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Abstract

Since the launch of Landsat-1 in 1972, Earth observation satellites have significantly 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, offering

detailed insights into the built environment. However, reconstructing maps from satellite

images is a complex challenge. The field of computer vision has made impressive progress

in object recognition and representation, but accurately modeling buildings as geometric

primitives remains difficult. 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 different network architectures

aimed at improving our baseline model, R-PolyGCN, by integrating novel modules that

enhance building footprint reconstruction. The final chapter presents Decoupled-PolyGCN,

our most advanced deep learning model, that leverages Graph Convolution Network (GCN) to

enhance building footprint reconstruction. By incorporating geometric regularity, multi-scale

feature fusion, and Attraction Field Maps (AFM), 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 Precision (AP) by Average Recall (AR)% and AR by

10%. These improvements enable more accurate and reliable mapping, benefiting 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 Scientists (UCS) 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,

1



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, offering unique 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, simplified forms).

While each step is crucial, this thesis focuses specifically 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 efficient 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 artificial 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 the USGS, Natural Resources Canada (NRCan) and the European

Space Agency (ESA) provide high-quality maps, but their efforts are constrained by the time,

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

2



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 AI-driven and non-AI 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 efficiency,

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, offering

unprecedented opportunities for creating accurate and detailed maps. However, significant

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 effort. Platforms like Open Street Maps (OSM) [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

inefficiencies 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 difficult for current models to generalize

3



effectively beyond specific 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-off that complicates

accurate footprint extraction. The reliance on manually defined 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, I

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

Buildings play a significant 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 defined by [27], refers to the specific 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 define 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 significantly

revolutionized the field of Artificial Intelligence in the last few years, outperforming numerous

conventional methods in areas such as computer vision, speech recognition image classification,

and natural language processing. Machine learning, deep learning, and neural networks are

interconnected, but neural networks are specifically a part of machine learning, and deep

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

Deep learning-based image classification models [29] are increasingly gaining attention and

appeal within the remote sensing community as they learn and train from labeled data to find

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 artificial

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 classification as they can automatically learn hierarchical features,
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including spatial features such as wedges, textures, and shapes. It incorporates a logical

machine-learning workflow. 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 fine-tune the model by adjusting hyperparameters.

Since the last decade, there has been a significant 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

refined 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 scientific community. The building footprints are essential GIS 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 fields of digital city visualization, landscape modeling, virtual tourist systems, and
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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 fire 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 benefit of remotely accomplishing evaluations of real estate [33]

with the building footprint data and other affiliated 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
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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 effect

and rain-runoff 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 specific objects inside an image.

Contrary to object classification, 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 fixed size. The resulting features are often referred to as Region of Interest

(RoI) 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. Different buildings range
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Figure 1.4 Spatial Learning

from small houses to large commercial structures, illustrating peculiar footprints. Spatial

features take into account the surroundings to avoid false positives and are also crucial for

robust extraction and reconstruction.

In essence, spatial learning plays a key role in object localization, enabling the detection

of objects within images accurately. Neural networks leverage these features to accurately

detect and localize building footprints within images. As deep learning models continue to

grow, spatial reasoning remains very important for computer vision tasks.

1.4.2 Semantic Learning

The fundamental target of semantic segmentation is to efficiently label each pixel with a class

based on the object type. Our research focuses on segmenting input images into binary maps,

as we have two classes: the buildings and the background. Deep learning models excel at

capturing semantic features at all levels, ranging from low-level edges to high-level object

abstractions. At the same time, high-level semantics are crucial for recognizing all object
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Figure 1.5 Semantic Learning

categories, and low-level and middle-level semantics impact pixel-level classification. Hence,

efficiently combining semantic information from different levels of the networks is essential

for accomplishing optimal segmentation performance.

It is crucial in diverse applications, including autonomous cars or trains, building footprint

extraction, and identifying RoIs in various medical images. Given the high dimensionality

of both input and output spaces, semantic segmentation in the computer vision field has

conventionally been challenging. Deep learning-based methods have recently demonstrated

robust semantic segmentation performance on numerous challenging benchmarks. The benefits

of deep learning, ranging from representation learning to context modeling and scalability,

contribute to significant improvements in semantic segmentation results. These approaches

effectively utilize massive datasets paired with corresponding pixel-wise labels to train neural

networks productively. During training, the model parameters are updated iteratively to

improve the differentiable loss function, which measures the discrepancy between predictions

and ground truth labels. During the process of inference, the network is given new data

in order to generate a segmentation map that has the same spatial resolution as the input

11



image, where each pixel is assigned a label that corresponds to it.

1.4.3 Geometric Learning

Deep Geometric Learning (GDL) [35, 36] is an umbrella term that refers to a collection of

methods that use symmetry and invariance to analyze machine learning challenges. It offers

a standard design that enables the creation of various neural network designs, including

Transformers, GCNs, and Convolutional Neural Networks (CNNs). Exposing regularities

ingrained in the low dimensionality and structure of the physical world is the essence of

GDL. The GDL attempts to alleviate the curse of dimensionality and improve performance

in various applications by utilizing recognized symmetries.

The primary objective of our research is to utilize geometric learning techniques in order

to predict the shapes of polygons accurately. Footprints that have regularized boundaries

display polygonal shapes, while those with irregular boundaries do not possess geometric

features. Based on our investigations and conclusions, it appears that utilizing the geometric

information of polygons can provide a solution to the complex issue of boundary regularization.

Geometric polygons can be depicted as a series of vertices or edges that do not conform

to grid-based representations. Deep neural networks can learn geometric characteristics

that adhere to grid-based structures and shape limitations. In addition, the non-grid-based

characteristics possess more extensive geometric data and can also be acquired by deep

learning models. Geometric learning allows for the creation of ideal polygon shapes, which

leads to building footprints with regularized boundaries. Geometric learning allows for the

creation of ideal polygon forms, which in turn leads to the development of building footprints

with regularized boundaries.

Several existing image segmentation Deep Neural Network (DNN)s tend to produce

irregularly shaped building segmentations. Experimental findings reveal that the segmentation

predictions from widely used DNNs do not resemble real-life building footprints with straight

edges and right-angled corners; mispredicted pixels often occur along the building edges.

Specifically, mispredicted pixels are observed across all building types in encoder-decoder
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networks. In contrast, for two-stage detectors where segmentations are made within traditional

bounding boxes, mispredicted pixels tend to occur on buildings with rotated orientations

(i.e., building edges are neither vertical nor parallel to the image edges), while accurate

segmentations tend to occur on non-rotated buildings (i.e., building edges are either vertical

or parallel to the image edges). These results highlight that the bounding-box-based approach

may regularize non-rotated buildings, leading to higher-quality segmentation results. However,

despite the assistance of bounding boxes, a significant proportion of buildings in satellite

images exhibit randomly different orientations, resulting in substantial empty background

spaces between the buildings and their bounding boxes, which contributes to mispredicted

pixels.

Although attempts have been made to standardize the process of building segmentation

into regular-shaped polygons, many commonly used approaches still depend on a large number

of manually defined parameters and rules. Unfortunately, these methods rely significantly on

human involvement and frequently encounter difficulties when attempting to generalize them

to structures with complex shapes. Therefore, the resulting regularized polygons may not

precisely depict the actual shapes of the buildings.

1.5 Challenges

Despite the growing availability and accessibility of satellite imagery, challenges still remain

in accurate building footprint extraction. Creating accurate building footprints on GIS maps

is constrained to manual or semi-automatic procedures, which demand considerable time

and effort. For instance, OSM, which provides detailed building footprints that improve

the precision of various open datasets, relies heavily on users for manual corrections and

enhancements. Given the vast amount of available satellite imagery, processing these images

remains time-consuming.

The wide variety in the design of the building roofs also poses challenges in the extraction

of large-scale building footprints from satellite imagery. These roofs include but are not
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limited to gable roofs, butterfly roofs, hip roofs, dutch roofs, mansard roofs, shed roofs,

dormer roofs, M-shaped roofs, gambrel roofs, and flat roofs. As different areas have varied

building architecture, so many models carry out the task of building footprint extraction in a

smaller area more precisely. Still, they cannot generalize to areas with diverse building styles.

It is always difficult to create a balance between recognition and localization. Localization

is the process of classifying and precisely locating an object within a particular image, typically

by defining a tightly cropped bounding box centered on the instance. The abstract semantic

information contributes to recognizing an object by high-level features contained in an image,

but it lacks the spatial information required for localization. Similarly, the low-level features in

an image contribute to spatial information for localization, but it lacks semantic information.

Furthermore, the large size of satellite images, which contains buildings of variable scales,

makes the process of collecting advanced characteristics for accurate identification and precise

positioning more challenging.

The untapped capacity of geometric satellite images continues to provide a problem. Due

to the predominant use of pixel-level or grid-based formats, extracting precise geometric

information about polygon shapes can be challenging. Geometric characteristics are crucial

in resolving the problem of irregular building boundaries, improving the accuracy of building

footprints, and generating vector-based results for different uses. Nowadays, many popular

methods for regularizing the segmentation of buildings into regularly shaped polygons still rely

on a large number of manually specified parameters and rules. Unfortunately, these approaches

depend heavily upon human intervention, which often leads to a lack of generalization for

buildings with more complex shapes. As a result, the resulting regularized polygons may not

accurately restore the original building shapes.

Hyperparameter optimization is crucial in deep learning for achieving high model perfor-

mance [37]. Hyperparameters, like learning rate, batch size, number of layers, and dropout

rate, are pre-set values that shape the model’s architecture and training process, affecting

both convergence speed and accuracy. Selecting optimal values is challenging due to the

non-linear, non-convex performance landscape, which makes manual tuning impractical.
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Common methods for optimization [38, 39, 40] include grid search and random search. Grid

search exhaustively tests all combinations within a predefined set, but it is computationally

intensive. Random search, by sampling hyperparameter values randomly, is often more

efficient and explores a broader range of configurations. Advanced techniques like Bayesian

optimization and evolutionary algorithms use probabilistic models and iterative selection

to balance exploration and exploitation, which is valuable for tasks where evaluating each

configuration is costly. Interactions between hyperparameters, such as learning rate and

batch size, further complicate optimization, requiring adaptive strategies to handle these

dependencies. Hyperparameter optimization is computationally intensive, especially for

large models, making techniques like early stopping and learning rate schedules essential

for efficiency. Distributed frameworks enable parallelized search across multiple machines,

though they require careful management of resources. Overall, hyperparameter optimization

is vital for balancing efficiency and model performance, significantly impacting the success of

deep learning models.

Previous research [31, 41] has observed the incorporation of additional light detection and

ranging (LiDAR) point cloud data alongside images because LiDAR point clouds provide

more evident geometric attributes. Nonetheless, creating large-scale maps only from LiDAR

data is not practical due to its higher cost as compared to images. The challenges related to

that include limited availability of high-quality labeled data, imbalanced class distribution,

variability in building shapes and sizes, and noisy or incomplete annotations. Additionally,

preparing the datasets and converting them into relevant formats for neural network training

presents its own set of issues. Researchers and practitioners must tackle these challenges to

enhance model accuracy and robustness.

1.6 Research Objectives

Given the advancements in remote sensing and deep neural networks, this research focuses

on achieving the following objectives in the domain of abstract shape representation and
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building boundary reconstruction.

1. To develop a deep neural network model capable of addressing the challenges of

reconstructing regularized building boundaries and representing abstract shapes from

remote sensing data, leveraging the strengths of deep geometric learning techniques.

2. To design a network that effectively integrates object detection and localization with

pixel-level semantic segmentation, enabling the extraction of geometric contours and

abstract boundary representations of structures.

3. To explore middle-level vision tasks by learning and predicting structured geometric

and topological information through deep geometric learning approaches, facilitating

accurate boundary reconstruction.

4. To enhance boundary detection accuracy and improve network training efficiency

by introducing novel techniques for abstract representation and building boundary

reconstruction.

1.7 Contributions

This study addresses key challenges in building footprint reconstruction and introduces

advanced deep-learning frameworks focusing on boundary regularization. The main contribu-

tions of this work are summarized below.

Region-Based Orthogonal Polygon Graph Convolution Network (RO-PolyGCN):

This framework represents our initial deep learning-based approach for extracting building

footprints from satellite imagery. Built upon the baseline R-PolyGCN[42], we enhanced the

network by fine-tuning hyperparameters and integrating an orthogonality loss function. These

improvements enable the network to generate precise building boundaries while ensuring

well-regularized boundaries.

Feature Augmentation-based Edge-preserved Polygon Graph Convolution Net-

work (FAE-PolyGCN): This model enhances RO-PolyGCN by incorporating two key
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Figure 1.6 Research Contribution Flowchart

improvements: an edge-preserving mask head to retain sharp boundary edges and a Feature

Augmentation Module to fuse features more effectively, resulting in better boundary predic-

tions.

Graph-Based Polygonal Segmentation of Building Footprints Using Attraction

Field Maps (AT-PolyGCN): This model leverages attraction field maps for more precise

edge information and introduces innovative initialization techniques for graph networks,

allowing the integration of orientation information.

Decoupled-PolyGCN: This model represents the pinnacle of our work, surpassing state-of-

the-art methods across all evaluation metrics. This approach extracts RoIs using an offline

object detection module. Apart from that, like AT-PolyGCN, it utilizes attraction field maps

and variable initialization techniques for graph networks to refine predictions further and

produce more accurate and regularized building polygons.

17



All of the proposed models combine GCNs with an instance segmentation backbone,

enabling them to perform object recognition and localization, assign semantic labels to pixels,

and generate regularized geometric polygon predictions simultaneously. Our custom training

algorithms are specifically designed to handle multi-task loss functions, facilitating end-to-end

training. Comprehensive experiments, including both raster- and vector-based evaluations,

have been conducted to validate the effectiveness of these models.

To train our neural networks effectively, we prepared multiple datasets. Initially, we

conducted experiments using the SpaceNet-2 dataset. To further generalize our approach,

we later incorporated the WHU dataset. To ensure these datasets were properly formatted

for training, we developed a comprehensive data preparation pipeline. This process involved

an integrated approach, utilizing Python scripts along with tools like FME and ArcGIS to

carefully preprocess and structure the data for our deep learning model.

1.8 Thesis Organization

This thesis consists of 8 chapters. Chapter 1 briefly introduces the study, covering the

background, motivation, problem domain, research aims, and contributions. Chapter 2 of

our study focuses on examining relevant studies and exploring accessible datasets for the

purpose of extracting building footprints. Chapter 3 includes a comprehensive analysis of

our initial network, including a detailed explanation of its architecture and innovative loss

strategies. Chapter 4 covers our enhanced network, incorporating feature augmentation and

boundary-preserving modules. In Chapter 5, we implemented Attraction field maps and

included innovative initialization techniques. Chapter 6 discussed the decoupled approach

for object detection and use of Attraction field maps and variable initialization methods.

In Chapter 7, we discussed the SpaceNet-2 and WHU datasets in detail and our dataset

pipeline for transforming these datasets into appropriate formats. In Chapter 8, we examined

and compared our quantitative and qualitative results with the most current and advanced

methods. In chapter 9, the study concludes and provides specific directions for future research.
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Chapter 2

Literature Review

In this chapter, we will review the previous work and literature related to our research.

We will divide the literature review into six sections. Section 2.1 will discuss deep learning

and computer vision in general. In the subsequent sections, we will explore and discuss

the comparison between conventional and deep learning-based models for object detection,

segmentation, building footprint extraction, and building boundary regularization. In section

2.6, we will provide the relevant datasets that are available for our work.

2.1 Basic Deep Learning and Computer Vision

Recent advancements in deep learning and progress in device capabilities have significantly

impacted the field of computer vision. Deep learning techniques in vision-based applications

rapidly evolve because of increased computational power, energy efficiency, memory capacity,

and image sensor resolution. The results are much better than before in terms of cost and

performance. Basic deep learning models employ a multi-layer structure known as deep

neural networks. These networks learn data representation with various levels of abstraction.

Deep learning has revolutionized computer vision by offering several benefits over tra-

ditional techniques. With deep learning, tasks such as image classification, semantic and

instance segmentation, and object detection have achieved better accuracy.

Classification incorporates assigning a label or class to an entire image. The fundamental

objective is to find whether an image contains a particular object. For instance, take an
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example of the image in Fig; an image classifier would ascertain whether it belongs to the

“balloon” class or, simply, whether this image has any balloons. Object detection transcends

classification by identifying and localizing individual instances of objects within an image.

In each image, object detection looks for the objects and their respective classes. In Figure

2.1, object detection would draw bounding boxes over all evident balloons, specifying their

positions. Segmentation moves one step further by assigning labels to individual pixels to

divide the image into relevant regions.

Figure 2.1 Classification and Segmentation Explanation [43]

Segmentation is further divided into two types. The first is Semantic Segmentation,

an approach of delegating a classification label to every individual pixel. (e.g., “balloon,”

“window,” “trees”). The pixels which belong to the same class are colored the same. In
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Figure 2.1, at the top right, all balloons are assigned the same blue color. The second is

Instance Segmentation, which expands the horizon of semantic segmentation by categorizing

the individual instances of objects. All the instances of the same object get a unique color

mask. In Fig, at the bottom-right, all the balloons are shown in different colors. Classification

is helpful when looking for yes/ no answers about the occurrence of an object within an image.

Object detection helps most in identifying vehicles and pedestrians for self-driving cars, being

vigilant about intruders in surveillance activities, etc. Segmentation has its advantages in

robotics, medical imaging, and scene understanding. In short, image classification as a whole

is significant for understanding visual content, from primary classification to comprehensive

localization and pixel-level segmentation.

Instead of traditional hard-coded programming-based solutions, deep learning neural

networks are trained, requiring less fine-tuning and limited analysis from experts. Deep

learning models can exploit video data, which is available in vast amounts in modern-day

systems. Deep learning provides more flexibility than conventional computer vision, primarily

domain-specific algorithms. Let’s explore the differences between conventional computer

vision techniques and deep learning-based approaches for object detection using a mobile

robot as an example.

Before the deep learning era, computer vision techniques relied on feature descriptors such

as SIFT [44], SURF [45], etc., to detect objects. Feature extraction was also a crucial step

involving identifying small, descriptive, or essential patches in the images. Various computer

vision algorithms, including edge, corner, and threshold detection, have contributed to feature

extraction. Features used to be combined into a "bag of words" representation for each object

class. During deployment, these "bag of words" definitions was searched against features

in other images. If a substantial number of features matched, the image was to be used to

classify as a specific object (e.g., balloon, donkey, etc.). This traditional approach had a few

challenges because selecting relevant features for each image was subjective and complex. It

was difficult to handle an increasing number of object classes. Additionally, fine-tuning each

parameter required long trials and manual effort.
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With the advent of deep learning, end-to-end learning was introduced, where models were

trained on annotated image datasets instead of hand-crafted features. Deep Learning (DL)

models are trained to find descriptive and salient features specific to each object class. DL

models adapt to diverse object classes without domain-specific adjustments, resulting in

superior performance compared to traditional algorithms with some computational trade-offs.

Deep neural networks take advantage of a complex combination of linear and nonlinear

operations to create a connected architecture that automatically extracts deep features from

input data. These features serve as the foundation for various tasks. Additionally, different

frameworks can be utilized on these features for producing specific outcomes. In supervised

learning, the network predictions are examined against the objective function, often called the

loss function, that finds the difference between the actual result and the measured outcome.

Networks are designed to enhance the measured results or predicts by minimizing the loss

function. Specifically, the method involves calculating gradients at the final layer in relation

to the parameters of the network. The gradients are subsequently backpropagated through

the entire network using chain rules. The network parameters are modified based on the

gradients during training iterations. This optimization technique, known as backpropagation,

is a building block of all neural networks.

The convolutional neural network (CNN) is the most frequently used neural network in

computer vision applications. Its significant components include convolution and pooling

layers. A classic example [46] displayed in Figure 2.2 is LeNet-5. This network was designed

to recognize and classify handwritten characters in the images. LeNet-5 is a neural network

consisting of seven layers, including three layers of convolution, two sub-sampling (pooling)

levels, along with one fully connected layer. The convolution layers use 5x5 filters with local

connections and weight sharing. Feature maps are generated at each layer, capturing relevant

information and patterns in the image. Pooling layers merge neighboring regions by averaging

their values, creating abstract high-level features. Finally, the fully connected layer produces

predictions based on these features.

Domain adaptation aims to transfer knowledge from a source domain to a target domain
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Figure 2.2 Classical CNN structure[46]

while avoiding the impact of domain shift. Within this particular context, the source-domain

dataset has numerous samples that have been annotated. Nevertheless, the dataset specific to

the target domain does not contain any labeled instances. Domain adaptation methods strive

to enhance the efficacy of CNNs on the target domain. The source-domain dataset is utilized

to align the data distribution between the two domains. Domain shift can be addressed

using various approaches at various levels [86,87]. It can be able to tackle the domain-shift

problem by exclusively aligning the distribution of images or address the issue of domain

adaptation by focusing on both image and feature levels. Specific network architectures have

been designed to balance computing costs with accuracy, resulting in the development of

lightweight networks.

In the next sections, we will discuss the methods and networks used for traditional and

deep learning-based object detection, image segmentation, building footprint extraction, and

building boundary regularization.

2.2 Object Detection

An object detector is a computer vision algorithm or system designed to identify and locate

specific objects within images or videos. Its main objective is to detect the presence and

location of objects in visual input data accurately and efficiently.

23



2.2.1 Traditional Methods for Object Detection

If we look back to object detectors from two decades ago, we find that due to the limitations

of effective image representation, early object detection algorithms relied on handcrafted

features. In 2001, Viola et al [47]. developed the Viola-Jones detector, an object recognition

framework for achieving real-time face detection of humans. The system utilized sliding

windows to systematically examine every possible position and scale inside an image in order

to determine whether any of the windows featured a human face. An integral image is used to

speed up detection, making the computational complexity of each sliding window independent

of its size. In 2005, Dalal et al. [48] proposed the histogram of Oriented Gradients (HOG)

detector. It improved from previous methods of its time, such as SIFT and shape transforms.

HOG works on a dense pixel grid with blocks, which is similar to a sliding window. Gradients

are computed from pixel intensity changes, capturing local image patterns. HOG gained

popularity for pedestrian detection. As an extension to the HOG detector, Felzenszwalb [[49],

in 2009, introduced the Deformable Part-based Model (DPM). Later, R. Girshick [50] made

a variety of improvements. It breaks down object detection, such as the problem of detecting

a car, into a “divide and conquer” strategy by detecting object parts (e.g., window, body,

wheels). During training, DPM learns how to decompose an object, and during inference, it

combines detections of different parts.

2.2.2 Deep Learning-Based Object Detection

Object detection seemed to have reached a plateau after 2010 and faced limitations due

to the saturation of performance in handcrafted features. However, in 2012, the evolution

of convolutional neural networks (CNNs) breathed new life into the field [29]. Deep CNNs

excelled at learning robust, high-level feature representations from images. The breakthrough

came in 2014 with the proposal of Region-based CNNs (RCNNs) for object detection [51].

The RCNN typically utilizes a detection pipeline consisting of two stages. The system

utilizes a search algorithm to generate approximately two thousand region proposals based
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on the input image. Afterward, the recommended regions are fed into a Convolutional Neural

Network (CNN) to gather relevant details. A Support Vector Machine (SVM) classifies these

regions and makes predictions about bounding boxes using extracted information [52]. Fast

R-CNN [[53] improves the efficiency of R-CNN by utilizing a convolutional neural network

(CNN) to analyze the entire image in a single pass. This eliminates the need to feed 2000

regions separately. Nevertheless, both R-CNN and Fast R-CNN necessitate a preprocessing

stage to produce region recommendations or proposals utilizing a selective search technique.

The process of generating this proposal can be somewhat time-consuming. Faster R-CNN

[54] solves this issue by discarding the search algorithm. Instead, it utilizes a Region Proposal

Network (RPN) to generate proposals directly from predetermined anchor boxes. The RPN

utilizes the capabilities of the convolutional neural network to gain information on region

suggestions, leading to improved speed and accuracy in detection.

In contrast, one-stage models bypass the phase of generating region proposals and instead

employ a more straightforward technique. They immediately apply one-shot detection across

densely sampled locations in the input image. One-stage models have a simplified and unified

network design, making them more efficient. The YOLO [55] algorithm divides the image

into grids of predetermined sizes and employs a Convolutional Neural Network (CNN) to

estimate the bounding boxes and probability of different classes within each grid. SSD [56]

extracts multi-scale features using a series of convolution layers. Recent works focus on

directly detecting key points, such as corners or centers of objects, using CNNs. From these

key points, bounding box predictions can be derived. Overall, the choice between two-stage

and one-stage models depends on the trade-off between accuracy and efficiency in specific

applications.

Deep learning methods use data-driven optimization to pass image features through neural

network models. Marmanis et al. [57] applied an ensemble of networks pre-trained on large

media image databases [58]. Then, they fine-tuned them on remote sensing imagery with

a ground sampling distance of 0.1m. These models were originally designed for computer

vision but are well generalized to remote sensing data. Fixing lower layer weights during early
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training and later making them learnable improved computational efficiency. Maggiori et al.

(2017) enhanced results by applying Fully Convolutional Network (FCN)s to remote sensing

imagery [59]. Multi-scale processing captured contextual information by downsampling one

branch while maintaining input resolution in the other branch. The branches were then

combined, and an activation function was applied. The training involved initial training on

inaccurate OSM ground truth and following a refinement step using hand-labeled ground

truth. Using nDSM (normalized Digital Surface Model) as a data source, Bittner et al.

(2017) extracted building footprints [60]. Height information proved valuable for this task.

While FCRFs (Fully Connected Conditional Random Fields) improved fine details in building

masks, we opted not to use them due to hyperparameter complexity. Adapting the FCN’s

architecture, Bittner et al. (2018) addressed complex structures and spectral variations in

building footprints, achieving promising results on VHR (Very High Resolution) remote

sensing imagery [61]. Transformers, originally designed for natural language processing, have

revolutionized deep learning by effectively capturing long-range dependencies and relationships

in data. In the context of object detection, transformers replace traditional convolutional

architectures by using self-attention mechanisms to process entire images at once. Unlike

CNNs, which apply local filters, transformers allow each part of an image to interact with all

other parts, helping the model understand contextual relationships between objects. This

global perspective enables more accurate object detection, especially in complex scenes where

multiple objects may be closely positioned or overlapping. Detection Transformers (DETR)

is a specific application of transformers in object detection, offering a new approach compared

to traditional models like Faster R-CNN or YOLO. Instead of relying on hand-crafted

components such as anchor boxes or region proposals, DETR formulates object detection as

a direct set prediction problem. It employs a Transformer encoder-decoder structure, where

the encoder processes image features extracted by a convolutional backbone, and the decoder

generates predictions using self-attention. Each object is directly predicted with a class

label and bounding box, eliminating the need for post-processing steps like non-maximum

suppression. While DETR provides a more streamlined and intuitive detection process, it can
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be computationally expensive and may have slower inference times compared to optimized

CNN-based detectors. However, its ability to model complex object relationships makes it

particularly useful for challenging detection tasks.

2.3 Image Segmentation

One of the key problems in the research we are conducting is image segmentation. The deep

learning researchers have also invested considerable effort in this area.

2.3.1 Traditional Image Segmentation Method

The majority of image segmentation algorithms proposed in recent decades can be primarily

categorized into four groups: threshold-based, edge-based, region-based, and classification-

based methods. Segmenting objects from images using threshold values is a straightforward

and widely employed technique. This method [62] involves the classification of pixels into

different groups based on manually or automatically defined thresholds, which are determined

by the range of values of the pixels. However, the most significant drawback of image

thresholding is its inability to distinguish between various regions that have comparable

grayscale values. Edge-based approaches utilize edge-detection filters such as Sobel [63] and

Canny [64] to identify the sharp transitions between adjacent pixels. This allows for the

creation of boundaries that can be used for segmentation. Region-based approaches employ

clustering [65, 66, 67], region-growing [68], shape analysis [69, 70], or graph-based methods

[71] to segment distinct areas of an image. The drawback of the edge-based and region-based

methods is that they often fail to provide stable and generalized results for images with highly

varied illuminance and texture conditions. On the other hand, classification-based techniques

regard image segmentation as the process of categorizing each individual pixel [72]. When

appropriate feature extractors and classifiers are used, this method has a tendency to provide

more accurate segmentations compared to the other three categories of methods.
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2.3.2 Deep Learning-Based Image Segmentation Method

Given the substantial shift in building segmentation research from traditional approaches

to deep learning-based methods, let us now delve into the topic of deep learning image

segmentation.

A typical example of a deep learning model commonly used for semantic segmentation

is a FCN. Within this network, the process of obtaining downsampled features involves

passing the input image via conventional convolution and pooling layers. In addition, FCN

utilizes deconvolution layers to boost the feature map’s resolution and match the original

image’s size. The pixel-wise prediction technique produces semantic segmentation results

on the up-sampled feature map. SegNet [73] and U-Net [74], which are built on the FCN

architecture, employ an encoder-decoder structure. In this structure, the decoder component

is specifically used to learn the process of up-sampling the feature map. To do this, [73]

transfers the pooling indexes from the encoder to the decoder. The U-Net architecture [74]

utilizes feature transfer from the encoder to the decoder to create a fusion of features from

several scales. This enables the network to identify and classify small objects, as well as

accurately separate and analyze images with a high density of objects.

Typically, there are two commonly used methods to accomplish instance segmentation.

The first approach involves initially conducting semantic segmentation on the image, followed

by the application of instantiation to group related pixels and identify distinct objects. Both

DeepMask [75] and SharpMask [76] make use of this pipeline. Mask R-CNN [77] proposes

an alternative method. Mask R-CNN is a method that is very similar to Faster R-CNN. It

starts by performing instantiation and then uses a segmentation detection network to identify

and locate items. The detection network can also produce RoI features that are accurately

localized. In addition to RoI features, object masks are acquired by implementing FCN. The

entire network possesses a comprehensive and end-to-end integrated design. Mask R-CNN’s

segmentation achieves higher accuracy than models that utilized the first technique on the

majority of benchmarks.
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2.4 Building Footprint Extraction

Building footprint extraction and reconstruction have emerged as critical tasks in remote

sensing and geospatial analysis owing to their diverse applications in urban planning, disaster

management, environmental monitoring, and smart city development. Accurate building

footprints provide essential insights into urban landscapes, enabling tasks such as population

density estimation, infrastructure planning, and energy consumption analysis. The building

footprint is a 2D graphical depiction that conveys accurate details regarding the exact position,

dimensions, and configuration of a building on the ground. Building footprints are depicted

using three conventional representation types: mask, boundary, and corner. Now, let’s dig

deep into examining both traditional approaches and deep learning-based techniques for

building footprint extraction and reconstruction.

2.4.1 Traditional Building Footprint Extraction

Early approaches for generating building footprints from remote sensing images can be

divided into three categories. The first category is based on geometrical primitives, such

as edges and corners of the building, which are initially extracted from the image. These

primitives are then assembled to form enclosed polygons corresponding to individual buildings.

Overall, Geometric features play a vital role in this approach[78, 79, 80]. The second is the

over-segmentation technique, which divides the image into superpixels or segments. Each

segment represents a specific region, which can be used to delineate building boundaries.

Common over-segmentation methods [81] include clustering, graph models, active contour

models[82], and watershed segmentation [83, 84]. Last is classifier-based methods [72]. This

method is divided into two stages: Initially, features are extracted from each pixel based

on spatial, textual, or spectral characteristics. Machine learning models are then used to

classify pixels as building or non-building. These methods leverage handcrafted features and

effectively distinguish buildings from other objects. In addition to the three main categories,

there is another method based on optical imagery called the index-based method. This
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approach considers contrast and brightness information to extract buildings [85]. Next, the

segmentation prediction of the building footprint is made based on the extracted features

through techniques that include template matching [86], graph cut [69], adaptive boosting

(AdaBoost) [87], random forests [88], support vector machines [89] or conditional random

fields (CRF) [90].

Although there were many significant achievements, the traditional methods-based studies

often concentrated on relatively small study regions. Therefore, their performance may need

to improve when applied to complex areas with diverse building types. Additionally, they

rely on handcrafted features guided by expert intervention, which is not always practical.

2.4.2 Deep Learning-Based Building Extraction

Over the past couple of decades, deep learning approaches have vastly improved the field of

remote sensing. Because of their efficiency and accuracy, these approaches have outperformed

traditional methods and revolutionized the way we analyze remote sensing data. The major

breakthrough came when Krizhevsky in 2012 used convolutional neural networks (CNN)

in the ImageNet classification [29]. CNNs combine feature extraction and classification in

a single model, allowing adaptive feature learning from labeled training data. They offer

improved generalization capabilities compared to conventional methods. Furthermore, they

address the issue of explicit feature design in conventional approaches by enabling adaptive

feature learning using labeled training data.

Researchers[91] explored patch-based CNN architectures for segmenting roads and build-

ings. These models integrate low-level features (e.g., asymmetry, compactness) during

post-processing to enhance performance. However, considerable overlaps between patches

can increase memory costs and reduce efficiency. For example, when a patch-based method

processes an image in patches of 32 × 32 pixels, its memory cost is increased by thirty-two

times compared to the conventional methods. Such approaches experience higher memory

costs and substantially decrease processing efficiency when dealing with larger areas or patch

sizes.
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Early CNNs for building labeling showed promising results but were sensitive to hyperpa-

rameter settings. Current research employs increasingly complex convolutional neural network

(CNN) architectures [92], such as multi-layer perceptrons (MLPs) with skip connections. In

order to successfully integrate features from multiple scales, a multi-layer perceptron (MLP)

structure with a skip connection modeled after the U-Net architecture is created in [93]. In

[94], the U-Net is used as the basic model, incorporating a number of constraints. It limits

the ability to compare feature map outputs from various scales with ground truth images

from the same scales.

The Digital Surface Model serves as auxiliary data to the image data in [95]. Also, Gener-

ative Adversarial Networks and semantic segmentation models have significantly improved

accuracy and efficiency in building footprint extraction. [96] proposes a matching-GAN

architecture that introduces a matching network that replaces discriminators to modify the

traditional GAN. This approach has been successfully applied to semantic segmentation

tasks, including building footprint extraction.[97] improves the U-Net model using GANs

and spatial and channel attention mechanisms. The goal is to generate prediction maps that

are more discriminative and address the issue of uncertainty in segmentation.

A significant drawback of semantic segmentation methods is their struggle with instance-

level distinctions. Buildings, even those classified in the same class, show variations in size,

which presents difficulties for this task. For example, when several objects of the same class

are clustered together, it is difficult to retrieve the number and boundary of the objects.

As semantic segmentation networks are not very good at dealing with very small or big

buildings, this limitation comes from that. Therefore, models that can produce instance-

level segmentation have been proposed. For Example, Pedro et al. presented a two-step

approach in [75]. Firstly, the network proposes segmentation candidates, and then it classifies

them using an object detection algorithm. [98] enhanced U-Net, for instance segmentation.

They added an output channel to predict borders between closely positioned or adjacent

objects. Some networks, like [99], used instance segmentation networks for building boundary

learning. In order to improve the accuracy of defining the boundaries of the buildings, [100]
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also employed instance segmentation networks to refine the individual building boundaries.

However, instance segmentation networks can be explored more, especially for closely situated

or connected buildings in large-scale urban images. Graph convolution networks (GCN)

combined with CNNs have become popular for building footprint extraction[42]. Graph

convolution is a process that extends traditional convolution to graph-structured data. It

enables nodes to aggregate information from their neighbors using a weighted transformation,

followed by a non-linearity. A transformer-based approach that uses the combination of CNN

and GCN called PolyBuilding [101] reduces vertex redundancy in the CNN–GCN paradigm.

This approach focuses on learning building corner points from remote sensing images.

Boundary-based methods are used to directly learn building boundaries in a comprehensive

manner, resulting in the generation of building footprints. Building footprint extraction faces

several challenges, especially when dealing with buildings of varying sizes and complex shapes.

Researchers have experimented with methods for extracting buildings from images at different

scales. Most of the research [102, 103] is done on aggregating multiscale information. [104]

focus on multiscale feature extraction, while others focus on designing dedicated architectures

like Siamese [105] and multitask networks [106, 107]. Convolutional Neural Networks (CNNs)

are efficient in their performance, yet they may lose certain intricate information due to their

inherent spatial invariance properties. This frequently results in imprecise and inconsistent

building boundaries. Therefore, in order to preserve geometrical details, enhanced approaches

employ techniques such as signed distance transform [108], frame fields [109], and attraction

field representation [110, 111, 112]. The modeling of attraction fields is highly effective for

complex buildings and may accurately retain intricate structures in complicated buildings.

The geometric characteristics of buildings are not easily apparent in imagery, which has a

rather low spatial resolution. Graph models are able to capture the interactions between

pixels and enhance their representation. Graph models have been integrated into end-to-end

network learning frameworks [113, 114].
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2.5 Building Boundary Regularization

Building boundary regularization is a central challenge in the geometric learning of polygon

shapes. Although Convolutional Neural Networks (CNNs) perform well in segmentation,

they often produce slightly mispredicted pixels along building boundaries. This results in the

traced building polygons having irregular shapes. Researchers have prioritized regularizing

building segmentations into precise, regular, and simple polygons.

2.5.1 Traditional Building Boundary Regularization

Before the advent of deep learning, the process of extracting building footprints relied more

heavily on LiDAR point clouds or publicly available GIS data rather than images. Point clouds

provide spatial locations that are more geometrically meaningful. Previous work like [31,

41] utilized point cloud data and employed Binary Space Partitioning (BSP) and Minimum

Description Length (MDL) algorithms to produce and optimize building polygon shapes for

the purpose of detecting footprints and regularizing building boundaries. These studies also

addressed 3D building roof reconstruction. Similarly, from point clouds to extract regularized

building polygons, [115] applied shape optimization algorithms. Despite the significant

regularization effects, such conventional methods rely heavily on high human interventions

and are specifically designed for buildings with pre-specified constraints. Therefore, they

often fail to generalize to buildings with more complex shapes.

2.5.2 Deep Learning-Based Building Boundary Regularization

As conventional methods have many limitations, especially in terms of generalization, there

has been a growing interest in deep learning-based building regularization techniques. These

techniques aim to improve generalization capabilities and automate the process. Several

segmentation models have been designed to focus on building boundaries and learning

geometric information effectively. Researchers have explored multi-task learning strategies to
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take full advantage of boundary information. For instance, [116] combined images and Digital

Elevation Models in a SegNet model. This model integrates additional edge and boundary

predictions from an FCN model by employing a multi-task learning approach. Similarly, [93,

117] employs the multi-task learning approach to incorporate an additional boundary loss

during the training of FCN or U-Net models. Furthermore, [94] assert that they are capable

of generating building boundaries with enhanced regularity.

Modern CNN architectures like Deep Active Ray Network (DARNet)[118] have integrated

classic polygonal models, such as active contour models (ACM)[119], into their design. By

doing so, these methods leverage richer geometric information, resulting in improved polygon

contour predictions and the accurate delineation of building boundaries. Although there

have been improvements, segmentation models continue to generate building polygons at

the pixel level, which may require smoother and more regular boundaries. Along these

lines, researchers have explored different novel approaches. The PSPNet [120] is a semantic

segmentation network that identifies the initial building contour. Additionally, a modified

PointNet is used to predict the coordinate offsets of the polygon vertices, resulting in

the generation of regularized buildings. [121] proposed a fully convolutional neural network

trained with adversarial and regularized losses for building boundary regularization in satellite

images. [122] developed a generative adversarial network (GAN) that generates regularized

segmentation masks. In the same year, [123] proposed a method that directly predicted

regularized segmentations by combining edge features extracted using holistically nested Edge

Detection with segmentation masks.

The earliest attempt at an end-to-end deep learning-based model for building regularization

was made by [124]. They proposed a CNN that directly predicts the vertices of building

polygons. However, this architecture suffers from a fixed prediction size. Despite its end-to-

end structure, the network does not fully consider the simplicity and regularity of building

polygons. There were a few more straightforward approaches to overcome this issue. PolyRNN

[125] and PolyRNN++ [126] utilize recurrent neural networks (RNNs) to make successive

predictions of polygon vertex locations, with the current prediction being influenced by the
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prior ones. Nevertheless, [125, 126] are predominantly employed for semi-automatic annotation

by utilizing bounding boxes but do not generate object detection outcomes. PolyMapper [127]

integrates concepts from [125] and [77] to establish an integrated framework for detecting

objects and predicting sequential polygon vertices. It has been utilized in extensive image

collections to extract the outlines of buildings and roads. Nevertheless, PolyMapper does not

possess the capability to predict objects with complex shapes. Furthermore, the computational

cost of its convolutional Long Short-Term Memory [92] module is high. To address this

problem, [128] introduced a comprehensive network that combines a segmentation CNN

with a boundary regularization CNN. It investigates the utilization of graph convolutional

networks (GCNs) to represent polygons in the form of graphs. Graphs are more effective and

use supplementary geometric characteristics in contrast to RNN models.

Deep learning-based regularization methods have improved generalization. However, the

resulting regularized building vectors may still need more simplicity and perfect regularity

than conventional methods. Typically, building segmentation results are vectorized using

conventional or deep learning-based regularization as a post-processing step. However, recent

efforts aim to directly integrate the polygon regularization procedure into end-to-end deep

learning-based models.

2.6 Open Datasets for Building Footprint Extraction

In the field of building footprint extraction and reconstruction using deep learning, the

network’s performance depends on the datasets that provide diverse scenarios and challenges

in building footprint extraction. These datasets serve as benchmarks for determining the

performance of algorithms and models. High-resolution optical images, such as aerial pho-

tographs captured by satellites like QuickBird, IKONOS, and WorldView, have been and

continue to be the main data sources for acquiring 2D and 3D building information. Images

of high quality and high resolution provide excellent options for extracting information.

Nevertheless, the effectiveness of building footprint extraction techniques may be significantly
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hindered by insufficient image understanding, the presence of shadows, relief displacement,

and occlusion effects in optical images lacking height data.

Multiple open datasets are accessible to the public and can be used to assess the per-

formance of models for extracting building footprints. Typically, the datasets consist of

aerial photographs and building footprints labeled with pixel or object-level annotations.

These annotations indicate the coordinates of building polygons at the object level. This

section provides an overview of the specifications of various cutting-edge datasets that are

frequently utilized and openly available for the purpose of building footprint extraction and

reconstruction tasks.

Wuhan University (WHU) [129] dataset comprises both aerial and satellite imagery for

building footprint analysis. The aerial dataset is sourced from the website of New Zealand

Land Information Services. The dataset consists of almost 220,000 individual structures that

have been identified and extracted from high-resolution aerial images in Christchurch, New

Zealand. These images have a spatial resolution of 0.075 meters and span an area of 450

square kilometers. The satellite imagery dataset comprises two distinct subgroups. For the

first group, the data is gathered from multiple locations worldwide, such as Wuhan, Taiwan,

Los Angeles, Ottawa, Cairo, Milan, Santiago, Cordoba, Venice, and New York. Various

sources from the remote sensing domain are used to obtain this data. This includes ZY3,

IKONOS, QuickBird, Worldview series etc. The resolutions of these resources range from 0.3

m to 2.5 m. The second sub-dataset of satellite images includes 6 adjacent photos spanning an

area of 860 square kilometers in East Asia. This dataset contains a total of 34,085 buildings

with a ground resolution of 2.7 meters. The entire dataset is delineated manually.

INRIA Aerial Image Labeling [130] dataset consists of aerial orthorectified color imagery.

The imagery has a spatial resolution of 0.3 m and covers a total area of 810 km². The dataset

is divided into two parts: 405 km² for training and 405 km² for testing. It includes imagery

from ten different cities across the world. Five cities, namely Austin, Chicago, Kitsap, West

Tyrol, and Vienna, are designated for training purposes and have a publicly available ground

truth dataset of building footprints. The remaining portion of the dataset (Bellingham,
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Bloomington, Innsbruck, San Francisco, East Tyrol) is exclusively utilized for evaluation

purposes, with a hidden groundtruth. The dataset comprises 360 RGB tiles, with each

tile having dimensions of 5000×5000 pixels. The collection was created by merging openly

available images and official building footprints that are in the public domain. The images

were obtained from many global GIS services, including the USGS National Map.

SpaceNet-2 [131] dataset provides a wide range of high-resolution satellite photos, making

it a valuable resource for detecting building footprints across different geographical loca-

tions. The dataset includes more than 302,701 outlines of buildings derived from 3/8-band

Worldview-3 satellite images with a spatial resolution of 0.3 meters. This dataset offers a

comprehensive view, spanning 3011 km2 and encompassing cities from four different conti-

nents: North America(Las Vegas), Europe(Paris), Asia (Shanghai), and Africa(Khartoum),

providing a global perspective. The dataset includes 24,856 images, each measuring 650× 650

pixels, ensuring a detailed view of the urban landscapes in these cities.

SpaceNet-4 [132] dataset was released as part of the SpaceNet Off-Nadir Building Detection

Challenge. It comprises 27 high-resolution WorldView-2 satellite images of Atlanta, Georgia.

These images vary in off-nadir angles from 7 to 54 degrees, offering diverse perspectives of the

same urban area. The dataset includes over 120,000 building footprint annotations, and the

complete collection of images was divided into tiles of 450m× 450m with varying resolutions

ranging from 0.46 to 1.67 meters. The images are categorized into three segments based on

their off-nadir angles: Nadir (0-25 degrees), Off-nadir (26-40 degrees), and Very Off-nadir

(40-55 degrees). This categorization aids in assessing the impact of viewing angles on building

detection performance.

Massachusetts datasets spans approximately 340 km2 of Boston, consisting of 151 RGB

aerial images. Each image covers an area of 2.25 km2 with a resolution of 100 cm per

pixel, which is lower compared to some other datasets. The building annotations were

derived from OpenStreetMap and converted into binary images, where building footprints

are represented as pixel-wise labels. The availability of high-quality building footprint data

is largely thanks to the City of Boston, which contributed its complete building footprint
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dataset to OpenStreetMap. This dataset primarily covers urban and suburban areas and

includes buildings of all sizes, from large structures to individual houses and even garages.

The data was created using imagery provided by the state of Massachusetts, with all images

standardized to a resolution of 1 meter per pixel. The building labels were derived from

OpenStreetMap, ensuring comprehensive and detailed mapping.

Toronto city benchmark encompasses a much larger area of around 712.5 km2, covering

the Greater Toronto Area (GTA). The dataset includes high-resolution aerial images with

a 10 cm per pixel resolution. It provides detailed annotations, featuring roughly 400,000

building footprints and 8,439 km of road data. Unlike the Massachusetts dataset, the Toronto

benchmark includes both pixel-wise labels and object-based vectorized building polygons.

Additionally, it offers corresponding point cloud data, making it a rich resource for urban

mapping and analysis. Beyond performance benchmarking, Toronto provides extensive

geospatial data on building footprints. Through the city’s Open Data Portal, users can access

datasets containing building outlines, which can be used to develop 3D city models. These

resources play a crucial role in urban planning, environmental analysis, and a wide range of

research and analytical projects.

ISPRS benchmark on urban object classification and 3D reconstruction [133]

consists of aerial footage from Vaihingen and Potsdam. The imagery consists of 38 and 33

image patches, respectively, which have been taken from a large true orthophoto (TOP)

mosaic. The TOP photos are 8-bit TIFF files, including three bands: near-infrared, red,

and green. The DSM is a TIFF file that has a single band, which encodes DSM heights

using 32-bit float values. For Vaihingen, the imagery has a ground sampling distance of 9

cm and dimensions of 6000×6000 pixels, while Potsdam images have a resolution of 5 cm

and dimensions of 2500×2500 pixels. The Potsdam imagery includes an additional blue

band, resulting in four bands (IRGB). The landcover categorization assignment involves

labeling pixels with six distinct categories. This data is used to reconstruct 3D building roofs.

The TOP and the DSM utilize the same grid, removing the necessity for further geocoding

considerations during processing.
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Bing Maps has recently released an open dataset containing building footprints worldwide.

From 2014 to 2024, they detected approximately 1.3 billion buildings using imagery from

sources such as Maxar, Airbus, and IGN France. The dataset includes building footprint

polygon geometries represented in line-delimited GeoJSON format. The building extraction

process involves two stages: Semantic Segmentation and Polygonization. The evaluation

metrics comprise Intersection over Union and Dominant Angle Rotation Error. The metrics

show that the quality of these matched building polygons is comparable to hand-digitized

buildings in OpenStreetMap.

Available datasets for building footprint extraction tasks consist of aerial images in RGB

or multispectral formats. Additionally, certain datasets may contain Remote Sensing data or

point clouds as auxiliary information. The resolution of images varies from a few centimeters

to one meter. There are two sorts of annotations for building footprints: pixel-wise labels and

object-wise labels. Pixel-wise labels are binary images where building pixels are categorized

as foreground, and all the nonbuilding pixels are categorized as background. They provide

only semantic information. Object-wise labels represent individual building polygons. They

include coordinates for the polygon vertices. These labels exhibit additional geometric

attributes that are important for learning building shapes.

In many parts of the world, especially in remote or developing areas, LiDAR data is either

too costly, difficult to obtain, or simply unavailable. This makes image-based networks a more

practical solution for building boundary reconstruction. Satellite and aerial images, which

are widely accessible, provide a more affordable alternative while still capturing important

structural details like edges and shadows. These visual cues help deep learning models refine

building outlines effectively. Unlike LiDAR, image-based methods can be easily scaled to

cover large regions without requiring specialized equipment. Additionally, historical satellite

imagery allows for long-term monitoring of urban growth and changes over time. With

deep learning techniques like CNNs and GCNs, image-based approaches can achieve highly

accurate building footprint extractions, making them a powerful choice in areas where LiDAR

data is limited or unavailable.
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Datasets with object-wise labels, such as the WHU and SpaceNet-2 building datasets, are

highly recommended. These datasets cover different cities across continents. In this way,

they provide a variety of building roof outlooks for experimentation work. Considering these

facts, we have selected SpaceNet-2 and WHU datasets for our work.

2.7 Summary

In this chapter, we presented the literature review related to our work. We divided the

research mainly into traditional and deep learning-based approaches. We started by initially

discussing the research related to basic computer vision and deep learning. Then, we moved

to object detection and segmentation models. We debated conventional segmentation and

object detection methods and their comparison with deep learning-based methods. Similarly,

we then discussed the conventional building footprint extraction and boundary regularization

methods along with their deep learning counterparts. In the end, we discussed the open

datasets available for building boundary extraction. All of the discussed research inspires our

novel architectures.
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Chapter 3

RO-POLYGCN: Region-Based
Orthogonal Polygon Graph Convolution

Network

This chapter presents RO-PolyGCN (Region-Based Orthogonal Polygon Graph Convolution

Network), an innovative framework designed to address the challenges of building footprint

reconstruction by integrating object detection, localization, and structured geometric learning

into a unified pipeline. To achieve this, RO-PolyGCN leverages two core components: a

backbone network and a graph neural network. The backbone network serves as a robust

feature encoder, proficiently capturing spatial and semantic features for well-localized regions

of interest. The graph neural network subsequently refines and processes these features to infer

structured geometry and topology, resulting in regularized building boundary reconstruction.

The upcoming sections detail the architecture, functionality, and contributions of each

component within the network.

3.1 Overview

Feature extraction is a fundamental component of data analysis, typically achieved through

statistical approaches. However, the advent of deep learning methods, especially neural

networks, has significantly enhanced the quality of feature extraction. The choice of an

appropriate backbone network plays a pivotal role in achieving this objective, influencing
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both the effectiveness of the task and its complexity.

Numerous backbone architectures are commonly employed in neural networks to extract

features and perform object detection and localization tasks. Our approach uses a fusion

of Residual Networks (ResNet-101) and Feature Pyramid Network (FPN) to capture deep

features across multiple scales effectively. In order to recognize and localize building objects,

we employ a two-stage model that consists of a RPN and a localization layer that includes

regression and bounding box classification layers. In addition, we utilize a RoIAlign layer to

extract the accurately localized RoI features for every target building object. The localized

features will be used as an input to the GCN.

Accurately representing polygonal shapes requires moving beyond conventional pixel-

based representations to incorporate detailed geometric information. Graph-based models,

which inherently include vertices and edges, provide a more precise framework for capturing

the geometric properties of polygons. Graph Neural Networks (GNN)s further enhance

this capability by performing convolution operations that facilitate the exchange of feature

information among vertices, enabling advanced geometric learning. Leveraging these strengths,

we integrate a graph convolutional network with an object detection backbone to exploit the

geometric potential of graph models and GNNs. This approach culminates in developing

RO-PolyGCN, a specialized model capable of detecting buildings in satellite images and

predicting polygon vertex coordinates through implicit learning of their geometric shapes.

By sequentially connecting vertices with straight edges, the model produces more regularized

building footprint boundaries, enhancing both accuracy and representation quality.

3.2 Backbone Network

In this section, we present the backbone network, which serves as the foundation for feature

encoding, object detection, and localization. The following subsections detail the techniques

and methodologies employed to extract multi-scale features and accurately detect and localize

objects, forming the basis for subsequent network components.
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3.2.1 Feature Encoding

As shown in the figure, our feature encoding network is established into bottom-up and

top-down pathways. In the bottom-up stage, we use ResNet [134], a Convolution Neural

Network that is designed to process numerous convolution layers. The primary innovation

brought by ResNet is its use of residual blocks. These blocks deal with solving vanishing

gradient problems. ResNet focuses on fitting the residual (difference) between the desired

and actual output. Its skip activations connect from one layer to another by skipping some

intermediate layers. This enables efficient training of deep networks. The first ResNet

architecture, ResNet-34, introduced shortcut connections to transform a plain network into

its residual counterpart. The design of the plain network was influenced by VGG networks,

such as VGG-16 and VGG-19, which use convolutional layers with 3×3 filters. However,

unlike VGG networks, ResNets utilize fewer filters and have a lower computational complexity.

ResNet-50 builds on the ResNet-34 architecture but incorporates a key modification: the

introduction of a bottleneck block. This change was made to address concerns about training

time for deeper networks. Instead of the 2-layer blocks used in ResNet-34, ResNet-50 replaces

them with 3-layer bottleneck blocks, significantly improving accuracy compared to the 34-layer

version. For larger ResNet models, such as ResNet-101 and ResNet-152, the architecture

extends the depth by stacking more 3-layer bottleneck blocks. Despite the increased depth,

the 152-layer ResNet retains relatively low complexity.

Our backbone network processes the satellite image through a five-stage ResNet-101

architecture (C1–C5). Each stage consists of multiple convolutional layers, with the final layer

of each stage applying 2×2 pooling to downsample the feature map by half, progressively

capturing high-level features while reducing spatial dimensions.

The top-down pathway as shown in Fig 3.1 of our backbone network utilizes the Feature

Pyramid Network (FPN) [135]. FPN, in general, creates a feature pyramid with high-level

semantics enabling object detection. It inputs images of different sizes and produces feature

maps at various scales. In the same way, our network combines features from various scales

generated by the bottom-up process. A 1×1 convolution kernel is applied to the current
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Figure 3.1 Feature Encoding[134]

feature map and combined element-wise with the upsampled feature map from the previous

layer. To reduce the impact of upsampling distortion, a 3×3 convolution kernel is also learned,

enabling the generation of feature maps across multiple scales. P5 (32x32), P4 (64x64), P3

(128x128), and P2 (256x256) from multiple levels of FPN from M2 to M5. These scale levels

correspond to the hierarchical representation of the feature maps, as our datasets contain

building objects of various sizes. So, detecting objects across different scales is crucial due

to the large coverage area of our input satellite images. Utilizing the multi-scale feature

maps generated by our encoding network enhances the ability to identify building objects in

comparison to relying on feature maps at a single scale.
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3.2.2 Object Detection

Our two-stage object detection network has three essential components: the Region Proposal

Network (RPN), a localization layer, and the RoIAlign layer, which are seamlessly integrated

with multi-scale feature maps. This integration facilitates the generation of localized RoI

features. The RPN generates initial bounding boxes by utilizing multi-scale features and

predefined anchor boxes. These proposed boxes are then used to extract corresponding

features, resulting in cropped feature maps. Next, the RoI pooling technique is applied to

these cropped features to produce RoI features. The localization layer, which is responsible for

bounding box regression and classification, employs these RoI features to refine bounding box

coordinates and assign class scores. Finally, the RoIAlign layer inputs the refined bounding

boxes and multi-scale feature maps to produce precisely localized RoI features, ensuring

accurate detection and localization. The following subsections will provide a comprehensive

analysis of these three layers.

3.2.2.1 Region Proposal Network

As the name suggests, RPN generally generates proposals for regions where objects might

be present. The algorithm employs a sliding window technique to detect and locate these

locations on the feature maps. The system includes a classifier to determine the likelihood

of an object’s presence and a regressor to make precise modifications to the bounding box.

The predefined anchor boxes and feature maps from multiple scales are given as input to

the RPN. Anchor boxes of diverse sizes [32,64,128,256,512] and shapes [0,1,2] are created for

distinct strides [4,8,16,32,64] on the input image. Within this particular context, the term

"anchor shape" pertains to the proportion between the width and height of the box shown in

Fig 3.2.

By adhering to this method, we generate multiple anchor boxes, with each one matching

a distinct entry in the multi-scale feature maps. Within the region proposal network, each

element of the feature maps has the task of predicting bounding box proposals for the
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Figure 3.2 Region Proposal Network

corresponding anchor boxes through a box regression layer. Additionally, it determines class

scores using a classification layer. These class scores, referred to as objectness scores, indicate

the likelihood of an anchor box containing an object. After determining the threshold of

the objectness score, the process of Non Maximum Suppression (NMS) is used to improve

the accuracy of the bounding box recommendations. NMS is a key technique used after the

region proposal step in object detection to filter out duplicate bounding boxes and keep only

the most relevant ones. The concept behind NMS is fairly simple: it looks at all the proposed

bounding boxes, compares their confidence scores, and removes those that significantly overlap

with a higher-scoring box. This process helps improve detection accuracy by reducing false

positives—cases where a bounding box is mistakenly placed in an area without an actual

object. By keeping only the most confident and non-redundant bounding boxes, NMS ensures
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that the final detections are more precise. Additionally, it enhances efficiency by cutting

down the number of unnecessary calculations, making object detection algorithms faster and

more streamlined.

In our case, NMS decreases the overall count of bounding box suggestions while preserving

the ratio of positive to negative proposed boxes, often established as 3:1. Although the

resulting proposals are closer to the actual object locations compared to the initial anchor

boxes, further refinement is still required for precise localization.

3.2.2.2 Localization Layer

The box proposals generated by the RPN are utilized to extract multi-scale feature maps by

cropping. The cropping method uses equation 3.1 to extract portions of the feature maps,

taking into account the dimensions of the box proposals.

k = [k0 + log2
√
wh/224] (3.1)

The width and height of the box proposal are denoted by w and h, respectively. The

value of k0 is set to 4, and k represents the scale level described in the previous section to

crop the feature map. These cropped features exhibit diverse dimensions. For normalization,

the cropped features are passed through the RoI pooling layer, resulting in RoI features of a

uniform size, usually 14x14. In the cropping process, it is necessary to choose the right feature

scale to align with the size of the identified items. This ensures that feature maps with higher

resolutions are associated with smaller objects, while those with lower resolutions correlate

to larger objects. Utilizing multi-scale feature maps allows us to extract more comprehensive

and precise semantic information from various sizes. Like RPN, the classification and box

regression layer is utilized by the localization layer to predict class scores and the coordinates

of the bounding boxes based on the RoI characteristics. The class scores correspond to the

predicted probability assigned to each class, namely building and nonbuilding.
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Figure 3.3 RoIAlign

3.2.2.3 RoIAlign

The RoIAlign layer addresses the limitations of traditional RoI Pooling. The box regression

layer from the localization layer produces the RoI features, which typically have floating

point coordinates. The traditional RoI Pooling layer quantizes the RoIs into fixed-size

grids(14x14). This quantization can lead to misalignment of RoIs, resulting in information

loss. Achieving accurate pixel-level segmentation involves more than just basic cropping and

RoI pooling. It necessitates finely localized feature maps. The RoIAlign layer effectively

resolves the problem of misalignment and significantly improves the precision of the RoI

features. RoIAlign preserves the floating-point coordinates and uses differentiable bilinear

interpolation to calculate the values at these coordinates, ensuring accurate and localized RoI
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features. RoIAlign avoids potential rounding errors during cropping and pooling operations,

unlike methods that round floating-point coordinates to integers. Accurate feature extraction

enhances the process of identifying and precisely defining the location and boundaries of

objects. RoIAlign is robust to variations in RoI sizes and aspect ratios.

3.3 Graph Convolution Network

GCN is a convolutional neural network applied directly to graphs to exploit their structural

information. It solves the problem of classifying nodes in a graph. A typical Graph convolution

network is shown in Fig 3.4

Figure 3.4 Typical GCN Structure

The fundamental distinction between CNNs and GCNs lies like the data they process and

their approach to handling spatial relationships.CNNs are designed for structured grid-like

data, such as images and time series. In contrast, GCNs operate on graph-structured data,

where entities are represented as nodes connected by edges that define their relationships. In

CNNs, convolutions involve fixed-size filters sliding over the structured input, such as a 3×3
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kernel used in image processing. Conversely, GCNs perform graph convolutions by aggregating

information from neighboring nodes based on the graph’s connectivity structure. While

CNNs define a pixel’s neighborhood based on spatial adjacency, GCNs dynamically determine

node neighbors based on the graph’s edges. CNNs are commonly used for applications

like image classification, object detection, and image segmentation. In contrast, GCNs

are applied in domains such as social network analysis, molecular property prediction, and

building footprint refinement, including models like PolyGCN. Mathematically, CNNs perform

standard convolution. Regarding computational efficiency, CNNs benefit from shared weights

and optimized convolution operations, making them well-suited for parallel processing on

GPUs. However, GCNs are computationally demanding due to the irregular nature of

graph data, requiring operations involving adjacency matrices. In summary, CNNs excel at

processing structured grid-based data like images. GCNs are specifically designed for graph-

based tasks, making them well-suited for applications such as building footprint reconstruction

from satellite imagery.

The main objective of the GCN in our architecture is to adjust the initial vertices of

polygons, aligning them with the boundaries of the target building polygons. In order to

accomplish this, we initially produce vertices according to a pre-defined sequence. For each

vertex graph, features are then computed through interpolation using the enhanced feature

representations. Afterward, the vertex offsets are predicted by inputting graph characteristics

into multi-step and multi-layer graph convolutional networks. The ultimate regularized

polygon is obtained by adding these predicted offsets to the initial vertex coordinates,

enforcing orthogonality loss, and sequentially connecting the vertices to form the polygon.

Figure 3.5 presents the intricate architecture of our network RO-PolyGCN, a backbone

network alongside a graph convolution network designed to deal with complex building

boundary reconstruction tasks. As discussed, the backbone network identifies the target

buildings and generates highly localized RoI information. Afterward, in these precisely

localized areas, the GCN algorithm is used to acquire knowledge about the geometric shapes

of building polygons.
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Figure 3.5 RO-PolyGCN Network Architecture

We train two fully connected layers with the explicit purpose of predicting polygon

boundary masks. These masks include both edge and vertex masks for the target buildings.

These masks are generated from the RoI feature maps obtained from the backbone network.

The boundary prediction provides the likelihood of the building’s edges and vertices for each

individual pixel.

3.3.1 Graph Initialization

The vertices of the target building polygon are initialized by allocating N points as the

vertices of a regular polygon. The initial polygon is formed by connecting these initial vertices

with a straight line. The number of vertices in each polygon is standardized and consistently

matches the ground truth data. The vertices are arranged clockwise, ensuring a clearly

defined sequence and preserving the polygon’s structure. In addition, the starting vertices

are strategically placed in the feature map’s middle region. Let Vi = [xi, yi] represent the

coordinates of the ith vertex and V = (v1, v2, ..., vN ) designate the set of all polygon vertices,

which serve as the initial nodes of our graph model. The graph edges, E, are generated by

establishing connections between each node in V and its four adjacent nodes. In GCN, this

connection enables the exchange of information and mutual influence across four adjacent

nodes, leading to enhanced geometric coherence over a more considerable distance. The
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initial graph is thus defined as G = (V,E). Additionally, the node’s current location (xi, yi)

is concatenated with its node features in the following manner.

fi = concat{F (xi, yi), xi, yi} (3.2)

where fi, the node Vi’s graph feature is a combination of feature maps and vertex position

information. This feature will serve as the input for GCN.

3.3.2 Graph Implementation

Our methodology employs a multi-step framework to achieve precise and accurate polygon

predictions. Initially, we commence by examining the initial features of the graph. The

features are inputted into a GCN to calculate the initial offsets for the polygon vertices in

the first round. According to the predicted offsets, we modify the vertices’ positions. Next,

we employ interpolation to derive new graph features from the improved characteristics.

The interpolated features are inputted into another GCN. The second GCN generates a

supplementary vertex offset. We perform this method repeatedly in the next few steps. Every

step in the process enhances the precision of the vertex positions and increases the accuracy

of the polygon prediction. Our iterative methodology gradually improves the placements of

vertices, leading to a more precise prediction of polygons.

Our study employs a three-stage GCN, with each phase utilizing a multi-layer GCN. Let

the vi’s neighboring nodes in the graph are denoted by N(vi), and at layer l, the parameters

of the network are defined as wl
0, wl

1. At this layer, we define the fundamental calculation for

graph convolution for node vi as:

f l+1
i = wl

0f
l
i +

∑
vj∈N(vi)

wl
1f

l
j (3.3)

where f l
i and f l+1

i are the node vi’s graph feature and the convolution operation’s output

at layer l respectively as shown in Fig 3.6.
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Figure 3.6 Residual Block

After that, we employ a residual block from ResNet. The residual block’s calculations

can be formulated as:

rli = RELU(wl
0f

l
i +

∑
vj∈N(vi)

wl
1f

l
j) (3.4)

rl+1
i = w l

0 r
l
i +

∑
vj∈N(vi)

w l
1 r

l
j (3.5)

f l+1
i = RELU(rl+1

i + f l
i ) (3.6)

The equations 3.4 and 3.5 mentioned earlier are two-layer graph convolutions and are

designed to produce the residual rl+1
i . The convolution weights consist of four elements: wl

0,

wl
1, w l

0 and w l
1 . In addition, we include the residual rl+1

i and the identity of the input f l
i .

Next, we employ an activation layer called RELU, which is a Rectified Linear Unit, to acquire

the ultimate output f l+1
i .
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3.4 Loss Design

We divide our network’s loss design into two branches. The first branch discusses the loss

function for the backbone, which includes RPN loss, regression and classification loss, and

localization loss. The second branch deals with losses for polygon vertex prediction and

orthogonality. Additionally, we discuss the training strategies for optimizing the results of

these loss functions.

Within the backbone network, losses for object detection are computed in two stages:

the RPN and the subsequent box regression and classification steps. Both stages involve a

multi-task training approach, incorporating two distinct loss components, box regression loss

and classification score loss, to optimize the network’s performance in detecting and localizing

objects.

Box Regression Loss: In accordance with Faster RCNN [136], instead of computing box

coordinates for the input to box regression loss, we compute the box deltas, which indicate

the required modifications to convert the initial anchor boxes into more precise proposals.

The box deltas are defined by the following equations:

tx = (x− xa)wa, ty = (y − ya)ha (3.7)

tw = log(w/wa), th = log(h/ha) (3.8)

t∗x = (x∗ − xa)wa, t
∗
y = (y∗ − ya)ha (3.9)

t∗w = log(w∗/wa), t
∗
h = log(h∗/ha) (3.10)

Here, x and y indicate the center point coordinates of the bounding box, while the

variables h and w denote its height and width, respectively. Furthermore, x, xaandx
∗ denote

the predicted box, anchor box, and actual box, respectively (the same applies to y, w, and

h). The bounding box loss values quantify the disparity between the real box parameters,

specifically the (x, y) coordinates of the box position, width, and height, and the estimated
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values. Our underlying network predicts the box deltas (tx, ty, tw, th), which represent the

regression from a predetermined anchor box to a predicted box.

To evaluate the accuracy of these predictions, we use the Smooth L1 loss function. Smooth

L1 loss is a hybrid between L1 loss and L2 loss, adjusting its behavior based on the magnitude

of the error. When the error is small, it acts like L2 loss, creating a smooth, quadratic

transition that prevents small differences from having too much impact. However, when

the error becomes large, it behaves like L1 loss, maintaining robustness against extreme

outliers. L1 loss, also known as mean absolute error, calculates the absolute difference between

predicted and actual values. Smooth L1 loss introduces a threshold, often referred to as

beta, to determine the transition between L1 and L2 behaviors. When the error is below this

threshold, the loss function is less sensitive to minor fluctuations, making it more stable than

the mean squared error. However, it switches to L1 loss for errors exceeding the threshold,

making it more sensitive to large deviations. This balance helps improve model performance

by handling both minor variations smoothly and more significant errors effectively.

Our Smooth L1 loss function compares the predicted box deltas to the ground truth

regression values (t∗x, t
∗
y, t

∗
w, t

∗
h)

Lreg(t, t
∗) =

∑
i∈{x,y,w,h}

SmoothL1(ti − t∗i ) (3.11)

Where a SmoothL1 loss [62] is defined as:

SmoothL1(x) =

0.5x2 if |x| < 1,

|x| − 0.5 otherwise.
(3.12)

Classification Score Loss: The classification loss values are dependent upon the confidence

score of the actual class. Therefore, the classification losses indicate the level of certainty the

model has in its predictions of the class labels or, more precisely, how accurate the model is
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in predicting the actual class.

Binary Cross-Entropy (BCE) loss is a way to measure how well a model predicts proba-

bilities for binary classification tasks—where there are only two possible outcomes (e.g., cat

vs. dog, spam vs. not spam, building vs. background). Think of it as a measure of how far

off the model’s confidence is from the correct answer.

Imagine you’re guessing whether a coin flip will land on heads or tails, but instead of just

saying "heads" or "tails," you give a confidence level (e.g., 90% heads, 10% tails). If the

actual result is heads, then you’d want your confidence in heads to be as high as possible.

If you were only 50% sure, that wouldn’t be a great prediction. Binary cross-entropy loss

quantifies this idea mathematically—it gives a small loss when your confidence is correct and

a large loss when your confidence is wrong.

Thus, in this case, we employ a binary cross-entropy loss to calculate the classification

score loss, which is suitable for binary classification problems.

Lcls(p(y)) = −(ylog(p(y)) + (1− y)log(1p(y))) (3.13)

where y is the predicted class label (0 or 1) and p(y)is the class label’s probability score.

RPN Loss: During the training of the RPN, we assign negative and positive class labels to

the anchor boxes, which are also known as objectness scores. Thus, we establish the RPN

loss as:

Lrpn(p
obj, trpn) =

1

Ncls

Ncls∑
i=1

Lcls(p
obj
i (y)) +

1

Nbox

Nbox∑
i=1

Lreg(t
rpn
i , t∗i ) (3.14)

where pobj and trpn are the objectness scores and proposed box deltas predicted by RPN while

Ncls is the total number of boxes, including both positive and negative boxes, after applying

non-maximum suppression (NMS). Nbox refers specifically to the number of positive boxes.

Localization Loss: We utilize box deltas with positive values for box regression since

negative items, which do not have any object, do not contribute. While weight coefficients are
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sometimes applied to balance the box regression and classification losses, prior studies [17]

suggest that altering these coefficients has minimal effect on performance. Therefore, in our

approach, we combine the two losses without introducing additional weighting coefficients.

The localization layer classifies the boxes into two separate categories: building and non-

building. For the bounding boxes, it gives highly accurate location predictions. Both

objectives, classification and regression, are optimized by calculating a unified localization

loss.

Lloc(p
class, tloc) =

1

Ncls

Ncls∑
i=1

Lcls(p
class
i (y)) +

1

Nbox

Nbox∑
i=1

Lreg(t
loc
i , t∗i ) (3.15)

The variables pclass and tloc represent the class scores and predicted bounding box deltas,

respectively. So, the total backbone loss is given by

Lbackbone = Lrpn + Lloc (3.16)

In addition to the backbone network losses, we have formulated loss functions specifically

for polygon localization and orthogonality.

Polygon Localization Loss: The location of a vertex in a polygon is indicated by its

coordinates v(x, y) and the location of a polygon is represented by its N vertices: p =

vi|i = 1, 2, ..., N . Let us consider that K polygons are extracted from our model, which we

will label as P = pk|k = 1, 2, ...., K. These polygon vertices are also specified in clockwise

order, similar to the ground truth vertices. The number of vertices in both the ground truth

and predicted point sets is found to be the same. Therefore, the difference in position or

distance between the ground truth pgt and the predicted polygon ppre can be calculated using

the geometric L1 distance.

L1(p
pre, pgt) =

N∑
i=0

(
|xpre

i − xgt
i |+ |ypre

i − ygt
i |
)

(3.17)

However, a challenge arises from the fact that the vertex correspondences between the
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ground truth and predicted point sets are not aligned due to the yet-to-be-discovered starting

vertices. To overcome this difficulty, we establish the originating vertex of the ground truth

and identify the corresponding elements. In addition, we employ a thorough search to find

the best matching starting vertex for the predicted point sets. Consequently, the predicted

point sets will be expanded by utilizing each vertex as the initial point. Let us consider that

there are N vertices in each polygon. By applying this method, N distinct sets of predicted

points are formed for the polygon from the original point set. The point sets are arranged

in a clockwise direction; however, they have N distinct starting vertices. The L1 distances

are then calculated between all N extended predicted point sets and the groundtruth point

sets. This leads to the calculation of N polygon distances. The polygon localization loss

is calculated by identifying the shortest distance among the N distances of the polygons.

Therefore, this method can also ascertain the best pairing of vertices. Given the set of K

extracted polygons, there are K ground truth polygons, and the number of predicted polygons

will be multiplied by K x N. The mathematical representation of the loss function for all K

polygons is as follows:

Lpoly(p
pre, pgt) =

1

K

K∑
k=1

min
j∈{0,1,...,N−1}

(
L1(p

pre
k+j, p

gt
k )

)
(3.18)

Where Lpoly an average polygon distance with vertex correspondences, denotes our polygon

localization loss.

Orthogonality Loss: Geometric regularization in building footprint detection and recon-

struction is a process aimed at ensuring that the predicted building shapes adhere to specific

geometric constraints, often reflecting real-world building properties like straight edges, right

angles, and symmetry. This can be achieved by designing loss functions or constraints

that penalize deviations from these expected properties. In remote sensing and computer

vision, where satellite or airborne imagery is used to identify and outline building structures,

regularization techniques are crucial for improving the accuracy and reliability of model
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predictions. Regularization helps in reducing noise around boundaries, ensuring that edges are

smooth and continuous. This is especially important in satellite imagery, where irregularities

due to shadows or occlusions might lead to jagged edges in unprocessed predictions. Many

buildings have walls that meet at right angles. Incorporating orthogonalization techniques

encourages predicted polygons to have right-angled corners where applicable, making results

more consistent with actual urban architecture. By enforcing these geometric properties,

regularization improves both the visual quality and quantitative performance of building

footprint predictions, especially in metrics that reward accurate alignment with true shapes.

Our approach utilizes a multi-layer GCN to predict the vertex offsets of polygons, thus

producing the building footprint. To address the problem of geometric orthogonality and to

retain the right-angle characteristics and area as much as possible, a loss function is proposed

to augment geometric regularity, particularly the orthogonality of building boundaries. The

orthogonality loss can produce a marginal gain in object detection rate and shape regularity.

The loss function is defined as:

Lortho =
1

N

N∑
j=1

L(Pj) (3.19)

L(P ) =
1

n

n∑
i=1

min
θpeak

|θi − θpeak| (3.20)

where Pj is each polygon, and θ is each inner angle and θpeak belongs to 0, 90, 180, 270. The

inner angles are from polygons and do not consider predicted orientation vectors. N is the

number of polygons, and n is the number of vertices (inner angles) in each polygon.

Overall, the total loss function for our whole network is:

LRO−PolyGCN = Lbackbone + Lpoly + Lortho (3.21)
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3.5 Training Strategy

This section examines training options for effectively managing numerous losses in our network.

In order to achieve accurately localized regions, it is necessary to train both the RPN loss

and the localization loss. In addition, we incur losses for predicting boundaries, polygon

vertices, and orthogonality. Nevertheless, there are difficulties in training all the losses of

RO-PolyGCN.

Most of our losses primarily consist of either entropy or smooth L1 loss, which can be

effectively trained simultaneously. Nevertheless, using geometric point distance as a polygon

localization loss may encounter multiple challenges when combined with other loss functions

during training. Firstly, the geometric point distance lacks standardization and displays

variability in scale. Moreover, achieving a reliable and consistent polygon localization loss is

feasible when the target building areas are normalized. This often occurs when the RPN and

localization losses reach a point of minimal size and stability. Before that, the generation of

partial building polygons with reduced geometric significance will occur. This happens due to

the need to fully optimize region localization in the backbone network. Due to the dependence

of our GCN model on polygon geometric features, any inaccurate polygon localization can

result in inadequate or incorrect training of the GCN. We employ polygon localization loss

normalization to tackle these problems and carry out multistage training.

To standardize the polygon localization loss, we initially limit the coordinates of the

polygon vertices to the range [0,1]. Subsequently, the distance of the polygon is divided by

the total number of vertices of the polygon. In addition, a weight coefficient λ is incorporated

into the polygon localization loss.

Our total loss function becomes:

L
RO−PolyGCN = Lbackbone + λ

1

N
Lpoly + λLortho (3.22)
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Here, N is the number of vertices in each polygon. The polygon localization weight, denoted

by λ, is a hyperparameter that is assigned a value from the set 0.25, 0.75, 1.25. This

hyperparameter will undergo optimization during the training process. Regularizing the

polygon localization loss to match the scale of other losses makes it possible to train balanced

losses.

The training process is segmented into three main sections. In the initial stage, we

primarily emphasize training the backbone network. In addition, we train the boundary

prediction component using these losses while keeping the GCN polygon vertex prediction

component fixed. During the backpropagation process, we will disable the GCN’s gradient

update. We aim to create stable localized zones for the target buildings by exclusively training

the backbone network. As we continue, we freeze the backbone network after a specific

number of training iterations and incorporate the GCN component to enhance the accuracy

of polygon prediction. Ultimately, we optimize the overall network by simultaneously training

the GCN component and the backbone network. This multi-stage training strategy helps

reduce the backbone network’s negative impact on the GCN polygon prediction.

3.6 Summary

This chapter introduces RO-PolyGCN, our proposed network for building footprint extraction.

It begins with the backbone network, designed to extract multi-scale features for identifying

and localizing target objects (buildings) from input images. The backbone follows a two-stage

object detection pipeline, starting with a coarse representation and refining it into more

detailed predictions. A multi-task loss function is employed during training to optimize the

detection process. The chapter then explores the Graph Network and its regularized loss

functions. The graph model, comprising vertices and edges, captures the geometric properties

of polygons. A GCN is used to predict and refine the positions of polygon vertices iteratively,

starting from an initial approximation and progressively enhancing accuracy. The vertices

are arranged in a predefined sequence. Additionally, the chapter introduces a tailored loss
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function for learning the precise positions of polygons and incorporates an orthogonal loss to

ensure consistency in the predicted building shapes. The training process is further enhanced

with a multi-stage approach for better convergence and performance.
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Chapter 4

FAE-PolyGCN: Feature
Augmentation-based Edge-preserved
Polygon Graph Convolution Network

This chapter will introduce our second network, FAE-PolyGCN (Feature Augmentation-based

Edge-preserved Polygon Graph Convolution Network). Initially, the network’s limitations from

the previous chapter will be discussed. After that, our newly created Feature augmentation

module and an added edge-preserved branch in the network will be explained. It will discuss

how they both will help improve performance in multiple metrics.

4.1 Overview

Mask localization in instance segmentation, while effective for many applications, has several

limitations that restrict its precision and applicability. One significant drawback is the lack

of geometric precision, as masks provide pixel-level segmentation but often fail to capture

the structural details required for tasks like building footprint reconstruction. This can

result in imprecise and irregular boundaries, especially for objects with complex shapes or

sharp edges. Moreover, the approaches that just focus on masks only struggle to maintain

accuracy across varying object sizes, with smaller objects often poorly represented due to

limited pixel resolution and larger objects losing internal details. Another limitation is that

mask localization is computationally intensive, especially when generating dense masks for
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high-resolution imagery, making it less efficient for large-scale applications. It also faces

challenges in handling overlapping regions, where instances may merge or occlude each other,

leading to ambiguous outputs.

Improving mask localization in instance segmentation requires a combination of advanced

methodologies, architectural enhancements, and data augmentation techniques [137, 138].

One effective approach is to integrate boundary-aware modules into the segmentation network,

which emphasize edge information and refine object contours for greater precision and accuracy.

Incorporating multi-scale feature fusion can also improve the network’s ability to capture

fine details across varying object sizes, ensuring better localization for both small and large

instances. Using higher-resolution feature maps during the decoding process can help preserve

finer details, particularly for intricate or irregularly shaped objects. Additionally, hybrid

models that combine pixel-wise mask predictions with geometric representations, such as

polygons or contours, can enhance localization accuracy by leveraging both raster and vector

formats.

Our previous network architecture comprised a backbone network and a GCN, with the

initial polygon predictions generated for GCN based on the features provided by the backbone.

However, after extensive evaluation, we identified a critical limitation: the features provided

by the backbone network for initializing the polygons were insufficient for enabling the GCN

to refine polygon boundaries effectively. High-frequency details, essential for accurate polygon

predictions, were not adequately captured. To address this issue, incorporating multi-scale

features became a priority, as combining information across scales can significantly improve

the precision and quality of final polygon predictions.

The backbone in our initial design was based on Mask R-CNN, a widely adopted and

versatile model known for its performance across various tasks, including object detection,

instance segmentation, and multi-object scene processing. Mask R-CNN employs pixel-

level classification through FCNs to generate instance masks. However, it treats all pixels

equally, overlooking critical boundary and shape information, which is essential for accurately

delineating object contours. This limitation became evident in our application, where
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precise boundary information is crucial for generating accurate polygons. As a result, the

GCN struggled to refine polygons effectively, leading to coarse and overlapping boundaries.

Additionally, the Mask R-CNN backbone struggled to identify small objects, as pixel-level

features alone were insufficient for detailed localization. These shortcomings highlighted the

need for an improved backbone capable of capturing both high-frequency and boundary-aware

features to support the GCN and enhance polygon boundary predictions. We propose a new

network architecture incorporating two novel modules to address these challenges.

The first is the Feature Augmentation Module (FAM), designed to enhance the feature

maps by integrating predicted vertex and edge logits into the network. This module effectively

combines high-frequency and low-frequency features, significantly improving the accuracy of

polygon predictions. FAM is a key addition to the architecture, ensuring the GCN receives

enriched features to refine polygon boundaries in a better way.

The second innovation is an Edge-Preserving Branch, which tackles the limitations of

Mask R-CNN by explicitly incorporating object boundary information into the network. This

branch includes a mask head specifically designed to preserve boundary details, enabling the

simultaneous learning of object masks and boundaries. By emphasizing boundary features,

this module enhances mask localization accuracy, ensuring the predicted masks align more

precisely with object contours. This dual-module architecture demonstrates substantial

improvements over existing methods, producing results with enhanced boundary precision

and overall segmentation quality.

4.2 Feature Augmentation Module

We propose the Feature Augmentation Module (FAM) to enhance the GCN performance by

providing enriched features, including better-defined corners and edges, beyond the semantic-

based features derived from the backbone. The primary purpose of FAM is to augment the

backbone’s output with predicted edge and vertex maps, explicitly guiding the GCN on

where to place vertices and edges. This addresses a key issue in the RO-PolyGCN network,
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where low-resolution semantic features were insufficient for small buildings and fine-grained

details, resulting in suboptimal polygon predictions. By incorporating high-frequency details

and fusing multi-scale features, FAM effectively preserves texture and color contrast, which

is critical for accurate boundary and vertex predictions, especially in complex architectural

structures.

Our experiments revealed that the previous network struggled to generate accurate edge

and vertex maps because input features were optimized for semantic mask prediction, which

lacked the high-frequency details necessary for precise edge or vertex prediction. Traditional

methods often fail to handle such intricate details, leading to inaccuracies in object boundaries.

To overcome this, FAM was designed to maximize the use of multi-resolution features from

the backbone, ensuring minimal loss of high-frequency details. This capability allowed FAM

to excel in preserving fine details, particularly in images with complex structures.

FAM is integrated into our current network to improve its precision in identifying corners

and edges, which is beneficial for better building boundary reconstruction. By enriching feature

maps with predicted vertex and edge logits, FAM significantly enhances the network’s ability

to generate accurate polygon predictions. This module combines high-resolution boundary

features with semantic context through a fusion block. The fusion block integrates multi-scale

information, addressing limitations of previous low-resolution semantic features that failed

to represent small buildings effectively. Inspired by [139], the module is implemented and

evaluated in several design steps to understand and optimize the network’s performance. The

backbone used as the baseline for these experiments is ResNet101 with FPN, providing a

robust foundation for our research.

4.2.1 Resolution-Based Stream Separation

The feature augmentation module in the first step separates low-resolution (LR) and high-

resolution (HR) feature streams shown in 4.1. The box and mask heads receive LR features

from the backbone, while the Feature Augmentation Module, including the edge, vertex,

and GCN heads, uses HR features. The fusion block, composed of three ResNet blocks,
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Figure 4.1 Resolution-Based Stream Separation

ensures the preservation of fine-grained details, particularly for small objects. This stream not

only captures intricate edges but also processes broader semantic contexts, enabling better

differentiation between objects and their backgrounds.

4.2.2 Image Gradient Concatenation

An image gradient refers to the alteration in intensity or hue in a specific direction within

an image. The image gradient is an essential component in image processing. Here, we

calculate the image gradient and concatenate it with the features from the heads to feed

the Fusion block. The outputs are amalgamated in the fusion blocks. This integration

combines the detailed edge information with the contextual understanding, resulting in

refined segmentation masks that accurately delineate the building object’s overall shape. The

architecture is illustrated in Fig 4.2.

As we observed in the results, most images predict masks, edges, and vertices remarkably

well. As long as the masks are regularized and sufficiently simple, predicted polygons are as

good, but when the masks suffer from rounded corners or curvy edges, polygons deteriorate,

too. We need high-frequency details, so fusing multiscale features can improve the predictions.
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Figure 4.2 Feature Augmentation Module with Image Gradient Concatenated

4.3 Edge-Preserving Boundary Mask Head

In our previous design, Mask R-CNN served as the baseline for instance segmentation.

However, its segmentation results limited the effectiveness of the GCN, a critical component

that captures spatial relationships between objects in an image. We explored enhancements

to the baseline network and proposed architectural modifications to address this limitation.

While the FAM, discussed earlier, improved the initial features by incorporating edge and

vertex maps with semantic masks, further enhancement of the semantic mask predictions

was necessary. This revised module can be explained by Fig 4.3

Our experiments demonstrated that integrating an edge-preserved mask branch into the

backbone significantly improved performance reduced computational complexity, and aligned

better with our network’s requirements. This revised architecture outperformed the original

Mask R-CNN baseline in semantic segmentation tasks, achieving more accurate and consistent

results.

Mask R-CNN, which relies on pixel-level predictions derived from local information,

aims to create a translation-invariant predictor for instance segmentation. However, its

reliance on local features often results in coarse and indistinct masks, overlooking global

shape information and potentially including false positives. Detailed analyses of raw mask

68



Figure 4.3 Edge Preserved Mask Branch [140]

predictions using ResNet-50 and FPN, as well as ResNet-101 and FPN, revealed a critical

limitation: the inability of the baseline to incorporate shape and boundary information

effectively. To address this, we developed a novel network that integrates instance boundary

information directly into the segmentation process, unifying instance mask and boundary

prediction. This approach not only enhances mask precision but also establishes a new

framework for segmentation research.

4.4 Network Detail

The proposed network combines the edge-preserved mask branch with the FAM to explicitly

predict instance-level boundaries, providing critical shape and localization information for

improved mask accuracy. Unlike traditional semantic segmentation methods that treat

boundaries and masks as separate entities, our network incorporates augmentation blocks

to learn these properties simultaneously. The enhanced mask head, referred to as the

edge-preserving mask head, operates in two stages.

. In the first stage, features are extracted using the combination of RESNet-101 and

FPN for both the RPN and second-stage heads. The second stage performs classification,

bounding box regression, and precise mask prediction through RoIAlign, which ensures
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accurate alignment of features with the proposed RoIs. By leveraging boundary features, the

network enriches shape and spatial information, enhancing mask predictions.

This integrated approach significantly improves the learning process for both boundary and

mask features. The strong interconnection between boundaries and masks allows boundary

features to refine mask predictions with additional shape and spatial context. The resulting

network achieves precise localization and segmentation, effectively capturing boundaries while

maintaining computational efficiency, making it suitable for large-scale applications. The Fig

4.4 shows the complete network architecture diagram.

Figure 4.4 FAE PolyGCN Network Architecture

The integration of features from the FAM and the edge-preserving mask head plays a

pivotal role in enhancing the initialization of polygons within the GCN. The enriched features

from FAM, which combine high-frequency details with multi-resolution semantic context,

provide the GCN with precise vertex and edge predictions, ensuring better alignment with

object boundaries. Simultaneously, the edge-preserving mask head contributes accurate
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boundary features and refined mask predictions, supplying the GCN with a robust foundation

for polygon initialization. These improvements enable the GCN to generate more accurate and

geometrically consistent polygons during the refinement process. Furthermore, the addition of

orthogonality loss helps enforce the regularity of building footprints by promoting orthogonal

relationships between polygon edges. This loss function further reduces irregularities, ensuring

that the final building polygons exhibit clean, sharp corners and well-aligned edges, which are

critical for applications requiring precise building footprint reconstruction. The combination

of these advancements significantly enhances the overall performance and accuracy of the

GCN, making it more effective in handling complex building geometries

4.5 Loss Design

Our network’s loss design is divided into two distinct branches, similar to RO-PolyGCN. The

first branch focuses on enhancing object detection and boundary prediction. It incorporates

multiple loss components, including the Region Proposal Network (RPN) loss and localiza-

tion loss, along with an additional boundary loss specifically designed to refine boundary

predictions. The second branch is dedicated to polygon refinement, incorporating losses for

polygon vertex prediction and orthogonality loss to ensure the generation of precise and

regularized building polygons. So, we define the loss function for localization and rpn in a

similar way as described in Chapter 3.

Lrpn(p
obj, trpn) =

1

Ncls

Ncls∑
i=1

Lcls(p
obj
i (y)) +

1

Nbox

Nbox∑
i=1

Lreg(t
rpn
i , t∗i ) (4.1)

Lcls(p(y)) = −(ylog(p(y)) + (1− y)log(1p(y))) (4.2)

Boundary prediction presents unique challenges, particularly due to the issue of class

imbalance caused by the disproportionately smaller number of boundary pixels compared

to the background. Most traditional edge or boundary detection methods address this
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imbalance using weighted binary cross-entropy loss, assigning higher weights to boundary

pixels. However, this approach often results in coarse and indistinct boundaries, limiting its

effectiveness in scenarios requiring high precision.

To overcome these challenges, we employ a combination of Dice loss and binary cross-

entropy loss, as suggested in [140], to optimize boundary learning. Dice Loss is a crucial

metric for evaluating how well a machine learning model performs in image segmentation

tasks. It measures how similar the predicted segmentation is to the actual ground truth,

helping to fine-tune the model by minimizing this loss. One of the most significant advantages

of Dice Loss is its effectiveness in handling imbalanced datasets, where one class (such as the

background) is much larger than the other (such as the object of interest). In these cases, a

model might appear to have high accuracy simply by predicting the dominant class most of

the time. However, Dice Loss ensures that both the foreground and background are considered

relatively, preventing the model from favoring one class disproportionately. This makes Dice

Loss especially valuable in computer vision applications, where accurate segmentation is

key. By optimizing a model to minimize Dice Loss, we can improve its ability to detect

and segment objects correctly, even when dealing with challenging datasets. Dice loss is

particularly advantageous because it quantifies the overlap between predicted and ground

truth boundaries, focusing on regions of disagreement. Unlike cross-entropy-based losses,

Dice loss is unaffected by the foreground-to-background pixel ratio, effectively mitigating the

class imbalance issue. This combination ensures the network learns to predict accurate and

sharp boundaries while maintaining robust performance across diverse datasets and scenarios.

The formulation of our boundary loss Lb is as follows.

Lb(p
pre, pgt) = LDICE(p

pre, pgt) + λLBCE(p
pre, pgt) (4.3)

where dice loss is defined as

LDice(p
pre, pgt) = 1− 2pprepgt + 1

ppre + pgt + 1
(4.4)
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so the overall backbone loss, for FAE-PolyGCN network becomes

Lbackbone = Lrpn + Lloc + Lb (4.5)

The integration of boundary loss into the first branch enhances the accuracy of edge

detection, providing the GCN with improved initialization features. Meanwhile, the orthogo-

nality loss in the second branch enforces geometric regularity, promoting well-aligned edges

and sharp corners in the final polygon predictions. Together, these carefully designed loss

components contribute to a more precise and reliable building footprint extraction process,

addressing both semantic and geometric challenges in urban object reconstruction.

Our total loss function becomes:

LFAE−PolyGCN = Lbackbone + λ
1

N
Lpoly + λLortho (4.6)

4.6 Summary

In this chapter, we tackled the limitations of existing instance segmentation networks,

specifically Mask R-CNN, which often fails to capture fine boundary details and struggles

with smaller objects. To address these challenges, we proposed an enhanced architecture

incorporating a Feature Augmentation Module (FAM) and an edge-preserving boundary

mask head. FAM enriches feature maps with high-frequency details, combining low- and

high-resolution features to improve polygon prediction accuracy. We significantly enhance

the GCN’s ability to detect object boundaries and shapes by integrating predicted vertex and

edge logits. We also introduced an image gradient concatenation step and a high-resolution

mask addition to refine features further and improve GCN initializations. The edge-preserving

boundary mask head simultaneously learns object boundaries and masks, which allows the

network to achieve precise localization and clearer mask delineations. Our novel design

advanced over the traditional Mask R-CNN, demonstrating improved precision and reduced
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computational complexity, making it more robust for real-world applications. The result

across various metrics shows a substantial improvement compared to our previous model,

producing projected masks that align more precisely with the boundaries of objects.
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Chapter 5

AT-PolyGCN: Graph-Based Polygonal
Segmentation of Building Footprints

Using Attraction Field Maps

This chapter introduces our third network, AT-PolyGCN: a graph-based approach for

polygonal segmentation of building footprints using Attraction Field Maps. We will begin by

examining the limitations of the network discussed in the previous chapter. Following this,

we will present the newly incorporated Attraction Field Maps and an innovative initialization

technique for the graph convolution network, detailing how both contribute to performance

improvements across multiple metrics.

5.1 Overview

The current backbone architecture in our network lacks the accuracy needed for optimal

segmentation, resulting in initial polygons that are insufficiently precise for the GCN, thus

limiting overall performance. Existing methods for building footprint extraction, particularly

for large buildings, often yield incomplete or inaccurate representations, struggling with

very large, complex, or closely adjacent buildings. Additionally, the feature augmentation

module is inadequate for capturing these intricate details, as missed corners cannot be

recovered in the polygonal representation. The edge-preserving mask branch offers some

improvement in segmentation but has limitations, enhancing results only to a certain extent.
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In this network, we will integrate Attraction Field Maps to greatly enhance edge detection,

along with modifications to the graph initialization process to produce more accurate initial

polygons. Together, these enhancements will enable more precise and comprehensive building

footprint extraction.

Edge detection in remote sensing identifies sharp intensity changes in images, marking

boundaries between features like urban areas, forests, or water bodies, enhancing the visibility

of elements such as buildings and roads. Traditional techniques like gradient-based Sobel or

Canny detectors and Laplacian-based methods locate edges by analyzing intensity changes.

Line segment detection, meanwhile, focuses on linear features, such as roads and building

outlines, using techniques like the Hough Transform or Line Segment Detector (LSD) to

group pixels into lines. These methods enable feature extraction and change detection, aiding

in applications like urban planning, environmental monitoring, and disaster response by

highlighting significant structures in complex images. In region partition map, each pixel in

the image is assigned to exactly one line segment, forming a region. This clear assignment

eliminates ambiguity that often arises in traditional methods and ensures that all pixels

contribute to a specific segment. A region partition map divides an image into distinct,

homogeneous regions based on characteristics like color, texture, or intensity, making image

analysis easier. Segmentation techniques such as thresholding, clustering, and region-growing

help define these partitions by grouping similar pixels. In remote sensing, region partition

maps aid in tasks like separating urban and non-urban areas or land and water bodies. For

building boundary detection, the map segments buildings as consistent regions, allowing

edge detection to refine their boundaries. This approach improves accuracy, scales to large

datasets, and supports automated analysis, benefiting applications in urban planning, disaster

response, and environmental monitoring. Challenges include handling complex scenes and

resolution dependency, as high-resolution images yield better results.

Xu. et al., [110] introduces Attraction Field Maps to enhance building boundary detection

in satellite imagery. The Attraction Field Map supervises boundary refinement, with a

stronger attraction for closer pixels, tightening the predicted polygons. Together with region
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partition maps, these maps support accurate polygonal mapping by combining structural

awareness.

Towards this goal, we are inspired by the representation of edges with AFM [110, 111, 112]

at the middle-level description. The attraction field map encodes the projection vector for

each pixel relative to its associated line segment. This means that each pixel within a region

is represented by a vector pointing towards the line segment, which aids in recovering line

segments from the input image. By eliminating local ambiguity inherent in gradient magnitude-

based methods, the attraction field representation allows for more accurate detection of line

segments, particularly in low-contrast areas where traditional methods struggle. The approach

helps to manage the imbalance between line and non-line classifications, which is a common

challenge in line segment detection tasks. This is achieved by focusing on the attraction fields

rather than relying solely on detecting edges. The method demonstrates scale invariance,

meaning it can effectively detect line segments across varying scales, which is validated

through precision and recall evaluations.

5.2 Attraction Field Maps

An attraction field map is a representation of the spatial distribution of attractive or repulsive

forces within an image. It can be generated based on various image features, such as gradients,

corners, or object boundaries. By incorporating attraction field maps into edge-guided feature

enhancement, we can potentially improve feature extraction by emphasizing regions of high

attraction. The primary purpose of an AFM is to assist in accurately detecting and delineating

object boundaries in an image. It can be particularly useful in challenging scenarios where

traditional edge detection methods might struggle, such as in the presence of noise, occlusions,

or weak gradients. Attraction fields can be used to define regions of interest for building

segmentation. By modeling buildings as attractive objects, attraction fields can aid in building

shape reconstruction. Attraction fields can be used for object-based image analysis, where

buildings are considered as individual objects. Concatenate attraction field maps with feature
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maps at different neural network layers. This approach allows the network to learn to combine

the information from both sources.

Figure 5.1 AFM Visualization[111]

Incorporating attraction field information into the loss function encourages the network

to focus on regions of high attraction. This can be achieved by adding a term to the loss

function that penalizes deviations from the attraction field map. The quality of the attraction

field map is crucial for the success of this approach. Effective methods for generating accurate

and informative attraction field maps need to be developed.

To visualize attraction field maps for building boundaries, we start with images and their

ground truth annotations in the desired format. Then, by using the polygon coordinates in

the segmentation data, we create a binary mask for each building, marking pixels inside the

building boundary as 1 and outside as 0. A distance transform is applied to this mask to

calculate each pixel’s Euclidean distance to the nearest boundary such that boundary pixels

have a distance of zero. For each pixel inside the building, compute an attraction field vector

that points toward the nearest boundary with a magnitude inversely proportional to the

distance. Finally, we use different plots to visualize these vectors as arrows overlaid on the

original image, indicating the direction and strength of attraction toward building edges as
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displayed in Fig 5.1.

5.2.1 Impact of Attraction Field Map

Attraction Field Maps (AFMs) bring major advantages to building boundary detection in

remote sensing by enhancing feature representation, localization, and occlusion handling.

AFMs generate a vector field that guides pixels toward their nearest boundary, enabling

precise edge localization and detailed boundary delineation, even in cases of weak edges or

shadowed areas. By refining complex structures and connecting disjoint segments, AFMs

ensure continuity and clarity in edge detection. They are effective in segmentation by

separating buildings from their surroundings and distinguishing closely packed structures,

which is particularly valuable in dense urban areas. AFMs are also noise-robust, focusing on

significant boundaries to reduce noise impact, which is essential for low-contrast images.

Furthermore, AFMs improve generalization by preserving typical building geometries,

such as straight lines and right angles, across varying building types, and they help reduce

overfitting by concentrating on structural information rather than image-specific textures or

noise. Additionally, AFMs accelerate network training by focusing on key areas, boosting

accuracy, generalization, and robustness for large-scale urban applications like urban planning

and disaster management. Beyond remote sensing, AFMs have applications in refining object

boundaries, assisting in segmentation, feature extraction, and object recognition. In medical

imaging, AFMs can aid in accurately outlining structures like tumors or organs in complex

images, showcasing their versatility in scenarios requiring precise boundary detection.

5.2.2 Attraction Field Generation

The Attraction Field Map (AFM) is a vector field that points each pixel toward its nearest

point on the building boundary. This field is designed to "attract" each pixel to its closest

boundary, thereby improving boundary refinement. Therefore, the AFM is calculated based

on the Euclidean distance between each pixel in the image and its closest point on the building

boundary.
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For each pixel p = (x, y) in the image, we first compute the Euclidean distance to the

nearest boundary point b = (xb, yb).

D(P ) = min
b∈boundary

∥p− b∥2 (5.1)

where ||p− b||2 represents the Euclidean distance between p and b.

For each pixel p, we then calculate the vector a(p) that points from p to its closest

boundary point b. If p is a point within the building region, a(p) is defined as:

a(p) = (xb − x, yb − y) (5.2)

To standardize, vectors may be normalized to unit length, indicating direction without

magnitude, ensuring consistent directional guidance. Normalization ensures the AFM captures

only the direction toward the boundary rather than the magnitude.

a(p) =
(xb − x, yb − y)

∥(xb − x, yb − y)∥2
(5.3)

In our experiments, we have used the AFMs without normalization. Also, optional post-

processing, such as smoothing, can further refine the AFM, reducing noise and enhancing

boundary guidance. This process results in a vector field that effectively "pulls" pixels

towards building boundaries, aiding in accurate boundary refinement.

5.3 Network Details

GCNs require an input graph, which can either be fixed, as seen with the arbitrary circle

based on semantic features used in RO-PolyGCN, or dynamically based on prior predictions,

such as masks and corners. The latter approach optimally leverages available information,

initializing the GCN with a more accurate estimation of the building shape and allowing it

to focus on fine-tuning details.
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The Region Proposal Network (RPN) generates a set of RoI, from which we localize and

crop bounding boxes from the backbone feature maps. However, to apply convolution layers

on these RoIs, we need to resize them to a fixed size. This resizing can lead to a loss of detail,

particularly for large objects. Additionally, resampling can produce inaccurate predictions

with reduced confidence, especially around edges and corners, which then misguides the GCN

module. This resampling issue affects not only predictions but also ground truth quality.

Since our GCN relies on feature maps to accurately position vertices, this degradation can

lead to confusion and create less precise, curvy polygons.

Figure 5.2 AT-PolyGCN Network Architecture

Our initialization module for GCN constructs this initial polygon by using predicted

masks and corners as input. First, the contour of the mask is extracted via the marching

squares algorithm [141] and simplified with the procedure by Douglas-Peuker Algorithm [142].
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The Douglas-Peucker algorithm is a line simplification method that reduces the number of

points in a curve while preserving its overall shape. It works by recursively removing points

that deviate the least from an ideal straight line connecting key points. The process starts

with the two endpoints and finds the point farthest from the line between them. If the

distance exceeds a given threshold, the point is kept, and the curve is split into two segments

for further simplification. This continues until all remaining points are within the tolerance,

resulting in a simplified yet accurate representation of the original shape.

Next, a polygon is formed by matching predicted corners to their closest points on the

contour, recovering any potentially missing corners from the contour points to ensure a

complete shape. This results in a more geometrically accurate initial graph. Finally, 16

vertices are uniformly resampled from the graph to match the vertex count in the ground

truth.

5.4 Loss Design

Our loss design and training strategy builds upon the loss functions used in RO-PolyGCN

with the addition of AFM loss in this network. The incorporation of AFM loss enhances

performance by improving the quality and accuracy of the resulting building polygons.

The loss function for AFM is typically designed to minimize the difference between the

predicted attraction vectors and the ground truth attraction vectors. The L1 Loss is often

used to calculate this difference, as it penalizes deviations in both direction and magnitude

of the vectors. The loss function is defined as follows:

LAFM =
1

N

∑
p∈P

∥ṽ − vp∥2 (5.4)

where N is the total number of pixels in the image, P represents the set of all pixels in the

image. ṽ is the predicted attraction vector at pixel p. vp is the ground truth attraction vector

at pixel p. ∥ · ∥ denotes the Euclidean norm, ensuring the loss captures both the direction
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and magnitude difference. The sum is taken over all pixels p within the building regions to

focus on the areas of interest.

The loss function measures how closely the predicted vectors match the ground truth

vectors. By minimizing this loss, the model is trained to produce attraction vectors that

closely guide each pixel toward the actual building boundary, refining the boundary prediction.

The AFM provides explicit supervision for each pixel, guiding it toward the boundary

through a vector field. Minimizing the difference between predicted and ground truth

attraction vectors helps the model learn the geometry of building boundaries. It encourages

the network to predict vectors that pull pixels precisely toward the closest edge, achieving

more accurate polygonal boundary representation.

We have rpn and localization loss from equations (3.14) and (3.15), so the overall backbone

loss, for AT-PolyGCN network, becomes

Lbackbone = Lrpn + Lloc + LAFM (5.5)

Integrating AFM loss into the backbone improves edge detection and provides orientation

information, resulting in improved Graph Convolution Network GCN initialization features.

On the other hand, the orthogonality loss in the second branch ensures geometric regularity by

enforcing well-aligned edges and corners in the final polygon predictions. These thoughtfully

designed loss components work together to address semantic and geometric challenges in

urban object reconstruction, delivering a more accurate and dependable building footprint

reconstruction process.

Our total loss function becomes:

LAT−PolyGCN = Lbackbone + λ
1

N
Lpoly + λLortho (5.6)
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5.5 Summary

In this study, we proposed a deep learning framework for automatically extracting building

footprints from satellite imagery with enhanced boundary regularization. Our approach

integrates a backbone network for multi-scale feature encoding and object detection to

produce well-localized RoI features, which are further refined using orientation information

from Attraction Field Maps (AFMs) and a Graph Convolutional Network for building

footprint reconstruction. The framework employs AFMs and GCNs to improve geometric

learning and boundary precision. AFMs are particularly effective in handling diverse building

structures by improving detectability for smaller buildings and providing consistent vector

guidance for larger or more complex buildings, even in the presence of occlusions. They

also address challenges with overlapping building edges by maintaining distinct fields for

each structure, ensuring clear and separate boundaries. Our experimental results show

that AT-PolyGCN surpasses the performance of both our baseline and previous methods,

achieving high accuracy and producing regularized building boundaries. The results are

competitive with state-of-the-art techniques, demonstrating the effectiveness of our approach.

This advancement represents a significant step toward fully automated, precise building

footprint extraction, minimizing the need for manual intervention. The proposed framework

holds great potential for applications in urban planning, GIS mapping, and related fields,

offering a scalable and accurate solution for spatial data analysis.
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Chapter 6

Decoupled-PolyGCN

This chapter presents Decoupled-PolyGCN, a two-step network designed to address the

limitations observed in our previous building footprint reconstruction networks. By separating

object detection and polygonal segmentation into distinct stages, the network achieves

improved accuracy and regularity in building footprint predictions. This chapter details the

network architecture, training, and inference strategies, as well as the loss functions and

hyperparameter tuning required to achieve state-of-the-art performance.

6.1 Overview

The results from our previous networks highlighted a critical limitation: the use of Mask

R-CNN as the backbone. The baseline was inadequate, particularly for detection tasks, which

directly affected subsequent processes like polygon reconstruction. The subpar performance

of the detection module translated into challenges in generating accurate initial polygons.

To improve the features provided to the Graph Convolution Network GCN for polygon

initialization, we implemented several enhancements.

One of these improvements was the introduction of the Feature Augmentation Module

(FAM), designed to incorporate high-frequency details essential for precise polygon predictions.

By leveraging multi-scale features, FAM aimed to enhance the backbone’s output by adding

predicted edge and vertex maps, providing explicit guidance to the GCN for vertex and edge

placement. However, the inability of the baseline to effectively capture shape and boundary
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information persisted, hindering the precision of mask predictions. To address this issue, we

integrated instance boundary information into the segmentation process, combining mask

and boundary predictions to improve accuracy. While these modifications improved results

to some extent, they were still insufficient. Missed corners in polygonal representations could

not be recovered, and the Feature Augmentation Module alone was inadequate for capturing

intricate details.

To further enhance edge detection, we integrated Attraction Field Maps and modified the

graph initialization process, which helped create better initial polygons. However, despite these

refinements, the inability to provide the GCN with better features for polygon prediction

remained a bottleneck. The underlying issue was that the RoI generated by the object

detection module were suboptimal. It became evident that better RoIs could significantly

enhance the final polygon predictions. To address this, we hypothesized that taking object

detection decoupled and providing higher-quality RoIs could improve results substantially.

Deep learning approaches for polygonal building segmentation generally fall into two

categories: two-step methods and direct polygonal segmentation techniques. Two-step

methods typically involve raster segmentation followed by post-processing steps such as

vectorization or simplification. They often utilize auxiliary representations like frame fields or

directional indicators to facilitate vectorization. In contrast, direct polygonal segmentation

methods predict building polygons directly from the input image, bypassing intermediate

rasterization steps. While direct methods eliminate some complexities, they often face

challenges like missing corners and inconsistent projections, and they are computationally

intensive. On the other hand, two-step approaches, though more traditional, tend to produce

better results due to their modular nature. In this work, we adopted a two-step approach. We

first trained an object detection network decoupled on the complete image to generate high-

quality bounding boxes. For this, we evaluated several object detection networks and selected

CoDino Swin DETR, which produced the most accurate bounding boxes. The RoIs provided

by this detection network were then fed into our backbone network to generate initial polygons.

Using variable initialization points based on the mask and predicted corners, the GCN refined
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these polygons through multiple iterative steps. The final predictions from the GCN included

orthogonal boundaries, achieved through the incorporation of geometric supervision, which

enhanced the geometrical correctness of both masks and polygon predictions. This two-step

methodology allowed us to overcome the limitations of previous designs, providing more

accurate and reliable building footprint reconstructions.

6.2 Decoupled Object Detection

Object detection is a fundamental task in our experiments, as it requires the localization

of objects and the classification of their categories. In our network, the primary goal of

object detection is to predict bounding boxes and corresponding category labels for buildings.

Previously, we used Mask R-CNN and its variants for object detection, but these methods

produced bounding boxes with insufficient information, which ultimately impacted the

accuracy of the final polygon predictions. To address this issue, we decided to enhance the

object detection network’s performance by performing object detection decoupled.

Modern object detectors often approach this task indirectly by designing surrogate

regression and classification problems based on a large number of proposals[143, 54], anchors

[144], or window centers [145, 146]. These methods rely heavily on post-processing steps,

such as collapsing near-duplicate predictions, the design of anchor sets, and heuristics to

assign target boxes to anchors [147]. This reliance on hand-crafted components can limit the

simplicity and efficiency of the detection pipeline.

Transformers have significantly advanced deep learning by capturing long-range dependen-

cies and intricate relationships within data. When applied to object detection, transformers

move away from traditional convolutional architectures by utilizing self-attention mechanisms

to analyze entire images simultaneously. Unlike CNNs, which rely on localized filters, trans-

formers enable each region of an image to interact with all others. This broader contextual

awareness helps the model recognize objects more accurately, particularly in complex scenes

where multiple objects may be positioned close together or overlapping.
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Figure 6.1 Detection Transformer Network Architecture [148]

To overcome the challenges in object detection, DETR [148] was introduced as a direct

prediction approach, bypassing these surrogate tasks and streamlining the detection process.

DETR predicts all objects simultaneously and uses a set-based loss function to perform

bipartite matching between predicted and ground truth objects. This end-to-end approach

eliminates the need for components like spatial anchors and non-maximum suppression, which

are commonly used in traditional object detection methods. DETR is a deep learning model

designed for object detection, utilizing the Transformer architecture originally developed for

natural language processing. Unlike traditional detectors, DETR treats object detection as

a set prediction problem, eliminating the need for proposal generation and post-processing

steps. By using self-attention mechanisms, DETR captures complex relationships between

objects within an image, leading to more precise predictions with fewer manually designed

components. At its core, DETR relies on a Transformer encoder-decoder structure, allowing

it to understand long-range dependencies within an image. Instead of using anchors or region

proposals, it directly predicts objects as a set, assigning each one a bounding box and a class

label. One of the key advantages of DETR is its simplicity—it has a streamlined architecture

with fewer hand-crafted elements, making it easier to implement and interpret. Additionally,

thanks to self-attention, it excels in detecting objects in complex scenes where interactions

between objects are important.

Unlike most conventional detection methods that make predictions relative to initial guesses

(e.g., two-stage detectors predict relative to proposals, while single-stage methods predict

relative to anchors or a grid of potential object centers), DETR directly predicts detections
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in absolute terms with respect to the input image. This eliminates the dependency on

hand-crafted initial guesses and simplifies the detection pipeline. DETR can be implemented

using standard components like CNNs and transformers, making it easily reproducible across

different frameworks.

Recent advancements have focused on improving DETR-based detectors while retaining

their end-to-end simplicity. We utilized codes and configurations provided by open-mmlab’s

mmcv [149] for training different models. MMCV is a core library for training deep learning

models, offering a flexible and robust framework. It features a universal open architecture, a

streamlined user interface, and a highly customizable training process.

We analyzed different models available on MMCV, including top-performing networks

like YOLOX-Nano, YOLOX-l [150], RTMDet-l [151], Grounding DINO-T-Square, Grounding

DINO-B, Grounding DINO-T[152] and Collaborative Detection Transformers (CO-DETR)

[153]. Table 6.1 shows the performance of these networks.

Table 6.1 Top-performing networks on MMCV for horizontal bounding box generation

Networks AP(%) AR(%)
YOLOX-Nano 61.4 66.4
RTMDet-l 74.6 79.1
YOLOX-l 76.3 80.8
Grounding DINO-T-Square 73.1 81.2
Grounding DINO-B 73.6 80.5
Grounding DINO-T 73.4 80.2
CO-DETR 78.4 83.0

After a thorough analysis of different DETR variants [152, 154, 155], we selected CO-DETR

[153], which is built on the Deformable-DETR framework [156], for its superior training

efficiency and performance. CO-DETR addresses the limitations of traditional one-to-one set

matching by introducing a collaborative hybrid assignment training scheme. This approach

leverages one-to-many label assignments to enhance the encoder’s feature learning and the

decoder’s attention mechanisms. Auxiliary heads are integrated into the transformer encoder,

and these heads are supervised using versatile one-to-many label assignments, significantly

improving training efficiency.
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Figure 6.2 Detection Transformer with Collaborative Hybrid Assignments Training[153]

The CO-DETR framework follows the standard DETR protocol, where the input image

is processed through a backbone and encoder to generate latent features. These features are

then refined by predefined object queries in the decoder via cross-attention. The collaborative

hybrid assignment training scheme improves feature learning in the encoder and attention

learning in the decoder by generating customized positive queries and optimizing label

assignments. CO-DETR has been shown to significantly improve both the qualitative

and quantitative performance of DETR-based detectors, making it an ideal choice for our

experiments.

6.3 Network Details

To address the challenges in our previous network, we adopted a two-step approach, per-

forming decoupled object detection followed by using our specialized network for polygonal

segmentation of building footprints. We refer to this method as Decoupled-PolyGCN. Below,

we detail the network design and workflow for both the training and inference phases.

6.3.1 Training Phase

In the training phase, we utilize the ground truth bounding boxes to crop RoI from the input

image. These RoIs are then fed into UResNet101, an architecture that combines the strengths
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of U-Net and ResNet-101 to enhance image segmentation tasks. U-Net’s symmetric encoder-

decoder design facilitates precise localization by combining contextual information from

downsampling paths with detailed spatial information from upsampling paths. ResNet-101,

with its deep residual learning and skip connections, ensures effective training by addressing

vanishing gradient issues. The integration of ResNet-101 as the encoder in U-Net enables

UResNet101 to capture complex features while maintaining localization accuracy. This results

in high-resolution segmentation maps that are particularly beneficial for building footprint

extraction. The output features from UResNet101 have the same dimensions as the RoIs,

ensuring localized features that can be utilized for downstream predictions.

From these features, we use three prediction heads: the Segmentation Head, AFM

Head, and Corners Head, similar to those in PolyAttractNet. These heads produce highly

localized RoI information, which is then processed by the GCN for geometric building polygon

predictions. To enhance the feature maps further, boundary masks generated from the RoI

features are concatenated with the RoI feature map.

For polygon initialization, we employ dynamic points. The input for this process includes

both masks and corner predictions. Corners are classified into two types: convex and concave.

Contours of the masks are extracted and simplified, and thresholds are applied to convex

and concave corners. Non-maximum suppression is then used to refine corner extraction.

These corners are combined with the mask contours, and the closest points on the contour

to each corner are identified to extract border information for proper connectivity. This

process generates an initial polygon. Additionally, any missing corners from the mask contour

that were not included in the initial polygons are identified and added in their appropriate

positions, resulting in an enhanced initial polygon for further refinement by the GCN.

The Graph Convolutional Network GCN is employed to iteratively refine polygon vertices.

Starting with the initial approximation, we use a three-step GCN process to progressively

improve the accuracy of vertex positions. In the first step, the graph features are input into the

GCN to compute vertex offsets. These offsets adjust vertex positions, and new graph features

are interpolated from the updated positions. The interpolated features are then processed
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Figure 6.3 Training Phase of DeCoupled-PolyGCN

by a second GCN to compute additional offsets, further refining the vertex positions. This

iterative process continues for three steps, progressively enhancing the precision of polygon

predictions. The addition of orthogonality loss ensures that the final polygons are more

regularized, with sharp and well-aligned edges.

6.3.2 Inference Phase

In the inference phase, the overall network design is similar to the training phase, with

the exception that the input to UResNet101, the backbone of the network, comes from

bounding boxes predicted by the decoupled object detection network. For object detection,

we use CO-DETR, which was selected after extensive experimentation as the best-performing

detection network. CO-DETR provides high-quality bounding boxes, which are used to

generate RoIs from the input image. The output features are then concatenated with the

predictions from the Mask Head, AFM Head, and Corners Head in the same manner as in

the training phase. Polygons are initialized dynamically using the mask and corner features,
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and a multi-step GCN is applied to refine the boundaries. The inclusion of orthogonality loss

during this process ensures that the final polygons are geometrically regularized.

Figure 6.4 Inference Phase of DeCoupled-PolyGCN

This two-step approach demonstrates the critical importance of high-quality detection

results and their impact on polygonal segmentation. By improving both raster-based and

vector-based metrics, Decoupled-PolyGCN significantly enhances the accuracy and regularity

of building footprint predictions.

6.4 Loss Design

Our network employs a multi-loss training strategy, as discussed in previous chapters, to

optimize different components of the model. Cross-entropy loss is widely used for instance

segmentation tasks, particularly for mask prediction, to quantify the difference between

the predicted mask probabilities and the ground truth. For binary mask prediction, which

classifies each pixel as either foreground or background, we use the binary cross-entropy
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(BCE) loss.

Lmask(p(y)) = −(ylog(p(y)) + (1− y)log(1p(y))) (6.1)

For the building corners, which are categorized into convex and concave corners, we also

apply cross-entropy loss to optimize their predictions.

The Attraction Field Map (AFM) loss is designed to minimize the discrepancy between the

predicted attraction vectors and the ground truth attraction vectors. If N is the total number

of pixels in the image, P represents the set of all pixels in the image. ṽ is the predicted

attraction vector at pixel p. vp is the ground truth attraction vector at pixel p. Using the L1

loss, this is formulated as.

LAFM =
1

N

∑
p∈P

∥ṽ − vp∥2 (6.2)

The features from the mask and corners are used to construct an initial polygon with a

dynamic size, which is subsequently passed to the Graph Convolutional Network GCN for

further refinement. The loss function for the GCN is designed to optimize polygon vertex

prediction by minimizing the difference between the predicted vertex positions ppre and the

ground truth vertex positions pgt. This is calculated using the geometric L1 distance.

L1(p
pre, pgt) =

N∑
i=0

(
|xpre

i − xgt
i |+ |ypre

i − ygt
i |
)

(6.3)

To enforce geometric regularity and ensure that building boundaries retain their orthogonal

properties, we introduce an orthogonality loss. This loss helps maintain right-angle charac-

teristics and improves the shape regularity of building polygons. The orthogonality loss is

defined as

Lortho =
1

N

N∑
j=1

L(Pj) (6.4)

For training, we combined different loss function weights and conducted extensive hyperparam-

eter tuning to achieve optimal network convergence. Hyperparameter tuning is crucial in deep

learning as it directly impacts learning, generalization, and stability. Balancing the weights

of loss components, such as mask loss, AFM loss, vertex prediction loss, and orthogonality
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loss, was key to ensuring no single task dominated the optimization process, which could

degrade performance. For example, overemphasizing mask loss could lead to well-segmented

masks but poorly regularized polygons, while underweighting it could produce coarse masks,

hindering downstream tasks. Tuning involved systematically experimenting with parameters

like learning rates, batch sizes, and optimizer settings. This helped the network capture

fine-grained boundary details while maintaining geometric regularity. Learning rates were

particularly critical, as rates that were too high or low could hinder convergence. Similarly,

batch size affected stability and computational efficiency, with smaller batches improving

generalization but increasing noise.

Through this process, we stabilized the training and optimized various aspects of building

footprint extraction, including mask prediction, corner detection, polygon refinement, and

geometric regularity. This comprehensive approach significantly improved the network’s

performance, resulting in more accurate segmentation and precise polygonal predictions for

building footprint reconstruction.

6.5 Summary

This chapter introduced Decoupled-PolyGCN, a two-step framework designed to address the

challenges faced by previous methods in building footprint reconstruction. The first stage

involves decoupled object detection utilizing CO-DETR, an advanced transformer-based

detection network, to produce high-quality bounding boxes. The second stage has multiple

prediction heads and multi-step GCN for building polygon predictions. Our network design

highlights the critical role of high-quality detection results in influencing polygonal information

and improving the overall accuracy of building footprint reconstruction. The contribution

of the Attraction Field Map is particularly noteworthy, as it enabled the generation of

cleaner, simpler polygons with precise vertex and edge positioning. Additionally, the use of

dynamic points for polygon initialization proved highly effective, resulting in more streamlined

polygon shapes. The incorporation of orthogonality loss further enhanced the regularity of
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building boundaries, ensuring well-structured and geometrically consistent polygons. By

combining these innovations, the proposed method significantly improves both the accuracy

and regularity of building footprint predictions, achieving performance that surpasses the

state of the art.
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Chapter 7

Dataset Analysis and Preparation
Pipeline

Training accurate deep learning models requires a well-structured dataset preparation pipeline.

We discussed our network architectures in previous chapters, but we must have optimized

datasets to achieve optimal performance. This chapter will introduce the datasets, the

challenges in preparing datasets, and the dataset pipeline used in our experiments. We have

prepared and used SpaceNet-2 and WHU datasets. The dataset pipeline typically involves

several steps, including data collection, preprocessing, annotation, and model training. By

thoroughly following this process, we can create robust datasets. These datasets will expedite

the development of practical building footprint reconstruction algorithms.

7.1 Challenges in Datasets for Building Footprint Extrac-

tion

Obtaining high-quality labeled datasets for building footprint extraction can be challenging.

Similarly, manually annotating building footprints in satellite imagery is time-consuming

and expensive. Existing labeled datasets may not cover diverse urban environments, leading

to limited generalization. Converting the datasets into the correct format takes much work,

even if they are available. Building footprints are often a smaller category class than other

land cover types, including roads, vegetation, etc, causing imbalanced class distribution.
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Imbalanced class distribution can affect model performance. Additionally, buildings are of

various shapes and sizes, ranging from tiny houses to large commercial structures. Therefore,

models must cater to this situation in a certain way to extract footprints accurately. Manual

annotations may be inaccurate as they might contain errors, especially when dealing with

complex building boundaries or occlusions. Noise in annotations also affects model training

and generalization.

Converting raw data like satellite imagery into suitable input formats for neural networks

requires preprocessing. The preprocessing involves many steps, including resizing, cropping,

normalizing pixel values, and handling missing data, depending on the network. Neural net-

works typically work with numerical data. Therefore, choosing an appropriate representation,

such as pixel intensities and spectral bands, is crucial. Ensuring that the neural network

can handle multiscale features is also very important. In some situations, we must address

the class imbalance problem by either oversampling or undersampling building footprints.

This augmentation of the dataset often helps improve the robustness of the model. Anno-

tating building footprints in a consistent and standardized format, such as bounding boxes

and polygons, is essential. Converting annotations from one format to another, e.g., from

shapefiles to pixel masks, might be inclined to have errors. Combining satellite imagery with

GIS map data (e.g., OpenStreetMap, Google Maps) helps improve the process of identifying

and extracting buildings. However, integrating different data sources is not a trivial task.

7.2 Dataset Description and Preprocessing Pipeline

A range of datasets must be prepared to train neural networks. In our initial experiments,

we used the SpaceNet-2 dataset. After that, we used the WHU dataset to generalize our

experiment. These datasets were chosen because they cover diverse areas across all continents,

allowing us to design the network accordingly and ensuring that the results can be generalized

to other datasets. We set up a comprehensive data preparation pipeline to prepare these

datasets and make them trainable with our deep neural network. We used an integrated
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strategy to carefully prepare the training dataset using Python scripts and software such as

FME and ArcGIS.

Table 7.1 Characteristics of Datasets used in our Experiments

Dataset SpaceNet-2 WHU
Geographic Area Las-Vegas Christchurch

Data format GeoJSON,
JSON(COCO format)

GeoJSON,
JSON(COCO format)

Amount (GB) 1 4.5
Visualization Tool FME, ArcGIS FME, ArcGIS

Area 216 km2 450 km2

Building Annotations 108,320 220000
No of Images 3851 7150

Ground Resolution 30cm 30cm

7.2.1 SpaceNet-2 Dataset

The initial dataset used in our study is SpaceNet-2, an open dataset obtained from the

building extraction challenge of the DeepGlobe workshop held at CVPR in 2018. This dataset

consists of high-resolution satellite images, which also include accurate information about

the boundaries of buildings. The dataset encompasses both urban and suburban areas and

includes four specific cities: Las Vegas, Paris, Shanghai, and Khartoum. The dataset is

distinctive due to the presence of four cities located on four separate continents. This ensures

a wide range of different appearances for the roofs of the buildings.

The DigitalGlobe Worldview-3 Satellite took the photos in GeoTiff data format. The

image dimensions are 650x650 pixels, and the resolution is 30 centimeters per pixel, enabling

the image to cover an area of 200 meters by 200 meters. The dataset contains 24,586 satellite

photos that have been labeled, and it includes 302,701 building footprint polygons that

have been thoroughly annotated. The annotations are organized by objects and are in the

GeoJSON format. The experimental data were obtained from Amazon Web Services (AWS)

under a license granted by the DeepGlobe workshop. From the dataset, we have chosen the

Pan-sharpened RGB images for our research out of the several types of imagery from satellites
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Figure 7.1 SpaceNet Dataset

available. We performed a series of preprocessing steps on the dataset before utilizing it for

training and testing our neural network model.

1. Initially 48 bits long, the raw RGB images were converted to 24-bit RGB. This conversion

was necessary to ensure the images could be viewed by the most common image viewers,

enhancing the practicality of our data processing.

2. The building footprint annotations are originally presented in the following format:

ImageId, BuildingId, PolygonWKT-Pix, PolygonWKT-Geo. Since the geographic

coordinates were not needed for the purposes of research, we eliminated the latitude

and longitude coordinates of the building polygon vertices in geographical space.

3. We transformed the initial GeoJSON files to standard JSON format, which made loading

the data more accessible. As a requirement of our design assumptions, we organized
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the polygon vertices in clockwise order.

4. Next, we generated bounding boxes and pixel-wise labels based on the preexisting

building footprint annotations. We employed OpenCV, a freely available computer

vision toolkit, to create polygon masks at the pixel level using the annotated polygon

vertices to get pixel-level labels.

5. We excluded empty images that did not contain any building footprints. In addition,

we established a threshold of 50 pixels for the polygon area. Consequently, we excluded

building polygons with an area below this level.

6. We resized the original images to accommodate our neural networks. Similarly, the

dimensions of the ground truth, which encompassed the vertex coordinates of the

polygons, bounding boxes, and polygon masks, were also modified.

7. We employed two distinct methodologies for normalizing the images. In the initial

method, the pixel intensities were subtracted by the average RGB values, but in the

subsequent method, they were subtracted by the standard deviation.

The dataset is randomly partitioned into 80% training, 10% validation, and 10% testing

samples, including their corresponding ground truth data.

7.2.2 WHU Dataset

There needed to be more than one dataset to generalize the results of our network. We

decided to add the WHU dataset as the second dataset we used to train and test with our

network. The dataset contains around 220,000 independent buildings obtained from aerial

images with a spatial resolution of 0.075 m and a coverage area of 450 km in Christchurch,

New Zealand. The data was acquired from several cities around the world utilizing remote

sensing tools, including QuickBird, Worldview series, IKONOS, and ZY-3. Fig 6.2 shows

some images from the WHU dataset. We needed to preprocess this data because it was not

in the desired COCO format. We prepared this dataset for our experiments by using ArcGIS,
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writing different Python scripts, and rigorously validating them.

Figure 7.2 Image input to ArcGIS for preprocessing

The preprocessing involved the following steps.

1. The first step involves cropping satellite imagery into 512x512 pixel tiles using the

Create Fishnet toolset in ArcGIS. This tool generates polygon cells by defining the

output’s coordinate system and specifying the cell size and grid dimensions. The

geometry type is set to Polygon, and the template extent is aligned with the image’s

maximum and minimum coordinates to ensure accurate tiling for building polygon

generation.

2. Next, the Split Raster tool is used to divide the images into tiles based on the selected

grid dimensions. The resulting tiled images inherit most of the attributes of the original

raster, including the spatial reference, source type, pixel type, pixel depth, and cell

sizes.

3. To generate the required annotation files, initially, we need to generate a GeoJSON

File, so we create line, point, and polygon features for each file using multiple tools
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Figure 7.3 Setting extent for image cropping

Figure 7.4 Cropping satellite imagery

from ArcGIS.

The available tools include "Feature Vertices to Points," which generates a feature class
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of points derived from designated vertices or locations of the input features as shown in

Fig 7.5.

Figure 7.5 Point Features

The "Feature to Line" tool generates a feature class that consists of lines created by

transforming the boundaries of polygons into lines as displayed in Fig 7.6.

As shown in Fig 7.7, the "Feature to Polygon" tool generates a feature class that consists

of polygons created from the areas covered by input line or polygon features. On the

other hand, the "Simply Polygon" tool simplifies polygons by deleting unnecessary

vertices while maintaining their fundamental shape.

4. The Polygon.shp file generated in the previous step is loaded back into ArcGIS for

further refinement. Using the Create Fishnet toolset, we ensure the annotation files

align with the maximum and minimum image coordinates. The rows and columns are

set to 10, and the geometry type remains as Polygon to create grids for annotations.

This step mirrors the image cropping process to maintain alignment between images

and annotations.
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Figure 7.6 Line Features

Figure 7.7 Polygon Features

5. To address issues with open polygons, we add a text field to the grid attribute table and

copy the FID (Feature Identifier) to the new field. This allows us to split the grids into
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individual polygons using the Split Tool in ArcGIS. The tool automatically resolves

open polygon issues, ensuring all polygons are closed and ready for further processing.

Figure 7.8 Resolving Open Polygon Issues

6. The Batch Feature to JSON tool is used to convert the polygon features into GeoJSON

format. This tool transforms the shape, attributes, and coordinate system of each

feature into JSON format, saving them with a .geojson extension. This standardized

format is compatible with a wide range of deep learning frameworks, making it ideal

for training and evaluation.

7. To prepare the annotations for use in COCO-compatible networks, each GeoJSON file is

converted into the COCO format JSON file. This involves renaming the GeoJSON files

and corresponding images to ensure consistent naming. Then Writing a Python script

to convert the GeoJSON data into COCO format. The COCO format includes key

fields such as {id, image_id, category_id, segmentation, area, bbox, iscrowd}. Each

polygon is mapped to the COCO format, with its segmentation, bounding box, and

other properties extracted from the GeoJSON data. This step ensures compatibility
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with neural networks that require COCO-formatted annotations for training.

{
"id": 22999,
"image_id": 6783,
"category_id": 1,
"segmentation": [

[35.0, 186.5, 25.5, 186.0, 25.0, 165.5, 58.0, 164.5, 59.0,
167.5, 63.5, 168.0, 63.0, 185.5 , 35.0, 186.5]

],
"area": 787.75 ,
"bbox": [25.0, 164.5 , 38.5, 22.0],
"iscrowd": 0

}

Figure 7.9 COCO format for groundtruth annotations

{
"licence": 1,
"file_name": "6783. TIF",
"coco_url": "none",
"height": 512,
"width": 512,
"date_captured": "2022 -06 -01 14:18:37.660165",
"flickr_url": "none",
"id": 6783

}

Figure 7.10 COCO format for individual Image annotation

8. After converting the annotations into COCO format, the dataset is partitioned into

training, validation, and test folders. Separate JSON files are created for each split,

containing the corresponding image annotations.

7.3 Dataset Distribution

Our experiments are based on two highly diverse datasets: the WHU Dataset and the

SpaceNet Dataset, both of which offer a wide range of building structures and environmental
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contexts. To better understand the characteristics of these datasets, we analyzed the data

across three key aspects: the distribution of buildings by vertex count, the density of buildings

per image, and the classification of buildings by size. These analyses highlight the diversity

and complexity of the datasets, providing valuable insights into their suitability for training

deep learning models for building footprint reconstruction.

Figure 7.11 Vertex-wise building distribution

Buildings in both datasets vary significantly in complexity, which is reflected in the number

of vertices defining their polygonal footprints. To categorize these buildings, we divided them

into four groups based on the number of vertices (Buildings with four or fewer vertices, with

5 to 8 vertices, with 9 to 16 vertices, and with more than 16 vertices). Figure 7.11 illustrates

the distribution of buildings across these vertex-based categories. The chart shows that the

majority of buildings in both datasets have 16 or fewer vertices, with a large portion falling

into the 9 to 16 vertices range. This distribution reflects a mix of both simple and moderately

complex building structures, providing a balanced dataset for training and evaluation.

The images in the WHU and SpaceNet datasets capture a variety of urban and suburban
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Figure 7.12 Diversity of the dataset

scenes, ranging from sparsely populated areas to dense cityscapes. To quantify this variability,

we divided the images into four categories based on the number of buildings present in

each image (Less than 5 buildings, 5 to 10 buildings, 10 to 25 buildings and more than 25

buildings). Figure 7.12 presents the building density distribution in our datasets, while Figure

7.13 provides a pie chart summarizing the percentage of images in each category. The analysis
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reveals that most images in both datasets are dense, with a large portion containing more

than 25 buildings per image. This density introduces variability in building configurations,

occlusions, and overlaps, making these datasets particularly valuable for training models that

need to generalize across different urban and suburban layouts.

Figure 7.13 Building density chart

Another critical aspect of dataset diversity is the distribution of buildings by size. Building

size significantly impacts the performance of segmentation models, as smaller buildings are

more prone to being missed or misclassified, while larger buildings pose challenges in terms

of boundary regularity. Following the MS COCO classification guidelines, we categorized

buildings into three size-based groups.

1. Small buildings: Area less than 32 square pixels.

2. Medium buildings: Area between 32 and 96 square pixels.

3. Large buildings: Area greater than 96 square pixels.
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Figure 7.14 Area-wise building Distribution

Figure 7.15 Area-wise building distribution Chart
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Figure 7.15 shows the distribution of buildings by size, while Figure 7.14 provides visual

examples of small, medium, and large buildings in a single image. The analysis indicates

that the datasets contain a significant number of medium and large buildings, with small

buildings comprising a smaller fraction. The presence of large buildings introduces challenges

related to shape regularization, while small buildings test the network’s ability to detect fine

details and maintain precision.

An essential aspect of our research focuses on evaluating the performance of our network

in extracting building footprints for adjacent buildings, particularly those with shared corners,

as illustrated in Fig 7.16. Adjacent buildings with shared corners present a unique challenge

in building footprint extraction, as accurately distinguishing and separating their boundaries

is crucial for precise segmentation and polygon reconstruction. This issue becomes even

more critical in dense urban environments, where buildings are often situated close to one

another. To address this, we analyzed the distribution of buildings with shared corners in

both datasets, as shown in Fig 7.17. These buildings constitute a significant portion of the

datasets, making it imperative to enhance the network’s ability to handle such scenarios

effectively.

7.4 Summary

This chapter provides an overview of the WHU and SpaceNet-2 datasets, along with the

preprocessing pipelines used to prepare them for training our building footprint reconstruction

networks. These datasets, characterized by their diversity in vertex count, building density,

and size, present both challenges and opportunities for evaluating deep learning models. The

chapter highlights the complexities of preparing high-quality datasets, including annotation

difficulties, class imbalance, data format inconsistencies, and preprocessing needs. Systematic

transformations were applied to ensure the datasets were compatible with our neural network

designs, facilitating robust training and evaluation. The variability in vertex count tests the

model’s ability to handle a range of structures, from simple to complex polygons. Building
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Figure 7.16 Adjacent Buildings with Shared Corners

Figure 7.17 Buildings with Shared Corners distribution Chart
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density challenges the segmentation of overlapping and occluded structures, while the range

of small, medium, and large buildings ensures scalability across different spatial dimensions.

By analyzing these characteristics, we gain a deeper understanding of the challenges and

opportunities provided by these datasets, which are crucial for advancing the development of

accurate and reliable building footprint reconstruction models.
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Chapter 8

Results and Analysis

This chapter will discuss the configuration and implementation details of all our networks, as

well as the quantitative and qualitative results and their analysis. We will also explain the

different performance metrics used to measure the accomplishments of our networks.

8.1 Network Configuration and Implementation Details

In the beginning, we employed a multi-step data pipeline to prepare the SpaceNet and WHU

datasets for our experiments. The final annotations for both datasets were formatted in

COCO JSON. The SpaceNet dataset has images of size 650x650 pixels, while the WHU

dataset has images of size 512x512 pixels. For the experiments of our first three networks, the

SpaceNet dataset was trained with a batch size of 1 for 35 epochs, while the WHU dataset

was also trained with a batch size of 1 but for 30 epochs. To achieve optimal results with

Decoupled-PolyGCN, we trained it for 10 epochs on the WHU and SpaceNet datasets. In all

experiments, the images were resized to 800x800 pixels before input into the network. In

the first three networks, the RoI size was fixed at 28x28, while in Decoupled-PolyGCN, we

increased the RoI size to 64x64 to capture more detailed features.

In RO-PolyGCN, we used ResNet50 and FPN for feature extraction. For FAE-PolyGCN

and AT-PolyGCN, we utilized a deeper architecture with ResNet101 and FPN. In our final

network, Decoupled-PolyGCN, we adopted UResNet101, a hybrid architecture combining

ResNet101 and UNet, to improve feature extraction and segmentation accuracy.
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Significant architectural enhancements were introduced in our networks. In the first

three models, we utilized GCN, with the number of vertices per building polygon fixed at 16

and each vertex connected to 4 neighbors. However, in Decoupled-PolyGCN, we advanced

our GCN to produce more refined polygon predictions. Additionally, we implemented a

variable initialization technique based on corner prediction, enabling the number of vertices

per polygon to adapt to the specific geometry of each building dynamically.

All networks were trained using the Adam optimizer with a learning rate and weight decay

applied. Careful calibration and hyperparameter tuning were performed to select optimal

weights for the loss functions. Training time per epoch varied depending on the network

and dataset. For SpaceNet, one epoch took approximately 60-80 minutes, while WHU took

55-85 minutes on average. Inference times also varied across the models. RO-PolyGCN

and FAE-PolyGCN achieved an inference time of approximately 0.20 seconds per image,

while AT-PolyGCN was slightly faster at 0.15 seconds per image. Decoupled-PolyGCN

demonstrated a significant reduction in inference time, achieving 0.05 seconds per image due

to the integration of vectorization techniques and the inclusion of optimized modules in the

visualization pipeline. This improved efficiency highlights the advancements made in our

final network.

We trained our models using an NVIDIA GeForce RTX 2080 GPU with 12GB memory,

and the CUDA version is 11.4. For RO-PolyGCN, the experiments were done using Python

3.6 and Pytorch 0.4.0. The FAE-PolyGCN and AT-PolyGCN utilized Python 3.9 and Pytorch

1.6.1, while for DeCoupled-PolyGCN, we used Python 3.7 and Pytorch 1.7.0. All the codes

will be soon publicly available on our GitHub site.

8.2 Performance Evaluation Metrics

The results of our study are qualitatively analyzed using a combination of raster-based and

vector-based metrics, which allow for a comprehensive evaluation of our models’ performance

in building extraction tasks. By leveraging these dual metric approaches, we effectively
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assess our model’s capability to automate the extraction process while managing the complex

variability present in urban environments. These include automating the extraction process,

managing diverse building roof appearances, balancing recognition and localization accuracy,

differentiating closely spaced buildings, detecting buildings of varying sizes, and precisely

capturing the geometric shapes of building polygons. Our metrics showcase the robustness of

our approach across a range of complex urban scenarios. Together, these metrics highlight

the versatility and robustness of our method, validating its adaptability and precision across a

broad spectrum of urban scenarios, from densely packed areas to regions with mixed building

scales and sizes. We have evaluated our results based on raster- and vector-based metrics,

which are discussed in the sections below.

8.2.1 Raster-Based Metrics

Raster-based building evaluation metrics are quantitative measures used to assess the perfor-

mance of building extraction models by comparing the predicted building masks with the

ground truth masks at the pixel level. These metrics focus on how accurately the model

identifies building pixels within raster images (pixelated data), providing insights into the

pixel-wise classification performance of the model. Raster-based metrics focus on pixel-level

accuracy and provide insights into how well our model captures building extents and shapes

in a continuous format. For that purpose, we need to discuss IoU, Precision, and Recall.

Intersection over Union (IoU) is a widely used metric in object detection and segmenta-

tion tasks to evaluate the accuracy of object localization by measuring the overlap between a

model’s predicted bounding box (or segmentation mask) and the ground truth box (or mask).

It is defined as:

IoU =
Area of Overlap (A ∩B)

Area of Union (A ∪B)
(8.1)

Where A and B represent the predicted and ground truth building polygons, respectively, the

Area of Overlap is the region where both polygons intersect, and the Area of Union is the
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combined area covered by both polygons without double-counting the overlap. Let’s suppose

Predicted Box is A and Groundtruth is B then IOU can be explained by Figure 8.1

Figure 8.1 Intersection of Union (IoU)

An IoU of 1 indicates perfect overlap, meaning the model has precisely localized the

object, while an IoU of 0 indicates no overlap. IoU is often used as a threshold to classify a

prediction as a True Positive (TP). The typical threshold is IoU ≥ 0.5, which is often used

as a baseline threshold; predictions are considered TPs if their IoU with the ground truth is

0.5 or higher.

Understanding True Positives (TP), False Positives (FP), True Negatives (TN), and False

Negatives (FN) help assess model performance in detection and classification tasks:

True Positive (TP): A correct positive prediction, e.g., detecting an object with an IoU

that meets or exceeds the threshold.

False Positive (FP): An incorrect positive prediction, e.g., detecting an object that either

doesn’t exist or doesn’t meet the IoU threshold.

True Negative (TN): A correct negative prediction, e.g., correctly identifying the absence

of an object (less relevant in object detection).

False Negative (FN): A missed positive prediction, where an actual object is either

undetected or has an IoU that is too low.

From these terms, we derive Precision and Recall:

Precision measures the accuracy of positive predictions. High precision means that most

detected objects are correct, with fewer false positives. This is especially important in fields
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Figure 8.2 Understanding True Positives (TP), False Positives (FP), True Negatives (TN),
and False Negatives (FN)

where false positives are costly. It is calculated as:

Precision =
TP

TP + FP
(8.2)

Recall measures the model’s ability to capture all relevant positives. High recall means the

model detects most actual objects with fewer false negatives. This is essential in scenarios

where missing a detection has serious consequences. It is calculated as:

Recall =
TP

TP + FN
(8.3)

Together, precision and recall provide a balance in evaluating a model’s performance. Precision

reflects the accuracy of positive predictions, while recall shows how many actual objects were

detected.
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F1 score is a machine learning evaluation statistic that measures the predictive ability of

a model by analyzing its performance on individual classes rather than considering total

performance like accuracy does. The F1 Score combines precision and recall into a single

value, which is particularly useful when both false positives and false negatives are costly. It

is calculated as the harmonic mean of precision and recall:

F1− Score =
2× (Precision+Recall)

Precision×Recall
(8.4)

The F1 Score ranges from 0 to 1, where 1 indicates perfect precision and recall. This metric

balances both values, penalizing models with low precision or recall, and is valuable in cases

of class imbalance or when both types of errors (false positives and false negatives) carry

significant costs.

8.2.2 Vector-Based Metrics

Vector-based building evaluation metrics assess the quality of building extraction by analyzing

the geometric accuracy of predicted building polygons rather than pixel-based masks. These

metrics focus on evaluating the alignment, shape, and structural accuracy of predicted

polygons against ground truth polygons, making them particularly valuable for applications

requiring precise building boundaries and shapes, such as urban planning and mapping.

Vector-based metrics are especially effective in applications where boundary precision, shape

preservation, and structural fidelity are important. These metrics allow for a nuanced

understanding of model performance, revealing how well the extracted polygons align with

real building shapes, edges, and structures in complex urban landscapes.

PoLiS (Polygonal Line String Similarity) is a vector-based metric designed to measure the

similarity between predicted and ground truth building polygons, particularly in building

extraction tasks. It emphasizes shape and structural alignment over pixel accuracy, making

it ideal for assessing the geometric precision of building boundaries.

The Polygonal Line String Similarity (PoLiS) metric calculates the shortest distances
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between each point on the predicted polygon and the nearest point on the ground truth

polygon, and vice versa. This two-way distance calculation ensures that both shapes are

well-represented, minimizing bias if one polygon is more complex than the other. PoLiS

quantifies alignment and shape similarity between polygons by evaluating discrepancies

in spatial arrangement and structure. This sensitivity to shape differences makes PoLiS

especially valuable in applications requiring accurate boundary reproduction for building

outlines.

PoLiS measures both the positional and boundary similarity of the predicted and ground

truth polygons, considering the entire perimeter of both polygons. It is calculated as the

average distance between the matched vertices in polygons P and Q:

PoLiS(P,Q) =
1

2NP

∑
pj∈P

min
q∈Q

∥pj − q∥+ 1

2NQ

∑
qk∈Q

min
p∈P

∥qk − p∥ (8.5)

MaxTangent (Maximum Tangent Angle Error) is a vector-based evaluation metric used in

building extraction tasks to measure the angular alignment between predicted and ground

truth building polygon boundaries. By comparing the tangent angles of corresponding

segments in both polygons, MaxTangent evaluates how accurately the predicted shape aligns

with the true geometry, especially regarding edge orientation and corner preservation.

The metric calculates the absolute difference in tangent angles for each boundary segment,

capturing deviations in segment orientation. The maximum angle difference among all seg-

ments is recorded as the MaxTangent value, representing the worst-case angular misalignment.

This focus on boundary orientation and alignment makes MaxTangent effective for evaluating

structural fidelity, as it is sensitive to corner preservation, edge orientation, and boundary

regularity.

Unlike area-based or distance-based metrics, MaxTangent specifically targets angular

alignment, highlighting misaligned edges and discrepancies at sharp corners. This sensitivity

to angle accuracy is particularly useful for ensuring that models maintain architectural

features and the structural layout of buildings with defined regular edges. For each edge in P
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and Q, calculate the tangent vector as the difference between two consecutive vertices: The

tangent error at each point pi is given by the distance between the tangent vectors of pi and

its closest point q. The MaxTangent metric is then the maximum of these distances over all

vertices pi in P.

8.3 Experimental Results and Discussion

As discussed in the previous sections, we proposed four models, which were trained and

evaluated on two distinct datasets, SpaceNet-2 and WHU. We utilized two diverse datasets

to ensure the robustness and generalization of our algorithms and networks. In this section,

we first compare the performance of all proposed models with the ground truth and the

State of the art (SOTA) building reconstruction network, HiSup [110]. Next, we will discuss

the step-by-step progression in the development of our models and how the performance of

our network improved incrementally with the addition of each module. Following this, we

analyze and present the qualitative results of our most effective model, Decoupled-PolyGCN.

We examine its performance across diverse scenarios, including variations in area types,

closely situated buildings, structures of different sizes, and geometric shapes. We also display

cases involving occlusions and complex building structures. The results for both the WHU

and SpaceNet-2 (Vegas) datasets will be discussed and visually demonstrated. In the end,

we will discuss the performance of all our networks and their contributing factors towards

performance enhancement.

8.3.1 Qualitative Results

Let us delve deeper into the qualitative results. Figure 8.3 provides a comprehensive analysis

and comparison of the outcomes from all our models against the ground truth and the baseline

R-PolyGCN model. The figure highlights the progression and improvement in performance

across our models. Our top-performing model, Decoupled-PolyGCN, produces building

footprints that are more accurate, regularized, and closely aligned with the ground truth. In
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some of the cases, our best model can predict building boundaries even though there are

incorrect data in the groundtruth annotation.

Figure 8.3 Overview of results from all of our Networks with Baseline(R-PolyGCN) and
Groundtruth

Now, we showcase the progression and performance improvements achieved as we system-

atically integrated various modules into our models. Starting with incorporating orthogonality

loss. Then, we introduced the feature augmentation module and edge-preserving mask head.

After that, we integrated attraction field maps. Finally, we adopted decoupled object detec-
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tion to enhance performance further. Each module contributed significantly to the overall

accuracy and robustness of the network and showed measurable impact at every stage.

The baseline model, R-PolyGCN, produced irregular building boundaries. To produce more

regularized building boundaries, we embedded geometric regularity by adding orthogonality

loss in our first network, RO-PolyGCN. We further enhanced the baseline results by carefully

tuning the hyperparameters. This network produced much more regularized boundaries,

and the performance of the medium-sized building also improved. The figure 8.4 shows the

comparison of baseline, R-PolyGCN, and our first network, RO-PolyGCN. However, we still

faced issues in detecting small and large buildings.

Figure 8.4 Comparison of our baseline, R-PolyGCN, and our first model, RO-PolyGCN. The
left side shows Results from R-PolyGCN, and the right side shows Results from RO-PolyGCN

To further improve our network’s performance and to predict the small buildings more
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efficiently, we introduced our second network, FAE-PolyGCN. This network incorporates

the Feature Augmentation Module to integrate high and low-resolution features. Also, it

adds an edge-preserved mask branch to capture boundary details better. FAE-PolyGCN

demonstrated significant improvements, particularly in detecting small and medium-sized

buildings, leading to an overall enhancement in performance. The Fig 8.5 highlights the

advancements achieved through these enhancements. We can see that the small buildings

not predicted in our first network are detected in our second network. However, challenges

remained with accurately handling large buildings, which continued to affect the overall

results.

Figure 8.5 Comparison of Results between our first model, RO-PolyGCN and our second
model, FAE-PolyGCN. The left side shows Results from RO-PolyGCN and the right side
shows Results from FAE-PolyGCN
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To address the challenges associated with large buildings, we developed AT-PolyGCN.

This network integrates Attraction Field Maps to provide orientation information to the model.

Combined with the Feature Augmentation Module and Orthogonality Loss, AT-PolyGCN

effectively enhances the network’s ability to accurately predict large building footprints. This

integration leads to significant improvements, as the network now handles large buildings

more efficiently. Additionally, overall performance improved across both vector-based and

raster-based metrics. The figure8.6 illustrates the comparison between FAE-PolyGCN and

AT-PolyGCN, showcasing how AT-PolyGCN achieves superior results and enhances overall

accuracy. It clearly shows improved performance over large buildings, and the building

polygons are much more regularized.

Figure 8.6 Comparison of Results between our second model, FAE-PolyGCN and our third
model, AT-PolyGCN. The left side shows Results from FAE-PolyGCN and the right side
shows Results from AT-PolyGCN
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Figure 8.7 Comparison of Results between our third model, AT-PolyGCN and our last model,
Decoupled-PolyGCN. The left side shows Results from AT-PolyGCN and the right side shows
Results from DeCoupled-PolyGCN

Despite incorporating modules such as orthogonality loss, the Feature Augmentation

Module (FAM), and the Attraction Field Map (AFM), our network encountered challenges.

These challenges primarily occur due to the backbone network’s inability to provide the Graph

Convolutional Network GCN with optimal initial features. To overcome this limitation, we

adopted a decoupled approach for object detection using the CO-DETR network. Furthermore,

the fixed number of vertices used in previous models restricted flexibility. Therefore, we

implemented a dynamic vertex initialization strategy. This approach allows the number

of vertices to adapt to the complexity of each building. With these improvements, our

final network, Decoupled-PolyGCN, achieved a significant boost in performance. Figure 8.7

illustrates the comparison between AT-PolyGCN and Decoupled-PolyGCN, highlighting the
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latter’s superior accuracy and regularity, delivering the best results overall.

Figure 8.8 Overview of Results From our best model, Decoupled-PolyGCN

Our final model, Decoupled-PolyGCN, demonstrates exceptional performance across

various scenarios. Figure 8.8 provides an overview of results obtained from Decoupled-

PolyGCN in different scenes, clearly showcasing the high quality and robustness of the

outcomes. In the figure, it is displayed how precisely and accurately Decoupled -PolyGCN

predicts building boundaries for both small and large buildings at the same time. The

prediction for complex shapes of buildings has been improved as well. Along with that, the

model is efficient in a way to capture the adjacent buildings and buildings on the corners as

well. The detailed visual results are shown and discussed below. We start with its comparison

with the SOTA model Hisup [110] and then explain the model’s effectiveness over different

complex scenarios.
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Figure 8.9 Comparison of Results with SOTA Model, HiSup. The top row indicates prediction
from HiSup Model, middle row displays the boundary polygons predicted by DeCoupled-
PolyGCN, and the last row is the ground truth.

Figure 8.9 presents a comparison between our proposed Decoupled-PolyGCN and the

SOTA model HiSup [110]. The results clearly show that DeCoupled-PolyGCN significantly

outperforms HiSup, delivering superior performance across various scenarios. The HiSup

model struggles with complex-shaped buildings and fails to effectively distinguish closely
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located structures. DeCoupled-PolyGCN, on the other hand proves to be more robust and

versatile, performing consistently well under diverse conditions and addressing these challenges

with greater accuracy and precision.

We thoroughly analyzed and refined our network to ensure it performs robustly across

diverse scenarios, addressing various challenges presented by different datasets and building

characteristics. Below, we discuss the key capabilities of our model and how it effectively

handles diverse conditions, as demonstrated in the results.

Figure 8.10 Handling Diversity of Buildings

Handling the Diversity of Buildings: The datasets used in our study include a wide

range of urban and rural scenarios, including scenes with sparse building distributions to

highly dense areas containing numerous buildings in a single image. This diversity posed a
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challenge in designing a model that could generalize well across different conditions. Our

network, as demonstrated in Figure 8.10, performs consistently across all types of scenes.

The model efficiently detects and segments building footprints, maintaining high accuracy

and reliability in both low-density rural and highly populated urban areas.

Figure 8.11 Capturing buildings of varying sizes

Capturing Buildings of All Sizes: Detecting buildings of varying sizes, particularly smaller

buildings, has traditionally been challenging. In our initial models, smaller buildings were

often missed entirely or detected partially due to limited feature representation. However, as

shown in Figure 8.11, our enhanced network has significantly improved in this aspect. Smaller

buildings are now detected with greater efficiency and precision, thanks to improvements such

as better feature augmentation and the inclusion of high-resolution features. Additionally,
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the detection rate for larger buildings has also improved substantially with the addition of

Attraction field maps, with the model consistently ensuring accurate boundary delineation.

Figure 8.12 Detecting complex building shapes

Detecting Buildings with Complex Geometric Shapes: Buildings often exhibit diverse

geometric shapes, ranging from simple rectangular structures to complex polygons with mul-

tiple vertices. Our model, equipped with geometric learning capabilities and an orthogonality

loss function, excels at detecting buildings with intricate shapes and varying numbers of

vertices. As illustrated in Figure 8.12, we have displayed buildings of very complex shapes and

our model accurately captures the overall structure of buildings while maintaining regularized

boundaries. This is a major improvement as our previous networks performed well over the

buildings with less vertices, but the prediction rate dropped over the complex building shapes.
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Distinguishing Adjacent buildings: One of the major challenges in building segmentation

is distinguishing buildings that are located very close to each other or extracting the bound-

aries of buildings situated on the edges of images. Overlapping or closely positioned buildings

often lead to misclassification. That eventually results in poor performance. However, as

demonstrated in Figure 8.13, our network, Decoupled-PolyGCN effectively overcomes these

challenges. By leveraging Attraction Field Maps and high-quality feature representations,

the model maintains distinct boundaries for adjacent buildings and accurately segments

structures on image edges. This ensures that all buildings are detected as separate entities

with clear and precise boundaries.

Figure 8.13 Distinguishing adjacent buildings and buildings at the edges

Extracting occluded buildings: Occlusion is a common problem in satellite imagery,
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where parts of buildings may be obscured by trees, shadows, or other structures. Detecting the

complete boundaries of occluded buildings is critical for achieving accurate building footprint

extraction. Our network, as shown in Figure 8.14, successfully handles occluded buildings

by predicting the full structure even when parts are not visible. This is achieved through

the model’s ability to learn from contextual information and its geometric regularization

techniques.

Figure 8.14 Extracting occluded buildings

These results from our best model, visually demonstrate the versatility and robustness of

our network in handling a wide range of scenarios. From diverse building distributions and

varying sizes to complex shapes and occlusions, the model consistently delivers high-quality

results. Its ability to distinguish closely located buildings, accurately capture edge cases and
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reconstruct occluded structures highlights its adaptability and reliability. These advancements

make our network a powerful tool for building footprint extraction, addressing both common

and complex challenges in urban and rural mapping applications.

Similarly, We have thoroughly analyzed and presented the results of all our networks and

showed how the different modules enhanced the performance sequentially and eventually or

best model, Decoupled-PolyGCN proved to go past the State of the art methods. We have

displayed all the results visually. In the next section we will demonstrate our quantitative

results.

8.3.2 Quantitative Results

To evaluate the performance of our proposed models, we conducted a comprehensive quantita-

tive analysis using both raster-based and vector-based metrics. This dual evaluation approach

highlights the effectiveness of our models not only in pixel-level segmentation but also in

accurately capturing the geometric regularity of building footprints. Our results demonstrate

the consistent progression of performance across the proposed models, with each new module

contributing to improved accuracy and boundary regularization.

Table 8.1 Overview of Results on WHU Dataset. Lower values of POLIS and Max Tangent
Angle (MTA) are better.

Networks AP(%) AR(%) PoLiS ↓ MTA ↓
R-PolyGCN 45.7 57.5 2.58 45.23
RO-PolyGCN 46.1 58.3 1.96 43.88
FAE-PolyGCN 53.0 61.4 1.90 43.35
AT-PolyGCN 55.3 62.5 1.46 42.16
DeCoupled-PolyGCN 65.7 74.5 1.22 37.95

Table 8.1 presents the performance of our models on the WHU dataset, highlighting

consistent improvements across all evaluated metrics. Each successive module contributes

to enhancing the network’s overall effectiveness. Our final model, Decoupled-PolyGCN,

achieves the best results, delivering highly regularized building boundaries and setting new

benchmarks for state-of-the-art performance. There is a 20% improvement in AP and 17% in
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AR in DeCoupled-PolyGCN as compared to the baseline model, R-PolyGCN. Notably, lower

values of PoLiS and MTA indicate better performance. The results clearly show a progressive

decline in these values with each model iteration, highlighting the steady advancements in

our network’s geometric capabilities capabilities.

Similarly, Table 8.2 shows the quantitative results for our models on the SpaceNet-2

(Vegas) dataset. As with the WHU dataset, our models consistently improve with each

added module. DeCoupled-PolyGCN, in particular, stands out by delivering highly accurate

segmentation results and regularized polygonal boundaries, making it our most robust and

efficient model. There is a 15% improvement in AP and 12% in AR in DeCoupled-PolyGCN

as compared to the baseline model, R-PolyGCN. As discussed earlier, lower values of PoLiS

and MTA indicate better performance. The results clearly show a continuous decrease in these

values with each model iteration. This showcases the improvement in geometric capabilities

of our network.

Table 8.2 Overview of Results on SpaceNet-2 Dataset. Lower values of POLIS and MTA are
better.

Networks AP(%) AR(%) PoLiS ↓ MTA ↓
R-PolyGCN 42.1 53.5 3.51 44.65
RO-PolyGCN 44.5 55.1 3.25 41.27
FAE-PolyGCN 50.4 57.0 3.20 41.19
AT-PolyGCN 52.0 58.2 3.12 40.35
DeCoupled-PolyGCN 57.8 65.5 2.78 36.51

Our experiments were conducted on highly diverse datasets, encompassing buildings of

all sizes: small, medium, and large. As discussed in Section 7.3, and following the COCO

definition, small buildings are those with an area of less than 32 square pixels, medium

buildings have areas between 32 and 96 square pixels, and large buildings have areas greater

than 96 square pixels. A detailed analysis was performed based on building size categories.

After incorporating the Feature Augmentation Module (FAM), our network showed improved

performance on small buildings. The addition of Attraction Field Maps (AFM) introduced

oriented information, significantly enhancing performance on large buildings, although it had
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no notable effect on small and medium buildings. In our final network, the adoption of a

decoupled strategy led to considerable improvements for both small and large buildings. This

indicates that better segmentation and the reduction in missed corners significantly enhanced

the overall performance of our network.

Table 8.3 Overview of Area distribution based Results on WHU Dataset.

Networks APS APM APL ARS ARM ARL

RO-PolyGCN 37.4 55.5 40.6 42.2 76.5 56.6
FAE-PolyGCN 46.1 62.9 41.3 47.9 77.6 60.4
AT-PolyGCN 45.9 66.9 48.6 48.8 79.5 69.4
DeCoupled-PolyGCN 55.0 77.2 64.7 64.8 85.9 78.3

Table 8.3 provides an overview of the results for different building size distributions on the

WHU dataset. Similar experiments and analyses were conducted on the SpaceNet-2 dataset,

as shown in Table 8.4. The observed patterns were consistent: FAM improved performance

for smaller buildings, AFM enhanced performance for larger buildings, and the decoupled

strategy resulted in significant improvements across all size categories, particularly for small

and large buildings.

Table 8.4 Overview of Area distribution based Results on SpaceNet-2 Dataset.

Networks APS APM APL ARS ARM ARL

RO-PolyGCN 18.7 58.3 31.8 28.6 67.7 46.8
FAE-PolyGCN 25.8 61.9 32.8 33.1 68.2 47.6
AT-PolyGCN 25.2 63.8 46.8 33.2 69.7 57.5
DeCoupled-PolyGCN 28.7 68.9 59.5 41.2 76.7 69.2

Both datasets used in our experiments feature buildings with a wide range of complexities,

represented by as few as 3 vertices and up to 73 vertices. To analyze performance across

varying building shapes, we categorized the buildings into four groups based on the number

of vertices: <= 4, 5− 8, 9− 16, and > 16.

In our initial models, we used a fixed initialization of 16 vertices for the graph, which

led to suboptimal performance, particularly for buildings with more than 16 vertices in the

ground truth. To address this limitation, our final network, Decoupled-PolyGCN, introduced
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Table 8.5 Overview of Vertex Distribution based Results on WHU Dataset.

Networks AP<=4 AP5−8 AP9−16 AP>16 AR<=4 AR5−8 AR9−16 AR>16

FAE-PolyGCN 40.1 57.7 60.2 49.9 52.7 63.6 64.0 57.6
AT-PolyGCN 39.8 57.1 61.6 54.8 52.0 64.6 67.5 60.6
DeCoupled-PolyGCN 50.0 60.9 66.7 79.0 61.3 70.1 79.5 81.0

a variable initialization technique. This adjustment significantly improved performance for

buildings with more than 16 vertices and also enhanced results for buildings with 4 or fewer

vertices. Tables 8.5 and 8.6 present the vertex-wise performance comparisons on the WHU

and SpaceNet-2 datasets, respectively, demonstrating the impact of this dynamic approach.

Table 8.6 Overview of Vertex Distribution based Results on SpaceNet-2 Dataset.

Networks AP<=4 AP5−8 AP9−16 AP>16 AR<=4 AR5−8 AR9−16 AR>16

FAE-PolyGCN 36.9 50.4 67.3 38.2 35.6 53.6 66.2 57.6
AT-PolyGCN 36.2 51.4 68.6 43.9 34.9 53.8 66.5 59.5
DeCoupled-PolyGCN 41.9 52.7 69.4 68.4 50.0 61.7 72.2 69.6

We conducted a comprehensive evaluation of our models alongside a comparison with

several SOTA methods from the literature. For this, we selected both two-step and direct

polygonal segmentation approaches to compare against our model. Table 8.7 provides a

detailed overview, showcasing how our Decoupled-PolyGCN model surpasses existing methods.

Notably, our model achieves a 5% improvement in AP and a 7% increase in AR, representing

a significant performance improvement. This comparison clearly shows the advancements

made by our model in terms of both accuracy and geometric regularity. Furthermore, it

highlights that our approach consistently outperforms both two-step and direct polygonal

segmentation SOTA methods, demonstrating its effectiveness and robustness.

Alongside the Vegas dataset, we carried out experiments on the WHU dataset. We

compared our results with the two-step and direct polygonal methods. The comparison is

shown in table 8.8 , which clearly demonstrates our network to be superior to the SOTA

method (HiSup). It improves 6% in AP and 10% in AR.
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Table 8.7 Comparison of DeCoupled-PolyGCN with competing methods on SpaceNet-2
Dataset

Networks AP(%) AR(%)
MaskRCNN [77] 43.2 52.5
R-PolyGCN [42] 42.1 53.5
PolyMapper [127] 49.6 55.0
FrameField [109] 52.1 57.3

HiSup [110] 52.5 58.3
Ours(DeCoupled-PolyGCN) 57.8 65.5

Table 8.8 Comparison of DeCoupled-PolyGCN with competing methods on WHU Dataset

Networks AP(%) AR(%)
MaskRCNN [77] 45.9 55.4
R-PolyGCN [42] 45.7 57.5

HiSup [110] 59.9 64.0
Ours(DeCoupled-PolyGCN) 65.7 74.5

8.4 Discussions

We began our research by utilizing R-PolyGCN as the baseline model, systematically building

upon it to improve network performance. Over time, multiple modules were added to address

challenges and enhance the network’s capability. Continuous analysis of the network was

conducted under diverse experimental settings. The datasets chosen for our experiments

were highly diverse, featuring buildings of varying sizes and shapes, with scenes ranging from

dense rural areas to crowded urban environments. These presented significant challenges,

requiring a robust solution capable of generalizing across all conditions.

Size-Based Analysis: The performance of our network varied significantly depending on the

size of the buildings. Smaller buildings presented notable challenges for segmentation due to

their fine details, often leading to reduced average precision scores. Errors were most frequent

in buildings ranging from 50 to 200 square pixels, where structures were either missed entirely

or incorrectly merged with adjacent buildings. Medium-sized buildings, which represent

nearly 70% of the dataset, exhibited the best overall performance across all models. However,
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larger buildings, though less common in the datasets, still demonstrated a performance gap.

Our baseline model, RO-PolyGCN, faced significant difficulty in detecting smaller build-

ings. The integration of the Feature Augmentation Module (FAM) in FAE-PolyGCN ad-

dressed these challenges by enhancing high-resolution feature representation. This resulted in

a marked improvement in the detection of small buildings, with an 8% increase in AP and a

5% increase in AR for smaller buildings compared to RO-PolyGCN, as shown in Tables 8.4

and 8.3. However, FAE-PolyGCN still struggled with larger buildings.The introduction of

Attraction Field Maps (AFMs) in AT-PolyGCN further enhanced the network’s capability

by encoding orientation information, which proved crucial for improving the segmentation of

large buildings. While AFMs had little impact on small and medium buildings, their contri-

bution significantly elevated the performance for larger structures. AT-PolyGCN achieved

a 14% improvement in AP and a 10% improvement in AR for large buildings compared to

FAE-PolyGCN. Finally, the adoption of a decoupled object detection strategy in Decoupled-

PolyGCN led to substantial advancements for both small and large buildings. The dynamic

graph initialization in this model effectively reduced missed corners, ensuring better segmen-

tation. For small buildings, Decoupled-PolyGCN demonstrated a 3% improvement in AP

and an 8% improvement in AR over AT-PolyGCN. Similarly, for large buildings, it achieved

a 13% increase in AP and a 12% increase in AR, showcasing its ability to handle diverse

building sizes effectively. These results are visually represented in Figure 8.11, highlighting

the network’s capability to segment both small and large buildings with improved precision

and accuracy.

Vertex-Based Analysis: The datasets in this study primarily consisted of buildings with

5–8 or 9–16 vertices, with fewer examples having less than 4 or more than 32 vertices. For our

experimental evaluation, we categorized the buildings into four vertex-based categories (≤ 4,

5− 8, 9− 16, and > 16). In our first three models, we used a fixed vertex count of 16 for

graph initialization. While this approach worked well for buildings with 9–16 vertices, it often

resulted in distortions due to over-sampling or under-sampling for other categories, negatively

impacting shape accuracy. For instance, buildings with fewer than 4 vertices were particularly

140



susceptible to IoU degradation when corners were missed. Similarly, smaller buildings with

more than 16 vertices suffered from inaccuracies in polygon predictions, as the fixed vertex

count failed to capture their geometric complexity. Conversely, buildings with higher vertex

counts required precise handling to prevent the accumulation of vertex placement errors,

which could increase PoLiS values. We experimented with different initialization values like

8,32 and 96. These values were chosen as they are commonly used for fixed initialization

in different scenarios. Although initializing with 96 vertices proved very good for complex

buildings but in general for fixed number of vertices, we found out that 16 was the best choice

Our final model, Decoupled-PolyGCN, introduced dynamic graph initialization. This

method allows the number of vertices to adapt based on the complexity of the building.

This results in polygons with more accurate and regularized boundaries. This improvement

is evident in the quantitative as well as qualitative results. As shown in Figure 8.12, our

dynamic approach significantly enhanced the model’s performance for buildings with both

lower and higher vertex counts. Table 8.5 highlights the improvements observed in the WHU

dataset. For buildings with ≤ 4 vertices, the Average Precision AP and Average Recall

AR increased by 10% when comparing our model FAE-PolyGCN to Decoupled-PolyGCN.

Similarly, for buildings with > 16 vertices, AR showed a substantial improvement of 24%. On

the SpaceNet-2 dataset, as detailed in Table 8.6, Decoupled-PolyGCN delivered even more

remarkable improvement, with AP for buildings with > 16 vertices increasing by 30% and

AR by 12% compared to FAE-PolyGCN. These results show the effectiveness of our dynamic

graph initialization strategy. This enables Decoupled-PolyGCN to handle buildings with

diverse vertex counts more accurately and efficiently. This adaptability ensures improved

performance across varying building complexities and shapes.

Proximity-Based Analysis: Dense urban environments, characterized by closely spaced

buildings, presented another layer of complexity. In many such cases, the boundaries of

adjacent buildings frequently overlapped, resulting in segmentation errors where two buildings

were incorrectly merged into one. Fig 7.17 shows that there is ample amount of building who

share corners with each other or the buildings which lie at the boundary of the image.This
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issue was particularly found in earlier models, which lacked the precision required for fine-

grained boundary delineation and affected the overall performance of the network. However

Our final model, Decoupled-PolyGCN, leveraged the CO-DETR detection network, which

significantly improved bounding box predictions. These enhanced bounding boxes provided

better initialization features for the Graph Convolutional Network GCN, enabling the network

to distinguish closely located buildings with much greater accuracy. This improvement in graph

initialization directly translated to more precise and well-separated polygon predictions, even

in highly dense urban scenes. In Figure 8.13, our model DeCoupled-PolyGCN demonstrates

great performance and capturing individual buildings effectively. Dense urban environments,

characterized by closely spaced buildings, introduced an additional layer of complexity to

our segmentation task. In such cases, the boundaries of adjacent buildings often overlap,

leading to segmentation errors where two or more buildings are incorrectly merged into one

structure. Figure 7.17 illustrates the prevalence of buildings that share corners or lie along

the image boundaries. This issue was particularly evident in our earlier models, which lacked

the precision necessary for fine-grained boundary delineation. It negatively impacted the

overall performance of the network.

Our third model, AT-PolyGCN tackled this problem by adding orientation information.

Ultimately, our final model, Decoupled-PolyGCN, effectively addressed these challenges

further by leveraging the CO-DETR detection network. This significantly enhanced the

quality of bounding box predictions. These high-quality bounding boxes provided superior

initialization features for the Graph Convolutional Network GCN, allowing it to accurately

distinguish between closely located buildings. This improvement in graph initialization

directly translated into more precise and well-separated polygon predictions, even in densely

packed urban scenes. As shown in Figure 8.13, Decoupled-PolyGCN demonstrates exceptional

performance in accurately segmenting individual buildings even they are in close proximity

with other buildings or buildings with shared corners. The model effectively resolves issues

of overlapping boundaries, capturing distinct structures even in highly complex and dense

urban settings, showcasing its robustness and reliability in real-world scenarios.
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Incomplete or Erroneous Annotations: A recurring challenge in our experiments was

the presence of very small, truncated buildings near the image boundaries. These structures

often led to degraded performance due to incomplete or incorrect annotations, where both

the network and human annotators struggled to accurately define the buildings’ shapes. To

evaluate the impact of such annotations, we conducted several experiments by excluding

these truncated buildings from evaluation. This approach led to noticeable improvements

in performance metrics, such as PoLiS, which measures the geometric distance between

predicted and ground truth polygons, as well as AP and AR scores. There were also quite

a few errors of a large building in close proximity with a very small buildings and being

annotated in the ground truth as one building. However, the results presented in all the

tables in this thesis include evaluations conducted with the incorrect annotations to provide

a fair comparison across all models and scenarios. Despite this, our final model, Decoupled-

PolyGCN, demonstrated remarkable robustness, correctly predicting many building footprints

even when the ground truth annotations were inaccurate. This highlights the reliability and

adaptability of our model in handling challenging and imperfectly annotated datasets.

We performed extensive analysis and experimentation over different datasets. We demon-

strated the progressive development of our models, resulting in the robust and highly accurate

performance of our final network, Decoupled-PolyGCN. Starting with the baseline model,

R-PolyGCN, we systematically identified key limitations. We then step-by-step addressed

the limitations through the integration of innovative modules and advanced techniques. Each

iteration of the network incrementally improved its ability to accurately extract building

footprints while maintaining geometric regularity and adapting to diverse urban and rural sce-

narios. The integration of orthogonality loss, the Feature Augmentation Module, Attraction

Field Maps, and a decoupled object detection strategy contributed to consistent performance

gains. This helped in overcoming challenges associated with varying building sizes, complex

geometries, and densely packed urban scenes. The final model, Decoupled-PolyGCN, sur-

passed the performance of existing SOTA methods. This systematic progression and iterative

refinement have resulted in a robust and highly efficient framework for building footprint
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extraction. This paves the way for future advancements in urban mapping, GIS applications,

and remote sensing technologies.

8.5 Summary

This chapter presented the configuration and implementation details of our networks, evaluated

their performance using quantitative and qualitative metrics, and compared them with SOTA

models. We utilized two diverse datasets, SpaceNet-2 and WHU, to ensure the robustness

and generalization of our proposed models. We employed both raster-based and vector-based

metrics for performance evaluation. These dual metrics allowed us to comprehensively assess

the capability of our networks in handling complex urban scenarios, including occlusions,

varying building sizes, and adjacent structures. Quantitative results demonstrated consistent

improvements across our models. The final model, Decoupled-PolyGCN, achieved significant

gains, with a 6% improvement in mean Average Precision AP and a 10% improvement

in mean Average Recall AR over the SOTA model, HiSup on the WHU dataset. On the

SpaceNet-2 dataset, Decoupled-PolyGCN outperformed competing SOTA methods by 5% in

AP and 7% in AR delivering accurate segmentation results with well-regularized building

polygons. Qualitative analysis further highlighted the robustness of our models in diverse

scenarios. Decoupled-PolyGCN excelled in detecting buildings of varying sizes and shapes,

distinguishing adjacent structures, handling occlusions, and segmenting buildings on image

edges. Advanced features such as Attraction Field Maps, dynamic polygon initialization,

and orthogonality loss proved crucial in improving geometric regularity and segmentation

accuracy.

144



Chapter 9

Conclusions and Future Work

9.1 Conclusion

This thesis presented a comprehensive study on building footprint extraction and recon-

struction from satellite imagery. It addresses the key challenges of boundary regularization,

geometric accuracy, and scalability in diverse urban environments. By integrating novel

deep learning techniques and graph-based approaches, we developed a series of progressively

refined models that significantly enhance the accuracy and reliability of automated building

footprint segmentation.

We began by identifying the limitations of existing methods. We proposed a series of

incremental improvements across multiple network designs to address these issues. Each

iteration introduced innovative modules and techniques, including orthogonality loss, the

Feature Augmentation Module FAM, edge-preserving mask head, and Attraction Field Maps,

which collectively enhanced the networks’ geometric learning and segmentation capabilities.

Our first proposed model, RO-PolyGCN, employed a Mask R-CNN-based backbone

combined with an orthogonal loss function and a Graph Convolutional Network GCN to

iteratively refine polygon predictions. This model improved Average Precision and Average

Recall over the baseline by nearly 1%, with particularly significant gains in vector-based

metrics. Despite these improvements, the reliance on Mask R-CNN constrained its ability to

produce highly accurate initial polygonal representations, prompting further enhancements
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in subsequent models.

To overcome the limitations observed in RO-PolyGCN, we developed our second network,

FAE-PolyGCN, which introduced a more advanced feature extraction mechanism designed

to enhance polygon regularization and boundary precision, particularly for smaller buildings.

This model leveraged a combination of multi-resolution features and an enhanced feature

extraction pipeline to refine the accuracy of building footprint segmentation. We specifically

focused on improving mask quality and strengthening boundary reconstruction, ensuring

that finer details were preserved even in densely packed urban areas. A key innovation in

FAE-PolyGCN was the integration of the Feature Augmentation Module FAM and a boundary-

preserving mask branch, which collectively contributed to better feature representation and

segmentation performance. To further enhance feature extraction, we adopted a hybrid

backbone architecture, combining ResNet-101 and Feature Pyramid Networks FPN, which

provided rich, multi-scale contextual information. This strategic enhancement significantly

improved the network’s ability to detect and reconstruct smaller buildings with greater

accuracy. The impact of these improvements was evident in the performance metrics. On the

SpaceNet-2 dataset, FAE-PolyGCN achieved a 7% increase in Average Precision AP and a 5%

improvement in Average Recall AR for smaller buildings. Similarly, on the WHU dataset, AP

and AR improved by 9% and 6%, respectively. These results demonstrated the effectiveness

of our modifications in refining building boundaries and maintaining geometric consistency.

However, despite these advancements, challenges persisted in accurately reconstructing

larger and more complex buildings, indicating the need for further refinement in feature

representation and regularization techniques.

Building upon the previous improvements, our third network AT-PolyGCN introduced

Attraction Field Maps AFMs to incorporate orientation information directly into the seg-

mentation process. The integration of AFMs significantly enhanced the model’s capability

to handle diverse building structures by ensuring more precise delineation, particularly for

larger buildings and occluded structures. By preserving object boundaries and refining initial

vertex placements, AT-PolyGCN achieved notable performance gains over previous models,
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specifically in the segmentation of large buildings, where previous approaches struggled with

geometric regularity and completeness. On the SpaceNet-2 dataset, AT-PolyGCN improved

Average Precision AP and Average Recall AR for large buildings by 14% and 10%, respectively,

demonstrating its ability to refine segmentation accuracy in complex urban environments.

Similarly, on the WHU dataset, AP and AR improved by 7% and 9%, respectively, confirming

the effectiveness of AFMs in enhancing boundary adherence and structure preservation. The

improved results underscore the potential of AFMs in refining footprint extraction, particu-

larly in cases involving occlusions, densely packed structures, and irregularly shaped buildings.

However, despite these significant advancements, challenges remained in handling buildings

with highly complex structures. The reliance on Mask R-CNN for object detection proved to

be a limiting factor, as the quality of the initial bounding boxes was not always sufficient to

support precise polygon reconstruction. The segmentation quality suffered when complex

architectural designs required further refinements in object detection and feature extraction.

This limitation motivated the transition toward a decoupled approach in subsequent models

to enhance the robustness and scalability of building footprint reconstruction.

To further refine building footprint reconstruction, we developed Decoupled-PolyGCN, a

two-step framework that effectively separates object detection from polygon segmentation to

enhance accuracy and scalability. We conducted extensive experiments with various object

detection architectures before selecting CO-DETR, a transformer-based detection network,

as the optimal choice for generating high-quality bounding boxes. These bounding boxes

were then fed into a UResNet101 backbone, which extracted rich multi-scale features to

facilitate precise polygon reconstruction. The Graph Convolutional Network GCN played

a critical role in iteratively refining the polygons, leveraging dynamic point initialization

and orthogonality loss to ensure highly regularized and geometrically consistent building

boundaries. This innovative approach led to significant improvements in both segmentation

accuracy and computational efficiency, making it a practical solution for real-world applications

where high precision and low inference time are crucial. Our evaluations showed consistent

enhancements across both raster-based and vector-based metrics, validating the effectiveness
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of Decoupled-PolyGCN. The model demonstrated robust performance across diverse datasets

and architectural complexities, reinforcing its applicability in large-scale building footprint

extraction tasks.

To ensure robustness and generalization, we evaluated our models on two diverse datasets,

WHU and SpaceNet-2, each presenting unique challenges in terms of building density, vertex

count, and structural complexity. Our systematic preprocessing pipeline addressed dataset

inconsistencies and annotation challenges, enabling reliable training and evaluation. The

variability in building sizes and densities tested the adaptability of our models, reinforcing

their ability to handle complex urban environments.

Quantitative and qualitative evaluations further validated the effectiveness of our proposed

methods. We demonstrated that Decoupled-PolyGCN consistently outperformed the state-

of-the-art HiSup model, achieving a 6% improvement in Average Precision AP and a 10%

improvement in Average Recall AR on the WHU dataset. On the SpaceNet-2 dataset, our

model achieved a 5% improvement in AP and a 7% improvement in AR. Performance gains

were not limited to raster-based evaluations, the vector-based metrics also saw significant

improvements. The PoLiS metric decreased by 1.35 on the WHU dataset and 0.73 on the

SpaceNet-2 dataset, indicating improved boundary alignment. Similarly, the MTA metric

decreased by 7 on WHU and 8 on SpaceNet-2, highlighting the network’s ability to enhance

geometric consistency and structural integrity.

Beyond the architectural advancements, this thesis underscores the importance of high-

quality datasets in training and evaluating deep learning models for geospatial applications.

Our work highlights how dataset diversity, annotation quality, and preprocessing techniques

play a crucial role in developing reliable models for large-scale building footprint extraction.

In conclusion, the innovations introduced in this thesis, including Attraction Field Maps,

dynamic polygon initialization, orthogonality loss, and two-step detection frameworks, repre-

sent significant advancements in automated building footprint reconstruction. By integrating

graph-based learning with multi-scale feature extraction and geometric regularization tech-

niques, we have laid a strong foundation for future research in this field. Our proposed
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methods offer a scalable, precise, and computationally efficient solution for urban plan-

ning, GIS mapping, disaster response, and other geospatial applications, paving the way for

enhanced automation and accuracy in large-scale spatial data analysis.

9.2 Future Work

Our proposed model has demonstrated significant improvements over existing approaches for

building instance detection and reconstruction, there remain several critical areas for future

exploration and refinement. Addressing these challenges will not only enhance the accuracy

of building footprint reconstruction but also contribute to the broader goal of improving

geometric consistency, robustness, and generalization in urban scene analysis. Below, we

outline key directions for future research and development.

Improving Object Detection for Building Instance Segmentation The performance

of building footprint reconstruction is inherently linked to the accuracy of object detection.

As new object detection models emerge, particularly those based on transformer architectures

and advanced convolutional backbones, integrating these state-of-the-art techniques into our

pipeline could significantly enhance initial instance localization. Exploring self-supervised

learning and domain adaptation techniques may also improve detection robustness across

diverse geographic regions and imaging conditions, leading to more precise building segmen-

tation and reconstruction.

Refining Geometric Regularization and Hyperparameter Tuning Another promising

direction is optimizing the orthogonality function and fine-tuning hyperparameters to enhance

geometric regularity in reconstructed buildings further. We can identify configurations that

yield more stable and accurate reconstructions by systematically exploring hyperparameter

search strategies, including Bayesian optimization and evolutionary algorithms. Additionally,

incorporating differentiable constraints within the model architecture could facilitate better

adherence to real-world building geometry.

Addressing Missing Corners in Reconstructed Buildings A prevalent issue in building
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footprint extraction is the occasional absence of critical corner points, which can result in

imprecise and incomplete building boundaries. This issue particularly appears in densely

packed urban environments, where adjacent structures may obscure key vertices. Developing

more sophisticated corner detection mechanisms, such as attention-based vertex refinement or

reinforcement learning-based corner inference, could mitigate this challenge. Further research

into corner consistency constraints and edge completion models may also help generate more

accurate and topologically correct building outlines.

Exploring Graph Attention Networks for Improved Feature Aggregation Another

potential improvement involves replacing the current Graph Convolution Network (GCN)

with a Graph Attention Network (GAT). GATs introduce attention mechanisms that dy-

namically assign different importance levels to neighboring nodes, which can lead to more

effective feature aggregation and improved learning of complex building geometries. By

leveraging attention-based graph architectures, we may be able to enhance the model’s ability

to capture spatial dependencies and refine polygonal reconstructions, particularly in cases

where buildings exhibit irregular structures or occlusions.

Enhancing Reconstruction of Complex Geometries One of the primary challenges in

building footprint reconstruction is accurately capturing highly intricate building geometries.

While our model exhibits notable improvements over previous methods, complex structures

with multiple edges, non-convex shapes, and fine-grained details still pose difficulties. Future

work should focus on advancing geometric deep learning techniques, such as higher-order

graph neural networks, to improve the representation and prediction of intricate building

shapes. Additionally, leveraging multi-scale feature fusion and more robust regularization

techniques could help refine polygonal outputs and better capture subtle geometric variations

in building footprints.

Advancing End-to-End Learning for Building Footprint Extraction Currently, many

frameworks, including ours, rely on separate modules for object detection, feature extraction,

and polygon prediction. A promising avenue for future research is the integration of these

components into a fully end-to-end trainable network. End-to-end architectures offer several
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advantages, including improved efficiency, reduced error propagation between stages, and the

potential for joint optimization of all sub-tasks. Investigating transformer-based architectures,

graph-based end-to-end pipelines, or neural implicit representations could lead to more robust

and seamless building reconstruction frameworks.

Expanding the Evaluation Metrics Beyond standard evaluation metrics such as Inter-

section over Union Intersection over Union (IoU) and Average Precision AP, incorporating

additional shape-aware metrics could provide deeper insights into model performance. One

such metric is the chamfer-IoU (c-IoU), which considers the distance between predicted and

ground truth boundaries, offering a more comprehensive assessment of shape accuracy.

Standardizing and Utilizing Different Datasets Finally, a critical step in advancing

building reconstruction research is the standardization and utilization of large-scale geospatial

datasets. The recently acquired Large-Scale Geospatial Linked Network (LGLN) dataset,

provided by the German government, presents a valuable opportunity for benchmarking

and training deep learning models on diverse geospatial scenarios. Properly formatting and

curating this dataset will enable more robust cross-region evaluations. It will also facilitate

transfer learning approaches, and contribute to the development of generalizable building

reconstruction models. Furthermore, leveraging LGLN’s extensive geospatial annotations

could enhance multi-modal learning frameworks by integrating elevation data, material

properties, and other contextual features.

In summary, while our current model has achieved significant advancements in building

instance detection and reconstruction, several key areas remain open for further research.

Enhancing geometric representation, improving detection capabilities, refining corner inference,

advancing end-to-end architectures, and standardizing large-scale datasets are all crucial

steps toward more accurate and reliable building footprint reconstruction. By pursuing these

research directions, it is probable to contribute to the broader goal of developing scalable,

efficient, and highly precise urban mapping technologies for real-world geospatial applications.
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