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Abstract

The substantial progress of remote sensing technologies makes aerial images available in
large numbers, which benefits a variety of applications, such as urban planning and terrain
surface analysis. As a fundamental bridge between such applications and high resolution
aerial imagery, aerial scene understanding has attracted increasing attention over the
past few years, and manifold efforts have been made from three perspectives: scene-level,
object-level, and pixel-level understanding of aerial scene images. Specifically, scene-level
understanding refers to recognizing scene categories of aerial images, and object-level
understanding is to identify all co-occurring objects in each image. Besides, pixel-level
aerial scene understanding is achieved by identifying the semantic class of every single pixel
and producing a semantic mask for each aerial scene image. These three levels are termed
as aerial scene recognition, multi-label object classification, and semantic segmentation of
aerial imagery in this dissertation.
Thanks to the revolutionary progress made by deep learning, great achievements have

been obtained in aerial scene understanding. However, most of the existing researches are
conducted under the laboratory circumstance, where constraints are imposed on exper-
imental prerequisites and data preparation. As a consequence, the deployment of deep
learning models in the wild is a severe predicament, as abundant training samples with
precise and complete annotations are scarcely available. To understand aerial scenes and
take a step beyond the laboratory scenario, this dissertation makes contributions from the
following perspectives:

• For a holistic object understanding of aerial scene images, we propose to encode
underlying label correlations with a bidirectional LSTM and a relational network
and devise two multi-label object classification networks, respectively. In addition,
two multi-label aerial image datasets are proposed to facilitate the progress of object-
level scene understanding.

• As an attempt to bridge gaps between aerial scene recognition in the lab and wild,
we propose to learn prototype representations of aerial scenes from numerous labeled
constrained images, and predict unconstrained aerial images by measuring relevances
between images and scene prototypes.

• To address data efficiency in multi-scene recognition, we propose a large-scale
dataset, MultiScene, for multi-scene recognition in single images, which is featured
by unconstrained multi-scene aerial images and the available both crowdsourced and
clean labels.

• In order to train aerial scene parsing models with sparse annotations, we propose an
annotation-friendly framework, where annotators only need to label several pixels
with easy-to-draw scribbles. To exploit these sparse scribbled annotations, feature
and spatial relationships among pixels are encoded for semi-supervised learning of
semantic segmentation networks.
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Zusammenfassung

Der große Fortschritt der Fernerkundungstechnologien macht Luftbilder in großer Zahl
verfügbar, was einer Vielzahl von Anwendungen zugutekommt, beispielsweise der Stadtpla-
nung und der Geländeanalyse. Als grundlegende Brücke zwischen solchen Anwendungen
und hochauflösenden Luftbildern hat das Verständnis von Luftaufnahmen in den letzten
Jahren zunehmende Aufmerksamkeit auf sich gezogen, und es wurden vielfältige Anstren-
gungen aus drei Perspektiven unternommen: Verständnis auf Szenen ebene, Objektebene
und Pixelebene von Luftbildaufnahmen. Insbesondere bezieht sich das Verständnis auf
Szenen ebene auf das Erkennen von Szenekategorien von Luftbildern, und das Verständnis
auf Objektebene besteht darin, alle gleichzeitig auftretenden Objekte in jedem Bild zu
identifizieren. Außerdem wird ein Verständnis von Luftszenen auf Pixelebene erreicht, in-
dem die semantische Klasse jedes einzelnen Pixels identifiziert und eine semantische Maske
für jedes Luftszenenbild erzeugt wird. Diese drei Ebenen werden in dieser Dissertation als
Luftszeneverkennung, Multi-Label-Objektklassifizierung und semantische Segmentierung
von Luftbildern bezeichnet.
Dank der revolutionären Fortschritte, die durch Deep Learning erzielt wurden, wurden

zahlreiche Errungenschaften beim Verständnis von Luftbildszenen erzielt. Die meisten der
bestehenden Forschungen werden jedoch unter Laborbedingungen durchgeführt, wobei
den experimentellen Voraussetzungen und der Datenaufbereitung Beschränkungen aufer-
legt werden. Infolgedessen ist der Einsatz von Deep-Learning-Modellen in freier Wildbahn
eine ernste Notlage, da kaum Trainingsbeispiele mit präzisen und vollständigen Annota-
tionen zur Verfügung stehen. Um Luftaufnahmen zu verstehen und einen Schritt über das
Laborszenario hinauszugehen, liefert diese Dissertation Beiträge aus folgenden Perspek-
tiven:

• Für ein ganzheitliches Objektverständnis von Luftszenenbildern schlagen wir
vor, zugrundeliegende Label-Korrelationen mit einem bidirektionalen LSTM
und einem relationalen Netzwerk zu kodieren und jeweils zwei Multi-Label-
Objektklassifizierungsnetzwerke zu konzipieren erleichtern den Fortschritt des Szen-
everständnisses auf Objektebene.

• Als Versuch, die Lücken zwischen der Luftbilderkennung im Labor und in der Wildnis
zu schließen, schlagen wir vor, Prototypdarstellungen von Luftbildszenen aus zahlre-
ichen gekennzeichneten eingeschränkten Bildern zu lernen und uneingeschränkte
Luftbilder vorherzusagen, indem die Relevanz zwischen Bildern und Szeneprototypen
gemessen wird.

• Um die Dateneffizienz bei der Mehrszenenerkennung zu verbessern, schlagen wir
einen großen Datensatz, MultiScene, für die Mehrszenenerkennung in Einzelbildern
vor, der durch uneingeschränkte Mehrszenen-Luftbilder und die verfügbaren sowohl
Crowdsourcing als auch Clean Labels gekennzeichnet ist.

• Um Luftbildszenen-Parsing-Modelle mit spärlichen Annotationen zu trainieren,
schlagen wir ein annotationsfreundliches Framework vor, bei dem Annotatoren nur
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Zusammenfassung

mehrere Pixel mit einfach zu zeichnenden Scribbles beschriften müssen kodiert für
halbüberwachtes Lernen von semantischen Segmentierungsnetzwerken.
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I appreciate Prof. Sébastien Lefèvre for his kindness of being one of my thesis committee

members. I am also inspired by his researches in semantic segmentation, which provide me
with new perspectives of tackling challenges of segmenting high resolution remote sensing
imagery. I also would like to thank Prof. Devis Tuia for his temporary supervision during
my exchange to Wageningen University. He showed me his rich knowledge and kindness,
making me feel at home during the period of my exchange. I did enjoy the collaboration
with him and his group members, Diego Marcos and Sylvain Lobry, and learned advanced
research and the signification of efficient communications there. Besides, he revised our
collaborative paper rigidly and even reformatted text fonts and alignments. I got in touch

vii



Acknowledgements

with squash for the first time in weekly team building there and had lots of fun being with
him and his team.
I thank all colleagues and collaborators. I thank Prof. Richard Bamler for his insightful

and constructive comments on our collaborative paper. I would like to give my special
thanks to Eike Hoffmann, Dr. Yilei Shi, Dr. Anja Rösel, and Yingjie Schreiber-Liu
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1 Introduction

1.1 Motivation and Objectives

With the tremendous advancement of earth observation technologies, a considerable vol-
ume of remote sensing images is nowadays available and bene�ts various real-world ap-
plications, such as urban mapping, ecological monitoring, urban planning, disaster moni-
toring, terrain surface analysis, ecological scrutiny, geomorphological analysis, and tra�c
management. Among all types of images, aerial imagery captured from an aerial perspec-
tive is now drawing increasing worldwide attention due to its high spatial resolution and
real-time data acquisition. To name a few, Spanish Directorate General for Road Tra�c
(Direcci�on General de Tr�a�co, DGT) introduces aerial photography to tra�c monitoring
by deploying unmanned aerial vehicles (UAVs) across the country1. In Qinghai, aerial
imaging techniques are exploited to inspect large areas of photovoltaic panels and detect
indiscernible panel defects in photovoltaic plants2. In January 2021, Cyclone Eloise hit
Mozambique, Malawi, Eswatini, Zimbabwe, and South Africa, and during the severe dis-
aster, leveraging aerial imagery of damaged regions helps to search for survivors and save
numerous lives from the disaster3.

As a bridge between such successful use cases and aerial imagery, aerial scene under-
standing, which aims at perceiving and interpreting aerial scenes, has attracted growing
research interests during the past decades. In these studies, asceneis de�ned as an asso-
ciation of multiple ground objects (e.g., cars, trees, and buildings) that vary in categories
and properties but relate to each other in a certain context, and has a speci�c thematic
meaning (e.g., residential, parking lot, and commercial). In comparison with the termi-
nology object, sceneis a high-level and abstract concept and arduous to determine owing
to its high intra-class variation and low inter-class diversity. Therefore, to understand an
aerial scene (i.e., a scene taken from the nadir view), a human annotator or visual system
should not only identify its compositions but also parse their spatial layouts and underly-
ing correlations. This is e�ortless for human beings owing to their inherent capabilities of
relational reasoning but not easy for machines. Hereby, many e�orts have been made to
develop intelligent visual recognition algorithms for automatically perceiving aerial scenes.
Depending on the level of detail, researches in this �eld can be sorted into three direc-
tions: aerial scene recognition, multi-label object classi�cation, and semantic segmentation
of aerial imagery. More speci�cally, aerial scene recognition often refers to categorizing
an aerial image into one of the prede�ned scene classes and presents a scene-level under-
standing. Multi-label object classi�cation aims at identifying all objects co-occurring in
each aerial image and assigning one image multiple object labels, which presents a macro-
scopic view of scene compositions. In contrast, semantic segmentation of aerial imagery

1https://trans.info/en/spain-dgt-to-use-dozens-of-control-drones-to-spot-driving-infrin
gements-245989

2https://guangfu.bjx.com.cn/news/20200818/1098030.shtml
3https://www.nepad.org/blog/birds-eye-view-application-of-drone-technology-rapid-disast

er-response-management
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