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Abstract

Since the launch of Landsat-1 in 1972, Earth observation satellites have signi cantly evolved,
now capturing vast amounts of high-resolution imagery. These satellites continuously transmit
data that helps us monitor urban expansion, plan infrastructure, and respond to natural
disasters. Satellite imaging plays a crucial role in creating accurate spatial maps, o ering
detailed insights into the built environment. However, reconstructing maps from satellite
images is a complex challenge. The eld of computer vision has made impressive progress
in object recognition and representation, but accurately modeling buildings as geometric
primitives remains di cult. Unlike traditional pixel-based approaches, primitive-based object
representation requires understanding the spatial structure and relationships that existing
methods often struggle with. In this thesis, we explore four di erent network architectures
aimed at improving our baseline model, R-PolyGCN, by integrating novel modules that
enhance building footprint reconstruction. The nal chapter presents Decoupled-PolyGCN,
our most advanced deep learning model, that leverages Graph Convolution NetwdEEN) to
enhance building footprint reconstruction. By incorporating geometric regularity, multi-scale
feature fusion, and Attraction Field Maps [AEMJ), the model generates more structured
and precise building outlines from a single satellite image. Evaluations on the Wuhan
University (WHU])) and SpaceNet-2 datasets show that Decoupled-PolyGCN outperforms
existing approaches, improving Average PrecisioAP)) by Average Recall [AR)% and AR by
10%. These improvements enable more accurate and reliable mapping, bene ting applications

in urban planning, disaster management, and large-scale spatial analysis.
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Chapter 1

Introduction

Maps have been vital to human civilization for centuries, especially for navigation, planning,
and understanding the world. Traditionally, maps were created manually by explorers and
cartographers who carefully measured and documented landscapes, producing renowned works
like Ptolemy's Geographia and the Mercator Projection of the 16th century [1, 2]. In the
20th century, before the introduction of satellites, cartographers relied on hand-drawn maps
[3] using drafting tools to portray terrain features and contours, often including information
from historical records and local knowledge. However, these methods were time-consuming
and prone to inaccuracies. They frequently failed to cover remote areas comprehensively,
highlighting the need for a transformative approach, one that satellite technology would
eventually provide.

The advent of satellite technology revolutionized spatial mapping. When the Landsat
1 (originally called Earth Resources Technology Satellite), was launched in 1972 [4] by a
joint National Aeronautics and Space Administration NASA) and United States Geological
Survey USGS program, it marked a new era for geospatial data collection. Over the decades,
the deployment of satellites for Earth observation has grown exponentially [5]. According
to the Union of Concerned ScientistslYCS) satellite database report[6], today, hundreds of
operational satellites provide a continuous stream of data for mapping and analysis. These
satellites fall into two primary categories: optical and radar. Optical satellites, such as

Landsat[7] and Sentinel-2 [8], capture high-resolution imagery across various spectral bands,



enabling detailed visual analysis. Radar satellites, such as Sentinel-1 [9] and TerraSAR-X
[10], use SAR (synthetic aperture radar) to penetrate clouds and capture data in all weather
conditions, o ering unigue advantages in challenging environments[11, 12]. The resolution of
these satellite imagery ranges from a few centimeters to meters.

Maps serve diverse purposes, from urban planning[13, 14] and disaster management[15,
16] to ecological monitoring and agricultural assessment [17, 18, 19]. The creation of maps
typically involves a series of complex processes, including geometric registration (ensuring
accurate spatial alignment of data), semantic conversion (assigning meaningful labels to
mapped features), and vector extraction (representing features as abstract, simpli ed forms).
While each step is crucial, this thesis focuses speci cally on vector extraction, translating
spatial features into abstract representations that encode their essential geometric and
relational properties.

Abstract shape representations, such as building footprints or road networks, are key to
simplifying and analyzing spatial data. These representations are particularly important for
automation and scalability in map creation, as they allow for e cient storage, processing,
and interpretation. Despite the decades of research devoted to map-making, the study of
vectors and abstract representations remains underdeveloped compared to other components
of spatial mapping. Advances in arti cial intelligence and remote sensing technologies have
addressed some challenges, but full automation of vector extraction and abstraction remains
an open problem.

Automation in mapping [20, 21] is becoming increasingly vital due to rapid urban
growth. Cities are expanding at unprecedented rates, with an estimated thousands of urban
buildings constructed annually. Frequent updates to maps are essential for urban planning,
infrastructure development, and environmental management. However, traditional methods of
map creation, which rely on human labeling, cannot keep pace with the speed of urbanization.
Mapping agencies like thdJSGS Natural Resources CanadaNRCan) and the European
Space Agency ESA) provide high-quality maps, but their e orts are constrained by the time,

labor, and costs associated with manual annotation. As a result, many regions, particularly



in developing countries, lack up-to-date or comprehensive maps, as documented in several
reports highlighting global mapping gaps.

To address these challenges, researchers have explored both Al-driven and non-Al ap-
proaches to automate abstraction and vectorization. The emergence of the "new space era,"
characterized by advances in satellite technology, miniaturization, and commercial space
ventures, has further transformed how spatial data is collected and utilized. This era has not
only made easy access to Earth observation data but also enabled unprecedented insights
into urban growth and land-use changes, impacting lives worldwide.

In this new space age, my thesis is dedicated to automating the process of vector extraction
and abstract representation of buildings using the most powerful intelligence available. By
leveraging advancements in deep learning, geospatial analysis, and computational e ciency,
this work aims to bridge the gap between human-driven mapping and the demands of a
rapidly urbanizing world, contributing to the development of scalable and automated mapping

solutions for the future.
1.1 Motivation

The growing accessibility of satellite imagery has revolutionized geospatial analysis, 0 ering
unprecedented opportunities for creating accurate and detailed maps. However, signi cant
challenges persist, particularly in the extraction of building footprints, which are vital for
applications in urban planning, disaster management, and environmental monitoring. Despite
advancements, much of the current process remains reliant on manual or semi-automatic
methods, requiring substantial time and e ort. Platforms like Open Street MapsQSM) [22],
which rely heavily on user contributions for manual corrections, highlight the limitations
of existing systems in handling the vast quantities of available satellite imagery. These
ine ciencies hinder the timely generation of accurate and up-to-date maps, which are critical
in rapidly urbanizing areas.

A core challenge lies in the diversity of building designs, which vary dramatically across

regions. This architectural variability makes it di cult for current models to generalize



e ectively beyond speci ¢ localized datasets, often leading to a lack of scalability in footprint
extraction techniques. Furthermore, balancing recognition and localization remains a per-
sistent issue. While high-level abstract features aid in recognizing objects, they often lose
the precise spatial details necessary for accurate localization. Conversely, low-level spatial
features retain spatial precision but lack semantic depth, creating a trade-o that complicates
accurate footprint extraction. The reliance on manually de ned parameters for regularization
further limits the adaptability and generalization of these techniques, particularly for irregular

or complex building shapes.

Adding to the challenges, the preparation of high-quality labeled datasets is constrained by
issues like imbalanced class distributions, noisy annotations, and the complexity of converting
data into formats suitable for neural network training. These obstacles hinder the development
of robust and scalable models for building footprint extraction.

Motivated by these challenges, my thesis aims to address the critical need for automation
in building footprint extraction, focusing on overcoming architectural variability, enhancing
generalization, and accurately capturing geometric representations. By leveraging advances
in deep learning, computer vision, and satellite data processing, this research seeks to reduce
human intervention, enhance model scalability, and bridge the gap between the demands of
rapid urbanization and the limitations of current mapping practices. Through this work, |
aspire to contribute to the automation of geospatial mapping in the context of the new space
era, where the integration of cutting-edge technology is transforming the way we understand

and interact with our built environment.

1.2 Background

Remote sensing techniques allow us to acquire information about Earth's surface without
physical contact [23]. Among these techniques, satellite images play a crucial role as a valuable
data source. Their spatial, spectral, temporal, and radiometric resolutions and large-scale

coverage make them indispensable for generating digital maps in Geographic Information



Systems (GIS), including Google Maps[24] and Bing Maps[25].

Buildings play a signi cant role in shaping cities, serving as the backbone of urban
infrastructure. As urbanization accelerates, more people choose to stay in cities. At present,
55% of the world's population is settled in urban areas, and this proportion is most likely to
expand to 68% by 2050, according to the United Nations report [26].

The building footprint, as de ned by [27], refers to the speci c area on a project site
that is occupied by the building structure. The perimeter of the building plan determines it.
Building footprints do not encompass parking lots, landscapes, or other non-building facilities.
Cartographers and planners more commonly de ne it as roof representations moved to the
structure's base. Figure 1.1 illustrates the three commonly used representation types, namely

mask, boundary, and corner, for representing the building footprint.

Figure 1.1 Representation of building footprints

The recent development of Machine Learning and Deep Learning [28] has signi cantly
revolutionized the eld of Arti cial Intelligence in the last few years, outperforming numerous
conventional methods in areas such as computer vision, speech recognition image classi cation,
and natural language processing. Machine learning, deep learning, and neural networks are
interconnected, but neural networks are speci cally a part of machine learning, and deep

learning is a specialized subset of neural networks, as depicted in Figure 1.2.



Figure 1.2 Advent of Al

Deep learning-based image classi cation models [29] are increasingly gaining attention and
appeal within the remote sensing community as they learn and train from labeled data to nd
patterns within images, generalize their knowledge, and assign them to pertinent and suitable
categories. The main objective is to assign a label to the entire image. Neural networks are
composed of interconnected nodes arranged in layers. The layers consist of an input layer,
one or more hidden layers, and an output layer. Every node, also known as an arti cial
neuron, establishes connections with other nodes using precise weights and thresholds. When
the output is produced by a node beyond the predetermined threshold, it triggers data
transmission to the subsequent layer. The term 'deep' in deep learning refers to the number
of layers in a neural network. A deep neural network consists of more than three layers, which
include the input and output layers. Convolutional Neural Networks CNN)s [30] are a very

powerful tool for image classi cation as they can automatically learn hierarchical features,



including spatial features such as wedges, textures, and shapes. It incorporates a logical
machine-learning work ow. In the beginning, the data exploration is done to analyze and
understand the dataset. Then an input pipeline is built to load and preprocess the images.
After that, the model is trained using labeled data, followed by evaluating the performance of
the model on test data, which ensures accuracy and other metrics. Then, multiple iterations
are done to ne-tune the model by adjusting hyperparameters.

Since the last decade, there has been a signi cant increase in research on deep learning
for remote sensing and building footprint extraction, and this trend continues to accelerate.
Deep learning models can automatically learn rich and abstract features from immense
training data and can be generalized to testing (new) data. Various datasets from the remote
sensing domain in assorted formats await incorporation into deep learning research after
being converted to an appropriate format. The geometric features, especially, are eminent
in regularizing building footprints, increasing the quality of the building's footprints. These
re ned footprints are essential because they increase the usefulness of spatial maps across a

broader spectrum of applications.

1.3 Applications of Building Footprint Extraction

Building footprint data is valuable for various crucial purposes, including urban planning and
smart city development, which has made the extraction of building footprints a prominent
subject of study in the scienti c community. The building footprints are essentialGIS data
that allow for the estimation of energy consumption, standard of living, urban population,
and property taxation. Similarly, urban planning highly depends on data regarding the
physical area occupied by buildings. An accurate understanding of building footprints
and 3-D building models becomes essential for deciphering complex city characteristics.
Polygonal representations of regularized building footprints have high transferability across
many GIS platforms and can be utilized for a wide range of applications, especially in

the elds of digital city visualization, landscape modeling, virtual tourist systems, and



wireless communication. These can also be employed in the development and design of urban
infrastructures, including water supply, sewage, electricity, and telecommunications. They
are also useful in creating community facilities such as schools, hospitals, parks, and safety
and transportation infrastructures like roads, police stations, and re facilities. Additionally,
they aid in the planning of various types of land use within the city, such as residential,
commercial, industrial, and municipal areas. Regional planners might get advantages from
multidimensional scenarios that provide practical insights into urban administration. Accurate
knowledge of building footprints and 3D building models can be utilized to fully understand
diverse urban features and provide urban planners with more realistic and multidimensional

scenarios for managing urban areas [31].

Figure 1.3 Building Footprints and other impervious surfaces extracted for the City of Detroit
for Storm Water management [32]

We can also take the benet of remotely accomplishing evaluations of real estate [33]
with the building footprint data and other a liated situational datasets. Furthermore, geo-
marketing, such as market planning and development, site selection and forecasting, supply
channels analysis, and modernization, can also be enhanced. Telecommunications companies

strategically leverage the building footprint data to place signal towers, optimizing signal

8



transmission and coverage while minimizing the number of towers needed. Building footprint
data is used in risk assessment tasks to improve the chance of preserving people's assets and
lives yearly. As standards upward thrust and prediction structures enhance planning and
protection of the environment [34], microclimate studies such as urban heat island e ect
and rain-runo modeling, or emergency response, which include estimation of destruction
caused by earthquakes, rely on building models with higher accuracy and precision. Although
some of these events are imminent, conducting a comprehensive risk assessment can mitigate

potential risks and minimize overall damage.

1.4 Problem Domain

In order to create deep learning frameworks capable of autonomously extracting building
footprints with boundary regularization from satellite images, we categorize the challenges

into three primary components: spatial learning, semantic learning, and geometric learning.

1.4.1 Spatial Learning

The spatial features capture cardinal patterns related to edges, textures, shapes, and object
boundaries. CNNs can create hierarchical representations that encode spatial information by
analyzing and evaluating local pixel neighborhoods. Spatial learning's main objective is to
solve the object localization problem. Object localization is the process that aims to precisely
classify and identify the location (bounding box) of speci c objects inside an image.
Contrary to object classi cation, localization adds additional context about where the

objects are situated. To accomplish object localization, deep neural networks extract spatial
features from probable object regions. These regions are wrapped with features and then
normalized to a xed size. The resulting features are often referred to as Region of Interest
(Rol) features. Spatial features contribute to handling variations in building sizes and scales.
Understanding the contextual information around a building, such as neighboring structures

and roads, enriches the process of accurate footprint extraction. Di erent buildings range
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