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Abstract

High-de nition (HD) maps of building rooftops or footprints are important for urban
application and disaster management. Rapid creation of such HD maps through rooftop
delineation at the city scale using high-resolution satellite and aerial images with deep
leaning methods has become feasible and draw much attention. In the context of rooftop
delineation, the end-to-end Deep Convolutional Neural Networks (DCNNs) have demon-
strated remarkable performance in accurately delineating rooftops from aerial imagery.
However, several challenges still exist in this task, which are addressed in this thesis.
These challenges include: (1) the generalization issues of models when test data di er from
training data, (2) the scale-variance issues in rooftop delineation, and (3) the high cost of
annotating accurate rooftop boundaries.

To address the challenges mentioned above, this thesis proposes three novel deep
learning-based methods. Firstly, a super-resolution network named Momentum and Spatial-
Channel Attention Residual Feature Aggregation Network (MSCA-RFANet) is proposed
to tackle the generalization issue. The proposed super-resolution network shows better
performance compared to its baseline and other state-of-the-art methods. In addition,
data composition with MSCA-RFANet shows high performance on dealing with the gener-
alization issues. Secondly, an end-to-end rooftop delineation network named Higher Res-
olution Network with Dynamic Scale Training (HigherNet-DST) is developed to mitigate
the scale-variance issue. The experimental results on publicly available building datasets
demonstrate that HigherNet-DST achieves competitive performance in rooftop delineation,
particularly excelling in accurately delineating small buildings. Lastly, a weakly supervised
deep learning network named Box2Boundary is developed to reduce the annotation cost.
The experimental results show that Box2Boundary with post processing is e ective in deal-
ing with the cost annotation issues with decent performance. Consequently, the research
with these three sub-topics and the three resulting papers are thought to hold potential
implications for various practical applications.
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Chapter 1

Introduction

1.1 Background and Motivations

Buildings, as one of the key elements in urban areas, have been used as an indicator for the
urban change detection. Since urbanization developed rapidly in recent years, automatic
building mapping has drawn much attention [20, ]. Speci cally, building rooftop or foot-
print maps play key roles in several municipal applications, such as urban planning and
management, urban cadastral management, geo-databased updating, population estima-
tion, infrastructure development and smatrt city construction [165, , 51]. The population
density maps generated by population estimation with rooftops or building footprints can
further be used in epidemic or pandemic control, as illustrated in malaria control studies
[41]. In addition, building maps are also important to homeowners, local authorities, and
insurance companies in natural hazard management and damage estimation [134, ]
For example, accurate building maps are required to estimate damage and assess the risk
brought by earthquakes, storms and other geological disasters [128, ]. In such emergent
events, building maps should be obtained e ectively and e ciently at any cost once these
disasters occur [160]. For these applications, the remote sensing imagery-based, especially
the aerial imagery-based, methods provide promising solutions.

Detailed building information is required for the aforementioned applications. Accord-
ing to the Nyquist{Shannon sampling theorem, the sampling frequency, i.e., the inverse of
the ground sampling distance (GSD), must be higher or equal to twice the highest spatial
frequency of the signal [38]. Take rooftop delineation as an example, to extract 0.3 m wide
eaves, a spatial resolution of 0.15 m or higher one is required. In the literature, submetre
aerial images are commonly used in rooftop delineation. As for methods used for this

1



task, they can be categorized into (1) manual annotation, (2) hand-crafted feature-based
methods, and (3) deep learning (DL)-based methods [111]. Manual annotation is notori-
ous for being time-consuming and labor-intensive. In hand-crafted feature-based methods,
spectral information, geometric information and/or height information are collected based
on expert knowledge to delineate rooftops. Hypotheses about the geometric features of the
building are employed to simplify the delineation process. Obviously, expert knowledge is
required, and these methods can only be used in certain limited situations. In contrast,
deep learning-based methods can learn features directly from data, achieving higher levels
of accuracy and speed. While these methods require signi cant computational resources,
advancements in computing technology are mitigating this issue. Consequently, the Deep
Convolutional Neural Networks (DCNN) dominated in computer vision tasks [76] have
been successfully applied in remote sensing and rooftop delineation.

Despite recent advances, the generalization ability of models to data outside the training
set remains a challenge. Applying certain methods such as regularization in model training
can alleviate the problem to some extent. Another way is to construct a dataset with a
wide variety of characteristics and distributions [78]. In addition, the models may not
perform as expected in datasets which have di erent spatial resolutions with the training
data. For rooftop delineation, given the wide application of high spatial resolution imagery
[11] and the abundance of public building datasets released in the past decade [125, ,

, 66, , , 51], composing these datasets to overcome generalization errors can be
a more promising solution. Since these datasets have varying spatial resolutions, ranging
from 5 cm (the ISPRS Vaihingen and Potsdam Datasets [125]) to 1 m (the Massachusetts
Building Dataset [109]), as well as dierent spectral bands, it is necessary to perform
spatial resolution enhancement and band selection in order to process and compose these
datasets. For the band selection, one can preserve the most discriminative and commonly
used combinations of Red, Green, and Blue (RGB) bands[22]. For the spatial resolution
integration, powerful methods are required to process di erent datasets used in rooftop
delineation.

Due to the availability of a large volume of aerial imagery with building annotations,
DCNN-based rooftop delineation methods have achieved high accuracy by partially ad-
dressing the scale-variance issue, the intra-class variation issue, and the inter-class simi-
larity [134]. However, the occlusion issue and blurred rooftop boundary still exist in the
extraction results [98, ]. The end-to-end DCNN for rooftop delineation has drawn much
attention recently. These methods were initially introduced to directly generate vectorized
building maps from remote sensing imagery without any or with simple post-processing
[90]. In addition, by directly outputting vectorized results with building corners, the



occlusion and blurred boundaries are relieved signi cantly. Nonetheless, séalariance
problems still exist in practice. Speci cally, rooftop delineation gives poor performance on
small buildings compared to large and medium sized buildings. Therefore, advanced build-
ing delineation methods are required to improve the overall performance by addressing
scale-variance issues on small buildings.

The quality and data volume required in rooftop delineation bring high cost in data
annotation. As a result, costly annotation inhibits the use of DL-based rooftop delin-
eation methods in practice [178]. Deep learning methods, including weakly supervised
learning, semi-supervised learning, and self-supervised learning, can be used to liberate
this constraint from traditional full supervised DL, using weak annotations, limited an-
notations, and image representation learning, respectively [120]. For rooftop delineation,
weakly supervised learning is widely used given its exibility, although current research
mainly employs weakly supervised semantic segmentation instead of instance segmenta-
tion. However, weakly supervised instance segmentation methods are more suitable for
rooftop delineation as individual rooftop can be extracted. In computer vision, weakly
supervised instance segmentation methods have been well explored. Therefore, advanced
weakly supervised instance segmentation methods are achievable, which are required for
weakly supervised rooftop delineation.

In summary, this thesis focuses on three challenges in rooftop delineation for the rapid
creation of High-De nition (HD) maps.

(1) Generalization issues regarding di erences in training and test data in terms of spa-
tial resolution and image characteristics. DL-based rooftop delineation methods have poor
performance when test data di er from training data. Data composition is a promising way
to overcome the issue. In the same geo-location, spatial resolution and spectral resolution
are the most di erent characteristics. Compared to spectral di erences, spatial resolution
di erences require better methods.

(2) Scale-variance issues in rooftop delineation when building sizes vary extremely.
Current DCNN methods are typically robust against scale variance issues. However, poor
performance on small objects cannot be fully addressed. In cases with many small build-
ings, scale-variance has a severe negative impact on objectives and total performance.
Therefore, scale-variance issues must be addressed.

(3) Costly annotation hinders the widespread use of DL-based methods for rooftop
delineation. The high performance of DL-based methods heavily relies on the high quality

1The term "scale-variance" is commonly employed to characterize the issue addressed in this thesis and
is used in preference to other alternatives. In this context, 'scale’ refers to the size of objects, distinct from
its geographical meaning.



and large volume of well annotated training data. But the annotation work is labor-
intensive and expensive. How to fully exploit the potential of deep learning and reduce the
annotation cost should be the key focus in rooftop delineation.

1.2 Objectives

To deploy DL-based methods for rooftop delineation, the challenges mentioned above need
to be carefully addressed. Speci cally, in this thesis, several DL-based methods are pro-
posed to tackle generalization issues, scale variance issues and costly annotation issues in
rooftop delineation, respectively (as shown in Figure 1.1).

Figure 1.1: Logic ow of the thesis

(1) In order to address the generalization issues, it is necessary to compose diverse
datasets with varying characteristics for model training. To achieve this, the integration
of publicly available building datasets with varying spatial resolutions necessitates the
utilization of advanced deep learning-based super-resolution techniques.

(2) In order to address the scale-variance issues in rooftop delineation and improve the
extraction of small buildings, it is essential to develop a new method that can e ectively
mitigate the scale-variance issue and enhance the performance of rooftop delineation.
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(3) To overcome the costly annotation issues, it is crucial to employ weak supervision
targets for rooftop delineation while striving for high performance. Therefore, it is im-

perative to reassess weakly supervised rooftop delineation techniques and introduce novel
methods that o er improved performance.

1.3 Thesis Structure

This thesis consists of six chapters. Figure 1.2 shows the structure of the thesis.

Figure 1.2: Structure of the thesis

Chapter 1 introduces the background and the motivation, as well as the objectives, of

the thesis. Three challenges in the deployment of DL-based rooftop delineation in practice
are placed as the focus.

Chapter 2 brie y reviews the publicly available building datasets, the applications of
deep learning in rooftop delineation, the methods used for dealing with generalization
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iIssues, scale variance issues and costly annotation issues in literature.

Chapter 3 introduces the data composition with the Momentum Spatial Channel At-
tention Residual Feature Aggregation Network (MSCA-RFANet). With extensive exper-
iments, the impact of super-resolution on rooftop delineation is well explored, and the
new method shows the state-of-the-art performance in super-resolution compared to base-
lines. Better performance in super-resolution results in more positive impact on rooftop
delineation.

Chapter 4 describes the method used for dealing with the scale variance issue in end-to-
end manner rooftop delineation with the Higher Resolution Network with Dynamic Scale
Training (HigherNet-DST) method. The extensive experiments demonstrate its superior
performance compared to other state-of-the-art methods.

Chapter 5 details box-supervised rooftop delineation with the Box2Boundary method.
Extensive experiments show the superiority of the Box2Boundary surpassing all other
weakly supervised methods with competitive performance compared to fully supervised
rooftop delineation methods.

Chapter 6 concludes the thesis and indicates the potential future research directions.



Chapter 2

Rooftop Delineation: An Overview

2.1 Publicly Available Building Datasets

With the advancement of imaging technologies, there is increasing accessibility to high spa-
tial resolution satellite and aerial images. Consequently, several publicly available building
datasets have been released in recent years.

(1) The Vaihingen and Potsdam datasets, released by the International Society for Pho-
togrammetry and Remote Sensing (ISPRS) [125], are two relatively small building datasets.
These datasets consist of six classes, including impervious surfaces, buildings, low vegeta-
tion, trees, cars, and clutter. The Vaihingen dataset comprises 33 images, o0 ering a spatial
resolution of 0.09 m/pixel. It encompasses spectral bands of Red, Green, Blue, and Near
Infrared, with an image size of approximately 2,502,500 pixels. On the other hand, the
Potsdam dataset consists of 38 images with a spatial resolution of 0.05 m/pixel, matching
the spectral resolution of the Vaihingen dataset. The image size for the Potsdam dataset
is approximately 6,00@6,000 pixels. Furthermore, both datasets include corresponding
Digital Surface Model (DSM) data alongside the image data. These datasets are notable
for having the highest spatial resolution among existing datasets, despite covering only a
5 km? area.

(2) The Massachusetts building dataset [109] consists of 151 aerial images with a spatial
resolution of 1 m/pixel. These images, featuring RGB bands and a size of 1,800500
pixels, are classi ed into building and non-building categories. This dataset covers approx-
imately 340 km? in the Boston area. It is split into training (137 images), validation (4
images), and testing (10 images) sets. According to the author, the dataset demonstrates
high accuracy, with an average omission of building classi cation of less than 5
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(3) The Inria building dataset [103] also has building and non-building classes. It
contains aerial images covering 81km? of 10 cities in the USA and Austria. The training
set and the testing set evenly take 360 images with a spatial resolution of 0.3 m/pixel and
RGB bands. The dataset aims at exploring the generalizability ability of convolutional
neural networks, so adjacent images are split into training and testing sets.

(4) The WHU (Wuhan University) building dataset [66] encompasses both an aerial
image dataset and a satellite image dataset for building extraction. The aerial image
dataset consists of 8,189 tiles, each with a spatial resolution of 0.3 m/pixel. These tiles are
captured in RGB bands and possess dimensions of &B12 pixels. This dataset covers an
extensive area of 45&m? in Christchurch, New Zealand. The satellite image dataset is
divided into two distinct sets. The rst set includes 204 images from 6 cities worldwide,
with spatial resolutions ranging from 0.3 m/pixel to 2.5 m/pixel. Each image in this set
has a size of 512512 pixels. The second satellite image dataset comprises 17,388 tiles from
6 adjacent images. These tiles have a spatial resolution of 0.45 m/pixel and dimensions of
5120512 pixels. The coverage area for this dataset extends over 8602 in East Asia. It
is worth noting that these two satellite image datasets employ di erent sensors, resulting
in varying spectral resolutions.

(5) The SpaceNet building dataset [148] was released via two SpaceNet challenges for
building detection. For this dataset, ve cities from various regions were selected as areas
of interest: Las Vegas, USA; Paris, France; Rio de Janeiro, Brazil; Shanghai, China; and
Khartoum, Sudan. WorldView-2 and WorldView-3 images were used, which were cropped
into smaller patches with dimensions of 680650 pixels. These image patches collectively
cover a total area of 5,55%m? across di erent continents.

(6) The AIRS (Aerial Imagery for Roof Segmentation) dataset [21] was constructed
using the same aerial images as the WHU building dataset, where the original spatial
resolution of images (0.075 m/pixel) is preserved.

(7) The Semcity Toulouse dataset [124] is made based on WorldView-2 imagery for
building instance segmentation, which covers 3n? area of Toulouse, France. The satellite
images in the dataset are classi ed into 8 classes, namely impervious surface, building,
pervious surface, high vegetation, car, water, sport venue and void. These images have a
spatial resolution of 0.5 m/pixel for the panchromatic band and 2 m/pixel for the other
bands. Each image is split into 16 tiles. Eventually, the panchromatic band has a size of
3,50403,452 pixels and other bands have a size of €863 pixels.

(8) The Waterloo Building Dataset, released in 2022, covers an area of 2058& in the
Kitchener-Waterloo region of Ontario, Canada [51]. This dataset was speci cally developed
for semantic segmentation, focusing on rooftop delineation. It comprises 242 aerial images,
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each with a size of 8,3508,350 pixels and a spatial resolution of 0.12 m/pixel. Manually
labelled binary masks for rooftop are provided for all images. Both images and binary
masks were cropped to small patches of size &¥%12 pixels. Then patches with geometric
distortion were removed. Finally, 42,147, 6,887, and 18,945 pairs of images and masks were

assigned into training, validation and test subsets, respectively.

Table 2.1: Publicly available building datasets

Dataset Location Spectral Bands Classes Coverzage Plxel_ Size
(km?) | (m/pixel)
ISPRS Vaihingen
Vaihingen/ | and Potsdam, NIR, R, G, B, | 6land-cover | 4 ,/s 1 | 05/0.00
DSM classes
Postdam Germany
| Massachusetts, Building and
Massachusetts USA R, G,B non-building 340 1
: Christchurch, Building and
WHU (aerial) New Zealand R, G, B non-building st 0.3
10 regions in .
Inria the USA and R, G, B Bwldlng a_md 810 0.3
) non-building
Austria
4 cities : Building, road
SpaceNet around the WorldView-3 8 and 5555 0.3/0.5
bands
world background
AIRS Christchurch, R G B Bwldmg gnd 457 0.075
New Zealand non-building
lSPR.S Toulouse, | WorldView-2 8 | 8 land-cover
Semcity 50 0.5
France bands classes
Toulouse
Kitchener- Building and
Waterloo Waterloo, R, G,B ga 205.83 0.12
non-building
Canada

In addition to the previously discussed datasets (as summarized in Table 2.1), there are
several other building datasets available. These include datasets created for the DeepGlobe
Building Extraction Challenge [33], the Open Cities Al Challenge [50], and the Crowd-Al
Mapping Challenge [110]. The DeepGlobe building dataset is based on the SpaceNet
dataset and focuses on annotating building footprints instead of rooftops. The dataset
for the Open Cities Al Challenge consists of building footprints from 10 cities in Africa
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but is known for having inconsistent annotation accuracy. The dataset for the Crowd-Al
Mapping Challenge comprises over 40,000 tiles of RGB images, each with a size o0©300
pixels. However, the buildings are homogeneous in the dataset, making them easier to be
segmented from the background when compared with other datasets [124].

2.2 Rooftop Delineation

In this section, existing rooftop delineation methods are comprehensively reviewed. The
initial approach, manual editing, involves visual interpretation and the subsequent gen-
eration of polygons. In the realm of hand-crafted feature-based methods, features are
meticulously crafted through expert knowledge to encapsulate pertinent information cru-
cial for distinguishing various classes or categories within the image. These methods were
the dominant paradigm before the advent of DCNN-based methods in rooftop delineation.
Thus, this section will focus on the review of hand-crafted feature-based methods and
DCNN-based methods.

2.2.1 Hand-crafted Feature-based Rooftop Delineation

In hand-crafted feature-based methods, spectral information, geometric information, and/or
height information are collected based on expert knowledge to facilitate rooftop delineation.

The pioneering approaches employed geometric details, including edge, line, and corner

information [62, 64], as well as shadow information [94, ], which are fundamental for
building extraction. Additionally, some methods integrated spectral information for build-
ing mapping [131, 81]. These methods are classi ed into three categories: classi cation

strategies-based methods, active contour-based methods, and graph-based methods[113].

Classi cation Strategies-Based Methods: In the domain of spectral feature meth-
ods, two notable approaches stand out. Zhang[185] employed lIterative Self-Organizing
Data Analysis Techniques (ISODATA) clustering on merged Thematic Mapper-Satellite
Pour I'Observation de la Terre (TM-SPOT) data for preliminary building extraction, fol-
lowed by gray value co-occurrence matrix ltering to eliminate non-building entities. Sub-
sequent re nement involved additional ISODATA clustering and manual editing. The
complexities of the method hindered its e ciency. Lee et al. [81] combined supervised (ex-
traction and classi cation of homogeneous, ECHO) and unsupervised (ISODATA) methods
for building extraction from IKONOS-2 images, yielding a modest 64.4% pixel accuracy
due to supervised classi cation limitations.
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Regarding geometric feature-based methods, Inglada [63] integrated geometric invari-
ants and Fourier-Mellin descriptors, achieving a robust pixel accuracy of 92.93% using
Support Vector Machines (SVM). Successful application, however, required precise cen-
tering of the target objects. Widely adopted, morphological features were employed for
non-building entity Itration by Aytekin et al. [5] and Lekvre et al. [85]. Huang and
Zhang [60, 61] introduced morphological building index (MBI) and morphological shadow
index (MSI), while morphological spatial pattern (MSPA) improved the classi cation of
preliminary MBI results. Nevertheless, multi-stage methodologies introduced uncertainty
and lower accuracy [181].

Concurrently, other strategies encompass diverse features and classi cation techniques.
Integrating spectral and spatial information through a fuzzy pixel-based classi er using
pan-sharpened multispectral IKONOS-2 images facilitated urban land cover classi cation.
Enhanced by object-based classi cation, incorporating shape, spectral, and contextual
traits, this approach demonstrated high performance, yet encountered challenges in e ec-
tively distinguishing between buildings and other impervious surfaces[131]. Conversely,
the Fuzzy Stacked Generalization(FSG) method achieved a pixel accuracy of 84% in de-
tecting building regions from a single QuickBird image, relying on a two-layer hierarchical
ensemble learning model. The assumption of the method is the statistical stability of the
training and testing data, which is hard to control in practice[130]. Another avenue in-
volved an adaptive fuzzy-genetic algorithm for building detection in IKONOS-2 images,
with e cacy dependent on parameter tuning[139]. Meanwhile, a novel Conditional Ran-
dom Field (CRF) formulation aimed to extract building rooftops, yet pre-segmentation,
non-building Itration, and CRF-based segmentation introduced uncertainty, limiting fea-
sibility and accuracy[S6]. Novel indices, Edge Regularity Indices (ERI) and Shadow Line
Indices (SLI), proposed by Chen et al.[22], demonstrated value in building footprint ex-
traction, validated by Adaboost, Random Forest (RF), and SVM classi ers.

Active Contour-Based Methods: Active contours, also known as snakes [69], have
found widespread application in image processing for boundary localization. These con-
tours seek to locate object boundaries by minimizing an energy function comprising ex-
ternal and internal energy terms. The total energy is the sum of these components: the
external energy (image energy) pertains to image characteristics that guide contours to-
wards object boundaries, while the internal energy (shape energy) contributes to boundary
smoothness [1]. Cao and Yang [12] proposed a Chan-Vese model for building extraction,
primarily targeting man-made regions rather than individual buildings. Extending this,
Karantzalos and Paragios[68] incorporated prior shape knowledge into active contours to
e ectively extract buildings from high and very high spatial resolution (HSR/VHSR) im-
ages. Ahmadi et al. [2] initialized their snake models using sampled data from buildings

11



and background, achieving commendable performance in VHSR aerial image analysis. No-
tably, precise knowledge of building and background classes is essential for optimal results.

Graph-Based Methods:  Markov Random Fields (MRF) have been employed to
cluster line segments, generating preliminary shapes that are then input into active con-
tour models to generate nal results[/5]. Katartzis and Sahli [70] employed MRFs to
de ne dependencies among building hypotheses, validated through stochastic optimiza-
tion, achieving accurate estimates but within certain hypotheses. Izadi and Saeedi [65]
adopted graph-based searching to identify building rooftop hypotheses based on lines and
intersections, which is e ective only for atroofs. Cui et al. [30] translated building corners
and edges into graph vertices and edges. The accuracy of building extraction depended
on the initial segmentation quality identifying building locations. Ok [113] presented a
two-level graph partitioning framework, re ning shadow detection, yet exhibiting unsta-
ble performance. Despite its e ciency compared to prior work, this method struggles to
di erentiate low-contrast buildings from the background.These methods, however, rely on
speci ¢ hypotheses and are limited to extracting buildings with certain shapes or charac-
teristics.

Numerous studies have utilized data-fusion techniques to enhance building extraction
by integrating diverse sources like Light Detection And Ranging (LiDAR) data, Synthetic
Aperture Radar (SAR) data, hyper-spectral data, existing Geographic Information System
(GIS) building layers, and prede ned models. These supplementary sources validate results
and o er extra information such as building heights[113]. For example, LIDAR data espe-
cially for height information, are widely employed in building extraction[4, 43, 82, : 1,
often combined with spectral and geometric data to boost accuracy for building extraction.
However, the availability of free LIDAR datasets is limited.

In summary, hand-crafted methods are developed based on certain hypotheses about
the geometric features of buildings or developed for certain environments. Consequently,
those methods can only be used in certain scenarios. In addition, techniques used in those
methods, such as classi cation methods and multi-stage processing framework, also limit
the accuracy of these methods. Therefore, to develop a CNN-based building footprints
extraction method has been drawing much attention because of its high performance.

2.2.2 DCNN-based Rooftop Delineation

Due to its performance in computer vision tasks, deep learning has been widely used in
remote sensing applications [197]. To the best of my knowledge, the earliest applications of
using DCNN in rooftop delineation can be traced back to the studies conducted by Mnih
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[109] and Shu [134]. In their research, the Convolutional Neural Network (CNN) was used
to extract features, with fully connected layers for features attening, for pixel-level image
classi cation and rooftop delineation. However, this kind of method has low e ciency with
limited input sizes.

With the proposal of Fully Convolutional Networks (FCN) [101] and the U-Net [123],
pixel-wise image classi cation, also known as semantic segmentation, has grown rapidly
with a large number of new methods invented yearly. In the context of rooftop delineation
from remote sensing imagery, various advanced deep learning techniques have been applied,
ranging from the ConvNet [175] to the Capsule Feature Pyramid Network (CapsFPN) [174],
and the Coarse-to- ne Boundary Re nement Network (CBR-Net) [45]. While these state-
of-the-art methods can extract accurate building masks, additional post-processing is still
necessary to generate vectorized building polygons, which are essential for creating building
maps.

In order to generate vectorized rooftop boundaries from aerial images, an intuitive
way is to regularize the polygons converted from building masks extracted by the DCNN-
based methods. The regularization can be conducted separately. For example, Zhao et al.
[187] employed the Mask Region based Convolutional Neural Networks (R-CNN) rst for
instance segmentation and instance masks generation. Instance masks were then converted
to polygons using the Douglas-Peucker algorithm and the Minimum Description Length
(MDL) optimization with generated hypotheses [187]. Regularization methods, such as
the ACM [69], also known as snhake, which can be embedded into DCNN architectures and
generate polygons in an end-to-end manner. In this direction, Marcos et al. [106] proposed
the Deep Structured Active Contours (DSAC), which combined deep learning and the
ACM for image segmentation. Gur et al. [48] proposed an end-to-end trainable ACM via
di erentiable rendering. Similarly, Hatamizadeh et al. [49] proposed the Trainable Deep
Active Contour (TDAC) model to directly delineate building polygons from aerial images.
Cheng et al. [26] combined the active ray network with deep leaning and proposed the
Deep Active Ray Network (DARNet).

Concurrently, another family of algorithms has been developed to generate regular
rooftop polygons. The most representative method of which is the PolyMapper [90],
which utilizes the Convolutional Long-Short Term Memory (ConvLSTM) to predict the
sequence of vertices of building boundaries from CNN features. Zhao et al. [189] improved
upon the PolyMapper by replacing ConvLSTM with Convolutional Gated Recurrent Unit
(ConvGRU) and decorating the original backbone with Global Context Block (GCB) and
Boundary Re nement Block (BRB). Recently, Girard et al. [44] proposed the frame eld
learning for rooftop delineation by introducing the frame eld targets to optimize mod-
els. Zorzi et al. [199] proposed the PolyWorld by employing the Graph Neural Network
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(GNN) and a sophisticatedly designed loss function. Xu et al. [166] proposed the Hier-
archical Supervisions (HiSup) learning scheme with hierarchical building representations,
including the low-level convex and concave building vertices, the mid-level Attraction Field
Maps (AFM) for line segments and the high-level regional masks of buildings. These three
methods have demonstrated high performance in building extraction and represent the
state-of-the-art approaches.

2.3 Generalization Issues

Data composition is an intuitive method for tackling generalization issues. It involves
constructing large datasets using di erent sub-datasets, which enriches the training data
with di erent characteristics. However, challenges may arise during the integration process
for rooftop delineation, particularly when dealing with varying spatial resolutions. In such
cases, super-resolution techniques can be employed as an e ective solution.

2.3.1 Super-Resolution

Super-resolution methods are commonly categorized into two groups: the joint image
super-resolution [107] and the Single Image Super-Resolution (SISR) [170]. The former
is usually applied to hyperspectral imagery. It utilizes spectral information from Low Res-
olution (LR) hyperspectral imagery and spatial information from multispectral imagery
[183]. The SISR methods directly process a LR image and output a high resolution (HR)
image, which are exible and easy to use. The pre-trained SISR models can be easily
applied to new images. Therefore, the SISR methods are more suitable for composing
building datasets.

The rst DCNN-based SISR method, proposed by Dong et al. [35], surpassed conven-
tional SISR methods and spurred rapid development in this eld. To improve the accuracy
of SISR, networks became increasingly deeper. Notable advancements in this direction
include the Very Deep Super-Resolution (VDSR) [71], the Deeply Recursive Convolutional
Network (DRCN) [72], the Residual Encoder-Decoder Networks (RED-Net) [105], and
the Deep Recursive Residual Network (DRRN) [142]. With the development of new DL
technigues such as the transposed convolution and the dense block, the Laplacian Pyra-
mid Super-Resolution Network (LapSRN) [77], the Dense Network for Super-Resolution
(SRDenseNet) [146], the Super-Resolution Generative Adversarial Network (SRGAN) [80],
the Enhanced Deep Super-Resolution network (EDSR) and the Multi-scale Deep Super-
Resolution system (MDSR) [91] were proposed.
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In recent years, the attention mechanisms have become widely used in DCNNs, and
recent DCNN-based SISR methods have adopted this innovation. Examples of such meth-
ods include the Residual Channel Attention Network [184], the Second-order Attention
Network [32], and the Residual Feature Aggregation Network [95]. The RCAN and the
SAN apply the channel attention, whereas the RFANet uses the spatial attention. The
E cient Sub-Pixel Convolutional Neural Network (ESPCN) [132], one of the classic SISR
networks, is used as an up-sampling module in those three methods.

2.3.2 Data Composition

In computer vision, there are two types of data mixing: single-domain data mixing and
cross-domain data mixing [78]. In single-domain data mixing, datasets with a similar pur-
pose are mixed, such as combining various driving datasets. On the other hand, Lambert et
al. [78] performed cross-domain data mixing by merging datasets from multiple domains for
semantic segmentation. They presented the MSeg dataset, which included the MicroSoft
Common Objects in COntext (MS COCO) dataset, the ADE20K dataset, the Mapillary
dataset, the India Driving Dataset (IDD), the Berkeley DeepDrive dataset (BDD), the
Cityscapes dataset, and the SUN RGB-D dataset. Their experiments showed that training
a model on the MSeg dataset resulted in greater robustness compared to training on a
single dataset or mixing datasets from a single domain. For rooftop delineation, the Inria
Building Dataset [103] was released to address generalization issues. Therefore, the split
was carefully made to ensure that no adjacent images existed in the training or testing
dataset. However, the dataset is limited to only two countries. In rooftop delineation, it is
important to consider generalization issues on a global scale, covering both the Northern
and Southern hemispheres and most continents.

2.4 Scale-Variance Issues

2.4.1 Scale-Variance Issues in Computer Vision

In georeferenced and non-georeferenced remote sensed images, a balanced distribution with
regard to object scale cannot be guaranteed. This leads to signi cant variability in perfor-
mance in common image processing tasks among di erent scales, which is known as scale
variation[23]. In addition, scale variation also limits the overall performance. Compared

to large scale and middle scale objects, small scale objects contribute less to the total loss
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[93, 23]. This results in less supervision during training and lower performance at smaller
scale objects. Therefore, small scale objects should be focused when alleviating scale vari-
ance problems in deep learning. In literature, data preparation and model optimization
are the focus when dealing with scale variance.

Data preparation adjusts data distribution before model training or optimizing. Meth-
ods such as resampling [23] and image pyramid [98] are intuitive. However, as tested in
Chen et al. [23], resampling hurts model performance at other scales. The image pyramid
is a robust technique, but arbitrarily selected scales may not be suitable for overcom-
ing scale variance. Other image pyramid type methods, such as the SNIP [135] and the
SNIPER [136], increase inference burden. In contrast, the collage style data augmenta-
tion, as adopted in Bochkovskiy et al. [8], Zhou et al. [193] and Chen et al. [23], has been
e ective in handling scale variance and has shown high performance.

Feature pyramid and dilation-based methods are model optimization-based methods
[23]. In feature pyramid style methods, di erent scales of feature maps are learned and ag-
gregated. The Feature Pyramid Network (FPN) [92] is the most representative method in
this category. The High-Resolution Network (HRNet) [140] aggregates feature maps from
four di erent scales in each stage of each branch (or scale). The HRNet has shown high
performance in feature representation. By re ning HRNet, the HigherHRNet was proposed
in Cheng et al. [25], which showed better performance in feature representation, especially
for small objects. The dilation-based methods, such as the Deformable Convolution Net-
works (DCN) [31] and the Trident Networks (TridentNet) [89], can generate scale-sensitive
feature representations with high resolution but su er from storage issues. Therefore, using
the HigherHRNet as the backbone is more useful compared to other optimization-based
methods in dealing with scale-variance issues.

2.4.2 Scale-Variance Issues in Rooftop Delineation

The main obstacles that make rooftop delineation challenging include scale variation, com-
plex architectures, and diverse appearances [98, : , 46, 97]. Despite the use of
auxiliary data as input, the issue of scale variance cannot be e ectively overcome [39].
Following the taxonomy of methods for dealing with scale variance in natural images, the
methods used for rooftop delineation can also be classi ed into model optimization and
data preparation.

In literature, model optimization methods are commonly used. For example, Liu et al.
[98] proposed a multiscale U-shaped CNN building instance extraction framework with edge
constraint (EMU-CNN). The EMU-CNN consists of a multiscale fusion U-shaped network
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(MFUN), a region proposal network (RPN) and an edge-constrained multitask network
(ECMN). The MFUN module collects feature information from input images with three

di erent spatial resolution and fuses the features for a U-shaped deconvolution network.
The method showed good rooftop delineation performance on both large scale and small
scale buildings. A similar method with sole input was proposed by Zhu et al. [196]. In
their work, a multiple attending path neural network (MAP-Net) was proposed, in which
the spatial location-preserved multi-scale features were learned by a multi-parallel path
taking a sole image as input. The learned multi-scale features enabled the method to be
able to extract exact building edges and recognize small building. In addition, Zhu et
al. [196] proposed the deep-supervision convolutional neural network (DS-Net) for rooftop
delineation also with multi-scale feature learning. Three stages including encoder, decoder
and deep supervision, make up the DS-Net. The experiments showed the high performance
of the DS-Net in depicting the boundary of small building. Furthermore, in recent research,
Liu et al. [97] proposed an end-to-end Multi-Scale Geoscience Network (MS-GeoNet).
Various embedding modules and loss functions were explored and applied in the network
for better performance in rooftop delineation. Speci cally, with the CoordConv module,
the method performed well on small building extraction. In addition, Wu et al. [163]
proposed a topography-aware loss (TAL) for better performance on rooftop delineation
in semantic segmentation-based methods. Combining multi-scale feature learning by the
HRNet, TAL not only showed better performance on regular size building but also on small
size building reporting its high performance on dealing with scale variation issues. Overall,
multi-scale feature learning is the basis of methods in the model optimization category.

Regarding data preparation-based methods, there is only one study [98]. Images with
three di erent spatial resolution were taken as input in the EMU-CNN bringing multi-
scale features and resulting in better performance in rooftop delineation especially for
small buildings.

In summary, inspired by Liu et al. [98], combining model optimization and data prepa-
ration seems to be e ective in dealing with scale variance issues in rooftop delineation.

2.5 Costly Annotation Issues

2.5.1 Weakly Supervised Leaning in Rooftop Delineation

In weakly supervised learning, weak supervision signals, such as image tags and bounding
boxes, are used to reduce annotation costs [178]. Weakly supervised semantic segmenta-
tion [3, 14, : ], weakly supervised object detection [184, , 27, ] and weakly
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supervised instance segmentation [194, : , ] are well explored in computer vision
and remote sensing eld in recent years.

For rooftop delineation, weakly supervised semantic segmentation is widely used. In
weakly supervised semantic segmentation, pseudo labels generation is the focus of the
research. With the pseudo labels, rooftop delineation can be conducted using fully super-
vised methods. Among di erent types of weak supervision signals, image-level annotation
(image tag) is the most widely used [9, 40, : ]. Based on a ratio of building pixels
to all pixels within the patch, image patches can be tagged as building or non-building.
These image-level annotations are used as supervision targets to generate pseudo masks for
semantic segmentation model training. Optimizing or completing the pseudo masks has
become a signi cant research focus in weakly supervised semantic segmentation for rooftop
delineation. Decent results were reported in these studies. However, instance segmenta-
tion may be more suitable for rooftop delineation as it can generate individual rooftop
boundaries.

To the best of my knowledge, there are few studies on building instance segmenta-
tion using weakly supervised learning. In contrast, in computer vision, weakly supervised
instance segmentation has shown promising performance. Similar to weakly supervised
semantic segmentation, the generation of pseudo masks is also the key focus in weakly su-
pervised instance segmentation. To achieve high accuracy, bounding boxes are commonly
used to generate pseudo masks in weakly supervised instance segmentation [178].

2.5.2 Box Supervised Instance Segmentation

Box supervised instance segmentation can be categorized into two types: multi-stage meth-
ods and methods with uni ed frameworks. For multi-stage methods, pseudo masks gen-
eration and instance segmentation are implemented separately. For example, in the Box-
supervised Class-Agnostic object Segmentation (BoxCaSeg) [155], a multi-task learning
model is rst used to generate pseudo masks followed by pseudo masks re nement and
instance segmentation. Speci cally, the multi-task learning models take ne annotated
salient images and box-supervised images as input, with the ne annotated salient im-
ages providing precise object localization guidance for the box-supervised images. A novel
merged and dropped strategy is applied to re ne the masks generated by the multi-task
learning model. Instance segmentation is then performed using Mask R-CNN, which takes
the input images and proxy masks as training data. Unlike the class agnostic mask gen-
erator in BoxCaSeg, the Bounding Box Attribution Map (BBAM) approach utilizes high-
level information from the behavior of trained object detectors to identify the smallest area
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within an image where the object detector yields nearly identical results to those obtained
from the entire image [84]. The BBAM is comprised of these regions, which determine the
target object's bounding box and e ectively act as a substitute for ground-truth data in
weakly supervised instance segmentation. After re nement, the BBAM can serve as the
pseudo masks for either semantic segmentation or instance segmentation. Although this
kind of method can achieve high performance, the multiple steps involved in the training
pipeline and the need to tune numerous hyperparameters make them quite complex.

Weakly supervised instance segmentation with a uni ed framework focuses on the pixel
anity. Hsu et al. [58] proposed a Multiple Instance Learning (MIL) [56] loss based on
Mask R-CNN, which replaces the original segmentation loss. This MIL-based method
primarily employs the bounding box tightness prior, where all columns or rows that con-
tain at least one object pixel are considered positive bags, and the remaining columns or
rows are considered negative bags. In Mask R-CNN, the bags generated for each region
proposal enable the generation of classi cation probabilities by max-pooling pixel classi -
cation probabilities. The bag classi cation loss can then be backpropagated to optimize
the pixel classi er and enhance the accuracy of instance segmentation. Based on an anchor
free instance segmentation method, BoxInst was proposed as a powerful weakly supervised
instance segmentation with only box annotation [145]. The innovation of the BoxInst is
the redesignation of the loss function. They added a surrogate term and a pairwise loss
to the original instance segmentation loss. The rst one aims at minimizing the discrep-
ancy between the projection of the predicted masks and the ground truth bounding boxes.
The pairwise loss employs a loss function that utilizes the prior knowledge that adjacent
pixels with similar color values are more probable to belong to the same object category
label. DiscoBox is a self-ensembling framework with guidance from a structured teacher
network and box supervision. The teacher network models the pairwise pixels relation-
ship both within and across the bounding boxes. Optimizing the teacher network would
re ne the object masks and generate dense correspondences between objects sharing the
same class label. The former one will be taken as pseudo label for task network training
and the latter one will help the dense contrastive learning by providing correspondence
pairs either for negative pairs or positive pairs [79]. These approaches establish a pair-
wise a nity connection among neighboring pixel pairs, either partially or across all pairs.
However, this oversimpli es the assumption that pixels or colour pairs sharing similarity
should have the same label. Consequently, these methods are vulnerable to objects with
similar appearances or complex backgrounds, leading to subpar performance in instance
segmentation.

The current state-of-the-art method in box supervised instance segmentation, Box2Mask,
is a level-set based approach, evolving objects' boundary in an end-to-end manner [38].
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Both input images and their deep features are employed for boundary evolution. In addi-
tion, a local consistency module, which relies on a kernel that measures the a nity between
pixels, is proposed and utilized to extract information about the local context and spatial
relationships. Therefore, Box2Mask can be a good start point to develop a box-supervised
rooftop delineation method.

2.5.3 Chapter Summary

This chapter presents a summary of publicly available building datasets and DCNN-based
methods for rooftop delineation. Then the related work to deal with generalization is-
sues, the scale-variance issues and costly annotation issues are reviewed. For generaliza-
tion issues, data composition with image processing based on SISR methods is identi ed
as a promising solution. For scale-variance issues, a powerful end-to-end rooftop delin-
eation method with dynamic scale training and higher resolution network is recognized as

a promising method. For costly annotation issues, box-supervised instance segmentation
is found to be the most suitable method for weakly supervised rooftop delineation. In the
following three chapters, these methods and solutions will be detailed.
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Chapter 3

Building Datasets Composition

3.1 Introduction

DCNN-based SISR methods have undergone signi cant development alongside deep learn-
ing techniques, exhibiting remarkable advancements in sophistication and performance.
Notable progress has been made from the introduction of the Super-Resolution CNN (SR-
CNN) [35] to more recent methods like RFANet [95]. In the eld of SISR, state-of-the-art
technigues such as the RCAN [184], the SAN [32], and the RFANet have emerged, with
each achieving exceptional performance on di erent datasets. Super-resolution techniques
have proven to be a promising approach for data composition, and these state-of-the-art
methods serve as a solid foundation. In this chapter, two main objectives are focused
on. The rst objective is to examine super-resolution and dataset composition for the
improvement of rooftop delineation. Speci cally, a comparative study is conducted to ex-
plore the performance of the same DL-based rooftop delineation model on thfe original
datasets, the super-resolved datasets, and the composited dataset. The second objective is
to benchmark the newly developed MSCA-RFANet, which incorporates the advantages of
the RFANet, the residual channel attention mechanism, and share-source skip connection.
A comparative study is conducted with four other DL-based methods as well as bicubic
interpolation. The objectives of this chapter include:

(1) exploring and examining the e ects of super-resolution and data composition on
rooftop delineation,

2The content of the chapter has been published on International Journal of Applied Earth Observation
and Geoinformation with the paper entitled \Super-resolving and composing building dataset using a
momentum spatial-channel attention residual feature aggregation network".
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(2) and presenting a new SISR method, namely the MSCA-RFANet, and benchmarking
it against the state-of-art SISR methods.

3.2 Datasets and Methods

3.2.1 Datasets
Data used for training SISR methods

The aerial images selected for training and testing the SISR methods are from two sources:
the Southwestern Ontario Orthophotography Project 2010 (SWOOP 201dand aerial im-
ages” covering the Kitchener-Waterloo area. Speci cally, aerial images from the Brant,
Bruce, Chatham-Kent, Du erin, Elgin, and Kitchener-Waterloo areas in Ontario are in-
cluded in the dataset, with counts of 1,127, 4,910, 2,582, 1,478, 750, and 274, respec-
tively. Specically, 1,127, 4,910, 2,582, 1,478, 750 and 274 aerial images from Brant,
Bruce, Chatham-Kent, Du erin, Elgin, and Kitchener-Waterloo area in Ontario, Canada
(as shown in Figure 3.1 and Table 3.1), respectively, are selected from the SWOOP 2010
Dataset and the Regional Municipality of Waterloo. Aerial images from the SWOOP
dataset have a spatial resolution of 0.2 m/pixel with RGB bands. Each image has dimen-
sions of 5,00 5,000 pixels and covers km? area. Aerial images covering the Kitchener-
Waterloo area have a spatial resolution of 0.12 m/pixel and s size of 8,8#)350 pixels.
Images from the SWOOP 2010 and the Kitchener-Waterloo area are resized and cropped
into small patches with a size of 256256 pixels as High Resolution (HR) (0.25 m) images
and processed further to a size of @64 pixels as Low Resolution (LR) (1 m) images. In
the rest of the chapter, this dataset is noted as the SWOOP 2010 Dataset. Consequently,
a total of 1,708,032, 284,672, and 854,272 pairs of patches are prepared for the training,
validation, and testing of the SISR networks, respectively.

Datasets for rooftop delineation

In this section, three datasets for rooftop delineation and data composition are selected: the
Massachusetts Building Dataset, the WHU Building Dataset, and the Waterloo Building

3Produced by the Ontario Ministry of Natural Resources under License with the Ontario Ministry of
Natural Resources© Queen's Printer for Ontario, 2010-2011.

4Those aerial images were used for constructing the Waterloo building dataset.

SAdministrative areas shapeles and SWOOP extent area shapele are downloaded from
http://www.diva-gis.org/gdata, and https://rb.gy/ti5y4, respectively.
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Figure 3.1: Geographical distribution map of SWOOP data

Table 3.1: Images used for SISR

Area No. Images| Image size (pixels)| Pixel size (m/pixel)
Brant 1,127 5,00005,000 0.20
Bruce 4,910 5,005,000 0.20
Chatham-Kent 2,582 5,00005,000 0.20
Du erin 1,478 5,00005,000 0.20
Elgin 750 5,00005,000 0.20
Waterloo 274 8,35008,350 0.12
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Table 3.2: Datasets for rooftop delineation

Dataset No. Imagesimage size (pixels)Pixel size (m/pixel)
Training 42,147 512 512 0.12
Waterloo Building Dataset |Validation 6,887 512 512 0.12
Test 20,768 512 512 0.12
Training 4,736 512 512 0.30
WHU Building Dataset Validation 1,036 512 512 0.30
Test 2,416 512 512 0.30
Training 137 1,500 1,500 1.00
Massachusetts Building DatasetValidation 4 1,500 1,500 1.00
Test 10 1,500 1,500 1.00

Dataset. As mentioned in Section 2.1, it should be noted that most public building datasets
have a spatial resolution of 0.3 m/pixel. Therefore, the selected datasets will be uni ed to
this spatial resolution. The Massachusetts Building Dataset is selected as a relatively low
spatial resolution dataset, while the other two datasets are selected for the data composition
purpose. In addition, these three datasets are also utilized to examine the generalizability
of trained models. The details of the three building datasets are listed in Table 3.2.

3.2.2 Methods

This section describes the proposed SISR method MSCA-RFANet, the rooftop delineation
method and the evaluation metrics.

MSCA-RFANet

The state-of-the-art SISR deep learning methods typically have three parts [95]: the head
part, the trunk part (base modules) and the reconstruction part (as shown in Figure 3.2).
They are responsible for shallow feature extraction, deep feature extraction and image re-
construction, respectively. The MSCA-RFANet builds upon the powerful RFANet, which

is considered the most recent and e ective method in the SISR eld. It preserves the
core architecture of RFANet, particularly its RFA module. For the head and reconstruc-
tion parts, a standard convolution layer and the ESPCN are utilized for shallow feature
extraction and image reconstruction, respectively. Consequently, the modi cations and
innovations primarily focus on the trunk part of RFANet.

24



In the trunk part, inspired by recent work [19, , : ], the Channel Attention
(CA) block is added after the Enhanced Spatial Attention (ESA) block resulting in a
spatial-channel attention block (SCA block). In this way, the network could focus on both
informative regions and features. The modi ed RFA module is named RFA+ in the rest
of the thesis. Each RFA+ module is skip connected to the previous one with a momentum
term. Share-source skip connection would relieve the deep model training and bene t the
information ow, which was also used in the shared source residual group of SAN [32].
With the RFA+ module, the overall architecture becomes deeper and larger. To accelerate
model training, the momentum scheme [129] is adopted in the trunk part to connect RFA+
modules. The di erence between skip connection with and without the momentum term
Is described as follows:

Normal skip connection (ResNet):

Xn+1 = Xn + f(Xn, n) (3.1)

Skip connection with the momentum term (Momentum ResNet):
( Voer = V(1 ) (Xns n) (3.2)
Xn+1 = Xn T Vi
where X, represents the convolutional layer generated featuref (x,; ») stands for the
convolution block in Residual Network (ResNet)[54], in which,, represent the learnable
parameters in each block. is a constant value between 0 and 1v, is the momentum at
layer n. The initial momentum can be O or pre-de ned function. As described by Sander
et al. [129], the Momentum ResNet can achieve comparable accuracy to ResNet in image
classi cation while requiring a smaller memory footprint. Additionally, it o ers advantages
in transfer learning [129]. To mitigate the issue of gradient vanishing caused by the deep
architecture, a batch normalization layer is incorporated after each skip connection.

HRNet v2

In rooftop delineation, both semantic and instance segmentation methods have been widely
used [11, ]. In this section, rather than focusing on comparing various sophisticated
rooftop delineation methods, the HRNet v2 [140], a powerful network proposed recently is
adopted for rooftop delineation. This network is designed to maintain high-resolution rep-
resentations by preserving four levels of features with di erent spatial resolutions, which are
subsequently concatenated in four stages. With the exception of the rst stage, these stages
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Figure 3.2: Architecture of the proposed MSCA-RFANet (modi ed from [95])

consist of repeated modularized multi-resolution blocks that incorporate multi-resolution
group convolution and multi-resolution convolution. Detailed information about the archi-
tecture can be found in Sun et al. [140].

3.2.3 Evaluation Metrics

To evaluate super-resolution performance, the Mean Square Error (MSE), the Root Mean
Square Error (RMSE), the Peak Signal-to-Noise Ratio (PSNR) and the Structural Simi-
larity Index Measure (SSIM) are calculated respectively by:

1 W
MSE= = (6 g)° (3.3)
N n=1
RMSE = | MSE (3.4)
PSNR = 20100, ez (3.5)
ssiM= (20 9* €2 g o* Co) (3.6)

(§+ 3+C)( 5+ 2+Cy)
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whered‘and g refer to the super-resolved images and the corresponding ground truth high
spatial resolution images,respectivelyN is the total number of pixels in the images, and
i indexes individual pixels which ranges from=1to i = N. L in the PSNR calculation
denotes the maximum possible pixel value based on the bit depth of the images. For
example, if images are normalized into O to 1, will be 1. For images with an unsigned
int 8 bits depth, L is 255. 4 and 4 are the mean values of all pixels in the super-resolved
images and the ground truth high spatial resolution images, respectively. Similarlyy and

g represent the unbiased standard deviations.

To evaluate the accuracy of segmentation results, several metrics are used, including
Overall Accuracy (OA), Intersection over Union (loU), mean loU (mloU), precision, recall,
and F1 score. OA indicates the proportion of correctly classi ed pixels. mloU represents

the average loU calculated between the negative and positive classes. F1 score is the
harmonic mean of precision and recall, which provides a balanced measure of performance.
Detailed formulas for calculating these metrics are provided in Appendix Al.

Table 3.3: The head part of the MSCA-RFANet

Layer types No. Filters | Size | Strides | Output size
Input - - - hOwO3
Convolutional layer 3 101 1 hOwO3
Convolutional layer 64 303 1 hOwO64

Table 3.4: CA modules in the trunk part of the MSCA-RFANet

Layer types No. Filters | Size| Strides | Output size
ResidualCA - - - hOwO64
Global pooling - - - 101064
Convolutional layer 4 303 1 10104
RelLU - - - 10104
Convolutional layer 64 303 1 101064
Sigmoid - - - 101064
Multiply: = Residual_CA - - - hOwO64
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Table 3.5: ESA modules in the trunk part of the MSCA-RFANet

Layer types No. Filters | Size| Strides| Output size
Convolutional layer 64 303 1 hOwO64
RelLU - - - hOwO64
Convolutional layer 64 303 1 hOwO64
ResidualESA1 - - - hOwO64
Convolutional layer 16 101 1 hOwO16
ResidualESA2 - - - hOwO16
Convolutional layer 16 303 2 h/2 Ow/2 016
Maxpooling - 808 2 h/4 Ow/4 016
Convolutional layer 16 303 1 h/4 Ow/4 016
Convolutional layer 16 303 1 h/4 Ow/4 016
Convolutional layer 16 303 1 h/4 Ow/4 016
Upsampling - 404 - hOwO16
Add: +=Residual ESA2 - - - hOwO16
Convolutional layer 64 101 1 hOwO64
Sigmoid - - - hOwO64
Multiply: = Residual_LESA1 - - - hOwO64
Table 3.6: Reconstruction part of the MSCA-RFANet
Layer types No. Filters | Size | Strides | Output size
Convolutional Layer 64 303 1 hOwO64
Convolutional Layer 256 303 1 hOw(0256
Depth_to_space - - - 2hO2wO64
Covnolutional layer 256 303 1 2hO2w0256
Depth_to_space - - - 4h04wO64
Convolutional Layer 64 303 1 4h04wO64
Convolutional Layer 3 303 1 4h04wO3
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3.2.4 Implementation Detail

Following the con guration of RFANet, the number of RFA+ modules is set as 30 in MSCA-
RFANet. The con gurations of the head part and the reconstruction part are detailed in
Tables 3.3 and 3.6. The con gurations of the ESA and CA modules are detailed in Tables
3.5 and 3.4. The ESA and CA blocks are connected to construct the RFA+ module as
presented in bottom left of Figure 3.2. A total of 30 RFA+ modules are connected using
the share-source skip connection approach [32] with a momentum term initialized to O.
The initial learning rate is set to 5e-5 and is halved every 2e5 iterations. In addition, the
Adam optimizer is used with the Mean Absolute Error (MAE) as the loss function. In the
training of both SISR models, the maximum number of epochs and the batch size are set
as 20 epochs and 16. In the context of the remote sensing, all images are directly input
to the network and evaluated in RGB color space rather than YCBCr color space which is
commonly used in the computer vision eld.

For the training of building extraction models, the Adam optimizer is utilized for its
high performance, instead of the Stochastic gradient descent (SGD) which is used in the
original paper [140]. The learning rate is set to a constant value of 1e-4. The Jaccard
loss [7] is used as the loss function to address binary class imbalance. It is important to
note that for fair comparison, all HRNet v2 models discussed in the following sections are
trained using an equal number of iterations. Speci cally, in the training of each HRNet
v2, the batch size is set as 8 and the models are iterated 5,400 times per epoch for a total
of 100 epochs.

In this chapter, all experiments are implemented on a single Nvidia GeForce RTX
3090 GPU and CUDA 11.2.

3.3 Experimental Results and Analysis

3.3.1 Evaluation of Super-resolution Methods

To visually compare the performance of MSCA-RFANet with other super-resolution meth-
ods used in the experiments, three image patches are selected from the SWOOP 2010
Dataset. As shown in Figure 3.3, the images from the rst row to the last row are: the
low-resolution images with a pixel size of 1 m/pixel, the high-resolution images with a pixel
size of 0.25 m/pixel, the bicubic interpolated images, the RCAN super-resolved images, the
SAN super-resolved images, the RFANet super-resolved images and the MSCA-RFANet
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Figure 3.3: Examples of super-resolution
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super-resolved images, denoted as \LR images”, \HR images", \BI images", \RCAN im-
ages”, \SAN images", \RFANet images", and \MSCA-RFANet images" in the rst column

of Figure 3.3. As shown in the gure, bicubic interpolation can generate high-resolution
images but features in the images are blurred. The CNN-based super-resolution methods
can generate high-resolution buildings and roads, but they also blur trees in the rst and
last columns. From the gure, it is hard to distinguish the di erences between the CNN-
based super-resolution methods. Therefore, the quantitative evaluation is conducted in the
next section.

In this section, the performance of MSCA-RFANet is evaluated by super-resolving
the SWOOP 2010 Dataset and the down sampled WHU Building Dataset generated by
bicubically interpolating all images in the original WHU Building Dataset to a spatial
resolution of 1.2 m/pixel. In addition, the RCAN [184], the SAN [32] and the RFANet [95]
are trained on the SWOOP 2010 Dataset as baselines, and their performance is tested on
the SWOOP 2010 Dataset (Table 3% and the WHU Building Dataset (Table 3.8). In
these tables, \BI" refers to the bicubic interpolation. RCAN, SAN, RFANet and MSCA-
RFANet represent four DCNN based SISR methods. In addition, the SCA-RFANet denotes
the method which only applies the SCA block on top of RFANet. The performance of SCA-
RFANet is provided here to explore the contribution of the SCA block and the share-source
skip connection between RFA+ modules by comparing it to RFANet and MSCA-RFANet.

Table 3.7: Performance of SISR models (tested on the SWOOP 2010 Dataset)
Models MSE | RMSE | PSNR (dB) | SSIM | No. Parameters| GFLOPs

Bl 43.05| 6.33 29.13 0.69 0 0
RCAN 38.04| 5.91 30.41 0.73 16,406,409 135.14
SAN 37.47| 5.87 30.51 0.74 15,936,553 179.36

RFANet 36.94| 5.81 30.66 0.75 10,692,489 87.76
SCA-RFANet | 36.89| 5.81 30.68 0.75 11,245,449 87.83
MSCA-RFANet | 36.64| 5.79 30.72 0.75 11,245,449 87.84

As shown in Tables 3.7 and 3.8, all DL-based SISR methods signi cantly outperform
bicubic interpolation in terms of all metrics. As shown in Table 3.7, on the SWOOP
2010 Dataset, MSCA-RFANet outperforms the other state-of-the-art methods. Speci cally,
MSCA-RFANet achieves a PSNR value of 30.72 dB, exceeding those of RCAN, SAN,

8In Tables 3.7 and 3.8, 1 GFLOPs represents 1 billion Floating Point Operations.
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Table 3.8: Performance of SISR models (tested on the WHU Building Dataset)
Models MSE | RMSE | PSNR (dB) | SSIM | No. Parameters| GFLOPs

Bl 76.54| 8.73 19.39 | 0.44 0 0
RCAN 69.10| 8.29 20.36 | 0.50 | 16,406,409 | 540.54
SAN - - - - - -

RFANet 69.42| 8.31 20.35 0.50 10,692,489 351.06
SCA-RFANet | 68.88 8.27 20.42 0.50 11,245,449 351.31
MSCA-RFANet | 68.97| 8.28 20.38 0.50 11,245,449 351.37

RFANet by 0.31 dB, 0.21 dB and 0.06 dB, respectively. On the WHU Building Dataset
(Table 3.8), MSCA-RFANet achieves a PSNR value of 20.01 dB, which is higher than
those of RCAN and RFANet by 0.02 dB and 0.03 dB, respectively. Because RFANet,
SCA-RFANet and MSCA-RFANet have similar performance, the SSIM score is the same
up to two decimal places in Tables 3.7 and 3.8. The evaluation scores of the SAN model
are omitted because with the limited computational resource the SAN could not process
the down sampled WHU Building Dataset while other methods could. In Tables 3.7 and
3.8, the RMSE values are not equal to the squared MSE values. This is because MSE and
RMSE are calculated as averaged values across all images, rather than computing RMSE
as the square root of MSE.

By examining the performance of SCA-RFANet in Tables 3.7 and 3.8, the positive
contribution of using both spatial attention (ESA) and CA or SCA block in SISR can be
observed. For instance, the PSNR value of SCA-RFANet on the WHU Building Dataset
has increased from 20.35 dB to 20.42 dB. The contribution of the share-source skip con-
nection between RFA+ modules needs further investigation because the share-source skip
connection shows a positive e ect on the spatial resolution enhancement of the SWOOP
2010 Dataset but a negative e ect on that of the WHU Building Dataset. Overall, the
MSCA-RFANet achieves superior performance in the conducted experiments.

3.3.2 Impact of SISR on Rooftop Delineation
Semantic models trained on single building dataset

For ease of comparison, the evaluation metrics of the extraction results from the two
experiments are arranged according to the training dataset in Tables 3.9 and 3.10. It is
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worth noting that for the images in the Massachusetts Building Dataset, SISR methods
are used to process the images and bicubic interpolation is used to process the ground
truth masks. The interpolated ground truth masks accurately depict the locations and
shapes of the buildings, as shown in Figure 3.4. For the Waterloo Building Dataset, the
bicubic interpolation is used to down sample both the images and the ground truth masks
as shown in Figure 3.5.

Figure 3.4: Examples of the super-resolved Massachusetts Building Dataset. (a-b) An
original image and the matched original mask (1 m/pixel); (c-d) The matched super-
resolved image and the interpolated mask (0.3 m/pixel).

Figure 3.5: Examples of the processed Waterloo Building Dataset. (a-b) An original image
and the matched original mask (0.12 m/pixel); (c-d) The matched interpolated image and
the interpolated mask (0.3 m/pixel).

As shown in Table 3.9, two trends can be observed based on OA, mloU, and F1 score.
Firstly, the evaluation metrics tend to be higher when the test set is more similar to the
training set in terms of data distribution and spatial resolution. Secondly, the quality
of extraction results generally improves after super-resolution. However, there are cases
where a signi cant discrepancy between the test set and training set in spatial resolution
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and data statistics can a ect the results. This can be observed in the models trained on
the original Massachusetts Building Dataset (with the spatial resolution of 1 m/pixel).
For example, the model trained on the original Waterloo Building Dataset obtains its
highest mloU of 87.12% on the same dataset but achieves its lowest mloU of 43.31% on
the original Massachusetts Building Dataset. This model achieves its second highest mloU
of 69.31% on the bicubically interpolated Waterloo Building Dataset. In addition, the
model exhibits a higher mloU when applied to the super-resolved Massachusetts Building
Dataset compared to both the bicubically interpolated and original Massachusetts Building
Dataset. Precisely, the mloU value increases from 43.31% to 45.46% and 48.00% after
performing interpolation and super-resolution on the Massachusetts Building Dataset.

Same trends could also be found in the extraction results on the test sets using models
trained on the interpolated Waterloo Building Dataset (Table 3.9), the WHU Building
Dataset (Table 3.9), the bicubically interpolated Massachusetts Building Dataset (Table
3.10), the super-resolved Massachusetts Building Dataset (Table 3.10) and the original
Massachusetts Building Dataset (Table 3.10). One interesting thing is that the HRNet v2
model trained on the interpolated Waterloo Building Dataset performs poorly on the WHU
Building Dataset. This could be attributed to the presence of di erent building types in
the WHU dataset and minor interpolation errors that a ect the model's performance.

The proposed MSCA-RFANet is expected to outperform RFANet in all scenarios.
Super-resolving the training set using MSCA-RFANet produce signi cantly better results
when tested on test sets that di er from the training set in terms of resolution (the original
Massachusetts Building Dataset) or building distribution (the WHU Building Dataset).
However, as indicated by the results in Tables 3'9nd 3.10, it is evident that super-
resolving the test set with RFANet yields slightly improved results. This can be attributed
to the fact that training on MSCA-RFANet enhances the model's ability to handle signif-
icant distribution shifts between the training and test datasets. However, using RFANet
on the test set e ectively mitigates minor distribution shifts that might exist between the
test set and the training set. This e ect is also observable in training sets D and E, as
shown in Table 3.11 in the subsequent section.

Semantic models trained on composed building dataset

The e ect of SISR on dataset composition for rooftop delineation is evaluated in this
section. The HRNet v2 model is trained on the combination of the Waterloo Building

“In Tables 3.9,3.10, 3.11 and 3.12, the Waterloo Building Dataset, the WHU Building Dataset and the
Massachusetts Building Dataset are noted as \Waterloo"," WHU" and \Massachusetts". Bicubic interpo-
lation, super-resolution using RFANet and MSCA-RFANet are noted as Bl, RFA, and new, respectively.
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Table 3.9: Performance of rooftop delineation results using models trained on the Waterloo
Building Dataset and the WHU Building Dataset (in %)

Training data |Test Data (pixel size (m/pixel)) | OA | loU |mloU |Precision|Recall|F1 score
(pixel Size
(m/pixel))

Waterloo (0.12) 97.7876.6387.12| 92.48 |81.72| 86.77

Waterloo (BI: 0.3) 94.6744.1869.31| 79.07 |50.03| 61.29

WHU (0.3) 89.5418.62 53.95 58.04 |21.52| 31.39

W(%t_elg‘;o Massachusetts (Bl: 0.3)  |73.0819.7545.46| 32.45 |33.55 32.99

Massachusetts (RFA: 0.3) |74.3123.9548.00 36.58 |40.97| 38.65

Massachusetts (new:0.3) |74.1823.6347.78| 36.24 |40.44| 38.22

Massachusetts (1) 80.71 6.14|43.31] 40.66 | 6.75| 11.58

Waterloo (0.12) 79.2125.4951.55| 27.25 |79.79| 40.62

Waterloo (BI: 0.3) 83.9930.5556.66| 32.50 |83.57| 46.80

WHU (0.3) 50.26/15.76/30.46| 16.26 |83.61| 27.23

\(/\éal‘te(;'g;’ Massachusetts (Bl: 0.3)  |73.4921.01/46.25 33.80 |35.70| 34.73

Massachusetts (RFA: 0.3) |75.4829.37/51.04| 40.53 |51.62| 45.41

Massachusetts (new:0.3) |75.0928.6550.48/ 39.75 |50.65| 44.54

Massachusetts (1) 76.97/11.4443.85 28.95 |15.90| 20.52

Waterloo (0.12) 88.6315.3051.85| 31.29 |23.05| 26.55

Waterloo (Bl: 0.3) 87.37/18.9352.96] 29.21 |34.99| 31.84

WHU (0.3) 95.2267.7481.21| 73.09 |90.26| 80.77

V(\(/)HSL)J Massachusetts (BI: 0.3) 75.68 6.5640.91| 21.40 | 8.65 | 12.32

Massachusetts (RFA: 0.3) |75.7521.66/47.83| 37.44 |33.94| 35.61

Massachusetts (new:0.3) |75.81j21.8347.94| 37.63 |34.21| 35.83

Massachusetts (1) 80.1517.9848.61) 44.20 |23.26| 30.48
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Table 3.10: Performance of rooftop delineation results using models trained on the Mas-

sachusetts Building Dataset (in %)

Training data |Test data (pixel size (m/pixel))| OA | loU mloU|PrecisionRecallF1 score

(pixel size
(m/pixel))

Waterloo (0.12) 65.1310.7437.17 12.21 |47.04] 19.39

Waterloo (BI: 0.3) 75.3912.9643.71 15.58 [43.45/ 22.94

Massachusettd WHU (0.3) 77.3723.5249.6Q0 27.38 |62.53 38.08

(BI: 0.3) Massachusetts (Bl: 0.3) (81.4844.8861.54 52.14 |76.32] 61.95

Massachusetts (RFA: 0.3) [80.9845.2061.32 51.19 [79.45 62.26

Massachusetts (new:0.3) [79.8943.9560.04 49.43 |[79.86 61.06

Massachusetts (1) 52.0324.7633.90 25.95 |84.38 39.69

Waterloo (0.12) 68.829.61/38.68 11.48 [37.21] 17.54

Waterloo (BI: 0.3) 76.8311.2143.67 14.21 |34.70 20.16

Massachusettd WHU (0.3) 77.6119.4547.89 24.49 |48.59 32.57

(RFA: 0.3) Massachusetts (Bl: 0.3) [81.7542.8360.85 52.91 |69.21] 59.97

Massachusetts (RFA: 0.3) |84.5749.4965.66 58.34 |76.54| 66.21

Massachusetts (new:0.3) [83.8148.3464.63 56.67 |76.67| 65.17

Massachusetts (1) 53.5123.2934.58 25.20 |75.47] 37.79

Waterloo (0.12) 64.0610.1736.35 11.57 |45.66| 18.46

Waterloo (BI: 0.3) 74.2310.2541.85 12.67 |34.90 18.59

Massachusettd WHU (0.3) 82.4815.1848.55 24.76 |28.18 26.36

(new: 0.3) Massachusetts (Bl: 0.3) |78.0838.5256.55 46.34 [69.56 55.62

Massachusetts (RFA: 0.3) |80.6944.4060.79 50.73 |78.07| 61.50

Massachusetts (new:0.3) [79.6043.1159.49 48.97 [78.29 60.25

Massachusetts (1) 64.9220.7741.07 26.45 |49.16/ 34.40

Waterloo (0.12) 80.294.81/42.45 7.79 |11.18 9.19

Waterloo (BI: 0.3) 82.225.09/43.57 8.48 [11.32] 9.69

Massachusetts WHU (0.3) 87.6821.0954.18 42.34 [29.59 34.84

(1) Massachusetts (Bl: 0.3) [79.8538.94|44.19 45.45 [10.01] 16.41

Massachusetts (RFA: 0.3) |81.7821.2851.06 59.23 |24.93 35.10

Massachusetts (new:0.3) (81.5520.8650.73 57.69 |24.62] 34.51

Massachusetts (1) 87.4647.6866.76 68.49 61.08 64.57
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Dataset, the WHU Building Dataset and Massachusetts Dataset. In training set A, all three
datasets are combined using the original datasets. In training set B, the Massachusetts
Building Dataset is bicubically interpolated to 0.3 m/pixel. In training set C, the Waterloo
Building Dataset and the Massachusetts Building Dataset are bicubically interpolated to
0.3 m/pixel. In training set D, the Waterloo Building Dataset and the Massachusetts
Building Dataset are processed to 0.3 m/pixel using bicubic interpolation and RFANet. In
training set E, the Waterloo Building Dataset and the Massachusetts Building Dataset are
processed to 0.3 m/pixel using bicubic interpolation and MSCA-RFANet.

In addition to the previously mentioned trends, the performance improvement caused
by dataset composition is noticeable. For example, OA on the original Waterloo Building
Dataset test set increases from 88.63% of the model trained on the WHU Building Dataset
(Table 3.9) to 94.36% of the model trained on the training set A (Table 3.11), although it
is lower than the 97.78% achieved by the model trained on the original Waterloo Building
Dataset where both training and test sets are split from the same dataset (Table 3.9).
In other words, by simply composing datasets, the generalizability of the trained model
is improved signi cantly. By super-resolving the Massachusetts Building Dataset using
DCNN based methods in the composed dataset, this improvement becomes more obvious.
Across all composed training sets, the evaluation scores increase for di erent test sets,
except for the original Massachusetts Building Dataset, which exhibits a large spatial
resolution di erence. However, this discrepancy is mitigated through the use of SISR
super-resolution (or bicubic super-resolution to a lesser degree) to process the test set.
For instance, when training on any composed datasets and applying super resolution as a
preprocessing step, the model achieves a high degree of generalizability. Super-resolving the
test set using RFANet yields the best results. Nonetheless, super-resolving the training set
using MSCA-RFANet enhances the model's generalizability and yields even better results.

3.3.3 Impact Visualization

In this section, the generalization errors, and the impact of super-resolution, and combining
super-resolution and data composition on rooftop delineation are visualized in Figures
3.6,3.7, and 3.8, respectively.

Figure 3.6 tabulates, from the rst to the last row, the samples of super-resolved images
from the Massachusetts Building Dataset and the matched ground truth mask, extraction
results generated by models trained on the Waterloo Building Dataset with spatial resolu-
tion of 0.12 m/pixel and 0.3 m/pixel, the WHU Building Dataset and the Massachusetts
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Table 3.11: Performance of rooftop delineation results using models trained on the Mas-
sachusetts Building Dataset (in %)

Training Data |Test Data (pixel size (m/pixel)) | OA | loU |mloU |Precision|Recall|F1 score
(pixel size
(m/pixel))
Waterloo (0.12) 94.3658.2176.04| 63.14 |88.16| 73.58
Waterloo (BI: 0.3) 92.7243.1167.70] 55.84 |65.40| 60.25
WHU (0.3) 94.7665.0679.63| 71.62 |87.67| 78.84
A Massachusetts (Bl: 0.3) 81.2512.58 46.66| 61.44 |13.66| 22.35
Massachusetts (RFA: 0.3) |84.9234.9659.28 70.25 |41.04| 51.81
Massachusetts (new:0.3) |84.7633.9858.72 70.18 |39.72| 50.73
Massachusetts (1) 88.17/51.9369.19] 68.42 |68.29| 68.36
Waterloo (0.12) 79.97/21.4850.14| 24.82 |61.46| 35.36
Waterloo (BI: 0.3) 87.11j27.5557.00 34.37 |58.13| 43.20
WHU (0.3) 93.4659.62 76.20| 65.61 |86.73| 74.71
B Massachusetts (Bl: 0.3) 78.71]41.12 58.06| 47.54 |75.25| 58.27
Massachusetts (RFA: 0.3) [79.27/41.68 58.67| 48.39 | 75.03| 58.84
Massachusetts (new:0.3) |78.3040.7057.60f 46.93 |75.41| 57.85
Massachusetts (1) 77.8923.1449.72| 39.82 |35.58| 37.58
Waterloo (0.12) 81.6524.6552.56| 27.99 |67.35| 39.55
Waterloo (BI: 0.3) 89.1937.56 63.00| 42.26 |77.15| 54.61
WHU (0.3) 93.9361.4777.37| 67.67 |87.03| 76.14
C Massachusetts (Bl: 0.3) 82.57/43.77/61.80| 54.68 |68.68| 60.89
Massachusetts (RFA: 0.3) |82.97/45.48 62.81] 55.29 |71.95| 62.53
Massachusetts (new:0.3) [82.71/45.09 62.47| 54.74 |71.90| 62.16
Massachusetts (1) 80.87/15.9348.04| 47.21 |19.38| 27.48
Waterloo (0.12) 92.0240.7966.17| 54.61 |61.71| 57.95
Waterloo (BI: 0.3) 96.0462.12178.94| 76.22 |77.05| 76.63
WHU (0.3) 95.4568.14/81.55] 75.54 |87.43| 81.05
D Massachusetts (BI: 0.3) 84.6742.0462.39] 62.39 |56.31| 59.20
Massachusetts (RFA: 0.3) [87.67/52.9269.30] 68.29 |70.15| 69.21
Massachusetts (new:0.3) [87.3252.09 68.69] 67.27 |69.78| 68.50
Massachusetts (1) 81.5414.51147.73| 52.06 |26.75| 25.34
Waterloo (0.12) 92.7841.4166.90 59.96 |57.25| 58.57
Waterloo (BI: 0.3) 94.8356.2775.36] 66.25 |78.88| 72.01
WHU (0.3) 94.1661.80 77.68| 69.43 |84.91| 76.39
E Massachusetts (BI: 0.3) 86.3540.98 62.95 73.77 |47.97| 58.14
Massachusetts (RFA: 0.3) [88.3254.2170.33] 70.63 |69.99| 70.31
Massachusetts (new:0.3) |88.2554.0070.18 70.41 |69.85| 70.13
Massachusetts (1) 82.7916.2949.24| 64.32 |17.91| 28.02
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Building Dataset. As shown in the red boxes, among these models, the model trained on
the bicubically interpolated Waterloo Building Dataset shows higher performance than that
trained on the original Waterloo Building Dataset; the model trained on the WHU Build-

ing Dataset shows the poorest performance; and the model trained on the Massachusetts
Building Dataset shows the highest performance. In the last row, the trained model shows
high performance on the DCNN super-resolved images, with slightly higher performance
coming from the MSCA-RFANet super-resolved image. Therefore, it can be concluded
from Figure 3.6 with the previously mentioned ndings: the more similar the test set is
to the training set with respect to data distribution and spatial resolution, the higher the
model scored on the evaluation metrics.

Figure 3.7 tabulates, from the rst to the last row, the samples of super-resolved images
from the Massachusetts Building Dataset and the matched ground truth mask, extrac-
tion results generated by models trained on the original, the bicubically interpolated, the
RFANet super-resolved, and the MSCA-RFANet super-resolved Massachusetts Building
Dataset respectively. As shown in the red boxes, among these models, models trained on
the super-resolved datasets show better performance than those trained on the original
and bicubically interpolated datasets. The performance di erence between two models
trained on super-resolved data is marginal. Similarly, in the last row, the model shows
high performance on CNN super-resolved images with marginal di erence. The results
con rm the second nding that after super-resolution the quality of extraction results can
be improved.

Figure 3.8 displays, from the rst to the last row, the samples of super-resolved images
from the Massachusetts Building Dataset and the matched ground truth mask, extraction
results generated by models trained on the original Massachusetts Building Dataset, train-
ing sets A, B, C, D and E. As shown in the red boxes, the model trained on the set E shows
best performance among all models. CNN super-resolved images as test data exhibit better
performance compared to bicubically interpolated images. The visualization results align
with the previous ndings. The extraction results in the last two row con rm the positive
impact of combining super-resolution and data composition on rooftop delineation.

3.3.4 Test on \Unknown" Data

To further test the impact of super-resolution and data composition on rooftop delineation,
the trained models from previous experiments, as well as the model trained speci cally on
the Inria Building Dataset, are compared on the Inria Building Dataset. As its test set
is not released, the training set is split into training and test sets with a ratio of 7:3. As
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Figure 3.6: Visualization of generalization errors and extraction results using models
trained on di erent building datasets
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Figure 3.7: Visualization of the impact of super-resolution on rooftop delineation
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Figure 3.8: Visualization of the impact of data composition and super-resolution on rooftop
delineation
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shown in Table 3.12, the results con rm that the more similar the test set is to the training
set with respect to data distribution and spatial resolution, the higher the model scores
on the evaluation metrics. The performance of models trained on training sets C, D, and
E further validates the second nding, indicating that the quality of extraction results
generally improves after super-resolution. The higher performance of models trained on
training sets A and B can be attributed to the larger volume of data used for training.
Notably, the model trained on training set E achieves the best performance, highlighting
the superior results achieved by combining super-resolution and data composition when
constructing the training dataset for rooftop delineation.

Table 3.12: Test on "unknown" Inria Building Dataset (in %)
Training Data (pixel size (m/pixel)) | OA | loU | mloU | Precision| Recall| F1 score
The Inria Building Dataset (0.3) |92.3559.49 75.44| 74.01 | 75.20| 74.60

Waterloo (0.12) 86.18/15.90 50.85| 63.53 | 17.49| 27.43
Waterloo (0.3) 83.24/34.39 58.01| 45.29 | 58.83| 51.18
WHU (0.3) 82.06| 26.70 53.76| 40.65 | 43.75| 42.15
Massachusetts (BI: 0.3) 83.92/ 30.27,56.49| 46.19 | 46.76| 46.47

Massachusetts (RFA: 0.3) 83.91/25.18 54.09| 45.19 | 36.26| 40.23
Massachusetts (new: 0.3) 83.14/25.04| 53.59| 42.70 | 37.70| 40.04
Massachusetts (1) 86.19 12.35 49.13| 70.31 | 13.03| 21.99

A 88.1136.24| 61.74| 64.52 | 45.26| 53.20

B 86.13/33.38 59.24| 54.15 | 46.53| 50.05

C 86.4132.99 59.21| 55.57 | 44.81| 49.61

D 87.6033.14/ 59.96| 62.93 | 41.19| 49.79

E 88.78/39.93 63.90| 66.53 | 49.97| 57.07

3.4 Discussion

3.4.1 Accuracy Improvement

The key modules in RCAN and SAN play crucial roles in performance improvement. In
RCAN, long skip connection (LSC), short skip connection and CA are key strategies, which
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were explored in spatial resolution enhancement of Set 5 dataset [184]. LSC, which fuses
features from the head and trunk parts via pixel-wise addition, contributed to a 0.32 dB
increase in PSNR. Short skip connection, which fuses features from the input and output
of each module, contributed to a 0.36 dB increase in PSNR. The CA block contributed to a
0.07 dB increase in PSNR. Short skip connection was inherited in SAN and RFANet; LSC
was inherited in RFANet and upgraded to share-source residual group (SSRG) in SAN;
CA was embedded in the SCA blocks of the MSCA-RFANet. Therefore, both of these key
modules were studied in the MSCA-RFANet.

In SAN, the region-level non-local module (RL-NL), the SSRG and the Second-Order
Channel Attention (SOCA) are key modules. These modules have been extensively studied
for spatial resolution enhancement on the Set 5 dataset [32]. By considering feature inter-
dependencies, SOCA outperformed the First Order Channel Attention (FOCA) and was
adopted in SAN. However, the implementation of SOCA required the matrix calculation
of a large-sized covariance matrix, which limited the size of input images and a ected the
performance of SISR [32]. Therefore, the SOCA module was not adopted in the MSCA-
RFANet, even though it provided a 0.16 dB increase in PSNR according to Dai et al.
[32]. The share-source skip connection in the SSRG, which represents the skip connection
between each basic module (RFA+ module in the MSCA-RFANet), resulted in a 0.07 dB
increase in PSNR, as reported by Dai et al. [32] and discussed in the previous section.
This skip connection was subsequently incorporated into the MSCA-RFANet. The RL-NL
modules in SAN evenly split the input features into the top left, top right, bottom left, and
bottom right parts. Subsequently, non-local modules are applied to each part, enabling
the computation of long-range dependencies in the images. Adding an RL-NL module
before and after the trunk part of SAN increased the PSNR value by 0.04 dB and 0.06 dB,
respectively. RL-NL modules have the potential to further enhance the performance of the
MSCA-RFANet. Considering the superior performance of the Global Context (GC) module
in recent work [13] compared to the non-local module, this section tests the former rather
than the latter. Figure 3.9 shows the di erence in architecture between the NL module and

Table 3.13: E ect of GC blocks on the performance of MSCA-RFANet

Datasets Models MSE RMSE PSNR (dB) SSIM
SWOOP MSCA-RFANet 36.64 5.79 30.72 0.75
+GC block 36.70 5.79 30.70 0.75

WHU MSCA-RFANet 68.97 8.28 20.38 0.50
+GC block 71.01 8.40 20.01 0.47
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the GC module. The detailed information about the GC module can be found in Cao et
al. [13]. The e ect of the GC module on the performance of MSCA-RFANet is provided in
Table 3.13. The model with GC block before and after the trunk part of MSCA-RFANet

is denoted as \+ GC block". As shown in Table 3.13, the super-resolution performance is
decreased after adding GC blocks for both datasets. For example, the PSNR value of super-
resolution performance on the WHU Building Dataset is signi cantly decreased from 20.38
dB to 20.01 dB after adding GC blocks to MSCA-RFANet. The experiment's result shows
the detrimental e ect of GC blocks on the performance of MSCA-RFANet. In the end,
the combination of key modules from RCAN, SAN, and RFANet used in MSCA-RFANetis
can be con rmed as the optimal combination. To further improve the SISR performance,
powerful networks, such as the capsule network [127] and the transformer networks [36]
should be considered.

Figure 3.9: NL module(left) and GC module(right)

3.4.2 Computational E ciency Improvement

In this section, RFANet is taken as an example to explore the performance of low-precision
training and separable convolution methods on accelerating SISR methods. Low-precision
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training employs the fact that current Graphic Processing Units (GPUSs) (such as Nvidfa
V100) perform low precision oating point operations much faster than full precision oat-
ing point operations [55]. Separable convolution de nes a convolution group with fewer
parameters compared to standard convolution, resulting in computational e ciency [28].
After thorough exploration, the most promising acceleration method is applied to RFANet
to assess its super-resolution performance on the SWOOP 2010 Dataset

Table 3.14: Time consumed for model training in rst epoch

Models Time consumed (mins)
Original model 806
Separable convolution 3645
Mixed precision 525

As shown in Table 3.14, the low-precision training (Mixed precision) is identi ed as a
viable acceleration method. The low speed of model training with the separable convolution
is unexpected. Theoretically, reducing the number of trainable parameters would boost the
speed of model training. The low training speed using the separable convolution is probably
caused by a non-optimized network implementation in the deep learning framework [119],
which could not make full use of GPU capacity.

Table 3.15: Performance of super-resolution with low-precision training

Models MSE RMSE PSNR (dB) SSIM
RFANet 36.94 5.81 30.66 0.75
+ low-precision training 39.47 6.06 30.03 0.72

Following the initial exploration, the low-precision training is employed in RFANet
training to explore its impact on the super-resolution performance. Table 3.15 denotes
RFANet with and without low-precision training as \+low-precision training” and \RFANet".
As shown in Table 3.15, by applying low-precision training, the PSNR value of RFANet
signi cantly drops from 30.66 dB to 30.03 dB. Although the PSNR value is still higher than
that of bicubically interpolated images, it is unacceptable given its low accuracy compared
to DL-based SISR methods in this chapter and low speed compared to bicubic interpola-
tion method. In other words, the speed gain brought by low-precision training could not
make up for the accuracy loss.
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3.5 Chapter Summary

In this chapter, data composition is proposed to overcome the generalization errors and im-
prove the accuracy in rooftop delineation. A new super-resolution method is proposed for
super-resolving di erent datasets with di erent spatial resolution based on state-of-the-art
methods, namely MSCA-RFANet. The impact of super-resolution and data composition
on rooftop delineation is examined then. In the comparative study of di erent SISR meth-
ods, MSCA-RFANet shows higher performance on both the SWOOP 2010 Dataset and the
WHU Building Dataset compared to bicubic interpolation, RCAN, SAN and RFANet. In
the super-resolution impact examination, the experimental results show that using super-
resolution to match spatial resolution across datasets resulted in higher performance of
rooftop delineation. In addition, data composition achieves a positive impact on rooftop
delineation, resulting in higher generalizability of trained models. By unifying the spatial
resolution of di erent datasets, and training on the composed dataset, signi cant improve-
ments are achieved in building extraction performance. For rooftop delineation, not only
can MSCA-RFANet be used to compose the training set by unifying candidate training
datasets to a single spatial resolution, but also as a preprocessing step during testing or de-
ployment to up-sample input images to the spatial resolution used during training. Doing
so would, according to the results, greatly alleviate the generalization error in the practi-
cal application of rooftop delineation models. When super-resolving the test set, despite
being the better SISR network as demonstrated by the super-resolution metrics, using the
MSCA-RFANet yields slightly inferior building extraction results compared to the RFANet

it is based on, with around 0.1% to 1.1% OA di erence. However, when super-resolving
the training set (e.g., the Massachusetts Building Dataset from 1 m/pixel to 0.3 m/pixel),
MSCA-RFANet produces better building extraction results compared to RFANet when ap-
plied to test sets that signi cantly di er from the training set in terms of spatial resolution
(11.4% OA improvement on the 1 m/pixel Massachusetts Building Dataset) or building
distribution (4.87% OA improvement on the WHU Building Dataset). In general, both
methods outperform other SISR models, whether applied to the training or the test set. It
probably is caused by how the two SISR models a ected the distribution shift across the
training and test sets, which needs to be investigated further.

Among the currently available building datasets, it is essential to consider building
datasets with a variety of building types to overcome generalization errors. Additionally,
the availability of data should also be taken into consideration. The results indicate that,
in general, when training on a composite dataset that combines di erent training sets, the
model exhibits increased robustness in out-of-distribution testing on an unknown dataset
(the Inria Building Dataset).
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Chapter 4

Rooftop Delineation with Dynamic
Scale Training 8

4.1 Introduction

The end-to-end DCNN-based building extraction has drawn much attention recently. These
methods were rst introduced to directly generate vectorized building maps from remote
sensing images without any post-processing [90]. In recent research, the extraction re-
sults became more accurate with sharp and regularized rooftop boundaries by employing
advanced techniques, such as the ConvGRU [189] and the GNN [199], and by supervis-
ing model training with new targets, such as vertices [90, : , ], frame eld [44],
attraction eld maps [166], and permutation matrices [199]. In addition, by directly out-
putting vectorized rooftops with corners, the problems caused by occlusion and blurred
rooftop boundaries have been signi cantly reduced. Nonetheless, scale-variance problems
still exist.

In this Chapter, a new method is developed to overcome the scale-variance issue in
an end-to-end manner for automated delineation of rooftops in aerial imagery. The new
method incorporates a Dynamic Scale Training (DST) strategy and employs a scale-aware
higher resolution network (HigherNet) as backbone, as well as the higher resolution super-
vision targets. The objectives of this chapter are as follows:

8The content of the chapter has been submitted to IEEE Transactions on Geoscience and Remote
Sensing with a paper entitled \HigherNet-DST: Higher resolution network with dynamic scale training for
rooftop delineation from aerial images".
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(1) introducing a new powerful end-to-end rooftop delineation model,

(2) mitigating scale-variance issues in rooftop delineation without additional computa-
tional resource overhead by employing the DST strategy,

(3) and presenting the extensive experiments which are conducted on four publicly
available datasets and show the competitive performance of the proposed method.

4.2 Datasets and Methods

Scale-variation, especially in datasets with a low proportion of small objects, inhibits the
total performance of rooftop delineation. A new method is developed based on the HiSup
[166] to alleviate scale variance issues. Speci cally, the DST strategy is applied in model
optimization; the original High-Resolution Network (HRNet) v2 is replaced with the scale
aware HigherHRNet [25]; and the high-resolution supervision target is adopted instead of
down sampled targets in Xu et al. [166] without introducing new trainable parameters.

4.2.1 Building Datasets Preparation

To extensively evaluate the performance of the proposed network, and test its robustness,
four widely used public building datasets are selected in this chapter. These datasets are
the AICrowd Building Dataset [110], the Inria Building Dataset [103], the WHU Building
Dataset [66] and the Waterloo Building Dataset [51]. They consist of RGB bands but di er
in terms of the spatial resolution and cover various geographic locations.

AlCrowd Building Dataset was rstly used in the AlICrowd (previously CrowdAl) map-
ping challenge [110]. The satellite images have a spatial resolution of 0.3 m/pixel. Anno-
tation les were provided in MS COCO format [93]. All images were cropped to 3GB00
pixels. Because of the missing of testing dataset, following previous work [90, 44, : 1,
the training dataset and validation dataset are used for model training and testing, respec-
tively. The training dataset is composed of 280,741 images, and the validation dataset
contains 60,317 images [110].

In contrast to the MS COCO format annotations in the AlCrowd Building Dataset, the
Inria Building Dataset, the WHU Building Dataset, and the Waterloo Building Dataset
only have binary masks as annotations in their original datasets. Therefore, a polygoniza-
tion step is required to convert these annotations into the MS COCO format for model
training. Additionally, since the Inria Building Dataset does not include test data, the rst
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ve images of each city in the dataset are typically used for model evaluation [44, , ]
The WHU Building Dataset is selected for ablation and comparative studies due to its
smaller data volume compared to the other datasets.

4.2.2 Hierarchical Supervision Learning for Rooftop Delineation

To mitigate the performance gap between mask prediction and polygon extraction caused
by mask reversibility, the Hierarchical Supervision (HiSup) learning was proposed in Xu et
al. [166]. Speci cally, after feature extraction by backbone, four branches were attached for
mask prediction, attraction eld map prediction (used for line segmentation) [167], vertex
location prediction and o set prediction [166]. In their experiments, the HiSup showed the
highest performance on the AICrowd Building Dataset [110] and a competitive performance
on the Inria Building Dataset [103] against other methods, achieving the state-of-the-art
performance in learning-based rooftop delineation. Therefore, the HiSup is taken as the
basis for developing the new method in this chapter.

Figure 4.1: Architecture of the scale-aware HigherHRNet (modi ed from Cheng et al.[25])
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Figure 4.2: Architecture of the object extraction branch (modi ed from Xu et al.[166])

4.2.3 Scale-aware HigherHRNet (HigherNet)

HRNet v2 has shown excellent performance in feature extraction and representation using
multi-level features with repeated information exchange in each stage [140]. However,
in the nal stage of HRNet v2, the highest resolution of features is 1/4 of the input.
Information loss and scale variance suppresses the performance of HRNet v2. Cheng et al.
[25] proposed the scale-aware HigherHRNet by adding a scale-aware module on top of the
HRNet v2. The scale-aware module is mainly composed of a deconvolutional module and
4 residual blocks (or \Basic Blocks") [54]. To save computational resources, two features
with di erent spatial resolution are down sampled to 128128 pixels and concatenated,
which is similar to the output size of HRNet in HiSup. The architecture of the scale aware
HigherHRNet is shown in Figure 4.1. The \feature" in Figure 4.1 is used in the extraction
branch as shown in Figure 4.2. The \output” in Figure 4.1 is the predicted vertex o set
which will be used in the nal polygon generation as described in Xu et al. [166].
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4.2.4 Dynamic Scale Training

DST (Stitcher) overcomes scale-variance by collaging images and supervision targets which
is guided by dynamic feedback [23]. Speci cally, the feedback is the proportion of loss con-
tribution of small objects against that of all objects. For instance, ilLsmall=L <=, in
next iteration, k images are randomly selected from next batch of data to create a new
image. In the inequality, Lsmall and L represent losses calculated on small objects and
all objects in each batch. In addition, and k are two hyper parameters representing
the threshold for \Stitcher" and the number of images used for creating the collage, re-
spectively. The collected images and supervision targets are down sampled and stitched
together, as shown in Figure 4.3. If the ratio is larger than, the model is trained with

the usual pipeline in the next iteration.

Figure 4.3: Principle of Dynamic Scale Training in HigherNet-DST
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4.2.5 High-resolution Supervision Targets

As discussed in Chapter 2, using higher resolution input [23] can, to some extent, overcome
scale variance. However, this approach brings an overwhelming computational burden. In
the HiSup [166], the models were trained with lower resolution targets (1/4 of input res-
olution), which signi cantly reduced the memory cost in model training and deployment.
However, lower-resolution supervision targets also cause information loss and poor per-
formance, especially for small objects. To balance the memory cost and performance, in
HigherNet-DST, high resolution supervision targets are applied, which have the same res-
olution as the input. There are two reasons why the high-resolution supervision targets
are adopted instead of low-resolution one as in Xu et al. [166]. (1) High-resolution super-
vision targets have more detailed information compared to low-resolution ones [102]. Such
detailed information is helpful for small object detection [25]. (2) When supervised with
up sampled targets, the model is trained to consider the up-sampling process including
both advantages and potential errors and can learn to take advantages or deal with these
accordingly. The boundary delineation part of the method is depicted in Figure 4.2.

In this method, the Mask-and-Vertices Attraction [166], which was used in HiSup, is
employed for polygons construction. Predicted vertices and masks are taken as input to
initialize polygons. Local Non-Maximum Suppression (NMS) is applied to sparse vertices.
Re ned vertices with the aid of predicted o set vectors is used to simplify initialized poly-
gons by removing redundant vertices and low con dence vertices from initialized polygons.
Adjacent edges in each polygon are further merged if they are almost paralleled.

4.2.6 Evaluation Metrics

The object levels evaluation metrics proposed in Lin et al. [93] are widely used in instance
segmentation and object detection in computer vision and remote sensing applications.
In the literature, Average Precision (AP), Average Recall (AR),APso and AP;s were
used to evaluate di erent methods on the AICrowd Building Dataset. To deal with the
scale variance in this chapter, in addition to these metrics, AP-SmallAPs), AP-Medium
(AP.,), AP-Large (AP.), AR-Small (AR;), AR-Medium (AR,) and AR-Large (AR_) are
also applied. Small, Medium and Large size denote @32 pixeld, between 3932 pixels
and 98096 pixels, and larger than 9696 pixels, respectively.

9The choice to use pixels instead of meters as the unit of measurement is rooted in the fact that deep
learning models focus on input image pixel values and do not inherently account for the physical dimensions
of objects. This allows us to align the measurement with the way these models process and analyze data.
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In this chapter, the MS COCO criterion is utilized to de ne small, medium and large
size. Small buildings, under this criterion, exhibited poorer performance compared to
medium and large building objects in existing rooftop delineation research. These methods
include the Mask R-CNN-based method [110], the PANet [96], the PolyMapper [20], the
PolyWorld [199] and the HiSup [166]. Additionally, considering the proportion of small
buildings over the total number of buildings is indispensable, improving the accuracy of
delineating small building objects is expected to enhance the overall accuracy.

Following Xu et al. [166], the restricted metricAP Peunday [24] is also adopted AP Poundary
is average precision calculated based on boundary loU [166] instead of mask loU in Lin et
al. [93]. The boundary IoU is calculated as:

i(Ca\ C)\ (C\ &y)j
i(Ca\ C)\ (C\ Cy)j

BoundaryloU (C; €) = (4.1)

where C andC are ground truth building mask and predicted building mask.C4 and €4
represent pixels within distance d from building boundaries. In this chapter, the parameter
d is set to 0.02. For the comparative study on the Inria Building Dataset, loU and OA are
employed to evaluate the extraction results.

4.2.7 Implementation Details

In the training phase, the cross-entropy loss is used for mask prediction, and vertex location
prediction. The L; loss is used for line segment prediction, and o set prediction. For
hyperparameters setting, the initial learning rate, the weight decay, the max epoch and
the batch size are set to 1le-4, 1e-4, 100 and 16 respectively. After the rst 25 epochs, the
learning rate is divided by 10. In all experiments including DST, the parameters ofand k

are set to 0.1 and 4, following Chen et al. [23]. For the ablation study and the comparative
study with di erent backbones, the batch size is set to 7 due to the memory limitation
with large backbones. Pytorch 1.7 and an Nvidfa RTX 3090 GPU are employed to train
the networks. To train the HigherNet-DST on the AlCrowd Building Dataset, 2 Nvidi&
RTX 3090 GPUs with the same parameter settings are used.
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4.3 Experimental Results and Analysis

4.3.1 Results on the AlCrowd Building Dataset

As introduced at the beginning of Section 4.2.1, the AlICrowd Building Dataset was released
in 2018 for rooftop delineation. In this chapter, for comparison, the extraction results
generated by PolyWorld [199], HiSup [166] and HigherNet-DST are visualized in Figure
4.4,

Figure 4.4: Building polygon delineation results on the AlCrowd Building Dataset (from
top to bottom: selected examples from PolyWorld, HiSup and HigherNet-DST, respec-
tively)
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As shown in the gure, the performance on extracting medium and large-sized building
objects shows limited di erences among the methods. However, on small objects, such as
objects in the top right of the rst column and the bottom middle of the second column,
the proposed method outperforms PolyWorld and HiSup. In the last column, the perfor-
mance on objects on the left side, the proposed method surpasses HiSup but is inferior to
PolyWorld.

Table 4.1 provides quantitative evaluation results of HigherNet-DST and other state-
of-the-art methods on the AlCrowd Building Dataset. HigherNet-DST shows competitive
performance compared to other state-of-the-art methods but is inferior to that of Li et al.
[87] and HiSup [166]. Speci cally, it achieves 68.5% of AP, which is competitive compared
to other methods but lower than 73.8% and 79.4% of AP reported by Li et al. [87] and
HiSup, respectively. This result is probably caused by dataset interpolation which may
have resulted in uncertainty and is harmful to the performance. Further experiments are
required to nd the reason with more data and more computational resources.

Table 4.1: Evaluation results on the AlCrowd Building Dataset

Methods AP [APs|APss| AP |AP, AP | AR [ARG|AR ., [AR, | AP boundary

Mask RCNN[53, 110]41.9 67.5| 48.8/12.4/ 58.1/51.9/47.6/18.1] 65.2| 63.3| 15.4

PANet[96] 50.7 73.9| 62.6/19.8 68.5|65.8/54.4 21.8 73.5| 75.0 -
PolyMapper[20] |55.7 86.0| 65.1|30.7 68.5|58.4/62.139.4| 75.6| 75.4|  22.6
FFL[44] 67.092.1/756| - | - | - |732 - | - | - 34.4

Li et al[37] 73.892.0/819| - | - | - |728 - | - | - -
PolyWorld[199] |63.3| 88.6| 70.5|37.2 83.6/87.7|75.4/52.5 88.7| 95.2|  50.0
HiSup[166]  |79.4 92.7| 85.3|55.4 92.0/96.581.5 60.1| 94.1| 97.8|  66.5
*HigherNet-DST® |68.5 88.4| 77.5|41.9 82.6|88.8/71.3/46.6 85.6| 91.7|  48.0

4.3.2 Results on the Inria Building Dataset

In recent work [44, : ], the Inria Building Dataset was also used to test the per-
formance of new methods in rooftop delineation and speci cally to test generalizability.
In this section, to visually evaluate rooftop delineation performance on the Inria Building
Dataset, the qualitative results are tabulated in Figure 4.5. In the rst row, extraction
results generated by the HiSup model released by Xu et al. [166] are presented. In the

56



second row, extraction results generated by HigherNet-DST are presented. As shown in the
rst two columns of Figure 4.5, HigherNet-DST detects more building objects with accu-
rate boundaries than HiSup. It excels in extracting small building objects, outperforming
HiSup. In the last column, the extraction performance on large objects is depicted. Both
methods show high performance, but unexpected lines appear, which may be caused by
errors in the junctions ordering when generating nal polygons. In addition, HigherNet-
DST achieves better performance in the qualitative results in Figure 4.5 by checking the
yard detection. The yard of the middle bottom building is detected by HigherNet-DST but
missed by HiSup, which further proves the superior performance of the proposed method
when extracting small objects.

Figure 4.5: Building polygon delineation results on the Inria Building Dataset (top: results
from HiSup, bottom: results from HigherNet-DST)

To quantitatively evaluate two models, loU and OA (pixel/overall accuracy) following
Xu et al. [166] and object level metrics mentioned in the previous section are employed. As
shown in Tables 4.2 and 4.3, HigherNet-DST achieves the highest values on both pixel level
metrics and object level metrics except foAP, . This demonstrates the high performance
of the models in image segmentation and boundary delineation. Speci cally, the model
obtains an AP of 38.4%, which is 9.4% higher than that of HiSup. The value &R is
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increased by more than 20% with HigherNet-DST model. And the values 8#so, AP7s,
APn, AR, AR, AR, are also increased by more than 10% with HigherNet-DST. The
experiment con rms the success of the proposal.

Table 4.2: Evaluation results on the Inria Building Dataset-object level
Methods | AP |APso|AP75|APs |APm |APL | AR |ARs|ARy | AR | AP Poundary

HiSup[166] [29.0[ 50.0| 29.8|17.8/41.6/49.8/34.0/21.5| 45.7| 59.2 24.2
*HigherNet-DST | 38.4| 64.2| 40.8|26.8| 52.2| 40.2|46.1 34.0| 58.1| 59.6 34.0

Table 4.3: Evaluation results on the Inria Building Dataset-pixel level (in %)

Methods loU Accuracy
FFL[44] 74.8 96.0
HiSup*[166] 80.7 97.0
*HigherNet-DST 82.6 97.4

4.3.3 Results on the WHU Building Dataset

The WHU Building dataset was released with binary building masks [66]. To the best of my
knowledge, the dataset has never been used in polygon delineation in literature. Therefore,
in this chapter, binary building masks are rst converted to polygon annotations in the MS
COCO format. To test the performance of the method on building polygon delineation,
PolyMapper [90] and HiSup [166] are selected for the comparative study.

As shown in Figure 4.6, the results from the HiSup and the HigherNet-DST are more
accurate than those from the PolyMapper. Speci cally, incomplete polygons or omitted
polygons in the outputs of PolyMapper are completed and detected in the outputs of
HiSup and HigherNet-DST. Improvement can be found in small objects. Small objects in
the outputs of HiSup, especially in the rst and last columns, have incomplete polygons,
which are xed when using the proposed new method. The visualization results con rm
the evaluation results discussed above.

As shown in Table 4.4, the method achieves the best performance when compared
to the PolyMapper and the HiSup. Speci cally, the method obtains an AP of 60.1%,
compared to 51.4% for PolyMapper and 58.3% for HiSup. The method obtains an AR
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Figure 4.6: Rooftop delineation results on the WHU Building Dataset obtained using the
PolyMapper, the HiSup and the HigherNet-DST (from top to bottom)

Table 4.4: Evaluation results on the WHU Building Dataset
Methods AP | APso | AP75 | APs |AP | APL | AR | ARs | ARy, | AR | AP boundary

PolyMapper[90] |51.4| 77.6 | 58.4 | 41.6| 66.2 | 36.1| 60.5| 49.9| 76.4 | 63.0 -
HiSup[166] 58.3| 80.4 | 65.8 |43.7| 76.0| 75.3|63.2| 47.8| 81.0 | 84.0 56.7
*HigherNet-DST | 60.1| 82.8 | 69.0 | 46.2| 77.1 | 74.9|63.6| 49.3| 80.2 | 80.7 58.5
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of 63.6%, compared to 60.5% for Polymapper and 63.2% for HiSup. For small objects,
the method obtains an APs of 46.2%, compared to 41.6% for PolyMapper and 43.7% for
HiSup. Although the ARs value of the proposed method is lower than PolyMapper, it is
higher than that of HiSup. The performance on large objects drops, but the AP and AR
increase. Therefore, with this experiment, it con rms the success of the proposal in terms
of dealing with poor performance caused by small objects.

4.3.4 Results on the Waterloo Building Dataset

To test the method's robustness regarding di erent spatial resolutions, the Waterloo Build-
ing Dataset is down sampled to 0.3 m/pixel to test the performance. In this experiment,
PolyMapper and HiSup are employed for a comparative study. By considering time lim-
itation, PolyMapper in the comparative study on the 0.12 m/pixel dataset is omitted.

Figure 4.7. Rooftop delineation results on the Waterloo Building Dataset (top: results
from HiSup, bottom: results from HigherNet-DST)

Figures 4.7 and 4.8 present the visualization results. Speci cally, Figure 4.7 provides
results predicted by HiSup on the 0.12 m/pixel Waterloo Building Dataset, followed by
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Table 4.5: Evaluation results on the Waterloo Building Dataset (in %)
Pixel Size Methods  |AP |APso|AP75|APs|AP L |APL | AR |ARs|AR i |AR | |AP Poundary
*HiSup 66.9 82.7|74.1/30.5 75.5|84.0/70.8 36.5 78.3|88.9 52.5
*HigherNet-DST (66.5 82.5| 74.0|31.5 76.2|82.8/70.8 37.4| 78.7|87.4 51.0
PolyMapper |38.4 64.0| 40.8|29.0 50.6|34.4/51.539.8| 66.6|60.1 -
0.30 m/pixel *HiSup 42.862.3/47.7|30.7,56.1|70.7/48.033.3/ 61.0| 78.2 40.2
*HigherNet-DST [51.5 73.2| 59.6|37.3 66.8|64.4/55.4 39.5| 70.2| 70.3 49.0

0.12 m/pixel

Figure 4.8: Rooftop delineation results on the Waterloo Building Dataset (top: results
from HiSup, bottom: results from HigherNet-DST)
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