inria Aerial Image Labeling Dataset

The Inria Aerial Image Labeling dataset [69] is a compilation of various urban settlements,
ranging from densely populated areas to alpine towns. This open-source dataset has
already been preprocessed and presented ground truth data for two semantic classes:
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building and not building. However, before it can be used in the study, some characteristics
must be tailored to match the DGT dataset.

These images consist of the three necessary bands: Red, Green, and Blue, and the
resolution is similar to the DGT dataset, at 0.3 meters per pixel. However, these images
were larger, measuring 5000 by 5000 pixels, and were in TIFF format. Thus, it was necessary
to divide them into smaller images and convert them into PNG format. This division
consisted of dividing the images into non-overlapping tiles, creating a 5x8 matrix with 40
images per tile, resulting in a total of 7200 images. An example illustrating the outcome
of this process is presented in Figure 3.6.

Figure 3.6: Example of the resulting images and corresponding masks for the Inria dataset.

3.2.3 Whu Aerial Building Dataset

The Whu Aerial Building dataset [70] comprises images from Christchurch, New Zealand,
and includes buildings with different architectural types located in different urban and
suburban areas. This open-source dataset had already been pre-processed and presented
ground truth data for two semantic classes: buildings and background objects. The
dataset is structured into distinct partitions, as illustrated in Figure 3.7, the orange square
represents the validation set, the blue square represents the training set, and the two red
squares are the test set.

Despite the original dataset having images with a resolution of 0.075 meters, there was
an option to choose a dataset of images that had already been up-sampled to have a ground
resolution of 0.3 meters. Therefore, to tailor this dataset to match the characteristics of
the DGT dataset, it was only necessary to increase the size and change the format of the
images, as they originally had dimensions of only 512x512 pixels and were in TIFF format.

This increase was achieved by leveraging the way the images were partitioned. Since
they were all from the same block, the next part of the image could be appended to the

existing image. Thus, while the dataset remained the same size, the images were effectively
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Figure 3.7: Overview of the covered area of the Whu Aerial Building dataset. Extracted
from [70]

enlarged. The images were also converted to the PNG format. An example illustrating the
outcome of this process is presented in Figure 3.8.

Figure 3.8: Example of the resulting images and corresponding masks for the Whu dataset.

3.2.4 Datasets Characteristics

After standardizing the images and ensuring they shared similar characteristics, all four
datasets were organized using the same methodology. To facilitate the training phase, the
images and corresponding masks were separated into three directories to create training,
validation, and test datasets. These partitions comprised 70%, 10%, and 20% of the images
and masks, respectively.

Images were stored in the PNG format, while masks were saved as binary images,
with pixel values of 0 or 255 indicating the absence or presence of building footprints,
respectively. Utilizing the PNG format ensures lossless compression, preserving image
quality while significantly reducing file sizes, thereby facilitating efficient processing dur-

ing semantic segmentation tasks. This reduced computational load enables faster model

28



3.3. MODEL TRAINING

training, evaluation, and inference, ultimately enhancing overall efficiency and saving
time. Furthermore, this format is widely recognized and compatible with established
standards, practices, and existing datasets [71].

An important consideration is the disparity in accuracy between the footprints for the
Inria and Whu datasets compared to the polygons extracted from the GlobalMLFootprints.
Additionally, it’s worth noting that the DGT dataset contains significantly fewer images
compared to the other two datasets. The influence of these characteristics will be examined
in the upcoming section. The summary of the characteristics of each of the four datasets
can be found in Table 3.3.

Datasets DGT (RGB) | DGT (NIR-RG) | Inria | Whu
Bands RGB NIR-RG RGB
Image Number 1085 7200 ‘ 8066
Spatial Resolution 0.25m 0.3m
Image Type Orthorectified Aerial Images
Image Size 1000x625 pixels
Training Ratios 70% Train, 10% Validation, 20% Test

Table 3.3: Summary of the datasets characteristics.

3.3 Model Training

Several critical components must be considered to train a model effectively, each playing
a crucial role in developing the best result possible. This process was divided into
several blocks, allowing for a clearer understanding of the code and enabling selective
modifications. Training was conducted within the Training file, while configurations
and data management were handled in the Configuration file. The latter loads all the
configurations required and imports the dataset from the Dataset Class and the model
architecture from the Model Class. Separating these classes simplifies the replacement of
the dataset or model architecture without requiring extensive code modifications.

Moreover, a dedicated evaluation file was created to assess the performance of the
trained model. Here, the model, dataset, and Evaluator Class, which define various
evaluation metrics, were loaded to conduct a comprehensive evaluation. Figure 3.9
illustrates the organitazional structure of the training.

3.3.1 Data Preparation

The Data Preparation stage ensures the dataset is appropriately processed and formatted
for training. This critical step is implemented within the Dataset Class, which efficiently
loads the images and their corresponding masks and applies necessary transformation
methods to the dataset.
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Data Model Training Evaluation

Preparation Definition Process Process

Figure 3.9: Block diagram of the training’s organizational structure.

These transformations ensure uniform input dimensions across all samples, simplify-
ing the training process and enabling efficient batch processing. Additionally, by normal-
izing the scale of the pixel values, the training process is stabilized, and the convergence
accelerated.

Finally, the data augmentation horizontal and vertical flips were performed. These
operations prove beneficial due to the frequently symmetrical nature of objects like
buildings, roads, and vegetation, enhancing the model’s generalization ability. Adjusting
the brightness and contrast is another useful transformation in this context, since it helps
the model adapt better to illumination changes. However, as the images already contained
naturally variations in brightness and contrast, this method was not employed [72-74].

3.3.2 Model Definition

Determining the architecture used is essential before proceeding with model execution.
For this work, two distinct models were selected: SwinUNet and ResUNet. The choice of
these models was deliberate, aiming to assess and compare the performance of established
CNN architectures, such as ResUNet, against emerging Transformer-based approaches,
exemplified by SwinUNet, in the context of semantic segmentation tasks.

These architectures are inspired by U-Net [75], which is known for effectively handling
segmentation tasks. The U-Net architecture is characterized by a symmetrical structure
comprising a contracting path, where input data undergoes compression into a lower-
dimensional representation, capturing essential features, and an expansive path that

decodes this representation to generate outputs identifying objects or regions of interest.

The U-Net architecture, illustrated in Figure 3.10, employs repeated convolutional
operations in the contracting path, followed by ReLU activation and pooling for down-
sampling. Similarly, the expansive path mirrors this structure but employs up sampling
instead. Skip connections are introduced to preserve detailed spatial information during

up-sampling, linking corresponding layers between the contracting and expansive paths.
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Figure 3.10: U-Net Architecture. Adapted from [75]

ResUNet

ResUNet [76] integrates residual connections within the U-Net architecture. These con-
nections enable information propagation throughout the network, enhancing its ability to
capture fine-grained details and long-range dependencies. Moreover, this characteristic
helps mitigate the vanishing gradient problem and improve the model’s overall perfor-
mance by ensuring that relevant features extracted at earlier stages of the network are
preserved and used in subsequent stages. The chosen backbone for the ResUNet architec-
ture is ResNet-34, selected for its balance between performance and training speed.

This work used a Python library specializing in Neural Networks for Image Segmen-
tation [77] to implement the ResUNet architecture. This comprehensive library offers
encoders with pre-trained weights from ImageNet, allowing for better and faster model

convergence. The ResUNet architecture is illustrated in Figure 3.11.

SwinUNet

SwinUNet replaces the convolutional basic unit of U-Net with a Swin Transformer block.
This modification, as introduced by Hu Cao et al. [78], was one of the first pure Transformer-
based U-shaped architectures and comprises a series of Swin Transformer blocks seam-
lessly integrated with layers for patch merging in the encoder and patch expanding
in the decoder. This model leverages the shifted windows mechanism, enhancing the

model’s ability to capture spatial dependencies across different scales. Moreover, it allows
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the model to focus on relevant spatial dependencies while minimizing computational
complexity. The SwinUNet architecture is illustrated in Figure 3.12.

i

=]
Z

=
IIz

BN

Figure 3.11: ResUNet Architecture. Adapted from [76]
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Figure 3.12: SwinUNet Architecture. Adapted from [78]

3.3.3 Training Process
Configuration File

Leveraging the PyTorch Lightning wrapper library [79], a more efficient and flexible de-
velopment process was made possible. In the Configuration file, the chosen architecture,
whether ResUNet or SwinUNet, is instantiated alongside the dataset loading process.
Additionally, all the configurations necessary for development, such as the selected loss
function, optimizer, and learning rate scheduler, are initialized here. These hyperparame-
ters, along with other critical settings, such as the maximum number of epochs, logging
frequency, and accelerator type (Graphics Processing Unit (GPU)), were carefully chosen
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to optimize the training process. Table 3.4 provides a detailed overview of the initial

values of these hyperparameters, offering insight into the training setup’s configuration.

Hyperparameter Optimal Value
Loss Function BCEWithLogitsLoss
Optimizer Adam

Learning Rate 0.0001

Batch Size 8

Max Number of Epochs 50
Learning Rate Scheduler CosineAnnealingWarmRestarts
Patience 5

Table 3.4: Optimal Hyperparameters

During the training, PyTorch Lightning enables dynamic adjustments of hyperparam-
eters and incorporates critical features like automatic learning rate scheduling and early
stopping. The early stopping mechanism, defined by the patience variable, specifies the
number of epochs with no improvement, after which training should be stopped, helping

to prevent overfitting and enhancing model convergence.

Training Execution

The training execution is defined within the Training File. Here, a class that inherits
the functionalities and features already provided by PyTorch Lightning allows for the
customization of specific methods such as the forward pass, training step, validation step,

and optimizer configuration.

In the main loop of the training execution, the Early Stopping and Model Checkpoint
callbacks monitor the validation loss and save the best model checkpoint based on the
validation performance. This enables the preservation of the best-performing model
parameters while monitoring signs of overfitting or lack of progress. Seed values were

also set to ensure result reproducibility.

A fine-tuning process was implemented to assess the influence of incorporating ad-
ditional datasets on model performance. This process involves loading a pre-trained
model from a specific checkpoint and continuing training with the new data or settings.
Finetuning accelerates convergence and allows the model to leverage previously learned
features, enhancing performance on the new task or dataset by initializing the model with

the weights learned from previous training sessions.

Finally, a trainer object is instantiated, allowing for further customization of the training
process. The modelis then trained, and the best checkpoints and metrics, such as validation

and training loss, are saved.
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3.3.4 Evaluation Process

To be able to access the results and facilitate comparisons with other benchmark archi-
tectures and datasets, it is imperative to establish evaluation metrics that enable such
comparisons. The Evaluator Class comprises all the functions necessary for a thorough
evaluation, including metrics such as Recall, Precision, Intersection over Union, and
F1-Score.

This class works with batches. For each batch, a confusion matrix is computed to
compare the predicted and the ground truth mask, containing counts of true positives,
false positives, true negatives, and false negatives. Each time an image from that batch is
processed, the values from the confusion matrix update. The metrics are then calculated
based on the confusion matrix values for each batch and saved in a list. At the end of the
evaluation process, the average of these metrics is calculated, corresponding to the final
performance of the model.

This process involves loading the previously trained model and assessing its perfor-
mance on a separate test dataset. This dataset exclusively comprises images unseen by the
model during training, thereby allowing for an evaluation of its generalization capabilities.
All test images are loaded, and predictions are generated to evaluate the performance
of this new dataset. These predictions represent probabilities indicating the likelihood
of each pixel belonging to a particular class, ranging from 0 to 1, where 0 indicates low
confidence, and 1 indicates high confidence.

Thus, a sigmoid function is used to create the corresponding binary mask, which allows
for the conversion of the continuous probability values into binary values. Subsequently,
the metrics are computed using the functions from the Evaluator Class and aggregated
into a dictionary containing all test results. The final performance results are then derived
by averaging across all images. The final results are visually inspected by plotting the
images with the predicted mask overlaid.

Additionally, to determine whether the model’s performance indicates overfitting, the
test results are compared with previously calculated and saved validation results obtained
during the training phase. This comparison provides insights into the model’s ability to

generalize to unseen data and ensures its robustness.

3.4 Post-processing

This work culminated in the creation of predicted building footprint polygon masks for
the dataset provided by DGT. The process mirrors the evaluation step: an image is loaded,
and a prediction is created. Subsequently, a sigmoid function is applied to create the
binary mask, where each pixel is classified as belonging to a particular class based on its
probability score.

The predicted masks are then post-processed to enhance the quality of the results.

This post-processing step removes small artifacts and noise from the masks by applying a
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mean filter to the binary mask. This filter replaces each pixel value with the mean value
of its neighborhood, smoothing the mask and reducing the presence of minor isolated
pixels.

Next, a dilation operation is applied, which expands the boundaries of the footprints
and fills in the irregularities present in the masks. This operation involves sliding a
structuring element over the binary mask and replacing each pixel value with the maximum
value within the structuring element.

Finally, a conversion process was necessary since the initial predictions were not
in polygon form. This involved identifying the contours of the predicted masks and
approximating each contour to form polygons, using the OpenCV library. This library uses
the Douglas-Peucker algorithm [80] to approximate two-dimensional curves, reducing
the number of points while preserving the overall shape. The result was a new image
with polygons representing the building footprints.

The performance of these post-processed polygons was assessed and compared with
the previously predicted non-polygon masks. This comparison allowed for the evaluation
of the effectiveness and impact of this post-processing step on the final predictions.
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REsuLTs AND DiscussioN

This work’s primary objective was to create building footprints for a Portuguese region.
However, several other conclusions were drawn and investigated throughout its develop-
ment. Therefore, in addition to the detailed evaluation of several models” performance
before and after post-processing, this section will discuss the influence and results of five
other key aspects: (i) how different datasets and model architectures influence building
footprint extraction; (ii) the models” ability to exploit complementary information from
RGB and false-color images; (iii) the impact of using diverse datasets to train the models;
(iv) the generalization abilities of the models; and (v) the impact of imperfect footprints

on key metrics.

4,1 Performance of Different Model Architectures

The performance of the ResUNet and SwinUNet models was analyzed using different
data distributions. The results of this evaluation are in Table 4.1, which will serve as a

baseline for all the improvements made subsequently.

Model Dataset Recall Precision IoU F1

DGT RealColor  67.15 78.40 56.67 72.34

DGT Fal 1 7.34 77. 42 721
ResUNet GT FalseColor 67.3 66 56 3

Inria 86.31 88.08 7729 87.19

Whu 94.07 95.47 90.05 94.76

DGT RealColor  60.31 73.22 4941 66.14

. DGT FalseColor 56.03 72.82 46.34 63.32
SwinUNet

Inria 58.00 78.18 4994 66.57

Whu 86.36 90.27 79.01 88.27

Table 4.1: Performance of ResUNet and SwinUNet on different datasets.
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The performance metrics used to evaluate these models include Recall, Precision, IoU,
and F1-Score. These metrics provide a comprehensive assessment of the model’s ability
to extract building footprints from high-resolution aerial images. They are essential for
evaluating the models’” performance and identifying areas for improvement.

The results of this evaluation indicate that the ResUNet model outperforms the Swi-
nUNet across all datasets, achieving higher metrics. This performance disparity can be
attributed to the architectural differences between the two models. While SwinUNet’s
attention mechanisms excel in capturing contextual information, ResUNet’s architecture
with residual connections shows more effectiveness in leveraging local features and pre-
serving spatial information.

Moreover, it is clear that both models perform best on the Whu dataset, benefiting from
its homogeneous nature and larger size, facilitating easier pattern recognition and effective
learning of diverse patterns. Conversely, the Inria dataset presents more challenges due to
its diverse landscapes and varying building types, leading to slightly lower performance
metrics. The DGT datasets, which comprise images from a specific Portuguese region,
present much lower metrics than the other datasets. The reasons for this behavior will be
discussed in the following sections.

In addition to performance metrics, an analysis of the models” computational efficiency,
encompassing factors such as training time and resource utilization, was conducted. The
SwinUNet model required more epochs to converge compared to ResUNet, indicating
potential differences in computational efficiency between the two architectures. In I, the
training loss of both models is shown, with SwinUNet requiring more epochs to reach
convergence.

Further analysis into resource allocation during training, particularly GPU usage,
also revealed that SwinUNet exhibited higher GPU utilization despite processing smaller
images, almost reaching 100% capacity. This issue suggests a higher computational
demand during training, with potential scalability and resource allocation implications in
practical deployment scenarios. In contrast, ResUNet maintained lower GPUutilization,
around 80% of capacity, indicating a more efficient use of computational resources. These
findings align with the theoretical understanding that transformer-based models, like
SwinUNet, tend to be computationally more demanding than CNN-based models, such
as ResUNet.

4.2 Impact of False-Color Images

An analysis of the models” performance on the false-color dataset was conducted to
evaluate their ability to exploit complementary information from the NIR band in false-
color images. The results of this evaluation are shown in 4.1.

When observing the performance metrics of both the ResUNet and the SwinUNet
architectures, it is clear that they achieve superior performance when trained and tested
on RGB images as opposed to false-color images. This is corroborated by conducting a
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comparative analysis of the models” performance on the real-color and false-color datasets,

as shown in Figures 4.1 and 4.2.

Ground Truth Real Color Prediction False Color Prediction
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Figure 4.1: Performance of ResUNet model on the RGB dataset and False-Color dataset.
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Figure 4.2: Performance of SwinUNet model on the RGB dataset and False-Color dataset.
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These results suggest that the input data type influences the models” performance,
with RGB images providing more relevant information for building footprint extraction
tasks. The models” superior performance on RGB images can be attributed to several
factors. RGB images contain more detailed and accurate information about the surface
features, enabling the models to capture more precise representations of the underlying
structures. In contrast, false-color images, which combine the NIR band with the RGB
bands, provide less informative data and may hinder the models” ability to extract building
footprints effectively. Moreover, the NIR band introduces additional information that may
not be directly relevant to the task, increasing the complexity of the input data and leading
to a decrease in generalization performance. Therefore, to achieve a better performance, it
is advisable to use RGB images for training and testing, as they offer more comprehensive
and informative data for the models to learn from. From here on, only the RGB images

will be used to analyze of the models” performance.

4.3 Effect of Integrating Additional Datasets

Various combinations were explored to evaluate the impact of integrating additional
datasets into the training pipeline on model performance. The quantitative evaluation of
these architectures on the DGT real-color dataset is shown in table 4.2, the Inria Aerial
Images datasetin table 4.3, and the Whu Building dataset in table 4.4. For a fair comparison,
no post-processing methods were used. The false-color dataset was not studied since
there was no significant improvement in performance when using it and because there

was no data available that met the task requirements.

Model Dataset Recall Precision IoU F1
DGT 67.15 7840  56.67 72.34
ResUNet Inria + DGT 70.41 7734 5837 7371
estive Whu + DGT 68.95 77.76 5758 73.07
Inria + Whu + DGT 7190 7650  58.89 74.12
DGT 60.31 7322 4941 66.14
SwinUNet Inria + DGT 6252 7365  51.09 67.62
Whu + DGT 6332 7331 5146 67.95

Inria + Whu + DGT  63.48 74.61 52.20 68.59

Table 4.2: Performance comparison of ResUNet and SwinUNet models for the DGT dataset
with fine-tuning using Inria and Whu datasets.
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Model Dataset Recall Precision IoU F1
Inria 86.31 88.08 77.29 87.19
ResUNet DGT + Inria 86.04 88.13 7711 87.07
estine Whu + Inria 8577 8910  77.63 87.40
DGT + Whu + Inria  86.37 88.32 7752 87.33
Inria 58.00 78.18 4994 66.57
SwinUNet DGT + Inria 61.55 75.77 5145 67.90
Whu + Inria 73.72 82.26 63.61 77.75

DGT + Whu + Inria  72.28 81.19 61.92 76.47

Table 4.3: Performance comparison of ResUNet and SwinUNet models for the Inria Aerial
Labelling dataset with fine-tuning using DGT and Whu datasets.

Model Dataset Recall Precision IoU F1
Whu 94.07 95.47 90.05 94.76
ResUNet DGT + Whu 94.22 95.52 90.23 94.87
Inria + Whu 94.20 95.68 90.36 94.93
DGT + Inria+ Whu  94.26 95.58 90.32 94.91
Whu 86.36 90.27 79.01 88.27
SwinUNet DGT + Whu 82.74 88.13 74.44 85.35
Inria + Whu 86.91 90.82 79.89 88.82

DGT + Inria + Whu  83.51 88.54 75.37 85.95

Table 4.4: Performance comparison of ResUNet and SwinUNet models for the Whu Aerial
Building dataset with fine-tuning using Inria and DGT datasets.

The results show that integrating multiple datasets leads to improved model perfor-
mance, as observed across all three datasets. The models trained on a combination of
datasets consistently outperformed those trained on a single dataset, achieving higher
recall, precision, IoU, and F1-Score values. This improvement in performance underscores
the importance of exposing models to diverse data sources to enhance their ability to
generalize and adapt to varying conditions. By training on a combination of datasets, the
models gain a more comprehensive understanding of different building types, landscapes,
and environmental conditions. This exposure facilitates learning robust representations,
enabling the models to generalize effectively to unseen data and perform well in diverse

real-world scenarios.

Additionally, the results demonstrate that the performance gains achieved by inte-
grating multiple datasets are more pronounced when combining datasets with different
characteristics. For instance, combining datasets with varying building types, landscape
teatures, and annotation quality results in higher performance gains. However, ensuring
that the datasets complement each other is crucial to maximizing the performance benefits.
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4.4 Impact of Imperfect Footprints

The analysis of the impact of imperfect footprints on key metrics supports the previous
conclusion. Across the Whu Buildings and Inria Labelling datasets, integrating either one
consistently enhances the performance of the ResUNet and SwinUNet models. However,
when incorporating the DGT dataset with another dataset, inconsistent performance
improvements were observed.

This suggests potential mismatches or conflicts between the DGT and the other datasets
that affect model performance. Differences in annotation quality, as reflected in Figure 4.3,

are to blame and lead to suboptimal performance.

Inria Dataset Whu Dataset

T

Figure 4.3: Annotations derived from the Inria Aerial Image Labeling dataset, the Whu
Aerial Building dataset and the DGT Real Color Dataset.

Integrating datasets with imperfect footprints affects the models’ performance How-
ever, there is a slight tolerance for imperfect data, as the models can still extract building
footprints effectively. This adaptability is crucial for leveraging diverse datasets, even with
varying levels of annotation quality. The models’ ability to do this is particularly valuable

in scenarios where obtaining high-quality annotations is challenging or resource-intensive.

Nonetheless, it is crucial to acknowledge that the quality of annotations still influences
the models’ performance. While the models can somewhat tolerate imperfect data, higher-
quality annotations remain vital for achieving optimal performance. Thus, prioritizing
efforts to enhance annotation quality and consistency is essential. The significant perfor-
mance gap observed in the DGT dataset compared to others underscores the importance
of improving annotation quality to ensure accurate and reliable results.
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4.5 Optimized Performance Results

Table 4.5 presents the optimal performance results of ResUNet and SwinUNet models
across different datasets. The performance is evaluated based on metrics such as Recall,
Precision, IoU, and F1-Score. The results show that the models consistently perform
best when trained with the CNN model, reiterating the advantages of using CNN-based

architectures for tasks such as building footprint extraction from aerial images.

Model Test Dataset (Train Dataset) Recall Precision IoU F1

DGT (Inria + Whu + DGT) 71.90 76.50 58.89 74.12

ResUNet Inria (Whu + Inria) 85.77 89.10 77.63 8740
Whu (Inria + Whu) 94.20 95.68 90.36 94.93

DGT (Inria + Whu + DGT) 63.48 74.61 5220 68.59

SwinUNet Inria (Whu + Inria) 73.72 82.26 63.61 77.75
Whu (Inria + Whu) 86.91 90.82 79.89 88.82

Table 4.5: Optimal performance results of ResUNet and SwinUNet models tested with
different datasets.

The training dataset significantly influences the performance of both ResUNet and
SwinUNet models, as evident from the varying performance metrics across different
datasets. The results demonstrate the importance of selecting the appropriate training

data to achieve optimal model performance.

The DGT dataset is the most challenging, with the models achieving the lowest
performance metrics, with recall values of 71.90%, precision values of 76.50%, IoU values
of 58.89%, and F1-Score values of 74.12% for the ResUNet model. This is due to the
dataset’s imperfect footprints and size, which hinder the models” ability to extract building
footprints effectively. This dataset exhibits lower IoU values, suggesting difficulties in
accurately delineating building boundaries and capturing spatial extents due to these
imperfect footprints. Additionally, the smaller number of images and fewer buildings in
the DGT dataset may limit the models” ability to learn diverse patterns and generalize

effectively to unseen data.

The predictions for the DGT dataset are shown in Figure 4.4, where the models were
able to extract building footprints. However, the predictions struggled to accurately
delineate the building boundaries and capture the spatial extent of the structures, as
confirmed by the lower IoU values. The poor building definition on the margins of the
ground truth masks, where some buildings are lacking and some noise is presented when
compared with the other datasets, have contributed to the lower performance metrics

achieved.
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Figure 4.4: Qualitative comparison of the models’ predictions with the ground truth
annotations for the DGT dataset. White: Overlap of Ground Truth and Prediction; Light
Grey: Ground Truth; Dark Grey: Prediction

Performance on the Inria Labelling dataset lies between the DGT and the Whu Buildings
datasets, indicating better quality annotations than DGT. The models could extract
building footprints with higher performance metrics, such as recall values of 85.77%,
precision values of 89.10%, IoU values of 77.63%, and F1-Score values of 87.40%, as shown
in table 4.5. These results are consistent with the state-of-the-art results, which confirms
the correct implementation of the two models.

By observing the models” predictions in Figure 4.5, it is possible to conclude that the
models could accurately delineate the building boundaries and capture the spatial extent
of the structures, as deduced from the performance metrics achieved, including from the
higher value of IoU. Slight imperfections are still visible. However, the models were able
to capture the majority of the buildings present in the images.

The last dataset, the Whu Buildings dataset, consistently outperformed the other
datasets, surpassing the state-of-the-art results for that dataset on the ResUNet architecture.
This architecture achieved recall values of 94.20%, precision values of 95.68%, IoU values
of 90.36%, and F1-Score values of 94.93%, demonstrating the models” ability to extract
building footprints with high performance metrics. This performance can be observed in
the models” predictions in Figure 4.6, where the models could accurately delineate the
building boundaries and capture the spatial extent of the structures, as deduced from the
performance metrics achieved.

As previously mentioned, the training data influences the models” performance. The
models achieve higher performance metrics in datasets with better-quality annotations
and low variability in building shapes and sizes. The Whu Buildings dataset, characterized
by high-quality annotations and consistent buildings, yielded superior results to the Inria
Labelling dataset, which exhibited higher variation in landscape and building type. The

DGT dataset presented the lowest performance metrics with imperfect footprints and
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Figure 4.5: Qualitative comparison of the models’ predictions with the ground truth
annotations for the Inria Aerial Image Labeling dataset.

Figure 4.6: Qualitative comparison of the models’ predictions with the ground truth
annotations for the Whu Aerial Building dataset.

fewer images, highlighting the challenges associated with training models on datasets

with inconsistent annotations and limited data.

4.6 Generalization Abilities of the Models

Another important aspect to evaluate is the generalization abilities of the models. To this
end, the models with higher performance were tested on different datasets. The results of
this evaluation are shown in Table 4.6.

The impact of the training dataset on the models’ generalization abilities is evident from
the varying performance metrics across different test datasets. The results demonstrate that
the training data influences the models” performance, with the models usually achieving
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Train ‘ DGT Dataset ‘ Inria Dataset ‘ Whu Dataset

Test \DGT Inria Whu \ DGT Inria Whu \ DGT Inria Whu

Recall 7190 31.05 5251 | 7473 8577 88.38 | 63.72 69.71 94.20
Precision | 76.50 90.63 90.78 | 57.76 89.10 90.06 | 60.79 84.46 95.68

ResUNet
IoU 58.89 30.08 49.84 | 4829 77.63 80.53 | 4495 61.78 90.36
F1 7412 4622 6649 | 65.13 8740 89.21 | 6199 76.36 94.93
Recall 63.48 15.67 5957 | 61.33 7372 81.10 | 32.88 27.51 86.91
. Precision | 74.61 87.29 86.68 | 4640 8226 7851 | 59.79 80.09 90.82
SwinUNet

IoU 5220 1532 54.56 | 3590 63.61 6637 | 26.16 2574 79.89
F1 68.59 2655 7059 | 52.74 7775 79.78 | 40.66 40.92 88.82

Table 4.6: Generalization performance of ResUNet and SwinUNet models across different
datasets.

higher performance metrics when tested on the same dataset they were trained on. This
indicates that the models are more effective at extracting building footprints from data
similar to the training data, as they have learned to recognize the patterns and structures
present in that specific dataset.

The presence of imperfect footprints within the DGT dataset severely affects the
models” generalization performance. Models trained on the DGT dataset exhibit lower
performance metrics when tested on the Inria and Whu datasets. This issue highlights
the difficulty generalizing these alternative datasets, particularly evidenced by lower IoU
values. This low value of IoU indicates that the models struggle to accurately delineate
building boundaries and capture the spatial extent of the structures when tested on the
Inria and Whu datasets, which is a direct consequence of the imperfect footprints present
in that dataset.

Conversely, the models trained on the Inria and Whu datasets, despite achieving
slightly lower performance metrics when tested on the other datasets, indicate that the
models could generalize effectively to unseen data and perform well in diverse real-world
scenarios. This ability to generalize across different datasets demonstrates their robustness

and adaptability to various terrains and urban environments.

A qualitative assessment of the models” predictions on various datasets contradicts
the conclusions drawn from the performance metrics (Figure 4.7). The models could
extract building footprints from the Inria and Whu datasets with optimal results when
tested in the DGT dataset. The low performance metrics achieved are due to the imperfect
footprints present in the DGT dataset. The inaccurate ground truth annotations within
the DGT dataset hinder the models’ ability to make accurate evaluations, contributing to

the lower-performance metrics observed.

Clearly, the models trained with the Inria and Whu datasets, which are more homo-
geneous and contain higher-quality annotations, behave better than those trained with
the DGT dataset. Despite presenting lower performance metrics, the models’ predictions
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Figure 4.7: Qualitative performance of the generalization performance of ResUNet models
trained on the DGT, Inria and Whu datasets and tested on the DGT dataset.

are accurate and closely aligned with the ground truth annotations. This discrepancy
highlights the importance of considering the quality of the annotations when evaluating
the models” performance. The imperfect footprints within the DGT dataset may lead
to lower performance metrics, but the models” predictions are accurate and reliable, as
demonstrated by the qualitative results.

These datasets, as opposed to the DGT dataset, can capture the spatial extent of the
structures and accurately delineate the building boundaries. Additionally, the borders of
the buildings are well-defined and make a clear distinction between the buildings and the
background, which is not the case for the models trained with the DGT dataset. Therefore,
despite the low-performance metrics, the models” predictions are accurate and closely

aligned with the actual building footprints, as shown in Figure 4.7.

4.7 Results After Post-Processing

The post-processing step can potentially refine the models” predictions, enhancing the
quality of the extracted building footprints. As discussed in the previous section, despite
presenting lower performance metrics, the models’ predictions trained with the Inria and
Whu datasets closely aligned with the actual building footprints. Therefore, for this work,
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the top-performing model, which was trained initially for the Whu dataset, was selected

for the post-processing step. The results can be seen in Figure 4.8.

Prediction Processed Prediction

Difference

Figure 4.8: Results of the post-processing step applied to the top-performing model.

These results demonstrate the importance of incorporating post-processing techniques
into the workflow to refine the model’s predictions, correct imperfections, and enhance
the quality of the extracted footprints. The post-processing step effectively removes noise,
fills in gaps, and smooths out the building footprints, creating footprints that are more
aligned with the desired output.

As mentioned, the performance metrics obtained for the DGT dataset were influenced
by its imperfect footprints, which hindered the possibility of correctly evaluating the
models’ predictions. To confirm the efficiency of the post-processing step, the performance
metrics of the models with perfect footprints, the Inria and Whu datasets, were analyzed.

The results of this evaluation are shown in table 4.7.

DGT Dataset | Inria Dataset Whu Dataset
Before After | Before After | Before After

Recall 74.73 75.64 | 85.77 86.44 | 9420 94.20
Precision | 57.76 5790 | 89.10 89.66 | 95.68 95.68
IoU 4829 4919 | 7763 78.61 | 90.35 90.36
F1 65.13 65.59 | 8740 88.02 | 9493 9493

Table 4.7: Performance metrics before and after applying the post-processing method to
the DGT, Inria, and Whu datasets.
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The results show that the post-processing step effectively enhances the quality of
the models” predictions, improving the performance metrics across the datasets. The
models’ predictions achieve higher performance metrics, confirming the efficiency of the
post-processing step in enhancing the quality of the extracted building footprints.

4.8 Discussion

The results of this work demonstrate the importance of selecting appropriate training data
to achieve optimal model performance. The performance of the models is significantly
influenced by the quality of the training dataset, with higher performance metrics achieved
when trained on datasets with high-quality annotations and low variability in building
shapes and sizes. The presence of imperfect footprints within the DGT dataset severely
affects the models” performance, leading to lower metrics and hindering the effective
extraction of building footprints.

The models’ generalization abilities are also influenced by the training data. Higher
performance metrics are observed when models are tested on the same dataset they were
trained on. Models trained on the Inria and Whu datasets, despite achieving slightly lower
performance metrics when tested on other datasets, demonstrate their ability to generalize
effectively to unseen data and perform well in diverse real-world scenarios. Additionally,
the results underscore the importance of incorporating post-processing techniques into
the workflow to refine predictions, correct imperfections, and enhance the quality of the
extracted footprints.

Overall, when comparing the performance of the two benchmark models used in this
work to state-of-the-art results (Table 4.8), it is evident that the models achieved competitive
performance metrics, with the ResUNet model surpassing the state-of-the-art results for
both datasets. This demonstrates the effectiveness of the models in extracting building

footprints from aerial images and highlights their potential for real-world applications.

Inria Dataset Whu Dataset
State-of-the-Art Present work | State-of-the-Art Present work

Recall 86.22 86.44 94.51 94.20
Precision 87.69 89.66 94.34 95.68
IoU 76.91 78.61 89.44 90.36
F1 86.95 88.02 94.42 94.93

Table 4.8: Performance metrics of the state-of-the-art results and the models’ predictions
for the Inria and Whu datasets.
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5

CoNcLusiONS AND FUTurReE WORK

This chapter presents the conclusions of the work developed, as well as the future work

that can be done to improve the results obtained.

5.1 Conclusions

Creating of an automated system that accurately delineates building footprints from aerial
images presents a critical yet challenging task. These footprints are the foundation for
creating comprehensive maps essential for various applications, such as urban planning,
disaster response, and infrastructure development. However, buildings’ spatial variability
and complexity introduce significant challenges to this task.

Using Deep Learning models has proven to be a promising approach for building
footprint segmentation. However, the selection of architecture and datasets is crucial for
the performance of the models. The primary objective of this dissertation was to develop
a system capable of automatically delineating building footprints from aerial images. To
achieve this objective, the process was divided into three main tasks: the creation of a
new dataset for building footprint segmentation, the evaluation of two Deep Learning
architectures, and a post-processing step to improve the obtained results.

DGT provided aerial images from a Portuguese region to create the new dataset.
These images were used to construct two datasets, each containing 1085 images, and their
corresponding ground truth masks. Taking advantage of the presence of the NIR band in
the images, a false-color dataset was created and utilized for model evaluation. Since these
datasets initially lacked associated building footprints, they were supplemented using the
Microsoft Global MLBuildingFootprints dataset, which contains building footprint polygons
in GeoJSON format from various locations worldwide. Two additional benchmark datasets,
the Inria Aerial Labeling and the Whu Building datasets, were also employed for model
evaluation.

During the model evaluation process, two Deep Learning architectures, ResUNet and
SwinUNet, were compared for their effectiveness in building footprint segmentation. The
results revealed that the ResUNet architecture consistently outperformed the SwinUNet
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architecture across all evaluation metrics and datasets. Additionally, it became evident
that the choice of datasets significantly influenced the models’ performance. Specifically,
the Whu dataset, characterized by lower variability in building shapes and sizes, yielded
superior results to the Inria dataset, which exhibited higher variability in these aspects.

The DGT dataset, specifically created for this dissertation, provided a platform to
investigate the impact of false-color images and imperfect footprints on model performance.
It became evident that using imperfect footprints in the training process decreased model
performance and created challenges in analyzing the results. Even if the model performs
well, imperfections in the ground truth masks can impact the calculated metrics, as seen in
the results obtained with the DGT dataset. A multi-data approach was used to mitigate this
challenge, where the model was trained on different datasets to improve its generalization
capabilities. Despite the low performance metrics obtained the model could generalize
well to the DGT dataset. These results were confirmed by the visual inspection of the
segmentation results, which showed that the model was able to accurately segment the
building footprints, even with imperfections in the ground truth masks.

The post-processing step involved of applying a combination of spatial filtering and
morphological operations to the segmentation masks, which helped refine the delineated
building footprints. Specifically, a mean filter to remove minor imperfections, a dilation to
fill gaps, and the Douglas—Peucker algorithm simplifies the building contours. The results
obtained after post-processing reaffirmed the significance of these steps in enhancing the
overall quality of the extracted building footprints.

The performance obtained by the system developed in this dissertation presents
promising results, showing that Deep Learning models can be a good approach for
building footprint segmentation. The system developed in this dissertation accurately
delineate building footprints from aerial images fully automatedly and can be used in
various fields. In addition, the advantage of using CNN-based models is confirmed, as
they present the best performance in this task compared to Transformer-based methods.
The use of hybrid-based methods, combining CNN-based models with Transformer-based
models, was not employed in this dissertation since no computational resources were
available to perform this task.

5.2 Future Work

Despite the promising results obtained in this dissertation, several aspects can still be
improved and further explored. Some of the approaches that can be studied in future

work to improve the results include:

¢ Performance of the models using perfected masks: Investigating the impact of
using perfected masks in the training process could provide insights into the models’
performance. It would allow for a better evaluation of the models” performance since

the presence of imperfections in the ground truth masks can impact the calculated
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metrics. Additionally, perfected masks could help mitigate the challenges posed by
imperfect footprints in the ground truth masks and improve the results obtained by

the models.

¢ Exploration of other datasets: Investigating the use of additional datasets for build-
ing footprint segmentation could enhance the models” performance. Datasets with
diverse characteristics and challenges can be utilized to train the models, thereby

improving their generalization capabilities.

¢ Exploration of alternative architectures: Exploring other architectures for building
footprint segmentation could lead to improved results. Different architectures
can capture varying patterns and features from the data, potentially enhancing
performance in this task. Additionally, investigating hybrid-based methods that
combine CNN-based models with Transformer-based models may offer further
performance improvements by leveraging the strengths of both architectures.

¢ Exploration of alternative post-processing techniques: Exploring alternative post-
processing techniques could improve the segmentation results. Different techniques
can refine the results obtained by the models, resulting in more accurate delineations
of building footprints.
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ANNEX I. TRAINING AND VALIDATION LOSS
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