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Abstract

As a novel photogrammetric measurement platform, the Unmanned Aerial Vehicle (UAV)
fills the gap between aerial and terrestrial photogrammetry. It not only introduces a cost-
effective alternative to the conventional manned aerial photogrammetry, but also opens
up various new possibilities in the close range domain. Its distinctiveness is highlighted
by almost arbitrary camera positions and viewing directions, which allows for more flex-
ible and fine-grained representations of the scenes of interest. Particularly, UAV can
simultaneously capture views of building roofs, façades and the ground, which is an
exclusive advantage for building information modeling .

A central theme in the field of photogrammetry is the improvement of geo-spatial accu-
racy. However, the accurate geo-localization for low-lost UAV systems that are equipped
with cheap and light GNSS/INS remains an open problem. In contrast, aerial imagery
acquired by manned aircrafts usually has much higher geo-referencing accuracy of up to
centimeter level. Additionally, aerial imagery provides complimentary scene representa-
tions from a larger scale and a different perspective compared to UAV imagery. Thus,
the combination of the data acquired by UAVs and manned aircrafts could contribute to
more comprehensive representations of the scenes of interest. To enhance utilization of
such information, the implicit image semantic information needs to be jointly interpreted
and analyzed.

The primary goal of this thesis is to jointly exploit UAV and aerial imagery to enhance
visual and spatial understanding of the scene, more concretely, to extract meaningful
image semantics that have high geo-spatial accuracy. Thesis describes the efforts we
have made towards this goal, and our contributions are mainly in three areas:

• To improve the geo-spatial accuracy of UAV imagery by a pixel-level co-registration
of UAV imagery and aerial imagery, a novel image feature matching algorithm for
UAV and aerial image pairs is proposed, which is also applicable for heterogeneous
images that have large differences in scale, rotation and appearance.

• Since supervised learning-based semantic image segmentation tasks require large
amount of training data, which often costs intensive manual labor, we propose
a pipeline that helps create image dataset with semantic level annotations using
label transfer.
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• We leverage the image semantic information, particularly building segments such
as roofs and façades, to generate true building footprints (excluding roof overhangs)
with decimeter-level accuracy as well as 3D building models of LoD1.
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Zusammenfassung

Als neuartige photogrammetrische Messplattform schließt das Unmanned Aerial Vehicle
(UAV) die Lücke zwischen Luft- und terrestrischer Photogrammetrie. Sie stellt nicht
nur eine kostengünstige Alternative zur konventionellen bemannten Luftbildmessung
dar, sondern eröffnet auch vielfältige neue Möglichkeiten im Nahbereich. Ihre Beson-
derheit wird durch nahezu beliebig mögliche Kamerapositionen und Blickrichtungen un-
terstrichen, was eine flexiblere und feinkörnigere Darstellung der gewünschten Szenen
ermöglicht. Insbesondere kann ein UAV gleichzeitig Ansichten von Gebäudedächern,
Fassaden und dem Boden erfassen, was sich als sehr nützlich für die Modellierung von
Gebäudeinformationen erweist.

Ein zentrales Thema im Bereich der Photogrammetrie ist die Verbesserung der räumlich-
geometrische Genauigkeit. Die genaue Geolokalisierung von preisgünstigen UAV-Systeme,
die mit einfachen und leichten GNSS/INS Systemen ausgestattet sind, ist ein noch
nicht vollständig gelöstes Problem. Im Gegensatz dazu haben Luftbilder, die von be-
mannten Flugzeugen aufgenommen wurden, in der Regel eine wesentlich höhere Geo-
referenzierungsgenauigkeit im Zentimeterbereich. Zusätzlich bieten Luftbildaufnahmen
im Vergleich zu UAV-Bildern ergänzende Szenendarstellungen im kleineren Maßstab
und aus einer unterschiedlichen Perspektive. So kann die Kombination der von UAVs
und bemannten Flugzeugen gewonnenen Aufnahmen zu einer umfassenderen Darstel-
lung einer Szene beitragen. Für eine bessere Nutzung dieser Informationen, müssen
die impliziten semantischen Bildinformationen gemeinsam automatisch interpretiert und
analysiert werden.

Das Hauptziel dieser Arbeit ist die Kombination von UAV und Luftbildern, um das
visuelle und räumliche Verständnis für die abgebildete Szene zu verbessern, genauer
gesagt, um aussagekräftige Semantik mit hoher räumlicher Genauigkeit aus den Bildern
zu extrahieren. In dieser Arbeit werden Beiträge beschrieben, die notwendig sind, um
dieses Ziel zu erreichen. Dabei beschränken sich die Beiträge hauptsächlich auf die drei
folgenden Bereiche:

• Eine automatisierte Verbesserung der Georeferenzierungsgenauigkeit von UAV-
Bildern wird durch eine pixelgenaue Koregistrierung von UAV- und Luftbildern
erreicht. Dazu wurde ein neuartiger Algorithmus zur Anpassung von Bildeigen-
schaften für UAV- und Luftbildpaare entwickelt, der auch für heterogene Bilder
mit großen Unterschieden in Maßstab, Rotation und Aussehen geeignet ist.
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• Überwacht lernende, semantische Bildsegmentierungsaufgaben erfordern eine große
Menge an Trainingsdaten, die oft nur mit zeitaufwändiger manueller Arbeit gewon-
nen werden können. In diesem Zusammenhang wird ein Arbeitsablauf entwickelt,
welcher die Erstellung von Trainingsdatensätzen mit semantischen Annotationen
mittels automatisiertem

”
Label-Transfer“ unterstützt.

• Bildinformationen, insbesondere von Gebäudeteile wie Dächer und Fassaden, können
verwendet werden, um echte Gebäudeumrisse (ohne Dachüberstände) automa-
tisiert mit Dezimetergenauigkeit und 3D-Gebäudemodelle basierend auf LoD1 zu
erzeugen.
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1 Introduction

Emerging as a novel image acquisition platform, the Unmanned Aerial Vehicle (UAV)
bridges the gap between aerial and terrestrial photogrammetry and offers an alterna-
tive to conventional airborne image acquisition systems. In comparison to airborne or
satellite remote sensing, UAV stands out for its low system cost, exclusive perspective
flexibility, the utility to be used in hazardous or inaccessible areas and the ability to
achieve high spatial and temporal resolutions. Recent decades have witnessed the ex-
plosive growth of research in UAV photogrammetry brought by the rapid development
of UAV. UAV has been widely involved in remote sensing applications, such as disaster
monitoring, documentation of archaeology and precision agriculture [1]. Among them,
geometric precision and semantic image understanding are two central themes.

Accurate geo-registration of UAV imagery is a prerequisite for many photogrammetric
applications, such as generating geo-referenced orthophotos and 3D models. However,
accurate geo-registration of UAV imagery is still an open question, especially for low-
cost UAV systems. Limited by payload restrictions, UAVs are equipped with lightweight
GNSS/IMU systems, whose georeferencing accuracy is in the range of meters [2] and
much lower than the centimeter-level accuracy of airborne photogrammetry [3, 4]. In
order to improve the geo-registration accuracy of UAV beyond hardware limits, we pro-
pose to use geo-referenced aerial or satellite data as the reference, and register the UAV
imagery to the reference imagery using image feature matching approaches.

In the last few decades, numerous matching algorithms targeted for various matching
scenarios have been proposed. The biggest challenge for matching UAV and aerial im-
agery lies in their substantial differences of scales, perspectives and temporal changes.
For instance, the flight altitude of conventional manned aircrafts is about 800 m−1500 m
above the ground whereas UAV images are usually captured at 50 m−120 m from differ-
ent viewing directions. Although state-of-the-art image feature-based matching methods
work well for common scenarios and are robust to local scene changes, viewpoint changes,
and wider baselines, they surprisingly failed in matching UAV and aerial imagery. To-
wards robust matching in the presence of substantial geometrical differences, we are
motivated to analyze the underlying reasons for the matching failure and develop a
novel image matching approach for images with wide baselines and substantial changes
in scale and view. The obtained 2D matches can be used for geo-registration of UAV
imagery towards the reference data, thus improving the global geo-spatial accuracy of
UAV imagery.
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1 Introduction

Besides, extracting useful semantic information from remote sensing imagery has been
a widely discussed topic. UAV photogrammetry contributes to comprehensive represen-
tation of the scene in addition to conventional aerial photogrammetry and terrestrial
photogrammetry. Thus, pixelwise segmentation of UAV imagery is demanded by many
applications, such as building modeling. The last decade has witnessed a revolution-
ary success of deep neural networks. With the support of ever-increasing computing
power, various deep neural networks have emerged for a wide range of applications and
demonstrated significant improvements compared to traditional machine learning meth-
ods. Nevertheless, training the networks requires a large amount of ground truth data.
While open image databases like ImageNet [5] and LabelMeFacade [6] are only applica-
ble for specific scenes, hand labelling of such a dataset is tedious and time consuming.
Therefore increasing importance has been attached to the problem of automatic gener-
ation of image annotations.

The prosperity of remote sensing brings about immense data of different scales and res-
olutions. The remotely sensed data is collected by various types of sensors, such as
optical, hyperspectral, radar and LiDAR, from different platforms, such as satellites,
airplanes and UAVs, thus conveying rich information of the scene from varying perspec-
tives. Meanwhile, the coverage of free geographical information such as OpenStreetMap
(OSM) is expanding rapidly. OSM is a collaborative project for creating a free editable
map of the world based on volunteered geographic information, and can provide updated
geographical information with semantic tags. In this context, we propose to exploit ex-
isting annotated remote sensing images to ease the task of image annotating. In view
of the fact that aerial images have much larger coverage than UAV images, we seek to
propagate the labels from one aerial image to multiple co-registered UAV images. The-
oretically, we simply need to annotate one aerial image by hand and then transfer the
labels to numerous UAV images of the same area, which would dramatically relieve the
burden of manual annotating.

There have been a couple of research works on label propagation, where labels are trans-
ferred from sparse annotated data to a number of target images based on their temporal
coherence and appearance similarity, e.g., across video frames or from point cloud to
images. In these cases, the source data and target imagery have similar appearance and
viewing direction, thus the propagation itself can result in fine image segmentations. In
practice, however, such same-source data may not be available. When it comes to multi-
source imagery, e.g., from aerial imagery to UAV imagery, the label propagation often
suffers from large differences in scale and view between source and target images and
results in sparse, noisy and even wrong annotations. To solve this problem, we leverage
geometric and radiometric information as additional features, and our problem can be
formulated as how to reasonably infer the image labels given prediction uncertainties of
multi-source information. Towards this goal, we introduce in this thesis a Bayesian-CRF
graphical model for accurate semantic segmentation incorporating features from both 2D
images and 3D data.

2



1.1 Objectives

After solving the problem of geo-registration and semantic understanding, we can derive
useful information with both high geo-spatial accuracy and semantic accuracy from UAV
imagery, such information is helpful for many applications such as autonomous driving,
urban planning and building modeling. Though numerous approaches for building foot-
print generation have been developed, most of them exploit information from airborne
imagery [7] or point cloud data [8], where the building footprints are represented by
roofs and therefore usually mixed with overhangs. In contrast, building façades nat-
urally contain critical information about footprints. In this sense, data that presents
façade information, such as oblique airborne imagery and terrestrial point clouds, can
facilitate accurate building footprint generation. Among different data sources, oblique
UAV imagery stands out as it can simultaneously capture views of building roofs, façades
and the ground, which is an exclusive advantage for building reconstruction and infor-
mation modeling. For this reason, we opt for oblique UAV imagery as the source data
for the building footprint generation task.

Besides, previous footprint extraction approaches focus on detecting building areas from
image or point cloud data to generate footprint hypothesis, which is time consuming
and the accuracy largely relies on the quality of the source data. In fact, the building
detection problem can be omitted by exploiting existing GIS databases. In recent years,
OSM has widely expanded its coverage and gained increasing attention in many fields.
One popular application is the generation of 3D building models from OSM building
footprints data [9]. A detailed analysis for OSM building footprints data [10] assessed
a high completeness accuracy and a position accuracy of about 4 meters on average.
Since the OSM footprint data presents reasonable completeness and position accuracy,
we propose to utilize existing OSM building footprints data as initial building hypothesis
in order to facilitate the footprint generation task.

Given an initial hypothesis of the building boundary, the refinement with well-designed
constraints plays a vital role in improving the accuracy of building footprints. Since deep
learning-based segmentation methods have demonstrated their conspicuous advantages
in yielding reliable and robust semantic segmentation, we aim to refine the building
footprints in OSM by deploying the contour semantics from deep learning-based image
segmentation as a constraint.

1.1 Objectives

This thesis aims to utilize aerial and UAV imagey to enrich the representation for scenes
of interest. More concretely, we achieve this goal by solving three specific problems.

• Objective 1: Co-registration of aerial and UAV imagery

In order to combine the information from aerial photogrammetry and UAV photogram-
metry, co-registration of UAV and aerial imagery is an essential step. However, direct
geo-registration is not practical as UAV onboard GNSS/IMU measurements usually have

3



1 Introduction

much lower accuracy than that of aerial imagery. One possible solution is registration
based on image feature matching methods, which is able to achieve pixel-wise registra-
tion accuracy. Afterwards, camera poses and positions of UAV can also be computed
based on image pixel correspondences with the geo-referenced aerial imagery, achieving
comparable global geo-referencing accuracy as aerial imagery.

• Objective 2: Semantic scene parsing of UAV imagery and aerial imagery

The semantic information embedded in aerial and UAV imagery can greatly contribute
to thorough understanding of the scene. The problem of extracting image semantic
information has been widely discussed in previous research, and the tremendous advances
in deep neural networks have demonstrated the superiority of deep learning techniques
over traditional machine learning methods for scene parsing tasks. Nevertheless, deep
learning-based methods usually require a large amount of training data, which mainly
comes from manual annotating and is quite labor-intensive. In order to reduce the
amount of manual work required for generating enough training data, we aim to leverage
existing labeled data to generate image annotations in an automatic way.

• Objective 3: OSM footprint optimization and building information mod-
eling from UAV imagery

Building footprint information is vital for 3D building modeling. Traditionally, in remote
sensing, building footprints are extracted and delineated from aerial imagery and/or
LiDAR point cloud where the building footprints are represented by roofs including
overhangs. In contrast, oblique UAV imagery naturally contains information of both
roofs and building façades. In order to extract the actual footprint, i.e., the edges where
the building façades meet the ground, we aim to utilize existing OSM building footprints
as an initial approximation, and then optimize the footprints by exploiting the semantic
building information from oblique UAV imagery.

1.2 Thesis Organization

This is a cumulative dissertation where the above mentioned three objectives are ad-
dressed in three peer-reviewed journal articles as follows:

• Zhuo, Xiangyu; Koch, Tobias; Kurz, Franz; Fraundorfer, Friedrich; Reinartz, Pe-
ter: Automatic UAV Image Geo-Registration by Matching UAV Images to Geo-
referenced Image Data. Remote Sensing 9 (4), 2017.

• Zhuo, Xiangyu; Fraundorfer, Friedrich; Kurz, Franz; Reinartz, Peter: Optimiza-
tion of OpenStreetMap Building Footprints Based on Semantic Information of
Oblique UAV Images. Remote Sensing, 2018, 10(4): 624.
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1.2 Thesis Organization

• Zhuo, Xiangyu; Fraundorfer, Friedrich; Kurz, Franz; Reinartz, Peter: Automatic
Annotation of Airborne Images by Label Propagation based on a Bayesian-CRF
Model.

These papers are attached in Appendix A, B and C. All related publications are listed
in Appendix D.

The rest of the thesis is structured as follows: Chapter 2 gives a brief introduction of
background knowledge relevant to this thesis, Chapter 3 presents the state of the art
related with the three tasks, Chapters 4 - 6 present methodology, experiments and results
regarding aforementioned three objectives, and Chapter 7 concludes the thesis with an
outlook on future work.
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2 Backgrounds

2.1 Terminology of UAV

UAV is known as the acronym for “Unmanned Aerial Vehicle” (UAV), and it is the most
commonly used term in the geomatics community. Besides, there are also other popu-
lar terms such as “drone”, “Micro Aerial Vehicles (MAV)”, “Remotely Piloted Vehicle
(RPV)” and “Remotely-Piloted Aerial System (RPAS)”. According to the frame struc-
ture, UAVs can be divided into fixed-wing (e.g., glider), rotary-wing (e.g., quadcopter)
and hybrid UAVs; according to their size, payload and weight, UAVs can be generally
divided into three categories [11]:

• tactical UAVs, which are usually equipped with high-performance avionics and
generally used for military applications.

• close-short-medium-range UAVs, whose maximum take-off weight ranges from 150
to 1250 kg with an operative range from 10 km to 70 km.

• nano-micro-mini UAVs, which are featured by small payload size and low weight,
generally with an endurance of less than two hours and an operating range of less
than 10 km.

In this paper, the UAV is refer to as the category of rotary-wing micro unmanned aerial
vehicles whose weight is generally less than 5 kg. And the terms “aerial imagery” and
“airborne imagery” specifically refer to the imagery collected by conventional manned
aircrafts. An example of typical UAV and aerial platform is illustrated in Figure 2.1 (a)
and (b) respectively.
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(a) (b)

Figure 2.1: Typical UAV (a) and conventional airborne platform (b)

2.2 Data Characteristics

Recent years have witnessed the tremendous development of UAV. As a novel data
acquisition platform, UAV fills the gap between conventional airborne and close-range
photogrammetry and can partially substitute conventional aerial platforms for data ac-
quisition tasks. Besides, UAVs also open up various new possibilities in photogramme-
try and remote sensing. A comparison between UAV and conventional photogrammetry
platforms is listed in Table 2.1 covering various aspects.

UAV platforms Airborne platforms

Spatial resolution/GSD cm dm
(RGB camera)

View possibility Full: nadir, oblique, upwards,
horizontal

Nadir, oblique (restricted)

Flexibility Total Flight plan needed
dependent on weather and
budget

System cost 10 ∼ 1000 ke 1000 ∼ 10 000 ke

Update frequency Ad-hoc No or low

Coverage ≤ 1km2 10 ∼ 10 000km2

Onboard GNSS/IMU accuracy m cm

Table 2.1: Characteristics of UAV and airborne platforms [12]

With lower flight altitude, UAV imagery brings higher spatial resolution (ca. 2 cm/pixel)
in contrast to imagery collected by manned aircrafts (on the order of 10-20 cm/pixel),
offering richer details of the scene. Figure 2.2 shows an aerial image collected by the
manned helicopter of the study site in Oberpfaffenhofen, Germany, and the four high-
lighted regions are magnified in Figure 2.3-(a). In comparison, 2.3-(b) depicts full-scale
UAV images of the corresponding regions, which demonstrate smaller coverage but much
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higher spatial resolution than aerial images. Besides, conventional aerial images are
mainly collected from nadir view, even the oblique aerial photogrammetry can only offer
limited oblique views. However, a UAV enables nearly arbitrary camera positions and
viewing directions with high flexibility. In addition, conventional aerial photogrammetry
platforms usually require big landing fields and pilots, and the flight plan is limited by
aviation regulations and the weather. By contrast, UAV only needs small landing sites
and can be remotely controlled, therefore it can work in severe weather conditions and
even in hazardous areas with lower cost. In the long term, UAV-based survey tasks can
be frequently updated according to users’ demands and thus enable high temporal re
solution, which is in practice not manageable for manned aircrafts.

Figure 2.2: Aerial image collected by the manned helicopter. Four highlighted regions are
magnified in Figure 2.3.

On the other hand, the possible coverage of UAV-photogrammetry is limited by the
lower flight altitude and short endurance, therefore UAV is typically used for small-scale
mapping as an efficient alternative to full-scale aerial mapping. Besides, as shown in
Figure 2.4, high positioning and angular accuracy of the IMU is usually accompanied
by high system cost. Therefore, in order to ensure that the UAV mapping systems are
as cost-effective as possible, UAV platforms are usually equipped with low-cost sensors,
which is at the expense of the accuracy of onboard GNSS/IMU systems. Table 2.2
compares the accuracy and price of onboard GNSS/IMU systems for UAVs and con-
ventional airborne platforms. It can be seen that the cheap UAV onboard GNSS/IMU
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(a) (b)

Figure 2.3: Comparison of images taken from conventional aerial platform and UAV: (a) views
from the conventional aerial platform, showing four highlighted scenes in Figure
2.2, (b) views of corresponding scenes from UAV
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systems have meter-level position accuracy, much lower than the cm-level accuracy of
the conventional aerial photogrammetry.

(a) (b)

Figure 2.4: Relationship between price and position accuracy (a) or angular accuracy (b) of five
GNSS/IMU systems in 2013. The systems from left to right: AdvanceTechnologies,
xOEM, Novatel SPAN IGM, IGI IMU-m and IGI-IIf.

GNSS/IMU on UAV
(NEO-M8)

GNSS/IMU on manned aircraft
(xOEM )

Horizontal accuracy 2.5 m 0.02 m

Vertical accuracy 5 m 0.03 m

Heading accuracy 0.3◦ 0.05◦ ∼ 0.1◦

Price 50 e 15000 e

Table 2.2: Comparison of typical onboard GNSS/IMU systems of UAVs and conventional aerial
platforms

In general, UAV demonstrates superiority to conventional aerial platforms in the aspects
of ground resolution, flight flexibility and object visibility, which makes it an ideal data
acquisition tool for applications like building information surveying, road maintenance
and infrastructure inspection. On the other hand, the application of UAV still faces many
limitations, such as the small coverage and low positioning accuracy. The prosperity and
remaining challenges of UAV have motivated numerous novel research works and driven
new developments in the field of remote sensing and computer vision.

2.3 UAVS in Photogrammetry and Remote Sensing

UAVs are gaining increasing popularity in various disciplines. In 2016, the annual sales
of civil UAVs in Germany have reached 400 000 units and is estimated to reach 1 mil-
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lion in 2020 [13]. As a bridge between close-range photogrammetry and traditional
remote sensing, the UAV is used as an cost-efficient alternative to conventional mapping
platforms. Additionally, being able to acquire very high resolution images from almost
arbitrary positions and perspectives, UAVs also demonstrate its unique superiorities to
conventional photogrammety platforms and opens up many new possibilities in various
domains, such as logistics [14] and air quality analysis [15]. A detailed review of UAV
applications can be found in the work of Colomina et al. [1] and Pajares [16]. In the
following text, the applications of UAV in photogrammetry and remote sensing domains
are briefly introduced.

2.3.1 Disaster Monitoring and Emergency Response

UAVs can be remotely piloted and access hazardous areas conveniently, thus they play
an important role in surveillance or post-emergency response in disaster areas. The
Hurricane and Severe Storm Sentinel (HS3) Mission of NASA launched UAVs equipped
with multi-sensors for hurricane monitoring. After the earthquake in Italy, an UAV was
used to acquire images on building roofs and façades, from which a 3D building model
was reconstructed for damage assessment [17]. After the ammunition explosion disaster
in Cyprus in 2011, German Aerospace Center deployed a small oktocopter to survey a
power plant, which supplied half of Cyprus’s power energy and was severely damaged
during the disaster [18]. Besides, UAVs were also deployed in persistent observations of
the Fukushima Nuclear Power Plant after the nuclear disaster in 2011 [19].

2.3.2 Archaeology

For the sake of protecting the archaeological sites, the survey work is usually expected to
be done as quick as possible. However, traditional survey methods in archeology depend
on tape measurements, total station measurements or leveling, which are labor-intensive
and time-consuming. Besides, manned aerial mapping cannot capture desired details [20]
for fine-textured objects such as murals and sculptures. Hence, UAV stands out as an
efficient modality for recording the archaeological sites due to its mobility, flexibility and
high resolution.

Eisenbeiss et al. [21] applied UAVs for mapping and 3D modeling of archaeological and
cultural heritage sites, including the Pinchango Alto site in Peru, the Copan site in
Honduras and the castle Landenberg in Switzerland. With an average height above
ground of 56 meters, they acquired images with centimeter level ground resolution, from
which orthophotos, Digital Surface Models (DSMs) and 3D models of the preserved
sites were reconstructed. The generated DSM was compared with a DSM derived from
terrestrial laser scanner and showed good correspondence [22].
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2.3.3 Civil Environments and Infrastructure

Since UAVs are highly portable and cost-efficient, they have gained increasing popularity
in urban environments, including traffic monitoring, vehicle detection, infrastructure
inspection and building modeling, etc.

A conventional way for traffic data collection is by the Mobile Mapping System (MMS)
and the data is mainly acquired from terrestrial views. By contrast, UAV systems are
much cheaper and able to collect high resolution data under certain flight regulations.
Hence they are used as an efficient alternative for traffic data acquisition and monitoring.
Zhou et al. [23] proposed an efficient road detection and tracking approach based on UAV
images and demonstrated a precision of 91.5%. Besides, UAV images are also applied
for vehicle detection [24] and pedestrian detection [25].

UAV is also an efficient modality for bridge inspection as it does not require lane closure
or traffic guidance as conventional inspection methods do, thus greatly reducing overall
costs and interruptions to the public. A review of UAV-based bridge inspections was
presented in [26], demonstrating the effectiveness and potential of UAV imagery for
bridge asset management.

Flexible perspectives and low overall-cost make UAVs popular for various inspection
tasks. Maurer et al. [27] deployed a UAV to inspect vegetation undercuts of power line
corridors. Nguyen et al. presented a detailed review about power line inspection based
on UAV images. [28] Matsuoka et al. [29] presented that UAV images can be used for
deformation measurement of a large solar power plant. An approach for reconstructing
low-cost 3D models of electrical substations based on UAV images was presented in [30],
and the results demonstrated that the UAV-derived 3D model is comparable with the
point cloud from laser scanners.

2.3.4 Photogrammetry

In the context of photogrammetry, UAV has long been used as an alternative image
acquisition platform and can partially replace the surveying task of traditional manned
photogrammetry. Advances in the field of computer vision and artificial intelligence also
contribute to many effective techniques for UAV data processing. For example, SIFT
and AKAZE are among the most robust matching approaches used for UAV image reg-
istration and have demonstrated good performance for both nadir views [31] and oblique
views [32], SfM method is used for 3D reconstruction from UAV images. Many commer-
cial softwares have been developed for UAV image processing, e.g., Pix4D, DroneMapper
and Agisoft PhotoScan. The derived geo-spatial products include high resolution or-
thophotos, Digital Elevation Models (DEMs) or DSMs, and 3D models. Grün et al [33]
reconstructed a high resolution 3D building model from UAV images and merged it
with a Digital Terrain Model (DTM) generated from satellite imagery for information
enrichment.
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2.3.5 Agriculture and Forestry

Remote sensing has been a classical approach for precision agriculture and forestry anal-
ysis. The emergence of UAV provides an cost-effective alternative to traditional aerial
or satellite platforms. In view of its payload and endurance, UAV is suitable for fast
surveying of small to medium sized areas. Since spectral reflectance is an important
indicator for vegetation, UAVs equipped with visible-near infrared (NIR), hyperspectral
or multi-spectral imaging systems are widely used for forest fire monitoring [34], Nor-
malized Difference Vegetation Index (NDVI) based applications [35], tree classification
based on vegetation indices [36], etc. UAVs carrying thermal sensors have also been
successfully used for forest fire monitoring [37].
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This chapter presents a review of previous work related with the thesis and is divided
into three aspects corresponding to the three objectives. Towards the goal of jointly
exploiting the information acquired from aerial platforms and UAVs, co-registration of
aerial imagery and UAV imagery is a necessary preliminary step. Section 3.1 summarizes
previous work relating to the co-registration of UAV imagery and aerial imagery, where
possible solutions for image co-registration are explored and compared. Furthermore,
image feature-based registration approaches are elaborated in details. Subsequently, se-
mantic scene parsing from UAV or aerial imagery is investigated in Section 3.2, where
traditional machine learning based and deep-learning based image segmentation meth-
ods are reviewed and discussed. In order to reduce the manual labor in creating the
ground-truth data for training, this section also describe existing approaches for auto-
matic generation of image annotations, where graphic models-based unsupervised learn-
ing methods are particularly elaborated. Moreover, Section 3.3 gives a brief review
of the application of semantic information extracted from UAV imagery, where exist-
ing approaches for building footprint generation and building information modeling are
discussed.

3.1 Co-registration of UAV Imagery and Aerial Imagery

The problem of image registration is one of the most widely discussed in the field of
sensor fusion. As different sensors usually have different optical properties and can be
mounted on different platforms, the information of the scene is recorded in substantially
different data. In order to properly fuse the information collected by different sensors
from different platforms, it is essential to establish the correspondence of the pixels in one
image to the other image(s), i.e., to ensure that the features from each sensor or platform
correspond to the same objects in the real world. Possible registration approaches can be
generally divided into three categories: registration based on georeferencing, registration
in 3D space and registration based on image feature matching.
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3.1.1 Georeferencing of Aerial Imagery and UAV Imagery

Towards the goal of co-registration of data collected from different sensors or platforms,
a straightforward approach is to respectively georeference the overlapping multi-source
data in a common reference frame. The georeferencing of aerial imagery and UAV
imagery has been widely discussed in various works and can be tackled in different ways.

In the field of aerial photogrammetry, high-end GNSS/IMU localization sensors are
widely used, allowing for direct georeferencing of the images without the need of external
GCPs or photogrammetric adjustments in a post-processing step. Many established
systems in aerial photogrammetry have access to such accurate sensors and achieve
centimeter-level registration accuracy. The relatively low-cost DLR 3K sensor system [38]
presents a camera frame carried by either a airplane or helicopter and consists of three
Canon EOS 1Ds Mark II cameras looking at nadir, forward, and backward directions
developed for real time disaster monitoring. The synchronized image acquisition and
localization information provided by the expensive and heavy GNSS/IMU system (4 kg
in total) allows for direct georeferencing accuracies of 10 cm [39]. The Vexcel UltraCam

[40] offers a high level optical sensor for high resolution aerial photogrammetry with
more than 100 megapixel.The high-end UltraNav-GNSS/IMU system [41] enables direct
georeferencing accuracy at pixel level.

In contrast, the accuracy of UAV georeferencing is much lower. Typically, many commer-
cial UAVs are equipped with lightweight GNSS/INS systems due to payload limitations,
and high-accuracy miniature IMUs are also relatively expensive for typically low-cost
UAV systems. As a consequence, the localization accuracy of UAV onboard GNSS/INS
systems lies in the range of meters [42]. For example, Chiang et al. [43] reported a
direct georeferencing accuracy of about 5 meters at an altitude of 300 meters above
ground. Such accuracy may be sufficient for applications such as rapid response or dis-
aster assessment as presented in [44], but it cannot satisfy the needs for high-accuracy
georeferencing. An investigation regarding the ability of direct georeferencing with UAV
systems shows that the geolocalization accuracy of current UAV systems is still too low
for photogrammetry tasks at large scales [2].

An alternative for high-accuracy direct geo-referencing is the RTK (real-time kinematic)
UAV, whose onboard GNSS receiver is connected to a base station or a virtual reference
station (VRS), enabling real-time positioning accuracy up to centimeter level, as reported
in [45,46]. However, the integration of RTK module imposes extra high expenses to the
UAV mapping, therefore such RTK UAVs are not preferable for most low-cost UAV
mapping systems. Another drawback is that the onboard RTK systems are prone to
connection interruptions, which may result in a big uncertainty of several meters.

To compensate for the inadequate accuracy of UAV onboard GNSS/INS system, aerial
triangulation (AT) of UAV imagery using traditional bundle adjustment methods are
often deployed for in-direct georeferencing of UAV imagery. On condition that the
images are distributed in blocks with sufficient overlap [44], the measurements from
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UAV onboard GNSS/INS modules can be deployed as initial approximates for exterior
orientation parameters and then get optimized in a bundle adjustment. Besides, The
applicability of computer vision (CV) algorithms for low-altitude UAV imagery post-
processing is investigated in [47,48], demonstrating that modern CV algorithms such as
Structure from Motion (SfM) [49] can work well for post-processing of low-altitude UAV
images with a flying height of up to 300 m above ground. The integration of GNSS/INS
measurements in traditional aerial triangulation process can help to improve the georef-
erencing accuracy despite the low accuracy of IMU measurements. However, the global
georeferencing accuracy is still limited by the less accurate GNSS units which record im-
age position. One way to improve the georeferencing accuracy is to deploy GCPs. Such
methods have been widely applied for UAV-based photogrammetry like demonstrated
in [47, 50], which rely on deploying ground control points to achieve desired high accu-
racy. Even for high-end UAV systems, the integration of GCPs is still recommended in
order to compensate for systematic errors [51]. Nevertheless, the deployment of GCPs is
often expensive for UAV-based mapping and requires manual intervention for fieldwork
operations, which is unpractical or even impossible for hazardous or inaccessible regions.

In this context, georeferencing of UAV imagery, either direct or in-direct, cannot effec-
tively provide adequate accuracy for co-registration of UAV imagery and aerial imagery.

3.1.2 Alignment of UAV and Aerial 3D Models

Given sequential UAV images, a dense point cloud of the scene can be reconstructed
from images using the SfM algorithm. In this way the registration of UAV imagery can
be achieved by alignment of the point cloud in 3D space. Extensive works have been
carried out into automatic co-registration between multi-source point clouds, which can
be generally divided into two categories: descriptor-based registration methods and non-
descriptor-based registration methods.

(a) Non-descriptor-based registration: Typical non-descriptor-based registrations
utilize the geometric primitives for global co-registration of the point cloud, where the ge-
ometric primitives are extracted from the data using methods like Principal Component
Analysis (PCA) [52] or Singular Value Decomposition (SVD) [53]. Besides, there are
also some area-based registration methods exploiting the properties and constraints of
geometric structures such as lines and planes. In the context of line-based methods, Von
Hansen et al. [54] utilized line segments extracted from point clouds for co-registration of
terrestrial and airborne LIDAR data. Untzelmann et al. [55] employed building outlines
from OpenStreetMap (OSM) to register multiple SfM models automatically using GNSS
measurements as initial position. In terms of plane-based registration, Von Hansen et
al. [56] proposed to match plane segments from the point cloud using exhaustive search.
But this method is time consuming and cannot cope with the scale difference between
multi-source point clouds. Wu et al. [57] extracted roof facets based on OSM footprints
data and then used normal vectors of the selected roof facets for registration of airborne
LiDAR point clouds, achieving an accuracy of 0.96 m. In order to boost the amount of
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features for registration, hybrid approaches are widely used. A combination of line and
plane features is employed in [58] for registration of urban scenes in a large scale. Besides,
Kaminsky et al. [59] registered 3D points to 2D lines by exploiting both point-to-edge
and free-space cues, but this method works only in the presence of corners, otherwise the
alignment of 3D points on a plane with 2D line becomes an ill-posed problem. Cohen
et al. [60] presented a hybrid approach for merging multiple planes from SfM models to-
gether. This approach jointly exploits symmetries structures, repetetive structures and
semantic information to find reasonable geometric relations between adjacent models
and use them for stitching the models. Yang et al. [61] exploited semantic information
for co-registration of terrestrial laser scanning point cloud of urban scenes, this method
relies on various constraints based on Euclidean distance and therefore may fail if the
target and source point clouds have different scales.

The non-descriptor-based registration methods usually rely on dominant linear or pla-
nar structures to estimate a homography or affine transformation between 3D models.
However, the co-registration between an aerial point cloud and a UAV point cloud is
challenging because the geometry of the scene is far more complicated. Furthermore,
these methods are generally dependent on sufficient overlap between the source and tar-
get 3D models, but the point clouds reconstructed from aerial and UAV imagery often
have small overlap due to their substantially different viewing directions. Geometric
features in UAV point clouds, e.g., façades, are hardly visible in aerial point clouds.
Therefore, such registration methods are not applicable for the case of co-registration of
UAV and aerial point clouds.

(b) Descriptor-based registration: Descriptor-based methods detect features from
point cloud data in order to establish correspondences between different point clouds.
Similar to feature matching in 2D, the 3D feature-based registration is achieved in three
steps: 1) feature point detection and description, 2) searching and comparing source
and target descriptors and 3) filtering outliers in raw matches. A variety of 3D keypoint
detectors have been proposed. Some feature detectors utilize voxel representations of
the 3D model and the corresponding feature descriptors are extracted using gradient ori-
entation of voxels, a representative is 3D-SIFT [62]. As an extension of the widely used
2D-SIFT, the 3D-SIFT detector and descriptor can well preserve the scale invariance
in 3D space; some feature detectors exploit surface geometry such as meshes, normals
and contours from the point cloud, such as the intrinsic shape signature (ISS) [63], Heat
Kernel Signature (HKS) [64], mesh-Diference of Gaussians (DoG) and Harris 3D [65].
The corresponding geometry-based descriptors include Spin Images [66], Fast Point Fea-
ture Histograms (FPFH) [67] and Signature of Histograms of OrienTations (SHOT) [68],
etc. In terms of outliers filtering, the nearest neighbor distance ratio (NNDR) [69] fol-
lowed by the RANdom SAmple Consensus (RANSAC) [70] is widely used to remove
outliers of raw matching correspondences. In comparison to non-descriptor-based regis-
tration methods, descriptor-based registration methods utilize the information embed-
ded in neighborhoods in the semantic context, thus providing richer local information
for matching. In general, the performance of matching and outliers filtering is strongly
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affected by the presence of rotation and scale between point clouds. A comprehensive
review of feature-based registration methods can be found in [71].

The descriptor-based registration methods generally rely on the assumptions of similar
resolution and appearance of multi-source point clouds for extracting conjugate features
from source and target data. Nevertheless, the point cloud reconstructed from UAV
imagery usually has much higher density than that of aerial imagery, i.e., the UAV point
clouds preserve fine features which cannot be accurately detected from the aerial point
clouds. As a result, these methods cannot well cope with the large differences in view,
scale, and appearance.

In practice, few work has been done in co-registration of aerial point cloud and UAV
point cloud to the author’s knowledge. Yet for the case of co-registration of airborne and
terrestrial point clouds which also have substantial difference in scale and view, accurate
co-registration is still a challenging task. Pixel-level accuracy (a few centimeters) is
reported in the work of Shan et al. [72], where a method for co-registration of terrestrial
point cloud to aerial imagery is proposed. However, this method strongly relies on the
quality of the reconstructed point cloud and assumes consistent appearance of aerial
and terrestrial data. Another similar work can be found in [73], where the SfM point
cloud reconstructed from UAV imagery is registered to airborne LiDAR point cloud with
decimeter level accuracy. This method also has limitations. First, a steerable pyramidal
structure is built through recursive data down sampling in order to eliminate the scale
difference, which is time consuming and cannot always guarantee to detect the correct
scale factor. Besides, the mapping area is comprised of monotonous patterns of wetlands,
bare ground and vegetation. It still needs to be studied whether this method works for
point clouds with notable heterogeneity.

In summary, 3D alignment methods rely on the prerequisites that the 3D models have
similar mesh resolutions and sufficient overlap. In our case, however, UAV 3D mod-
els have much higher resolution than aerial models (centimeter level vs. meter level),
therefore the extracted mesh features are hardly correspondent. Moreover, due to the
large view difference, UAV and aerial 3D models usually have small overlap. Structures
which appear in UAV models, e.g., building façades, may be not or only partially visible
in aerial images, and vice versa. In consequence, it is difficult to achieve pixel-level ac-
curacy for co-registration of UAV and aerial point clouds based on aforementioned 3D
registration methods.

3.1.3 Co-registration of UAV and Aerial Imagery Based on Image
Matching

Image registration is a common problem in remote sensing applications, especially for
multi-sensor fusion tasks. According to the definition of Hines et al. [74], image regis-
tration is the task of aligning images taken at different times, from different sensors or
from different viewpoints so that all corresponding points in the images match. Towards
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this goal, an image transformation needs to be defined to characterize the point-to-point
image correspondences. In our case, the reference imagery can be aerial imagery or
satellite imagery, while the imagery to be matched to the reference is the UAV imagery.
And the matching task can be formulated by a wide baseline stereo matching with large
differences in image scale, viewpoints as well as temporal changes.

Existing methods can be generally divided into two categories, i.e. area based matching
methods and feature based matching methods.

3.1.3.1 Area-based matching

Area-based matching methods use image domain similarity as metrics, and can be di-
vided into cross-correlation based, fourier based, mutual information based and optimiza-
tion methods. Instead of detecting features, area-based matching searches for similar
pixels in two frames by comparing a patch around the given pixel using a specific metric
for the matching cost, usually the normalized cross correlation [75]. However, the perfor-
mance of area-based matching approaches largely depends on the window-size selection.
Small window sizes work well for image regions with rich textures and class boundaries,
but it is not able to account for enough variation of pixel intensity and thus fails in low
textured image regions; big window sizes have good performance at low textured regions,
but may suffer from projective distortion and result in inaccurate object boundaries.

Area-based stereo matching methods are applicable for short baseline matching, i.e.,
stereo images with a small ratio of baseline to height. In such situations, the radiomet-
ric and geometric differences between matching images are quite small, i.e., the area in
the neighborhood of the given point has high similarity in matching images and the image
transformation can be characterized by a small translation. However, photogrammetry
and remote sensing applications often require images with large baseline to ensure that
the surveyed scene can be covered by possibly few images with sufficient overlap [76].
When it comes to matching large baseline images, the transformation between images
becomes more complicated. Apart from large translation of camera positions, there are
also significant rotation, scaling and changes of internal camera parameters between
views. Besides, occluded areas may also increase. Under such circumstances, the match-
ing fails due to the significant rotation, and the intensity-based score is no more reliable
as image patches in the neighborhood of given points no longer correspond to the same
patches in real world. To solve the problem, many extensions of small baseline matching
algorithms have been proposed, including simple pixel differencing [77] [78] or further
reducing the window size [79]. Such methods require efficient optimization techniques
such as optical flow methods [80] [81], graph-cuts [82] [83] or dynamic programming [84]
to ensure spatial consistency. On the other hand, the drawback of small correlation win-
dows lies in the fact that the reliability of extracted image information largely depends
on the presence of sufficient image texture. Besides, the performance of matching with
small image patches is vulnerable to illumination changes and pattern repetitions.
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In recent years, the increasing availability of data from multi-sensors and multi-platforms
boost the fast development of image matching algorithms in photogrammetric applica-
tions. Despite the low accuracy and lack of robustness, area-based matching methods
are far more computationally efficient than feature-based matching approaches such as
SIFT, therefore they are still widely used in applications which require fast and rough
registration.

In the work of Lin et al. [85], UAV images are registered to a reference map using area-
based matching, namely the mutual information. However, this approach only works
under some strong constraints. First, the difference in scale and rotation between UAV
images and the map is expected to be eliminated, which is actually one of the most
critical challenge for matching multi-platform images. Second, the scene is assumed
to be planar, otherwise the mutual information cannot well represents the similarity
between between image and map with a large parallax. Besides, the transformation
between UAV images and the map is modeled as homography, which does not work for
non-planar scenes.

Similarly, Conte and Doherty [86] achieved on-board registration of UAV images towards
aerial images to tackle long-term GNSS outages. Here the UAV images were matched
with aerial images using the normalized cross-correlation technique. A similar approach
is presented in [87], where nadir-view UAV images were matched to an aerial orthophoto.
They demonstrated that scale-invariant image features such as SIFT failed in the case
of matching UAV and aerial orthophoto, thus they turned to the normalized correlation
method. Comman drawbacks of such correlation-based methods are that the UAV and
reference images must be resampled to the same scale and aligned as data pre-processing;
in addition, both UAV and reference imagery must be nadir view and the scene must be
planar, otherwise the cross-correlation based matching would fail.

Fan et al. [88] addressed the problem of registration between UAV imagery and high
resolution satellite imagery by proposing a deformable template matching method. In
view of the large difference in image appearance and environment between UAV and
satellite imagery, they used a combination of the edge and entropy features as the fea-
ture representation, and then performed template matching to find the most possible
matching position. However, this method is also based on the prerequisite that the scale
difference is known and both UAV and satellite images are down-looking.

In summary, area-based matching methods may possibly achieve rough registration of
UAV imagery to the reference imagery, yet the accuracy is far from pixel-level registra-
tion. Besides, they usually work under many prerequisites and constraints which are not
always available in practical applications. Furthermore, these intensity-based methods
are not robust to temporal and geometrical changes.
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3.1.3.2 Feature-based matching

In order to cope with the problems in wide-baseline image matching, various approaches
have been proposed in the last decades. Attempts are generally made in two ways:
(1) exploiting semi-local geometric constraints or (2) developing invariant features and
distinctive descriptors.

For the former case, Pritchett and Zisserman [89] proposed to use local planar homogra-
phies. They developed a viewpoint invariant measure to assess the affinity of putative
matching features, and the local planar homographies are used as constraint in the search
for putative matches. The drawback of this method is that it requires the scene contains
parallelograms structures and large planes for generation homography hypotheses.

For the latter case, Schmid and Mohr [90] firstly demonstrated an application of local
invariant feature matching where a feature was matched against a large image database.
They proposed an matching approach based on rotation-invariant descriptors, which
ensures invariance against arbitrary orientation changes within images. Besides, the
invariants are calculated at multiple scales, which enables robustness to changes in scale.
Furthermore, a voting scheme and semi-local constraints are used to reduce outlines
caused by extraneous features and wrongly detected feature points. Gouet et al. [91]
also presented a rotation-invariant matching method for matching color images based on
differential invariants. Features are characterized by differential rotation invariants with
additional first order differential invariants using color information, and putative matches
are filtered using a relaxation technique which uses semi-local constraints. However, this
method is computationally expensive.

There have been a large amount of research works about scale-invariant matching. These
methods typically assume the scale changes are the same in all directions and search for
local extrema in the image scale space, differences among existing methods mainly lie
in their differential operators applied. In the work of Crowley and Parker [92], where
such techniques for scale invariant features were firstly proposed, Difference of Gaussian
(DoG) filters were deployed to generate the pyramid representation. Further, Laplacian
of Gaussian (LoG) operators were proposed in [93], in which the scale-space is comprised
of a series of images downsampled with different Gaussian kernels. As a circularly sym-
metric operator, the LoG operator is suitable for blob detection. This feature detector
is extended to be scale invariant by Lowe [94]. In his work, the LoG function is approxi-
mated by the DoG operator using multiple pyramid levels for the sake of speed. Besides,
a novel distinctive descriptor is also introduced which can handle local image distortions.
Other scale-invariant feature detectors include the salient region detector [95], which uses
entropy measures to identify salient regions for image description, and the edge-based re-
gion detector [96], which detects the most salient shape feature based on annular regions
in the image. However, such methods are potentially less amenable to acceleration.

There is an even larger body of work on feature descriptors, including Gaussian deriva-
tives [97], moment invariants [98], steerable filters [99], etc. Among them, the Scale
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Invariant Feature Transform (SIFT) approach proposed by Lowe [100] is recognized to
outperform the others [101]. SIFT descriptor characterizes scale-space features in a way
that is robust to boundary effects, i.e., translation, rotation and smooth changes in scale
do not cause radical changes of feature vector. The reason lies in the fact that SIFT
computes a histogram over local oriented gradients of detected features and stores the
bins in a compact 128-element vector, where each pixel contributes to bins according to
its gradient orientation, thus ensuring rich information of the spatial intensity patterns.

The superiority of SIFT makes it the most widely applied approach for wide baseline
matching. A large group of variants and extensions based on SIFT have been proposed.
Ke and Sukthankar [102] proposed PCA-SIFT, which applied Principal Components
Analysis (PCA) on the normalized gradient patch around the detected interest point
instead of using SIFT’s smoothed weighted histograms, yielding a descriptor with 36
dimensions. Therefore the PCA-SIFT is faster in matching and more robust to im-
age deformations than the standard SIFT representation. However, the integration of
PCA adds burdens to the feature detection. Mikolajczyk and Schmid proposed Gradi-
ent Location-Orientation Histogram (GLOH) approach [101], which changes the location
grid of SIFT and using PCA for data compression. But GLOH is also computationally
expensive as it integrates PCA for feature computation. Bay et al. proposed Speeded-
Up Robust Features (SURF) [103] based on the Hessian-matrix, which uses the determi-
nant of the approximated Hessian matrix for efficient feature detection, and first order
Haar wavelet responses rather than the gradient at the region of interest for feature
description. SURF is reported to be considerably faster than SIFT with comparable
performance due to its use of integral images, but it is not as stable to rotation and illu-
mination changes. A detailed comparison of SIFT, PCA-SIFT and SURF can be found
in the survey [104]. Binary Robust Independent Elementary Features (BRIEF) is an
alternative of SIFT with less complexity but almost similar matching performance, how-
ever, it has been demonstrated that SIFT is still more robust than BRIEF to changes of
image views and common image disturbances [105]. Oriented FAST and Rotated BRIEF
(ORB) [106] is also an efficient extension of SIFT and SURF. As a combination of the
FAST detector [107] and the BRIEF binary descriptor, ORB is suitable for real-time ap-
plications but is reported to be not comparable with SIFT in the aspect of repeatability
and discriminative properties [104,108–110].

The mentioned methods have demonstrated good invariant ability against smooth changes
in position, orientation and scale. However, none of them is explicitly affine invariant.
In order to handle big differences in viewpoints, Yu and Morel proposed affine-SIFT
(ASIFT) [111], which varies the camera orientations to simulate possible image viewing
directions and scales to cover the whole affine space. In the existence of large view dif-
ferences, ASIFT is able to yield a more robust performance than SIFT, as presented in
this evaluation research work [112].

SIFT and its variants use Gaussian blurring to build the scale space. In this process,
image details and noises can be both smoothed to the same level, therefore many image
features are lost in blurring. In order to well preserve the natural boundaries of objects
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in the image, KAZE built the nonlinear scale space using nonlinear diffusion filtering
alongside the Additive Operator Splitting (AOS) method. As a result, object boundaries
are preserved while image noises are smoothed. An accelerated version of KAZE, namely
AKAZE, was proposed in [113]. In contrast to KAZE, AKAZE uses a faster method
called Fast Explicit Diffusion (FED) to create the non-linear scale-space, as well as a
binary descriptor to further reduce computational costs.

However, the SIFT matching approach also has some drawbacks. First, the local maxima
detected near edges are vulnerable to noises as the grayscale gradient is only applied in
one direction. This is also a common drawback of DoG or LoG operator. Second,
the number of detected feature points is not guaranteed. At image regions with low
textures, few features can be detected. Third, SIFT representation is invariant to small
affine distortion, but cannot cope with large affine changes.

In 2012, Alcantarilla et al. [114] proposed KAZE, a multiscale 2D feature detection and
description algorithm in nonlinear scale spaces. KAZE succeeds especially in the pres-
ence of deformable objects. As an accelerated variant of KAZE, AKAZE [113] is getting
increasing applications due to its invariance to large scale differences, ability to preserve
boundary features and high computational efficiency. Onyango et al. [32] used AKAZE
interest operator to register oblique UAV images to oblique airborne images and achieved
accuracy of 3-5 GSD of the UAV images. They coped with the scale difference by modi-
fying the number of octaves in feature extraction and computed multiple homographies
to remove outliers. However, this registration approach can only cope with view differ-
ences smaller than 25 degrees, and comparison with other matching algorithms such as
SIFT or SURF was not demonstrated in this work.

Recently, Tareen and Saleem published a detailed analysis [115] with a comprehensive
comparison of popular matching algorithms, including SIFT, SURF, KAZE, AKAZE,
ORB, and BRISK feature detector and descriptors. They demonstrated with extensive
experiments that the SIFT feature detector and descriptor achieve the highest overall
accuracy in the aspects of scale, rotation and affine variations.

Despite the success of state-of-the-art feature-based image matching approaches, match-
ing UAV images and aerial images is still a challenging task due to their specific pe-
culiarities. First, aerial imagery and UAV imagery have large differences in scales and
viewpoints, as well as potentially large changes of illumination, lens distortion and tem-
poral changes. Second, UAV imagery often presents a small subsection of aerial imagery
but with much higher resolution. Third, in many situations, the UAV imagery contains
highly repetitive patterns such as windows in buildings. Thus, many attempts have
been made to adapt the traditional feature matching methods to tackle the multi-view
matching problems.

Shan et al. [72] addressed the problem of ground-to-aerial image matching, where the
ground views are images extracted from Google Street views and the aerial views are
extracted from Google Maps. They first reconstructed a 3D point cloud from ground im-
ages with inaccurate GNSS tags and then synthesized aerial views by ground-to-image
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projection. In this way, differences in viewpoint and scaling were eliminated. Subse-
quently, the synthesized virtual aerial views were then matched to oblique aerial views
using SIFT algorithm. The proposed method is able to achieve pixel level registration
accuracy, but it also has some limitations. First, this approach requires an approximate
alignment of ground and aerial data as a preprocessing step. Second, it relies on a
high-quality 3D reconstruction from ground images. Third, aerial imagery and ground
imagery should have a high appearance consistency.

Similarly, Majdik et al. [116] proposed a technique for ground-to-aerial registration,
where UAV images were matched to Google Street views using a constrained ASIFT
approach. They also reported that RANSAC-based approaches failed in the ground-
to-aerial matching, therefore they made use of the virtual line descriptor (kVLD) [117]
in addition and extended the traditional photometric matching with a graph-based one.
However, the outliers-filtering approach is not stable and the positioning accuracy ranges
within a few meters. Thus the proposed registration workflow is only used as an alter-
native to a GNSS-based geolocalization.

The advances in deep neural networks also contribute to novel approaches in image
matching field. In recent years, “deep” features have emerged and found increasing
applications in difficult matching cases. Some of them have demonstrated significant
superiority over traditional hand-crafted features. Lin et al. proposed a novel feature
representation using a Convolutional Neural Network (CNN) for ground-to-aerial match-
ing. Similar work can be found in [118]. Such deep feature-based matching methods
usually require manual interventions to estimate the scale difference. Despite its ability
to handle large viewpoint difference, the localization accuracy of the query imagery is
not at pixel-level and thus cannot reach the desired global georeferencing accuracy.

Apart from aforementioned local features, other features such as line or semantic infor-
mation are also applied in matching.

Nassar et al. [119] proposed a novel CNN-based framework to register UAV imagery to
satellite imagery. First, semantic information such as roads and buildings was extracted
from UAV and satellite images using U-Net. Afterwards, object shape and context in-
formation were extracted as features for matching. This method demonstrated higher
positioning accuracy compared with local-feature based methods and presented a novel
approach for UAV autonomous navigation. However, it has difficulty for scenes with
dense building blocks, because such blocks often result in huge blobs in segmentation,
which are difficult to match at low altitudes. Therefore this method only achieves geolo-
calization accuracy of 3-5 meters for ISPRS Potsdam dataset and Famagusta dataset.

Another worth-noting work is presented in [120], which investigated into the matching
between forward-looking UAV images and down-looking satellite images based on the
semantic information of buildings. First, buildings are detected in UAV images by ex-
ploiting the fact that building walls are vertical to the ground and are characterized by
repeated patterns; at the same time, buildings in the satellite imagery were manually
extracted. Second, 3D building models are reconstructed from UAV images using SfM
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and then projected to the satellite imagery using its azimuth and elevation angles infor-
mation. Subsequently, the building information extracted from the UAV imagery and
satellite imagery is used to co-register the images. In this step, a cost function is define to
estimate the homography between two scenes, including scale, rotation and translation
parameters. Nevertheless, the proposed method is not stable as the triangulation error
increases when the scene has larger depth. In some cases, the registration accuracy is
even lower than GNSS-based positioning.

Accurate geo-registration of UAV images is highly related with the accuracy of image
matching. Though numerous attempts have been made and considerable matching al-
gorithms have been proposed, many of them rely on intensity-based matching, which
cannot reliably work in the presence of large geometric or temporal changes. Though
many feature-based matching algorithms are invariant to scale and rotation, they per-
form poorly in the case of matching UAV and aerial imagery due to their large differences
and yield matching results with high percentage of outliers. Though some methods are
able to cope with extremely large viewpoint changes, e.g., matching ground view and
aerial view, the matching approaches are not at pixel level and thus cannot be deployed
for geo-registration with desired accuracy. In conclusion, robust cross-view matching
algorithm against large scale and viewpoint differences is essential to achieve pixel-level
geo-registration of UAV imagery to the reference imagery.
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3.2 Semantic Segmentation of UAV Imagery and Aerial
Imagery

Semantic image segmentation is a fundamental process in many remote sensing and com-
puter vision applications. In different occasions it is also known under various different
names and acronyms. For the sake of clarity and consistency of terminology, we will
comply with the following term definitions in this thesis:

• Semantic image segmentation: semantic image segmentation is the partition
of an image into regions corresponding to different object categories. Each pixel
of the image is assigned one of these categories. In some works it is also referred
to as semantic scene labeling.

• Image classification: the objective of image classification is to make a prediction
for a image, indicating the category of the image as a whole or providing a ranked
list of the objects.

• Object detection: the task of object detection is to recognize and localize an
object which belongs to a specified class in an image.

(a) Image classification (b) Object detection (c) Semantic segmentation

Figure 3.1: Stages of scene understanding from coarse-grained to fine-grained inference: (a)
image classification, (b) object detection, (c) semantic image segmentation

The different stages of scene understanding is illustrated in Figure 3.1, according to the
definition of Garcia et al. [121].

In order to automatically identify target objects and determine their semantic properties,
image interpretation is an essential procedure. Traditional remote sensing segmentation
are mainly for the purpose of extracting land-use or land-cover information at a large
scale. By contrast, higher resolution images, such as aerial imagery or UAV imagery,
represents a large area with high spatial resolution and thus contains much richer in-
formation of the scene. In this case, image interpretation is usually formulated as a
pixel-wise semantic segmentation task.

Extensive research has been done regarding semantic segmentation of remote sensing
images. Advances in computer vision and artificial intelligence also contribute to ef-
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fective approaches and algorithms. According to whether the algorithm needs to learn
from a representative sample sets with predetermined class types, existing segmentation
techniques can be broadly divided into three groups, namely supervised segmentation
(e.g., Maximum Likelihood (ML) classifier [122], Support Vector Machine (SVM) [123],
decision tree [124], random forests [125]), unsupervised segmentation (e.g., k-means clus-
tering [126], self-organizing map (SOM)) [127] and hybrid segmentation (e.g., semi-
supervised segmentation). Typically, supervised learning is more commonly used but
relies on a high-quality training set in order to achieve good segmentation performance.
By contrast, unsupervised and semi-supervised learning usually yield lower segmenta-
tion accuracy without the guidance of input training samples, but they are suited to
real-time segmentation and automatic generation of image annotations.

The revival of Deep Neural Network (DNN) boost the fast development of novel segmen-
tation techniques, and segmentation accuracy has been significantly improved. In this
paper, we refer to the segmentation methods based on DNN as deep learning methods,
and the rest as traditional machine learning methods.

This chapter is organized as follows: Section 3.2.1 gives a brief review of traditional
segmentation methods, Section 3.2.2 introduces the recent advances of deep learning-
based segmentation techniques; Section 3.2.3 makes a brief summary about automatic
image annotation techniques.

3.2.1 Traditional Supervised Machine Learning Techniques

For semantic segmentation tasks, traditional machine learning techniques exploit hand-
crafted features from image data as input to classifiers. Therefore the selection and
derivation of features is crucial for segmentation performance. In order to extract effec-
tive and distinctive features from images, a large variety of handcrafted features have
been developed, representing spectral, spatial, textual and geometrical characteristics of
the images:

• color features, which are defined in a color space such as RGB, LUV, HSV and
HMMD [128]. Commonly used color features include colour moments [129], colour
histogram [130], colour correlogram [131], colour coherence vector [132].

• spectral texture features, which are calculated from the image’s frequency do-
main. Typical frequency transforms include Fourier transform (FT) [133], wavelet
transform [134], curvelet transform, Gabor filters, etc. Among them, Gabor fea-
tures and curvelet features are mostly used due to their robustness.

• spatial texture features, which represent pixel statistics or local pixel structures.
Spatial texture features can be further categorized into statistic and structure
groups. Statistic-based features, e.g. moments and Tamura texture features [135],
characterize low-level statistics of image pixels. But these features are not able
to describe the large variety of textures. Structure-based features utilize texture
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primitives and their structure pattern, one representative is textons [136]. A com-
prehensive review of texture features can be found in [137].

• shape features, which is an important cue for humans in object recognition.
Shape features include contour features and region features. For a robust shape
description, several shape descriptors such as area-based, moments-based descrip-
tors [138] are jointly used.

• spatial relationship, which accounts for the relationship between regions and
the spatial location of regions. The location can be either relative, such as “top,
down, left, right” or represented in 2D strings.

Classic segmentation approaches are suited to low-resolution remote sensing images. At
early stage, only pixel-level features like color or spectral values are used. Extracted
low level features are then fed to classifiers in order to predict semantics probabilities.
Typical classifiers include the Maximum Likelihood Classifier (MLC) and neural net-
works [139]. Bischof et al. [140] proposed to integrate contextual information from a
small patch in the neighborhood of the pixel of interest, Haralick et al. [141] exploited
local texture information using hand-designed features. These features are still quite
local as they can only represent context of a small patch, however, they are sufficient to
discriminate the general classes in low-resolution remote sensing imagery. And reason-
ably high segmentation accuracy based on only spectral features has been reported [140].

With increasing resolution of remote sensing imagery, classification or segmentation tasks
are getting more and more detailed. Particularly, high resolution aerial imagery and
UAV imagery are often used for classification of small-scale objects, such as roads, cars
and buildings. Traditional segmentation using simple classifiers on local spectral and
texture features is no longer suitable and cannot achieve desired segmentation accuracy.
In order to adapt for the segmentation task of high resolution aerial imagery, various
attempts have been made which mainly involve improvements in four aspects [142]: a.
more enriched features, b. more robust outliers, c. using probabilistic graphical models,
d. and using object-based segmentation. The four aspects are explained in details in
following text.

• a. Incorporate more spatial and contextual information; combine various features.

Local spectral textual features barely have semantic meaning and are not sufficient
to represent the image. Besides, they cannot well discriminate objects with similar
appearance or cope with shadows. To solve the problem, it is essential to incorporate
distinctive features and contextual information.

An extremely useful feature for high resolution aerial/UAV image segmentation is the
height information, which can effectively discriminate spectrally-similar objects such as
trees and grass. Yang et al. incorporated DSM information for UAV image segmentation
using a decision tree, leading to improvement in classification accuracy from 86% to
93%. Kluckner et al. [143] integrated height information in addition to various image
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appearance features for aerial image segmentation and demonstrated that the integration
of height information contributed to a improvement of classification accuracy by 10∼20%.

Another effective feature is the object shape. In view of the fact that aerial and UAV
imagery are typically down-looking, their ground sampling distance (GSD) is usually
known or can be estimated, therefore the scale of object in the image can also be de-
termined. Choi and Yang [144] utilized shape features for vehicle detection in aerial
imagery. They estimated the size of vehicles in the images based on the GSD, and
used a log-polar shape descriptor as the metric for similarity. This method achieved a
classification accuracy of 87.3%.

The integration of more spatial contextual information and hybrid input features can
also contribute to higher segmentation accuracy. Koda et al. [145] incorporated spatial
contextual information by adding a new term to the standard SVM cost function to
encourage spatial smoothness. The proposed method was tested on both UAV and
aerial images and presented significantly higher per-class accuracy than using standard
SVM.

• b. Switch to more robust classifiers.

Typical classifiers include Maximum Likelihood Classifier (MLC), Minimum distance-
to-means, Mahalanobis distance, Parallelepiped, k-nearest Neighbors, random forests
(RF), support vector machine (SVM), genetic algorithms, etc. Among them, SVM, RF
and boosting methods are most robust and thus more often used when only low-level
features are available. Some applications fed only low-level features to SVM classifier
but still achieved desired accuracy [146].

Among various ensemble methods, AdaBoost [147] and random forest are most popular.
Porway et al. [148] implemented a hierarchical model for aerial image parsing, they
used compositional boosting to detect roofs and roads and low-level features to detect
other classes. Dollar et al. [149] proposed a boosted pixel classifier for edge detection.
Yang et al. used AdaBoost for pixel-wise tree classification from aerial imagery. The
application of random forests in segmentation of aerial images can be found in a variety
of works [150] [151].

• c. Use probabilistic graphical models, e.g. Markov Random Field (MRF), Condi-
tional Random Field (CRF).

Considering the fact that neighbouring image pixels are more likely to have the same
semantic labeling, the individual pixels are no longer mutually independent. In this case,
the relationship among image pixels can be characterized by a probabilistic graphical
model.

Among various graphical models for structured prediction, CRF is the most widely used
one. Pairwise CRF is often used in aerial image segmentations and the unary potential
term is usually derived from a pixel-wise classifier such as SVM or RF. Wegner et al.
[152] proposed a CRF formulation for road labeling in aerial imagery, and demonstrated
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that the incorporation of CRF has significantly improved the per-pixel segmentation
accuracy. Quang et al. [153] applied a fully connected CRF model after the RF classifier
for pixel-wise aerial image segmentation and also achieved considerable improvement
in segmentation accuracy. This is because probabilistic graphical models account for
contextual information and encourage label consistency of neighboring image pixels,
thus contribute to smooth image segmentations.

• d. Switch to object-based methods.

Pixel-based segmentation is a traditional segmentation technique for remote sensing im-
ages. Typical pixel-based methods are Iterative Self-Organizing Data Analysis Technique
(ISODATA), Maximum Likelihood Classifier (MLC), etc. Pixel-based segmentations re-
gard an image as an unstructured array of pixels and utilize merely spectral features
of pixels in the image. Since pixel-based methods treat individual pixels as mutually
independent without considering their spatial-contextual relationship, they are sensitive
to image noises and usually result in spatial inconsistency and “salt-and-pepper” ef-
fect [154]. When it comes to high resolution remote sensing images, such as aerial and
UAV images, a geographic object on the image is usually composed of multiple adjacent
pixels, which leads to larger intra-class spectral variability and thus affect classification
accuracy [155]. As a result, individual pixels are assigned to different labels as their
neighbors, showing a “salt-and-pepper” effect [156].

In contrast to pixel-based segmentations where the basic unit for processing is individual
pixel, object-based segmentations regard an object which is composed of a set of similar
adjacent pixels as the basic unit. Firstly, image pixels are segmented into spectrally
homogeneous entities (e.g., super-pixels). Secondly, features are extracted from the
segments, finally, the most consistent set of segments are chosen by classifiers (e.g., RF,
SVM). In comparison with pixel-based methods, object-based segmentations can make
full use of spatial, spectral, contextual and topological information embedded in the
image, reducing the intra-class spectral variation. Such priorities make object-based
methods a preferable approach over pixel-based methods for segmentation of high and
very high resolution images [154] [157], including those captured by manned airplanes
and UAVs. Liu et al. [158] compared pixel-based and object-based approaches using
various classifiers, e.g., RF, SVM and fully convolutional networks, and reported that
object-based methods generally achieved higher classification accuracy than pixel-based
methods when using same classifiers.

On the other hand, object-based methods have limited transferability as they rely on
iterative trial-and-error segmentation parameter adjustment. In order to reduce the
parameter sensitivity, Fernandez et al. proposed a two-step segmentation approach for
building segmentation of UAV imagery [159]. This approach starts with a multiresolution
segmentation for capturing small details such as building bricks and tiles, and then
performs a spectral difference segmentation to merge small homogeneous objects into
larger ones. The experiments demonstrated a notable lower parameter sensitivity.
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3.2.2 Supervised Deep Learning Techniques

Compared with traditional remote sensing images, high-resolution aerial or UAV imagery
brings much higher spatial resolution and contain richer information of small objects
like cars or buildings. In many applications, it is required that the image segmentation
yields precise object boundaries. For example, accurate road boundaries are required
for the application of autonomous driving [160] and building boundaries are needed for
footprint extraction [161]. For this reason, a fine-grained segmentation of aerial/UAV
imagery with pixel-level accuracy is in a high demand.

Since the re-rising of deep neural networks (DNNs) in recent years, tremendous suc-
cess has been made in solving complex image analysis problems. The superiority of
DNNs over traditional methods is two-folds: first, traditional machine learning tech-
niques utilize handcrafted features that are designed based on restricted domain-specific
knowledge and thus cannot fully characterize the images, while DNNs can automatically
learn the feature representation without a designing process; second, the fast developing
DNNs have demonstrated consistently better results than traditional methods in a wide
variety of applications [162]. Particularly, supervised approaches such as deep convo-
lutional neural networks (CNNs) have demonstrated state-of-the-art achievements and
become a dominant approach for image segmentation. It has been proved that CNNs can
learn some reusable image features which can be directly applied in other segmentation
tasks [163], which facilitate cross-domain applications of CNNs.

Recent advances in CNNs have been successfully adapted to remote sensing image anal-
ysis applications and demonstrated excellent performance surpassing conventional meth-
ods. A comprehensive review of deep learning techniques in remote sensing applications
can be found in [164,165].

3.2.2.1 Deep neural networks for semantic segmentation

Initially, CNNs act as a classifier for image categorization. A typical CNN network is
composed of convolutional layers, Rectified Linear Units (ReLU) layer, pooling layers
and fully connected layers at the end. In order to adapt the CNN classifiers for pixel-
wise semantic segmentation tasks (i.e., each pixel is assigned a category), a wide range of
networks have been developed. We broadly divided them into two categories: semantic
segmentation and instance segmentation.

• Semantic segmentation networks

In a CNN, the last layer is a fully connected layer that converts 2D feature maps to 1D
classification scores. The fully connected layer has fixed dimensions and discards spatial
coordinates. Long et al. [166] proposed the Fully Convolutional Network (FCN). They
formulated the fully connected layers in CNNs as convolutions with kernels fully covering
the input regions, and transformed them into fully convolutional neural networks without
fixed activation size. Therefore an FCN can naturally take input images of any size and
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output spatial maps instead of classification scores. The transformation is illustrated in
Figure 3.2.

The emergence of FCN is considered as a milestone as it surpasses conventional CNNs
in these aspects:

a. it demonstrates how CNNs can be trained end-to-end and pixels-to-pixels for semantic
segmentation.

b. it allows for input images of arbitrary size

c. its skip architecture allows for aggregating the features from different layers of the
network to produce accurate and detailed segmentations.

Figure 3.2: Transforming fully connected layers to convolution layers [166], where the output of
a classification net is a heatmap. Adding layers and a spatial loss enables end-to-end
dense learning

Preserving accurate object boundaries is expected in many aerial/UAV image segmenta-
tion tasks. Nevertheless, due to the natural trade-off between recognition accuracy and
localization accuracy [167], convolutional networks use down-sampling in order to cope
with object recognition at different scales, which leads to a lower spatial resolution of
output label maps. FCN [166] uses a simple bilinear interpolation of class probabilities
and multi-resolution layer combinations (deep Jet) but still produces coarse segmenta-
tion maps. In order to compensate for the decreased resolution, many approaches have
been proposed, e.g., integrating CRF as a post-processing step, using dilated convolu-
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tions, aggregating multi-scale context, etc. The evolution of various convolutional neural
networks is listed below.

DeconvNet: Noh et al. [168] proposed a deep deconvolution network composed of
deconvolution and unpooling layers, where the original locations of pulling locations are
traced with strong activations back to the image space in order to reconstruct the full
resolution.

SegNet: Instead of copying the encoder features as in FCN, SegNet [169] transferred the
Maxpooling indices to the decoder to restore the output resolution. Therefore SegNet is
more memory-efficient than FCN.

Dilated Convolutions: In order to enhance classification, the pooling layer in CNN-
classifiers is devised to increase the receptive fields, but also leads to a decreased output
resolution. Yu and Koltun [170] proposed a dilated convolution layer for dense low-
resolution predictions and trained a context module to aggregate the multi-scale context
which finally generate the final high-resolution output.

DeepLab v1, v2: DeepLab v1 [167] and v2 [171] also used dilated convolutions. In
addition, they plugged in a fully connected CRF as a separate post-processing step for
structured predictions.

CRFasRNN: Zheng et al. [172] refined the segmentation of FCN by integrating the
dense CRF with Gaussian pairwise potentials in a standard Convolutional Neural Net-
work. By reformulating the mean-field approximate inference as RNNs, they fully inte-
grated the CRF into a FCN for end-to-end training. The integration of a CRF model
contributes to more accurate object delineation and finer segmentation boundaries.

RefineNet: Dilated convolutions have to be applied on abundant high resolution feature
maps and are therefore computationally expensive. Lin et al. [173] proposed to use
encoder-decoder architecture instead. In RefineNet, each block is composed of a multi-
scale aggregation component by upsampling the lower resolution features and a “chained
residual pooling” component for capturing the background context.

PSPNet: PSPNet [174] is also based on dilated convolutions. Additionally, a pyramid
pooling module is proposed to aggregate the context information by applying large kernel
pooling layers. Besides, an auxiliary loss branch is added after the res4b22 residue block,
i.e., the fourth stage of ResNet.

DeepLab v3: DeepLab v3 [175] is the state-of-the-art framework in the area of se-
mantic segmentation. It improved atrous (dilated) spatial pyramid pooling (ASPP) by
involving image-level features at multiple scales which encodes global context. Mean-
while, cascaded modules are directly applied on intermediate feature maps instead of on
belief maps.

In summary, many CNN architectures have been developed to enhance the pixel-wise
segmentation performance and almost all of them have benefited from additional incor-
poration of Probabilistic Graph Models (PGMs). Such incorporation can be either a
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separate postprocessing step like DenseCRF [176], or unrolling the inference algorithms
as neural networks such as CRFasRNN. In a recent work of Arnab et al. [177], they
found that the state-of-the-art results on public benchmarks including Pascal VOC [178],
Cityscapes [179] and ADE20k [180] have all integrated CRFs as part of the neural net-
work in end-to-end training. The underlying reason stems from the fact that CNNs are
capable in learning representative features while PGMs can better model the underlying
context knowledge. The parameters for unary potentials of the CNN and the PGM may
learn to optimally cooperate with each other. Therefore, this setting of combining CRF
and CNN for structured prediction is applied in this thesis for semantic segmentation
tasks.

• Region-based instance segmentation

Another solution is the region-based semantic segmentation, i.e., to perform a segmenta-
tion based on object recognition. This was initially motivated by the Region-based CNN
(R-CNN) [181] approach, which was designed for bounding-box object detection and ex-
tended to Faster R-CNN [182] by adding a Region Proposal Network (RPN). Faster
R-CNN can be flexibly built on top of various CNN structures such as AlexNet [183],
VGG Networks [184] and ResNet [185]. Its effectiveness and robustness have driven
many follow-up improvements for semantic segmentation or instance segmentation. A
notable breakthrough is Mask R-CNN [186], which advanced Faster R-CNN for high-
quality instance segmentation. It is assumed that each bounding box recognition has a
segmentation mask and introduces an additional segment branch for the mask prediction.
Mask R-CNN presents the current state-of-the-art in the area of instance segmentation.

A recent extension of Mask R-CNN is presented by Hu et al. [187], which proposes to
predict mask weights from box weights. Specifically, Mask-RCNN is modified to be
trained using fully-labeled examples of some classes, and only bounding box annotations
of others.

3.2.2.2 From multimedia data to aerial/UAV imagery

The significant success of CNNs provides a promising approach for the semantic labeling
of UAV/aerial imagery. These networks are generally trained or adapted for multimedia
images that are commonly used in the computer vision community. In comparison,
UAV/aerial images present some unique characteristics, therefore challenges arise when
we apply semantic segmentation to these images [188].

• Multimedia images are typically taken from terrestrial views so that the objects in
images are mostly upright; UAV and aerial images are both down-looking, showing
mainly tops and slight side-views of objects.

• Due to the scale difference, an object covers a smaller size in aerial/UAV images
than in multimedia images.
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• Multimedia images have a small-scale and tend to have a specific context, while
UAV/aerial images have much more complex context due to their large scale.

• As remote sensing data, UAV/aerial images are geolocated in a global geograph-
ical space, i.e., each pixel can be traced by a spatial coordinate. Many remote
sensing datasets are accompanied by corresponding DSMs or point clouds, which
can provide auxiliary 3D features to facilitate semantic segmentation tasks. It is
demonstrated in [189] that integrating the features from DSM data to CNN can
considerably improve the segmentation accuracy.

To summarize, processing aerial/UAV imagery poses unique challenges compared to
multimedia images. On the other hand, they still have sufficient similarity which makes
transfer-learning from multimedia images to aerial/UAV images possible.

3.2.2.3 Transfer learning on aerial/UAV imagery

The task of semantic segmentation of UAV/aerial imagery can be achieved by either
training a network from scratch (all parameters are randomly initialized) or exploiting a
pre-trained model, but a training from scratch is relatively rare in practice. Castelluccio
et al. [190] explored the effectiveness of training a CNN on multiple aerial image datasets
from scratch, and compared the performance with that using pre-trained networks. The
results turned out that training from scratch is effective for large datasets, but when
the aerial training data is limited, a training from scratch approach suffers a drop in
classification accuracy compared with that using pre-trained network. The underlying
reason is two-fold: first, most CNNs are devised with a large number of parameters
(weights), for instance, GoogLeNet contains 11 million parameters to be learned. When
trained on a small aerial images dataset, or when the aerial images are highly correlated,
the networks are likely to suffer from over-fitting and local minimum problems. Second,
randomly initialized networks may tend to learn more spectral features rather than the
texture features of the scene, as spectral properties are easier to exploit [188]. This often
leads to limited generalization ability of the trained network.

Widely used CNNs are trained on very large datasets, for example, ImageNet was trained
on 1.2 million images covering 1000 categories. The features learned by a CNN form
global feature representations which are re-usable for other related domains. Therefore
the pre-trained CNNs can be directly applied for the task of interest, either as a fixed
feature extractor or for fine-tuning. We broadly divide transfer learning scenarios into
following two categories:

• Pre-trained CNN as feature extractor: This is motivated by the observation
that the activations of the hidden layers can be treated as visual features [191].
After submitting images to the pre-trained CNN, the output of the penultimate
layer can be directly extracted, i.e., right before the output layer. The extracted
output is used as feature vectors for the new dataset (e.g., the output in the
AlexNet is a 4096-dimensional feature vector). Afterwards, these image features

36



3.2 Semantic Segmentation of UAV Imagery and Aerial Imagery

can be used to train an off-line classifier such as SVM on the new dataset. In
[190, 192, 193], the features from the fully-connected layer were directly used as
input for a linear SVM, and the segmentation accuracy surpassed handcrafted
features.

• Pre-trained CNN for fine-tuning: Another way is to adapt the pre-trained
model to the new dataset. A common approach is to replace the last layer of the
pre-trained CNN by a new softmax layer where the neurons correspond to the
number of interested classes, and then the pre-trained weights are fine-tuned via
backpropagation on the whole network. In [194], the FCN-8s model was initialized
with the ImageNet pre-trained wights and then fine-tuned for aerial image seg-
mentation task, yielding significant improvement in accuracy. It is also a common
practice to use a smaller learning rate or freeze the pre-trained weights of earlier
layers, and only update the weights of higher layers by continuing the backprop-
agation. This idea stems from the observation that the first few layers in a CNN
mainly learn universal features such as object edges or curves that are also rele-
vant in the new task, while later layers capture progressively more dataset-specific
features such as textures and even objects [162]. In [190, 195], the high-level lay-
ers of the GoogLeNet [196] were fine-tuned on new datasets and achieved higher
segmentation accuracy than directly using pre-trained CNNs.

3.2.3 Automatic Image Annotation Techniques

Though Convolutional Neural Networks (CNNs) play a dominant role in a large vari-
ety of image recognition tasks, they rely on large amounts of annotated training data
to effectively learn image representations. Currently, most training data for pixel-wise
semantic segmentation tasks is hand labeled, which is particularly time-consuming. Tak-
ing the Cityscapes dataset or example, fine annotation for a single image took more than
90 minutes [179].

Basically, automatic image segmentation can be achieved through unsupervised learning
or semi-supervised learning. Nevertheless, the objective of unsupervised learning is to
cluster pieces of data which have high similarity. In the case of classes which have similar
spectral properties, for example grassland and trees, unsupervised learning is less likely
to separate them into different classes. More importantly, unsupervised learning develops
class categories automatically, which may not in accordance to the desired annotation
categories. Therefore semi-supervised learning is deployed in this thesis to generate
image annotations with predefined class categories.

In order to tackle the lack of annotated data, a couple of attempts have been made in
automatic generation of image annotations. One option is to generate synthetic data.
The emergence of synthetic datasets like Virtual KITTI [197] and Synthia [198] reveals
its potential in generating image annotations on a large scale, but the quality of synthetic
data largely relies on the quality of the generative model. Though such models can find
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regular patterns of the authentic data, they may not be able to generate distinctive and
diverse images like realistic data, which is a severe limitation for most training tasks.

An effective way of automatic image annotation is label propagation, i.e. to transfer the
pixel labels from source data to target images via certain correspondences. A common
case is propagation throughout video frames. Naive methods use optical flow to model
the frame to frame propagation [199] but often suffer from occlusion and reappearance
of objects. To handle this problem, more sophisticated appearance-based models have
been proposed, such as local shape models [200], semantically consistent regions [201] and
patch cross-correlation [202]. Unstructured classifiers, which predict pixel labels inde-
pendently without neighborhood constraints, mostly use Random Decision Forests [125]
and CRFs to get the unaries. In contrast, structured classifiers involve context informa-
tion to improve the segmentation accuracy. For example, a coupled HMM was proposed
in [203] for joint generative modeling of image sequences and their annotation. Some
works [204, 205] used joint optimization for a temporal motion and semantic labels. A
patch-based probabilistic graphical model was employed in [202] for temporal association
between super-pixels, which can reduce errors caused by short time-window processing
in label propagation.

Due to lack of depth information, video-based label propagation approaches are vulnera-
ble to occlusions. In contrast, some methods exploited the 3D information as source data
for label propagation. For example, the approach presented in [206] exploited the 3D
information including the noisy point clouds, the 3D car models as well as appearance
models to generate an accurate vehicle segmentation. Xiao et al [207] proposed to gener-
ate street view image segmentation by projecting 3D annotations onto image superpixels
and optimized the results in a MRF model. However, as the point cloud was generated
from Structure from Motion (SFM), this method still had difficulty in dealing with oc-
clusions. In comparison, the hybrid methods presented in [208, 209] jointly inferred 2D
imagery and 3D point clouds in graphical models and demonstrated improvements in
the semantic labeling of both modalities.

Aforementioned methods demonstrate that incorporation of multi-view information can
help to improve the segmentation accuracy and the temporal consistency of annota-
tions. Thus, additional radiometric and geometric information are exploited in this
thesis for the label propagation task. Nevertheless, existing methods mainly work with
label propagation between same-source data, e.g., across video frames or from terrestrial
point cloud to street-view images, where the source data and target imagery have high
similarity in view and appearance. However, when it comes to multi-view imagery, the
labels propagation suffers from view differences between source data and target images,
resulting in sparse and erroneous annotations. For instance, building façades in UAV
imagery are often invisible in aerial imagery and thus cannot be annotated, direct label
propagation would result in missing labels on the façade area of UAV images. This
problem is tackled by introducing a Bayesian-CRF graphical model in this thesis.
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3.3 Building Footprint Extraction and 3D Modeling

Accurate 3D building models is of paramount practical interest for various applications,
such as real urban planning, estate industry, energy assessment and disaster manage-
ment. Towards this goal, two fundamental steps in the automatic image interpreta-
tion are building footprints extraction and building height estimation. This chapter re-
views related works on building footprint extraction and 3D modeling techniques. More
specifically, Section 3.3.1 gives an introduction on building detection methods, including
feature-based approach, active contour approach, knowledge-based approach, auxiliary
data-based approach and semantic classification-based approach. Section 3.3.2 briefly
reviews commonly used methods for building footprint refinement. Section 3.3.3 reviews
the approaches of building 3D modeling from remote sensing data.

3.3.1 Building Detection Techniques

In order to reconstruct accurate 3D building models, an crucial step is to extract build-
ing footprints that have both high shape accuracy and position accuracy. However,
automatic building footprint extraction still faces many challenges. First, complex back-
grounds may add difficulty to building outline extraction, especially when background
objects have similar spectral and spatial (e.g., height) properties as buildings. Besides,
building detection suffers from the presence of occlusions, shadows and low contrast
between buildings and the surrounding region. The difficulty of building extraction in-
creases for high resolution images as the images contain richer information of the scene
along with more evident shadows and occlusions.

In order to achieve robust and accurate building footprint extraction from high-resolution
remote sensing data, extensive studies on extracting building footprint have been car-
ried out in the last few decades and important advances have been achieved. Previous
methods exploit either monocular images, stereo images, point clouds or combinations of
them. A detailed review of building detection and modeling can be found in [210–212].
Existing methods can be boradly divided into following categories [213]:

• Feature-based approach

Building detection at early stages exploited merely low-level features such as edges, line
segments or corners to form building hypotheses. First, edges or lines are extracted from
images. Further, parallel and perpendicular lines are grouped to polygons in order to
generate building hypotheses. In this step, various algorithms have been proposed such
as graph-based searching [214] and Hough transformation [215]. Most of these methods
rely on low-level edge cues and assume specific building shapes. To compensate for the
limitations, these methods are usually jointly used with other approaches.

• Active contour approach
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Active contour is an effective approach for delineating building outlines from aerial
images. Karantzalos and Paragios [216] integrated prior knowledges about building
shape into active contours and achieved an overall detection accuracy of higher than
80%. However, the accuracy of this method highly depends on the prior building shape
models. Ahmadi et al. [217] presented a new active contour-based method for building
boundary extraction using level-set formulation. The new snake model was modified by
adding two terms to Chan and Vese energy function and initialized by selecting sample
data from building and background. The authors reported a completeness accuracy of
80%, but this method required prior knowledge about the exact number of buildings and
background classes.

In conclusion, the performance of active contour approaches largely rely on the accuracy
of extracted building boundaries. If the contrast between buildings and backgrounds is
relatively low, active contour approaches would not work well.

• Knowledge-based approach

Prior knowledges about buildings or surrounding regions can greatly contribute to an
accurate building detection. Commonly used knowledges include geometric and contex-
tual cues. Huertas and Nevatia [218] exploited the knowledge about building shapes,
i.e., buildings are rectangular or composed of rectangular components. Contextual in-
formation like shadows are also widely used. Researchers utilized shadows to estimate
locations and shapes of buildings [210] [219] [220]. Sirmacek and Unsalan [221] jointly
incorporated various evidence including shadows, edges and spectral features for building
extraction.

Despite the effectiveness of prior knowledges, it is usually difficult to transform the im-
plicit knowledges to explicit constraints. Loose constraints may lead to false detections,
and buildings may not be fully detected if constraints are too strict [211].

• Auxiliary data-based approach

It is usually difficult to extract accurate building outlines from monocular images due to
the influence of occlusions, shadows and low contrast. Therefore, some studies introduced
auxiliary information from existing 3D data or GIS data.

In addition to spectral features, the height information embedded in 3D data is an
effective cue for distinguishing buildings from the background. Commonly used 3D data
includes Digital Surface Model (DSM), 3D point clouds reconstructed from images and
LiDAR point clouds. In the work of Partovi el al. [222], rough building boundaries were
extracted from DSM data and then refined with the help of high-resolution panchromatic
satellite images. Li el al. [223] used a region growing algorithm and a MRF model to
extract buildings from a point cloud that was reconstructed from UAV images, and then
the building outlines were refined based on pivot point detection. But this method is
based on a strong assumption that the ground is a flat plane and building roofs are
all flat planes parallel to the ground. Awrangjeb and Fraser [224] presented a novel
point cloud segmentation algorithm for extracting roof planes from LIDAR data, then
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the extracted roof planes were refined based on the coplanarity and locality of points.
This method achieved 90% correctness and completeness for building detection, but
the planimetric accuracy largely relied on the density of LIDAR data. In addition,
vegetation indexes such as NDVI information is also an effective evidence. Dai el al.
[225] distinguished vegetation and non-vegetation points using a support vector machine
(SVM) classifier based on vegetation indexes, then individual buildings were extracted
using traditional hierarchical stripping method. However, this method assumes that
buildings are composed of only linear edges and perpendicular structures, hence it cannot
cope with complicated building structures.

GIS datasets contain geometric information as well as attribute information, which can
greatly simplify the building detection tasks. Dini el al. [226] referred to a GIS database
for checking building outlines and detecting changes. Guo and Du [227] presented a
parameter mining approach, where GIS information was introduced to detect building
changes in very high-resolution (VHR) imagery.

Auxiliary GIS data and 3D data can provide knowledge about building shapes and
locations, which greatly facilitates the difficulty of building detection task. But such data
are not always available, in this case, OpenStreetMap (OSM) provides an alternative.
OSM is a collaborative project for collecting volunteered geographic information and
providing free geographic service in almost worldwide. One popular application of OSM
is to derive building footprints and generate 3D building models [9]. Fan el al. [10]
conducted a detailed quality assessment for OSM building footprints and reported a
position accuracy of about 4 meters on average with a high completeness accuracy.
Therefore, OSM data can be readily used for rough approximation of building footprints.

• Classification-based approach

In comparison with other methods, classification-based approaches are less dependent
on prior knowledge and less sensitive to occlusions or low contrast. Hence they are
commonly leveraged in building detection. Traditional machine learning methods employ
spectral, spatial or contextual features (e.g., shape, height) from images and/or 3D
data. Quang el al. [153] extracted various 2D and 3D features from aerial orthophotos
and DSMs, and combined RF and CRF models for a pixel-wise building detection and
segmentation, they reported a recall accuracy of 91.5%. With the advances in deep
learning techniques, deep learning based classification methods are getting increasingly
applied in building detection. Bittner el al. proposed to classify buildings from DSM
data using a fully convolutional network and achieved a recall accuracy of 79%.

In order to derive object-level building segments from pixel-level building classification,
the classification results are usually followed by a post-processing step such as region
growth or morphology operations [228] [229]. Besides, other information such as shape
constraints is also commonly used. Turker and Koc-San [230] proposed an integrated
approach to extract buildings that have rectangular and circular shapes. They firstly
detected building patches using a SVM classifier, and then the building outlines were
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converted into vectors by means of Hough transformation while the building model was
constructed through perceptual grouping.

In general, classification-based approaches have less limitations than other methods and
demonstrated significant improvements. The main challenge is the presence of inappro-
priately designed features or insufficient training data.

3.3.2 Footprint Refinement

Given an initial hypothesis of the building model, the refinement using appropriate con-
straints can help further improve the accuracy of building modeling. Existing approaches
exploit either 3D features from DSMs and 3D point clouds, or 2D features from images
as constraints. However, 3D features such as lines [231] and planes usually have low
geometric accuracy [232], while most 2D image features are sensitive to low contrast or
shadows. By contrast, semantic cues from an accurate pixel-wise image segmentation
can be more reliable and robust than spatial and spectral features.

Based on the above discussion on previous research, oblique UAV images are adopted
in this thesis as source data for footprint extraction. In the first place, rough building
footprint hypotheses are obtained from OSM data, from which a simple 3D building
sketch is initialized. Then the rough building footprints are refined based on the semantic
constraints, i.e., the projection of the 3D building model on images are expected to lie
on the boundary between building façades and the ground. The semantic evidence is
extracted from pixel-wise image segmentation based on deep learning.

3.3.3 3D Building Modeling

Though numerous approaches have been proposed towards the task of building detection,
most of them utilize nadir-view data such as aerial images or satellite images, where
the building façades are hardly visible due to the steep viewing angles. Therefore,
the aforementioned approaches technically extract the outline of building roof borders
including their overhangs. However, in the context of 3D building modeling, the building
footprint particularly refers to the edges where the building façades meet the ground,
therefore building façades provide useful clues for building footprints extraction. In order
to extract the real building footprints, it is essential to exploit the data that contains
façade information, such as terrestrial data or oblique airborne imagery.

Hammoudi el al. proposed a building footprint extraction method from terrestrial laser
scanning data by exploiting the linearity of 3D points and subsequent Hough transform.
Though the method demonstrated promising results, it has difficulty in extracting height
information due to the limited scope of the terrestrial view.

Nex el al. proposed an approach for building detection and footprint extraction from
oblique aerial imagery. First, walls were roughly detected based on the assumption that
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walls are vertical planes. Then, the wall candidates were filtered by height constraints
and morphological rules. Further, the building façades are refined through skeletoniza-
tion [233]. The authors reported a completeness accuracy of more than 90%. The main
drawback of this approach is that its performance largely relies on the quality of the
image-reconstructed 3D point clouds.

Dahlke el al. [234] proposed a pipeline for true 3D building modeling. First, façade planes
were extracted from a point cloud that was reconstructed from oblique aerial images, then
the point cloud was segmented using local regression methods and building footprints
were extracted from the segmented point cloud. Besides, the height information of the
buildings was derived from a nDSM. In addition, roof topology was extracted using
region growing methods. This method generated building models in LoD2 with 70%
completeness.

Toschi el al. jointly exploited oblique airborne imagery and terrestrial LiDAR point
clouds to extract building footprints and heights. This method can generate LoD2-
building models which feature flat façades as well as distinctive roof structures. However,
this method requires manual editing of the building model using the software “City
Modeller”.

As a bridge between terrestrial and airborne photogrammetry, UAV imagery not only
presents a higher spatial resolution than aerial images, but also enables information
acquisition of both building roofs and façades. These advantages make it particularly
suitable for building footprint extraction. The accuracy of 3D building modeling based
on both nadir and oblique UAV images is studied in [235], demonstrating that the
integration of oblique UAV images can substantially increase the achievable accuracy
comparing to traditional modeling using the terrestrial and airborne point clouds.
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4 Automatic UAV Image
Geo-Registration by Matching
UAV Images to Georeferenced
Image Data

This chapter describes the paper of Zhuo et al. [31]: Automatic UAV Image Geo-
Registration by Matching UAV Images to Georeferenced Image Data. The original version
of this paper is attached in appendix A.

Emerging as novel image acquisition platforms, Unmanned Aerial Vehicles (UAVs) bridge
the gap between aerial and terrestrial photogrammetry and offer an alternative to con-
ventional airborne image acquisition systems. In comparison to airborne or satellite
remote sensing, UAVs stand out for low cost, the utility to be used in hazardous or inac-
cessible areas and the ability to achieve high spatial and temporal resolutions. Table 4.1
compares the main features of UAVs and manned aircrafts based on the surveys of [21]
and [44]. In contrast with manned aircrafts, UAVs have smaller coverage due to lower
flight altitude, but they are able to achieve high ground sampling distance (GSD) with
lower cost and better flexibility. While manned aircrafts require big landing fields and
pilots, UAVs only need small landing sites and can be remotely controlled, therefore
they can work even in hazardous areas and severe weather conditions. Hence, UAVs
have been widely involved in remote sensing applications, such as disaster management,
urban development, documentation of cultural heritage or agriculture management [1].

Accurate geo-registration of UAV imagery is a prerequisite for UAV geolocalization and
many photogrammetric applications, such as generating georeferenced orthophotos, 3D
point clouds or DSMs. However, accurate geo-registration of UAV imagery is still an
open problem. Limited by on-board payload restrictions, UAVs are equipped with
lightweight GNSS/IMU systems, whose georeferencing accuracies are in the range of
meters [2] and far from the centimeter-level accuracy of airborne photogrammetry [3,4].
In order to achieve higher geo-registration accuracy beyond hardware limits, we use a
pre-georeferenced aerial or satellite image as a reference, and register the UAV image to
the reference image with a novel feature-based image matching method.
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UAV Photogrammetry Aerial Photogrammetry

Coverage m2 - km2 km2

Image resolution/GSD mm− cm cm− dm

Geo-registration possibility low quality GNSS/IMU high quality GNSS/IMU
meter-level accuracy centimeter-level accuracy

Price and operating cost low - moderate high

Flexibility applicable in hazardous areas less mobile
works in cloudy/drizzly weather weather-dependent
remotely controlled pilot needed

Table 4.1: Comparison between UAV and conventional aerial photogrammetry

(a) Container (b) Highway

Figure 4.1: Typical cases from the datasets (a) Container and (b) Highway showing the results
of matching UAV and aerial images using SIFT, where, left of the subfigure is a
downsampled UAV image and right is a cropped aerial image. Green lines indicate
the matches detected by SIFT, almost all of them are wrong.

In the field of image matching, numerous algorithms for different matching scenarios
have been proposed in the last few decades. The biggest challenge for UAV and aerial
image matching lies in the substantial differences in their scales, viewing directions and
temporal changes. For instance, the flight altitude of UAV platforms is about 50 m −
120 m above the earth whereas aerial images are usually captured at 800 m−1500 m from
different viewing directions. Although state-of-the-art feature-based image matching
methods are generally working fine for many different image pairs and are said to be
invariant to changes in viewpoints, wider baselines and local changes of the scene, they
surprisingly failed in many of our test cases. Figure 4.1 illustrates two typical cases of
UAV and aerial image matching using SIFT [100].

Even though the scale difference has been eliminated by down sampling the UAV image
towards the aerial image and the aerial image has been cropped to the same region as
the UAV image, no reliable set of correct matches could be found in the similar looking
image pairs. This finding motivated us to analyze the reasons for the failure and to
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develop a new image matching strategy facilitating a successful and robust matching
of imagery with wide baselines and substantial geometrical and temporal changes. The
obtained 2D matches are used for geo-registration of the UAV image with reference to
the aerial image. The results demonstrate that our approach achieves decimeter-level co-
registration accuracy and comparable absolute geo-registration accuracy as the reference
image.

In summary, the main innovations of this chapter cover following aspects:

• An exhaustive analysis of limiting cases of SIFT-based image matching for UAV and
aerial image pairs. The reasons for the matching failure are identified by investigating
the influence of different SIFT and ASIFT parameters, image rotations and the ratio-
test.

• A novel feature-matching pipeline constituted of a dense feature detection scheme, a
one-to-many matching strategy and a global geometric verification scheme.

• A comprehensive analysis of the matching quality with ground-truth correspondences
and a demonstration of various experiments for evaluating absolute and relative
accuracies of generated photogrammetric 3D products.

The chapter is organized as follows: Section 4.1 introduces limiting cases for SIFT
matching and outlines the key factors accounting for the failure of the matching. Section
4.2 proposes the novel feature matching method for a robust and reliable matching
result for wide-baseline image pairs. In Section 4.3, various experiments are carried out
to validate the accuracy of the proposed matching method. Beside a qualitative and
quantitative analysis of the obtained matches of UAV and aerial images, 3D errors of
triangulated matches from geo-registered UAV images are compared towards 3D points
from aerial imagery and towards terrestrial measured ground control points (GCPs).
Additionally, DSMs generated from geo-registered UAV images and from aerial images
are compared and a joint 3D point cloud is presented. Finally, Section 4.4 discusses
the applicability and limitations of the proposed method and Section 4.5 concludes the
chapter and describes further applications.

Although considerable attempts and progress have been made regarding this topic, many
of them rely on intensity-based matching methods, which are proven to be unstable in
case of geometric or temporal changes. In this sense, robust image matching against
large scale and viewpoint differences is the key to solve the problem for which feature-
based approaches are still the methods of choice. Some mentioned approaches focus on
improving the matching result for extremely large viewpoint changes, but still do not
reach the desired global georeferencing accuracy.

Our approach is based on previous work [236,237], which have been proven to work for
complex matching scenarios with multi-scale images. Compared with the state-of-the-art
works mentioned above, our method is an advancement in following aspects:
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• To handle the large differences in scale and rotation between image pairs, we use
a novel feature-matching approach which can overcome the challenge and robustly
deliver abundant matches.

• Our method works for data of different scales, e.g., aerial images, aerial orthophotos
and satellite images.

• Our method achieves not only decimeter-level co-registration accuracy, but also com-
parable absolute accuracy as that of the reference image, which are georeferenced in
the conventional photogrammetric way.

4.1 Matching Performance Evaluation Using SIFT
Features

This section introduces different UAV and aerial image pairs and a comprehensive anal-
ysis of the matching performance using SIFT and ASIFT. Although one would expect
that SIFT matching can successfully match the presented images, a robust and successful
matching is not possible. In order to figure out why the popular SIFT matching method
surprisingly fails, we analyze the influence of different SIFT parameters, such as octaves
and levels, the ratio-test, but also image rotations. Experimental results demonstrate
that the rotation invariance of SIFT is not as good as it has been considered to be and
the deficiency in the rotation estimation of SIFT leads to non-optimal matching results.
In addition to that, many correct matches are either not nearest neighbors in feature
space or are rejected after applying the ratio-test.

4.1.1 SIFT

Among the state-of-the-art matching algorithms, SIFT has been proven to be scale
and rotation invariant and outperform other local descriptors in various evaluations
[104,108–110]. Besides, the ratio-test proposed by Lowe [100] is widely applied to discard
mismatches. In view of the substantial differences in scale and rotation of the UAV image
and the aerial image, it makes sense to implement the SIFT matching algorithm (we use
the OpenCV 3.0 implementation). This matching method is noted as ”standard SIFT”
in the following text.

The ratio-test discards mismatches by rejecting all potential matches with similar de-
scriptors. It works well in most cases, however, applying the ratio-test in feature-based
matching methods for images with repetitive structures often causes problems with sim-
ilar descriptors. In this case, the distance ratio can be so high that these features
would probably be defined as outliers. This can be critical especially when only a few
correspondences remain after matching. To investigate how many correct matches are
actually discarded by the ratio-test, we implemented SIFT matching and counted the
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correct matches before and after the ratio-test. Particularly, the distances of first two
nearest neighbors are computed and compared with the threshold. Considering that the
number of matches can be numerous and it is unrealistic to check every single match
manually, we therefore computed the fundamental matrix between the two images with
dozens of manually selected image correspondences, and then apply the epipolar con-
straint using the derived fundamental matrix to filter the raw matches. Afterwards, the
filtered matches are again checked by manual inspection to ensure the purity of correct
matches.

It needs to be pointed out that only a manually cropped part of the aerial image with
almost the same image content of the UAV image was used for interest point detection,
otherwise SIFT would fail to find correct matches for any dataset. This simplification
of the matching problem is not feasible in practice and is only used for this analysis.
The proposed method is able to match the original uncropped image pairs as this will
be discussed in Section 4.3.

To ensure the best matching result using the SIFT detector and descriptor we compre-
hensively tested different parameters. Specifically, we analyzed the effect of different
ratio-test thresholds and different parameters of the SIFT detection, like the number of
octaves and levels per octave. Other parameters were kept constant as they have only
minor effect on the matching result. Concretely, we set the contrast threshold to 0.04,
the edge threshold to 10 and the sigma of the Gaussian to 1.6. An extensive analysis was
carried out for all of the datasets in Figure 4.2, while only the results of the Container

dataset is depicted. Nevertheless, we found similar results for all of our image pairs.

In a first step of our analysis, we study the effect of different numbers of octaves and
levels in the SIFT detection step, while fixing the ratio-test threshold to a commonly
used value of 0.75. The number of octaves is related to different image samplings, while
the number of levels represent the number of scale spaces per octave and is therefore
related to the amount of image blurring. Table 4.2 lists the number of feasible correct
matches from the set of remaining matches after applying the ratio-test for different
values of octaves and levels. Due to the low image resolutions of the downsampled UAV
image (664× 885 pix) and cropped aerial image (971× 665 pix), the number of keypoint
detections saturates after two octaves. While increasing the number of levels per octave
results in more matches surviving the ratio-test, the number of inliers stays constant at
a very low number of around 20 matches.

According to this experimental result, we analyze different thresholds of the ratio-test
in a next step while limiting the SIFT detector to three octaves and five levels. Like
in the analysis above, we again count the number of remaining matches after the ratio-
test and the number of inliers among them, as illustrated in Figure 4.3(a). A maximum
number of around 100 correct matches can be found when only the first nearest neighbor
is considered (equivalent to a threshold of 1). Comparing this number to the total
number of around 4000 matches this is a very low ratio of inliers as can also be seen
in Figure 4.3(b). Increasing the impact of the ratio-test (equivalent to lower values of
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(a) Container (b) Urban1 (c) Pool1 (d) Building

(e) Highway (f) Urban2 (g) Pool2 (h) Googlemaps

Figure 4.2: Datasets used in this chapter: Each column represents one (pre-processed) aerial
reference image and two UAV target images. The UAV image in (d) should be
matched to the aerial image (top right) and to a cropped part of a googlemaps
image (h).

Levels
1 2 3 4 5 6 7 8

O
c
ta

v
e
s

1 12 / 50 15 / 61 15 / 64 17 / 74 17 / 84 11 / 91 17 / 78 14 / 91
2 13 / 61 17 / 71 12 / 89 20 / 103 25 / 124 16 / 134 26 / 137 21 / 148
3 13 / 63 17 / 76 13 / 93 22 / 108 26 / 131 17 / 142 27 / 148 22 / 153
4 13 / 62 17 / 77 13 / 94 22 / 109 26 / 134 17 / 146 27 / 155 22 / 158
5 13 / 62 17 / 77 13 / 93 22 / 110 26 / 136 17 / 148 27 / 157 22 / 159

Table 4.2: Analysis of SIFT performance with different octaves and levels for the Container

dataset. Cells contain the number of correct matches (first number) from the set of
remaining matches (second number) after applying the ratio-test with a fixed thresh-
old of 0.75. Due to the scale adaption of the UAV image the number of keypoint
detections saturates after two octaves. By increasing the levels more keypoints can
be detected but the ratio of inliers decreases.
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Figure 4.3: Influence of different ratio-test thresholds for the Container dataset. (a) Number of
remaining matches after applying ratio-test (solid) and number of correct matches
among them (dashed). (b) Ratio of correct (dashed) and incorrect (solid) matches.

the threshold), a lot of correct matches are rejected due to a high similarity to other
keypoint descriptors, while the ratio of outliers is decreasing at the same time.

According to the results in Figure 4.3(b), the best ratio of inliers is suggested for thresh-
old values between 0.3 and 0.5, but the absolute numbers of correct matches for these
values is below ten and therefore not a reliable matching result. For our further analysis
we choose a ratio-test threshold of 0.75, which is a good trade-off between rejecting most
of wrong matches and keeping a relatively high ratio of inliers.

Experimental results for the other datasets with these parameters are listed in Table
4.3, which confirmed the difficulty of matching this kind of image pairs. Particularly in
automatic registration systems for online geolocalization, it is crucial that the system
is able to decide whether an image pair could be registered successfully or not. A high
and reliable number of matches between 500 and 1000 is therefore indispensable for a
trustable decision, compared to a rather low number below 50 like in our experiments,
which could also satisfy random geometric transformations by chance.

However, the number of correct matches (using the same feature points and descrip-
tors) can be significantly increased, if multiple nearest neighbors in feature space are
considered as matching candidates. Figure 4.4 shows the cumulative number of correct
matches for the first 100 nearest neighbors for the Container dataset. The last column
of Table 4.3 lists the number of possible matches for the other datasets. This significant
increase of correct matches for all datasets indicates that many corresponding keypoints
in an image pair are not described perfectly by the SIFT descriptor, but can still be
found among the first nearest neighbors in feature space.
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Scenario Image fragment size (pix) Keypoints Correct matches

Aerial UAV Aerial UAV Nearest Ratio-test Nearest 100

Container 971× 665 664× 885 3763 3682 81 27 690
Highway 617× 908 571× 762 2768 2560 46 22 521
Urban1 1197× 1643 871× 1307 10335 6266 47 27 304
Urban2 1199× 1603 871× 1307 9642 5757 293 176 1031
Pool1 838× 1075 804× 1071 5096 4202 87 47 451
Pool2 976× 1074 799× 1065 5788 4047 152 103 675
Building 1100× 830 687× 1030 4072 3270 76 39 498
Googlemaps 630× 944 924× 1668 3411 5963 45 21 565

Table 4.3: Analysis of standard SIFT-matching on the proposed datasets in Figure 4.2. Match-
ing was performed on downsampled UAV images and cropped aerial images on the
same image content of the UAV image. Keypoint detection was limited to 3 octaves
and 5 levels and ratio-test threshold was set to 0.75. Results show number of feature
points detected by the SIFT-detector, correct matches considering only first nearest
neighbor, after applying the ratio-test and possible matches according to 100 nearest
neighbors.
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Figure 4.4: Cumulative number of possible correct matches considering multiple nearest neigh-
bors in the feature matching for the Container dataset.
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Scenario Inliers / Matches

Std. SIFT Std. SIFT
Rotation aligned

SIFT
Rotation aligned
Fixed-orientation

Container 27 / 320 22 / 349 30 / 306
Highway 22 / 204 26 / 263 52 / 277
Urban1 27 / 471 17 / 496 43 / 478
Urban2 103 / 635 179 / 677 267 / 734
Pool1 47 / 391 65 / 446 92 / 404
Pool2 103 / 635 179 / 677 267 / 734
Building 39 / 349 27 / 381 51 / 396
Googlemaps 21 / 535 21 / 509 35 / 394

Table 4.4: Analysis of the influence of image-rotation on matching performace. Inliers and
matches for downsampled UAV images and cropped aerial images, rotation-aligned
UAV images and rotation-aligned UAV images with fixed orientation in the SIFT-
detector.

4.1.2 Influence of Rotation

As shown in the matching results above, SIFT has unsatisfactory performance for match-
ing UAV and aerial images. Considering the fact that the UAV and aerial images are
both almost nadir view and the difference in scale has already been eliminated, the only
observable difference is that the two images are not aligned in rotation. Therefore, the
rotation invariance property of SIFT needs to be reconsidered and evaluated. To inves-
tigate into the problem, a series of experiments were carried out to test the influence of
rotation. As listed in Table 4.4, we compare the standard SIFT matching on the original
unaligned images (denoted by “Std. SIFT”) from Table 4.3 and on the aligned image
(denoted by “Std. SIFT Rotation aligned”); besides, instead of letting SIFT assign the
orientation for each keypoint, we forced the orientation of all the detected key points
in the aligned images manually to be a fixed value, here it was 0◦ for aligned images
(denoted by “Fixed-orientation”). The matching result was represented by the num-
ber of putative correspondences after ratio-test (denoted by “Matches”) and the correct
matches among them (denoted by “Inliers”). It is worth noting that the performance of
matching between rotation-aligned images using standard SIFT does not get improved;
however, the number of inliers increased substantially after we fixed the orientation of
the keypoints. The experiment result shows that the rotation invariance of SIFT does
not always work well, at least for the scenes in our datasets.

For further investigation into the influence of rotation, we also made a comparison with
the ASIFT method, as Table 4.5 shows. First, we compared the fixed-orientation SIFT
with standard ASIFT on aligned images. As we achieved fewer correct matches for a
tilt value of 4 at even higher computation cost, we, inspired by this finding, also fixed
the orientation in ASIFT (denoted by “Fixed-orientation”) in the same way, and the
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Scenario Inliers / Matches

SIFT
Rotation aligned
Fixed-orientation

Std. ASIFT ASIFT
Rotation aligned
Fixed-orientation

Container 30 / 306 25 / 281 46 / 283
Highway 52 / 227 56 / 249 70 / 237
Urban1 43 / 478 46 / 512 61 / 508
Urban2 229 / 829 254 / 1069 281 / 994
Pool1 92 / 404 73 / 346 109 / 404
Pool2 267 / 734 255 / 600 375 / 620
Building 51 / 394 45 / 382 78 / 424
Googlemaps 35 / 394 42 / 330 47 / 430

Table 4.5: Comparison with ASIFT. Inliers and matches for pre-aligned images using standard
SIFT with fixed orientation, ASIFT and pre-aligned images on ASIFT with fixed
orientation.

matching performance get improved significantly. Comparing the results in column 2
and column 4, it can be seen that when the orientation is fixed, SIFT results in almost
equivalent inliers than ASIFT, however, for a robust matching the number of inliers is
still far from enough.

Based on the above findings, we summarize that the challenges of matching UAV imagery
and airborne imagery stem mainly from the following aspects: inadequate matching
candidates, ambiguous keypoint orientations and misuse of the ratio-test. To be more
specific:

• The rotation invariance of SIFT does not work well when the images have large
differences in scales and viewpoints. In standard SIFT, the dominant orientation
is detected automatically. Instead, if we fix the orientations of SIFT keypoints,
the number of correct matches increases significantly.

• When the image has repeated patterns, the local descriptors of the repeated struc-
ture can be so similar that the distance ratio between the nearest and second
nearest neighbor is no more distinctive. As an important step in the standard
matching pipeline, the ratio-test actually discards many correct matches and the
remaining correspondences are not reliable. In contrast, considering multiple near-
est neighbors as matching hypotheses can help to increase the matching perfor-
mance enormously.

4.2 Proposed Image Matching Method

According to the reasons of the matching failure presented in Section 4.1, the new
matching approach is designed to eliminate each of the exposed bottlenecks. A new

54
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feature detection scheme increases the number of matchable keypoints which is necessary
for a reliable matching result. To avoid loosing many correct matches which are not
nearest neighbor in feature space or which are rejected by the ratio-test, we introduce a
one-to-many matching scheme. To extract correct matches among them, a direct method
using histogram voting is performed instead of the commonly used RANSAC scheme.
An extension of this method can also handle unknown image rotations. In the end, the
detected matches are used to estimate camera poses of the UAV images in the coordinate
system of the reference images.

4.2.1 Prerequisites

The proposed method assumes that the scale difference between both images can be
estimated and mostly eliminated in advance. This requirement can be generally fulfilled,
as accurate positional information of aerial images is always available and UAV images
are tagged with both GNSS and barometric altitude information. One of both sensors
should deliver reliable data in any case.

Secondly, a pre-alignment with respect to the image rotation can be achieved using the
on-board compass of the UAV. The next sections assume that a rough pre-alignment of
the image pairs is feasible, but in case of no or only imprecise image heading information,
Section 4.2.5 presents an extension of the proposed method which allows to recover an
unknown image rotation.

4.2.2 Dense Feature Extraction

The essential prerequisites of robust matching are sufficient and uniformly distributed
features whose density should reflect the information content of the image. According
to the results in Table 4.4 and Table 4.5, established keypoint detectors, such as in
SIFT, do not always find a sufficient number of matchable features. To ensure a large
number of inliers, a dense detection scheme is desired, but instead of using all pixels as
potential feature points, only keypoints should be considered which are located along
strong image gradients. This does not only reduce computational time but also rejects
hardly matchable feature points at homogeneous areas with weak descriptors.

In view of the fact that image segmentation using SLIC (Simple Linear Iterative Clus-
tering) [238] can efficiently generate compact and highly uniform superpixels, whose
boundaries mostly define strong variations in the intensities of the local neighborhood,
like edges and corners, we therefore adopt all the pixels at the boundaries of superpixels
as feature points. In practice, the number of desired superpixels can be specified accord-
ing to the need for feature density and compactness. Since the relative scale difference
of both images is known beforehand, the number and compactness of superpixels in
both images are similar and therefore ensures the extraction of identical object bound-
aries. Figure 4.5 highlights the feature points of a UAV and aerial image, namely all the
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(a) UAV image (b) Aerial Image

Figure 4.5: Feature points highlighted in red, namely all the pixels at the boundaries of su-
perpixels, after removing those feature points located at homogeneous areas for (a)
the pre-aligned UAV image and (b) the aerial image of the Container dataset with
1000 SLIC superpixels.

pixels at the boundaries of superpixels, after removing those feature points located at
homogeneous areas.

Afterwards a SIFT-descriptor for each detected feature point is computed. Since the
UAV image is already aligned with the reference image, the scale space and feature
orientation of SIFT-descriptors should be identically assigned for both images.

4.2.3 One-to-Many Feature Matching

In this phase, a feature descriptor in one image is matched with all other features in the
other image using the euclidean distance calculation. In standard SIFT, only the first
and second nearest neighbors are taken into account, so that many correct matches are
actually discarded as presented in Table 4.3. An example of ambiguous feature matching
is demonstrated in Figure 4.6. The correct feature point (left) would mainly be discarded
for two reasons: first, the correct match may not be the first nearest neighbor in feature
space; second, it may not pass the ratio-test due to the high similarity of the local
descriptors.

To solve this problem, we propose a one-to-many matching scheme by taking the k-
nearest neighbors as matching candidates to ensure that correct matches can be even
found for corresponding keypoints which do not show nearest descriptors distances. Be-
sides, the approximate nearest neighbor method (ANN) is applied to avoid the exhaustive
search and to speed up the matching process. Although the idea of using a one-to-many
matching scheme is not new, the next section proposes a new approach how to extract
the correct matches among them.
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(a) Feature point in the
UAV image

(b) Corresponding feature points in
the aerial image

Figure 4.6: Challenge of ambiguous feature matching. Feature points in the aerial image with
the closest descriptor distances in image (b) to a feature point at the corner of a
container in the UAV image (a). The correct match often can be found among a
set of multiple nearest neighbors. These ambiguities need to be solved in order to
extract the correct match.

4.2.4 Geometric Match Verification with Histogram Voting

It is pointed out in Section 4.1 that the commonly used ratio-test in SIFT does not
effectively determine whether a feature point is a correct match. As a substitute, we use
pixel-distances as a global geometric constraint to verify the matching hypotheses. The
superpixel-based feature point extraction and one-to-many matching strategy result in a
plethora of putative matches, which ensures a sufficient number of correct matches but
also inevitably contains a massive number of mismatches. Postulating that the UAV and
reference image both contain the same planar scene and the differences in their scales
and rotations have already been eliminated, the transformation between the two aligned
images can be simply approximated as a 2D-translation. Particularly, for each keypoint
i, whose image coordinates are (xiu, y

i
u) in the UAV image and (xir, y

i
r) in the reference

image, and for each of its k matching hypothesis j (j = 1 : k), whose image coordinates
are (xjr, y

j
r) in the reference image, we calculate their coordinate differences ∆xi,j and

∆yi,j by ∆xi,j = xiu−x
i,j
r and ∆yi,j = yiu− y

i,j
r . Correct matches are expected to satisfy

the conditions |Tx −∆xi,j | ≤ R ∧ |Ty −∆yi,j | ≤ R, where R is a threshold related with
the scene depth and Tx and Ty are the parameters of the unknown 2D translation. We
can recover this translation by a simple histogram voting scheme. After computing ∆xi,j

and ∆yi,j for all putative matches, distinctive peaks Tx and Ty in the both histograms
are extracted.

Figure 4.7 presents an example for this histogram voting regarding the Container sce-
nario. While distances of wrong matches are randomly distributed, those of geometrically
correct matches concentrate on or aggregate around a common value (Tx,Ty), thus shap-
ing a distinct peak in the histogram. To allow for minor changes of image scene depth,
we determine the matches located at close range to (Tx,Ty) as possibly correct matches,
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Figure 4.7: Geometric match verification of the Container scenario with histogram voting.
Distribution of pixel distances for all putative matches according to the one-to-
many matching in (a) row- and (b) column- direction. Distinct peaks represent
unknown 2D-translation.

the distance threshold is denoted by R. The value of R is related to the change of scene
depth as well as the accuracy of pre-alignment. A larger threshold R can compensate
for these impacts and result in more matches, on the other hand, more outliers would
also be introduced into the raw matches.

4.2.5 Eliminating Differences in Image Rotation

The scale difference between the UAV image and the reference image can be derived using
either the on-board GNSS information or the barometric altitude sensor. In contrast,
precise orientation-adaption fails for many UAVs due to inaccurate heading information
provided by the low quality IMUs. Our assumption of correct matches follow a simple
2D translation fails in case of unaligned images. However, we can estimate the unknown
image rotation by adapting the proposed matching approach with a rotation search
scheme. Although Section 4.1.2 shows, that fixing the orientation of the feature points
in the SIFT descriptors results in a better matching performance if the images are pre-
aligned, a sufficient number of correct matches can still be found for unaligned images
with the keypoint orientation estimation of SIFT when using a denser feature detection
like the one presented in Section 4.2.2.

After generating a set of putative one-to-many matches for unaligned images, the un-
known image rotation is obtained by first dividing the rotation ψ equally into discrete
rotation values ψa = [−180, 180[ deg. For each rotation ψa the feature points of the UAV
images ptiu = (xiu, y

i
u, 1)T are rotated around the image center pti,au,rot = M(p, ψa) · ptiu

with a transformation matrix M(p, ψa) = [T (p)R(ψa)T (−p)], where T (p) is a transla-
tion matrix with the coordinates of the image center p and R a rotation matrix with
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Figure 4.8: Recovering the unknown image rotation in case of unavailable or inaccurate UAV
IMU data. Extending proposed method by transforming UAV feature points with
multiple rotation values before the histogram voting step. Figure shows the rotation
histogram for the Container dataset. Maximum number of raw matches represents
unknown image rotation.

rotation angle ψa. Pixel distances are calculated according to ∆xi,j,arot = xi,au,rot − xi,jr

and ∆yi,j,arot = yi,au,rot− y
i,j
r and histogram voting from Section 4.2.4 is performed for each

rotation. The maximum number of raw matches satisfying the threshold T ax and T ay is
kept for all rotation values ψa. Figure 4.8 shows the number of raw matches for different
image rotations according to the Container dataset. The distinct peak at −104 deg
represents the unknown image rotation.

This method may be used for a full 360 deg search, however, the search range can be
reduced in case of available inaccurate rotations from the on-board IMU. After recovering
the unknown image rotation, further matches can be determined with fixed orientations
according to the previous sections.

4.2.6 Match Refinement

After the geometric verification of the one-to-many matches, it is likely for some key-
points that they share multiple adjacent feature points in the other image as geometric
correct matches. This is caused by the dense feature point extraction, which gener-
ates dense feature points especially along strong image edges. The distance threshold
R allows multiple geometric correct matches for adjacent feature points for which the
distance to Tx and Ty is below R. Figure 4.9 illustrates these local ambiguities of the
feature matches. One feature point in the UAV image in Figure 4.9(a) corresponds to
multiple geometrical correct matches in the aerial image in Figure 4.9(b) . Even a succes-
sive RANSAC filtering step according to geometrical transformations will not truly solve
these ambiguities, if Sampson distances or transfer errors of neighboring matches are be-
low the filtering threshold. In order to ensure geometrical correct and unique one-to-one
matches, a refinement step is applied for all geometrical correct matches by eliminating
the ambiguities and optimizing the location of the feature points. The superpixel seg-
mentation cannot guarantee exact locations of corresponding pixels in both images. The
refinement consists of a NCC matching of a template in the local neighborhood of the
UAV feature point (yellow rectangle in Figure 4.9(a)). For all corresponding matching
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(a) (b) (c)

Figure 4.9: Refinement and duplicate elimination of geometric correct matches. (a) One fea-
ture point in the UAV image (yellow dot) and its template size (rectangle). (b)
Corresponding geometric matches in the aerial image and search window for one
match (red rectangle). (c) Refinement of all feature matches to the correct matching
location (red dot).

hypotheses (yellow dots in Figure 4.9(b)), the corresponding patch is searched in a local
search window around the feature points (red rectangle in Figure 4.9(b)). The size of
the search window for all aerial feature points can be set to the threshold R of the geo-
metric verification. The NCC optimizes all matching hypotheses to the correct location,
illustrated by the red dot in Figure 4.9(c). This method eliminates duplicate matches
and refines feature point locations for inaccurate keypoints in a local neighborhood of
the initial keypoints. These raw matches can now be used to estimate the fundamental
matrix or homography in combination with RANSAC methods and to reject remaining
outliers satisfying the geometric constraint. After computing the fundamental matrix, a
guided matching method, as presented in Section 3, can be applied to find more matches
if the threshold was chosen too small.

4.2.7 Geo-registration of UAV Images

As the UAV image and the reference image have overlapping areas, one 3D point in the
object space could be visible both in the reference image and the UAV image. Such
3D points can be used as reference 3D points for geo-registration of UAV images. The
prerequisite of the geo-registration is available georeferenced aerial image together with
its heightmap, or one orthorectified mosaic with a high resolution DSM.

• Match a UAV image U with the reference image R using the proposed matching
method. Assume a feature point (xr, yr) in the reference image is matched to
feature point (xu, yu) in the UAV images, this matching pair correspond to a 3D
point P (X,Y, Z) in the object space.

• If image R is an individual georeferenced aerial or satellite image, we assume its
height map is available, which can be generated in the process of dense matching
with neighboring images [239]. The height Z can be looked up in the height
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map and the planar coordinates X and Y can be calculated using the orientation
parameters of R. If image R is an aerial orthophoto which is generated by an
orthographic projection of the aerial image mosaic onto a high resolution DSM, the
planar coordinates (X,Y ) are namely the corresponding georeferenced coordinates
of the pixel (xr, yr) in the orthophoto, and Z is namely the corresponding height
at (X,Y ) of the DSM.

• As the proposed matching method generates thousands of matches and each match
results in a 3D point, those points can be used as reference 3D points to transform
the UAV image to the same global coordinate system of the reference image. If
there are UAV images sequences, a bundle adjustment can be performed to improve
the global geo-registration accuracy.

4.3 Experiments

In order to verify the robustness and reliability of the proposed matching method, we
compare the performance of our method with standard SIFT on different datasets. Fur-
thermore, the generated matches are used for geo-registration and 3D reconstruction of
the UAV images. Qualitative and quantitative analyses are presented to validate the
accuracy of geo-registration, and on this basis, photogrammetric 3D products, such as
orthophots, DSMs and merged points clouds are discussed.

4.3.1 Data Acquisition

Experiments were carried out based on offline flight data of four datasets: Eichenau,
Germering, EOC and WV2. It is worth noting that for datasets Eichenau, Germering and
EOC, which contains 72, 58 and 11 UAV images respectively, the whole UAV sequences
were matched in an automatic manner. Showing the results for all image pairs is beyond
the scope of this chapter, so we focused on the same image pairs which were already
introduced in Section 3. The Eichenau dataset contains two scenarios: Urban1 and
Urban2. The UAV images were acquired with a Sony Nex-7 camera simultaneously with
the reference aerial images on November 2nd, 2015. For both scenarios, we matched UAV
images not only to aerial images but also to aerial orthophotos, which are generated by an
orthographic projection onto a high resolution DSM [239, 240]. The Germering dataset
is comprised of four different scenarios: Container, Highway, Pool1 and Pool2. The
reference aerial images of this dataset were captured on June 17th, 2014, whereas the
UAV images were captured with a slight time delay on July 11th, 2014 with a GoPro
Hero 3+ Black camera. The aerial images in the EOC dataset were acquired on June 16th,
2014 and the UAV images were captured on November 12th, 2014 with a Sony Nex-7
camera. In EOC dataset, all aerial images are almost nadir whereas the UAV images have
both nadir views of the building roof and oblique views of the building façades. Only the
nadir-view UAV images are matched with the aerial images, and the generated GCPs
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Dataset Reference Image Target Image

Type Resolution Height GSD Type Resolution Height GSD
Date (pix) (m) (cm) Date (pix) (m) (cm)

Eichenau AO 11/2015 9206× 7357 600 20 UI 11/2015 573× 794 100 1.8
Germering AI 06/2014 5184× 3902 700 9.4 UI 07/2014 823× 996 100 2
EOC AI 06/2014 5184× 3902 340 4.6 UI 11/2014 1106× 807 25-40 0.5-0.8
WV2 SI 2010 5292× 6410 770, 000 46 AI 2015 497× 332 350 4.4

Table 4.6: Characteristics of the datasets used in the experiment. Target images are pre-aligned
towards the reference image using GNSS/IMU data. AI: aerial imagery; AO: aerial
orthophoto; SI: satellite imagery; UI: UAV imagery.

are used to geo-register the whole UAV image blocks including both nadir and oblique
images. In addition, the nadir UAV images are also matched with a screenshot of Google
Maps. In the WV2 dataset [241], we match an aerial image from the EOC dataset with a
WorldView-2 RGB satellite image of the year 2010 to validate the generalization ability
of the proposed method and its robustness against large temporal changes. Besides,
the datasets Eichenau, Germering and EOC are not significantly affected by temporal
changes, as the vegetation periods are the same (except in EOC) and the appearances
of buildings has not changed. All the aerial images were captured by a Canon EOS-
1DX camera mounted on the DLR 4K sensor system [39], which consists of two cameras
with 15◦ sidewards looking angle and a FOV of 75◦ across. In data pre-processing,
an orthographic projection of the aerial imagery was performed to generate nadir-view
images. Figure 4.2 and Figure 4.10 illustrate all datasets used in the experiments, where
the first row shows the reference images (pre-processed nadir-view aerial images and
satellite image), and the other two rows are the corresponding target images (UAV and
aerial images) to be matched. Detailed characteristics of the datasets are listed in Table
4.6.

4.3.2 Performance Test of Matching UAV Images with a Reference
Image

In order to validate the robustness and accuracy of the proposed method, we use the
same image pairs presented in Section 4.1, where the standard SIFT performed poorly in
most of the cases. Different from the results in Table 4.3, the matching is now performed
with original aerial images other than the cropped images. As can be seen in Figure 4.2,
only a small portion of the aerial images is pictured in the UAV images. Thus, it is also
tested if the matching benefits from our geometric constraints in the presence of large
searching areas.

All image pairs are provided with rough information of positions and orientations from
GNSS and IMU so that the images could be pre-aligned beforehand. Then the target
images and the reference images were matched with the proposed matching method
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(a) WV2 (b) Eichenau (c) EOC

Figure 4.10: Additional datasets for the experiment. Top: reference images. Bottom: target
images. Overlapping areas are highlighted by yellow rectangles in the reference
images.

and standard SIFT. Specifically, 750 superpixels were segmented from the UAV images,
the threshold for the feature matching-distance was set to 0.2 as a trade-off between
discarding apparent outliers and retaining enough matching hypotheses; and 50 nearest
neighbors were selected as matching candidates for the one-to-many matching and the
distance threshold R for the geometric verification was set to 12 pixels. As for matching
using SIFT, the threshold of ratio-test was set to 0.75.

In order to evaluate the matching accuracy, we created ground-truths of feature point
correspondences for each dataset using manually selected and automatically detected
matching correspondences. The quantitative results using standard SIFT and our pro-
posed method are summarized in Tables 4.7 and 4.8, where Error (H) denotes the mean
transfer error (the Euclidean distance between a point’s true correspondence and the
point mapped by the homography matrix H, which is estimated from matching corre-
spondences) and Error (F) denotes the mean Sampson distance (the distance between a
point to the corresponding epipolar line). Standard SIFT failed for almost all scenarios
while the proposed method found abundant matches with much smaller errors.

Regarding matching accuracy, standard SIFT outperformed our method only at Pool1

scenario. As homography only considers transformation between two planes, those mis-
matches at areas with apparently different scene depths were discarded. The mean
transfer error were only 2-3 pixels in most cases, corresponding to a ground distance of
about 20-30 cm.
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Scenario Raw matches (SIFT) Inliers F / Error (F) Inliers H / Error (H)

Container 58 14 / 666.26 9 / 1767.55
Highway 49 15 / 1996.30 9 / 2210.20
Pool1 162 52 / 0.83 33 / 1.63
Pool2 107 18 / 618.54 10 / 1308.02
Eichenau1 287 45 / 19.11 48 / 3.63
Eichenau2 436 140 / 1.11 146 / 3.64
EOC 446 16 / 959.87 6 / 877.21
WV2 117 19 / 175.73 19 / 4.03
Building 553 16 / 595.06 11 / 317.59
Googlemaps 522 19 / 195.34 8 / 919.48

Table 4.7: Results using standard SIFT: number of raw matches after applying SIFT for all
scenarios. Inliers after estimating fundamental matrix (F) and homography (H)
using RANSAC. Mean errors (in pixel) according to ground-truth F and H.

Scenario Raw matches (our) Inliers F / Error (F) Inliers H / Error (H)

Container 8264 4876 / 2.59 2835 / 7.01
Highway 1979 1184 / 2.79 1230 / 1.20
Pool1 6593 3599 / 1.87 2188 / 1.87
Pool2 14091 7555 / 2.01 4199 / 2.03
Eichenau1 4018 1850 / 4.35 1165 / 3.53
Eichenau2 5846 3204 / 1.09 3077 / 4.65
EOC 6834 3949 / 2.92 2586 / 3.18
WV2 15131 6290 / 2.22 6760 / 3.57
Building 9113 3526 / 3.15 1932 / 2.36
Googlemaps 15437 5120 / 3.42 3217 / 2.82

Table 4.8: Results using proposed method: number of raw matches after applying our method
for all scenarios. Inliers after estimating fundamental matrix (F) and homography
(H) using RANSAC. Mean errors (in pixel) according to ground-truth F and H.

The matched feature points are marked in the UAV images (the second and third rows
in Figure 4.11). As a result of the superpixel segmentation, most matches are located at
regions with rich textures and have apparently much higher density than SIFT-features.
The projection transformations can then be estimated using these matches. The first row
in Figure 4.11 depicts the projected UAV images on the aerial images by the estimated
homography.

4.3.3 Evaluation of Geo-registration of UAV Images

Following the proposed pipeline in Section 4.2.7, plenty of 3D reference points were
computed and then used as GCPs in a bundle block adjustment to geo-register the UAV
images to the global coordinate frame.
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Figure 4.11: Qualitative results of the proposed matching method according to the image pairs
in Figure 4.2. First row shows the overlapped UAV and aerial image pairs after
applying an estimated homography calculated from our matches (also for the
figure on the bottom right). Second and third row show the distribution of the
geometrical correct matches in the UAV images (yellow dots).
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Check Point Errorref (m) Errorrtk(m)

∆x ∆y ∆z ∆x ∆y ∆z

1 0.04 -0.51 -0.21 -0.04 -0.39 -1.74
2 -0.05 -0.07 -0.15 -0.11 -0.40 -1.90
3 0.04 -0.41 -0.36 -0.10 -0.83 -2.04
4 -0.14 0.80 0.70 -0.35 -0.33 -1.91
5 -0.04 0.49 -0.17 -0.05 -0.21 -1.81
6 -0.03 0.12 -0.10 0.12 -0.36 -1.63

Table 4.9: Errors of the coordinates of check points comparing to RTK GNSS measurements
and the coordinates looked up in aerial orthophoto and DSM - Eichenau dataset.

Check Point Errorref (m) Errorrtk(m)

∆x ∆y ∆z ∆x ∆y ∆z

1 -0.06 -0.14 -0.38 0.34 -0.01 1.49
2 0.16 -0.67 0.37 0.43 -0.54 1.68
3 0.14 -0.02 0.46 0.56 0.16 1.76
4 0.11 -0.76 0.26 0.44 -0.76 1.71
5 0.19 -0.10 0.50 0.55 -0.06 0.75
6 -0.05 0.18 0.18 0.39 0.36 1.30
7 -0.08 0.41 -0.06 0.41 0.50 1.42

Table 4.10: Errors of the coordinates of check points comparing to RTK GNSS measurements
and the coordinates triangulated using aerial images - Germering dataset.

In order to verify the accuracy of geo-registration of UAV images, several evenly-distributed
ground check points were selected across the survey area and their actual coordinates
Prtk were measured using a RTK GNSS receiver. Meanwhile, these ground check points
were marked in all UAV images and their theoretical 3D coordinates Puav were computed
by triangulating the geo-registered UAV images. The column “Errorrtk” in Table 4.9
and Table 4.10 lists the errors Puav - Prtk of Eichenau and Germering datasets. The
height errors in “Errorrtk” are around 2 meters, this is mainly caused by the systematic
errors of the global digital elevation model like SRTM [242], which was used as height
reference during the processing of the reference images.

In order to validate accuracy of co-registration, the coordinates triangulated by geo-
registered UAV images, Puav, were compared with the identical points on the reference
image as well. In Eichenau dataset the reference image was an aerial orthophoto (with
a high resolution DSM), so the corresponding coordinates Pref were manually looked up
in the orthophoto and DSM, as explained in Section 4.2.7. In Germering dataset the
reference image was an individual aerial image from a pre-georeferenced aerial images
dataset, so the corresponding coordinates Pref were triangulated using multiple pre-
georeferenced aerial images from that dataset. The column “Errorref” in Table 4.9 and
Table 4.10 lists the error Puav-Pref .
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(a) (b) (c)

(d) (e) (f) (g)

Figure 4.12: Comparison of (a) aerial orthophoto with 20cm GSD and (b) UAV orthophoto
with 2cm GSD of the Eichenau dataset. (c) 50% transparent overlap of both
orthophotos; (d) and (e) compare cars and (f) and (g) show a roof on aerial and
UAV orthophoto respectively.

Afterwards the orthophoto and DSM were reconstructed from the geo-registered UAV
images using the software SURE [243]. Figure 4.12 illustrates the aerial orthophoto
and the UAV orthophoto of Eichenau dataset. More specifically, (a) depicts the aerial
orthophoto of the Eichenau dataset, whose resolution is 20 cm; (b) shows the UAV or-
thophoto of the Eichenau dataset, whose resolution is 2 cm. It is obvious that the UAV
orthophoto has higher resolution and contains more details than the aerial orthophoto.
(c) displays the UAV orthophoto overlapping on the aerial orthophoto with 50% trans-
parency, it can be seen that the the two orthophotos are precisely aligned using the
proposed geo-registration method. (d) and (e), (f) and (g) compare the appearance of
corresponding objects on aerial orthophoto and UAV orthophoto, demonstrating that
the UAV orthophoto contains richer textures than the aerial orthophoto. Figure 4.13
illustrates the estimated camera poses as well as the reconstructed point cloud of the
geo-registered UAV image blocks and the aerial image blocks. Despite the considerable
scale difference, our matching approach still succeeds in an accurate registration. Simi-
larly, Figure 4.14 demonstrates the aerial orthophoto and UAV orthophoto of Germering
dataset, whose resolutions are 20cm and 2cm respectively.

Figure 4.15 and Figure 4.16 illustrate the aerial DSMs with 20 cm resolution and UAV
DSMs with 2 cm resolution of Eichenau and Germering dataset respectively. The aerial
DSM in (a) has blurred edge and inadequate details while the UAV DSM in (b) represent
more refined details and sharper edges. Then the UAV DSM was resampled by bilinear
interpolation to the same resolution of the aerial DSM and their height differences were
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Figure 4.13: Camera pose visualization for Eichenau dataset, showing camera poses (red) of
the geo-registered UAV image blocks at 100m altitude and the aerial image (black)
blocks at 600 m altitude.

(a) (b) (c) (d)

(e) (f) (g) (h)

Figure 4.14: Comparison of (a + c) aerial orthophotos with 20cm GSD and (b + d) UAV
orthophotos with 2cm GSD of the Germering dataset; (e) and (f) compare a
manhole and (g) and (h) staircases on aerial and UAV orthophoto respectively.
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calculated. (c) illustrates the colorized height differences ranging from −5 m to 5 m, and
it is apparent that the errors are mostly smaller than 1 m. Note that the two red and one
blue spots on the container site in Figure 4.16(c) indicate movements of the containers
due to different acquisition times of the captured images. In this sense, our matching
method is able to cope with such temporal changes in scene. Figure 4.17 shows the
histograms of the height differences for both datasets.

(a) Aerial DSM (b) UAV DSM (c) DSM differences

Figure 4.15: Comparison of (a) aerial and (b) UAV DSM of Eichenau dataset. 20 cm GSD for
aerial and 2 cm GSD for UAV DSM; (c) colormap illustrating the height differences
between the two DSMs in meters.

4.3.4 Application Scenario: Enriching 3D Building Models

The EOC dataset represents an urban scene, demonstrating the benefits of a joint use of
aerial and UAV imagery. Figure 4.18(a) displays a dense georeferenced 3D point cloud
generated solely from aerial images. Since the aerial images only contain nadir views
of the scene, the reconstructed building façades are not complete, which is a typical
problem for aerial photogrammetry.

We automatically geo-registered a sequence of nadir-view UAV images (see result for one
image pair in Table 4.8) to the aerial images. In addition, we also registered oblique UAV
images facing the façades of the building to the already geo-registered UAV nadir views in
a conventional photogrammetric way. Afterwards, a dense 3D point cloud was generated
using all of the geo-registered UAV images, resulting in a complete reconstruction of
the building with a much higher GSD than the aerial point cloud. The accurate geo-
registration of the UAV images enables us to merge the UAV and aerial point cloud and
leads to a comprehensive representation of the scene, as illustrated in Figure 4.18(b). It
can be seen that the UAV point cloud is precisely aligned with the aerial point cloud.
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(a) Aerial DSM (b) UAV DSM (c) DSM differences

Figure 4.16: Comparison of (a) aerial and (b) UAV DSM of Germering dataset. 20 cm GSD for
aerial and 2 cm GSD for UAV DSM; (c) colormap illustrating the height differences
between the two DSMs in meters.
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Figure 4.17: Histograms of the height differences between the aligned DSMs generated from
UAV and aerial images.
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(a) Aerial point cloud (b) Merged point cloud

Figure 4.18: Comparison of the dense point clouds for (a) only aerial images and (b) additional
registered nadir and oblique UAV images of the EOC dataset. The combination of
aerial and UAV images can enrich 3D models for more details and add façades to
buildings.

While the aerial point cloud covers a large area of the scene, the UAV point cloud
contributes to information of the building façades (particularly at positions indicated by
yellow arrows) and enriched details of the reconstructed building.

4.4 Discussion

Our method achieves robust and accurate co-registration of images acquired from differ-
ent acquisition platforms, thus opening up the possibility to integrate the information
from multi-source images and achieve a more comprehensive understanding of the scene.
Besides, repetitive image acquisition with manned aircrafts or satellites is quite expensive
whereas it is convenient to perform with UAVs. The robust registration enables timely
update of pre-existing remote sensing data using UAVs, which can also be applied in
environment monitoring and change detection.

The main limitation of our method is that it only works for nadir or slightly tilted
images. When a conspicuous height jump exists, the histogram may present multiple
peaks, e.g., one representing matches on the ground-level and one matches on a higher
level (like roofs). Therefore manual inspection is needed in this case. Moreover, it is
difficult to determine the translation threshold R if the scene depth changes continuously
in the image. As listed in the first column of Table 4.8, there were remarkable fewer
raw matches in the Highway scenario than in the other ones due to topographic changes.
Also, those scenarios containing various scene depths (e.g. Container and Eichenau)
resulted in wrong tilts when estimating the homography, leading to higher mean transfer
errors (up to 7 pixels) compared to the scenarios with flat landscape.
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4.5 Conclusion

This chapter investigates into UAV geo-registration by matching UAV images with al-
ready georeferenced aerial imagery. On the basis of an extensive analysis why SIFT
performs poorly for this kind of image pairs, a robust image matching approach is pro-
posed to deliver a large number of reliable matching correspondences between the UAV
and a reference image. The method is comprised of a novel feature detector, a one-to-
many matching strategy and a global geometric constraint for outliers detection. The
prerequisite of our proposed method is the availability of rough GNSS/IMU data of the
UAV images to eliminate scale differences in the images and if possible to pre-align the
images with the respect to the image rotation, although an extension of the method can
handle unknown or imprecise image rotations.

Experimental results prove that our method outperforms SIFT/ASIFT in the aspects of
quantity and accuracy of the detected matches. These matches are used to align UAV
image blocks towards the reference images in a bundle block adjustment, which achieves
a registration accuracy of 1–3 GSD. A global accuracy evaluation of 3D points from
geo-registered UAV images and terrestrial measurements from RTK GNSS show 0.5 m
horizontal 1.5 m vertical deviations, which mainly stem from inaccurate georeferencing
accuracy of the reference image.
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5 Automatic Annotation and
Scene Parsing of UAV Imagery
and Aerial Imagery

This chapter describes the paper of Zhuo et al.: Automatic Annotation of Airborne
Images by Label Propagation based on a Bayesian-CRF Model. The original version of
this paper is attached in appendix B.

Last decade has witnessed a revolutionary success of deep neural networks. With the
support of ever-increasing computing power, various deep neural networks have emerged
for a wide range of applications and demonstrated significant improvements compared
to traditional machine learning methods. Nevertheless, training the networks requires a
large amount of ground truth data. While open image databases like ImageNet [5] and
LabelMeFacade [6] are only applicable for specific scenes, manual image annotating is
usually inevitable and costs plenty of time and labor. Therefore increasing importance
has been attached to the issue of automatic generation of image annotations.

The prosperity of remote sensing brings about immense data of different scales and
resolutions. The remotely sensed data, collected by a multitude of sensors (e.g., optical,
hyperspectral, radar, LiDAR) from different platforms (e.g., satellite, airplane, UAV)
and with different temporal intervals, conveys rich information of the scene from varying
perspectives. Meanwhile, the coverage of free geographical information such as OSM is
expanding rapidly. The way in which the redundant remote sensing data can be fully
exploited is raising increasing attentions. In this context, we propose to exploit existing
annotated data and incorporate auxiliary information from available remote sensing
images to ease the task of image annotating.

As a bridge between aerial and terrestrial photogrammetry, UAV images contribute to
comprehensive representation of the scene. Pixelwise segmentation of UAV imagery is
demanded by many applications such as building modeling, however, hand labelling of
such a dataset is tedious and time consuming. In view of the fact that aerial images have
much larger coverage than UAV images, we seek to propagate the labels from one aerial
image to multiple co-registered UAV image. Theoretically, we simply need to annotate
one aerial image manually and then transfer the labels to numerous UAV images of the
same area, which would dramatically relieve the burden of manual annotation.
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There have been a couple of researches on label propagation, where labels are transferred
from sparse annotated data to a number of target images based on their temporal coher-
ence and appearance similarity, e.g., across video frames or from point cloud to images.
In these cases, the source data and target imagery have similar appearance and viewing
direction, thus the propagation itself can result in fine image segmentations. In practice,
however, such same-source data may not be available. When it comes to multi-source
imagery, e.g., from aerial imagery to UAV imagery, the label propagation often suffers
from large differences in scale and view between source and target images and results in
sparse, noisy and even wrong annotations. To solve this problem, we leverage geometric
and radiometric information as additional features, and our problem can be formulated
as how to reasonably infer the image labels given prediction uncertainties of multi-source
information. Towards this goal, we introduce in this chapter a Bayesian-CRF graphical
model for accurate semantic segmentation incorporating features from both 2D images
and 3D data. More specifically, the approach consists of three steps: 1. generate sparse
weak annotations by propagating labels from existing labeled data; 2. model label-
ing uncertainties by introducing additional geometric and radiometric evidence via the
Bayesian inference; 3. construct a densely connected CRF model on the image domain
for label inference. The merits of the proposed method lie in the following aspects: 1.
the probabilistic essence of our model allows for flexible incorporation of different types
of auxiliary information; 2. our method is able to cope with missing labels and the
“dragging effect” in optical flow and achieves annotations with high semantic accuracy;
3. our method outperforms manual annotating in the aspect of preserving accurate class
boundaries.

To verify the generalization and robustness of our method, we leverage it for two differ-
ent applications: 1. UAV image annotating via label propagation from aerial to UAV
imagery; 2. aerial image annotating via label propagation from OSM building footprints.
In order to explore the effectiveness of deploying the automatically generated image an-
notations as pseudo ground truth, we train a deep convolutional neural network using
these generated annotations for image segmentation, and compare with segmentation
using manual annotations.

To summarize, the main contributions of this work are:

• We present a novel concept of annotating UAV imagery by transferring the labels
from existing annotated aerial imagery.

• We propose a Bayesian-CRF graphical model which can flexibly incorporate 2D
and 3D features as auxiliary information, yielding refined image annotations.

• We demonstrate the effectiveness of these annotations as pseudo ground truth data
for training deep neural works for image segmentation.

The remainder of this chapter is organized as follows: Section 5.1 describes the pro-
posed framework in details. Section 5.2 and Section 5.3 present the applications of the
proposed method in different scenarios and report the experimental results with eval-
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uations. Section 5.4 interprets the results and describes applicable conditions of the
proposed method. Finally, Section 5.5 concludes the chapter.

5.1 Methodology

Label propagation methods transfer labels from annotated source data to a set of target
images. In practice, the source annotated data can be aerial imagery, satellite imagery,
OSM data, etc. Here we take the case of label propagation from aerial imagery to UAV
imagery as an example.

For existing label propagation methods, the source data and target imagery are tem-
porally coherent and similar in view and appearance, e.g., across video frames or from
point cloud to images, where the propagation itself can result in accurate image anno-
tations. In our case, the source and target images differ considerably in the aspects of
scale, viewing direction, illumination, etc, as UAV imagery is taken at lower altitude
with a more oblique view than in aerial imagery. Consequently, the label propagation
often results in sparse, noisy and erroneous annotations. In this context, our task can
be formulated as a weakly supervised image segmentation problem.

Figure 5.5 shows an example of the annotations of UAV imagery transferred from aerial
imagery, many labels are missing at occluded regions, especially at building facades.
Such missing labels are difficult to identify using only color and texture information,
but can be distinguished based on auxiliary geometric and 3D features. Intuitively,
normal vectors of building facades are generally horizontal while those of the ground are
vertical, roofs are expected to be higher than cars, and vegetations appear deeper red in
the near-infrared band. The implicit mathematical essence behind is that each object has
a distinctive distribution regarding a certain geometric or radiometric attribute. Such
distributions, if properly incorporated as auxiliary features, can substantially contribute
to a better segmentation accuracy. To this end, we incorporate these auxiliary features
from available remote sensing data, and construct a densely connected Bayesian-CRF
model to reason about the labels based on evidence.

5.1.1 Model

A CRF can be seen as a Markov Random Field (MRF) globally conditioned on the data.
In the context of image segmentation, a CRF models pixel labels as random variables
which have a Markov property and are conditioned upon the image.

More formally, for an input image of size N, consider a set of random variables X =
{X1, . . . , XN} ranging over the image, where Xi denote the label assigned to pixel i and
the value is taken from a set of pre-defined semantic labels L = {l1, . . . , lK}. For a global
observation (image) I, consider a graph G = (V,E), where V = {X1, . . . , XN}, the pair
(I, X) can be modeled as a conditional random field which is characterized by a Gibbs
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distribution P (X = x | I) = 1
Z(I) exp (−E (x | I)), where x ∈ L and Z (I) is the partition

function. Assume the conditional random field (I,X) is fully connected, the energy of a
label assignment x is specified as:

E (x) =
∑
i

ψu (xi) +
∑
i<j

ϕp (xi, xj) (5.1)

The unary potentials ψu (xi) encode the probability of a pixel i taking label xi. In
our case, pixel-wise label assignment probabilities are initially defined according to the
accuracy p of the transferred weak annotations. For instance, for an image segmen-
tation task in five categories {Building,Ground, V egetation, Car, Clutter}, we believe
the transferred annotations have 80% accuracy, i.e., the value of p is set to 0.8. If a
pixel is labeled as Ground in the transferred annotation, then the prior label assign-
ment probability for this pixel is represented as a vector of probabilities for each class:
{0.05, 0.8, 0.05, 0.05, 0.05}. In case the pixel is not assigned any label, the a priori of la-
bel assignment is set to the average value: {0.2, 0.2, 0.2, 0.2, 0.2}. Further, the pixel-wise
label assignment probabilities are then updated via Bayesian inference given additional
evidence. More specifically, given a sequence of independent and identically distributed
evidence features (e.g., height, normal vector, spectral information): O = {O1, . . . , Om},
where m stands for the number of features. Let P (x) denote the prior belief of the trans-
ferred annotation and P (O | x) denote the likelihood of observing O given category x.
In our experiment, the value of P (O | x) is empirically defined based on image statistics.
The posterior probability of label assignment x for given evidence set O can be inferred
based on Bayes’ theorem [244]:

P (X = x | O) =
P (O | x)∑

x∈L P (O | x)P (x)
· P (x) (5.2)

where,

P (O | x) =
∏
m

P (Om | x) (5.3)

Pairwise potentials ϕp (xi, xj) encode the cost to assign labels xi, xj to pixels i, j respec-
tively, the data-dependent term encourages semantic label coherence of similar pixels.
Following the settings in [176], we model the pairwise term as weighted contrast-sensitive
Gaussian edge kernels:

ϕp (xi, xj) = ω1 (xi, xj) exp

(
−| pi − pj |

2

2θγ
2

)
+ ω2 (xi, xj) exp

(
−| pi − pj |

2

2θα
2 − | ci − cj |

2

2θβ
2

)
(5.4)

where ci and pi represent the color vector and position of pixel i respectively, ω1 and
ω2 parametrizes the weights of pairwise features and are both set to 1 in our model.
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Further, θα, θβ and θγ control the degree of nearness, similarity and smoothness and are
set to 25, 10, 3 respectively in our model.

The pseudo code of the proposed method is listed in Table 1, which demonstrates the
general pipeline and explains the Bayesian-based inference in details.

Algorithm 1 Bayesian-CRF Based Image Annotation

Input: Image I, degree of belief for the transferred annotations p, number of categories
K, auxiliary evidence set O, likelihood function P (O | x)
Output: Pixel-wise annotation of image I

1: procedure Update pixel unary potentials based on additional measure-
ment

2: for each pixel i in I do
3: O ← observation measurement for this pixel.
4: P (xi) = [P1, . . . , PK ]T ← prior label assignment probability of this pixel.
5: if pixel i is not assigned any label via transferring then
6: P (xi) = [ 1

K , . . . ,
1
K ]T .

7: else
8: k ← index number of transferred label.
9: for each Pj(j = 1, . . . ,K) in vector P (xi) do

10: if j 6= k then Pj = 1−p
n−1

11: else
12: Pj = p

13: P (xi | O) = P (xi)·P (O|xi)
P (O) ← posterior label assignment probability updated

by Bayes’ theorem.

14:

15: procedure Semantic inference in CRF model
16: E = pixel unary potentials + pixel pairwise potentials← Gibbs energy function
17: Inference by minimizing E

5.1.2 Inference

The inference problem is basically to find the label assignment x with the maximum a
posteriori (MAP) of a random field for the given image I, i.e., X∗ = argmaxx∈LP (x | I),
and can be achieved by minimizing the Gibbs energy function E (x). The time for solving
the maximization of these marginals is exponential in the size of I and thus computation-
ally intractable. Therefore we employ the mean field approximation for the maximum
posterior marginal inference, i.e., approximating the exact CRF distribution P (X) with
a factorized distribution Q(X) =

∏
iQi(Xi) that minimizes the KL-divergence D(P‖Q).

The mean field approximation can be performed using Gaussian filtering in feature space
efficiently [176].
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5.2 Image Annotation via Label Propagation from Aerial
Imagery to UAV Imagery

In this section, we leverage the proposed method to generate pseudo ground-truth data
for training. The experiments are comprised two aspects: 1. image annotating via label
propagation from aerial imagery to UAV imagery, 2. training a CNN using the generated
annotations. We describe data acquisition, introduce experiment settings, present and
evaluate the results.

5.2.1 Data Description

As shown in Figure 5.2, this dataset consists of two subsets: Area 1 was acquired
over Eichenau, a small village in Germany. It is characterized by dense anthropogenic
structures such as traditional-style houses, dense vegetations, roads and moving cars;
Area 2 was acquired over a nearby village Unterroggenstein, including a few detached
buildings along the roadside.

Image data were taken on November 2nd, 2015. In particular, UAV imagery was captured
by a Sony Nex-7 camera at an altitude of 100m above ground with a slightly oblique view.
The average Ground Sampling Distance (GSD) of UAV images is 1.8cm and the image
size is 6000×4000 pixels; aerial imagery was acquired by the DLR 4k sensor system [39]
at an altitude of 600m above ground, including two Canon EOS-1DX cameras with 15◦

sidewards looking angle and a FOV of 75◦ across. The aerial imagery has an average
GSD of 20cm and size of 5184×3456 pixel. Area 1 is covered by both aerial imagery and
UAV imagery while Area 2 is only covered by UAV imagery. Detailed characteristics
of the datasets are listed in Table 5.1.

Imagery Date Size (pixels) Height (m) GSD (cm) Pitch (◦)

Aerial 11/2015 5184× 3456 600 8.4 15
UAV 11/2015 6000× 4000 100 1.8 10

Table 5.1: Characteristics of the datasets used in the experiment.

We defined six classes for this dataset, i.e., Building, Roof, Ground, Vegetation, Car
and Clutter. Where, class Building refers to building facades; class Roof refers to roofs
(including overhangs); class Ground refers to bare grounds and roads; class Vegetation
includes trees, bushes and grassland; class Car includes all types of vehicles; the rest
categories and indistinguishable objects belong to class Clutter. The color coding for
labels is illustrated in Figure 5.1.

From Area 1, two aerial images were manually annotated as source-data for label prop-
agation, costing about 60-90 minutes per frame; in order to compare with the automat-

78



5.2 Image Annotation via Label Propagation from Aerial Imagery to UAV Imagery

Figure 5.1: Color coding used for label propagation from aerial to UAV imagery

ically inferred annotations, we manually labeled 28 UAV images as ground-truth data,
costing about 20-30 minutes per frame, and then split them into 23 training samples
and 5 testing samples. Area 2 is only used for testing.

Figure 5.2: Location of two survey sites Area 1 (Eichenau) and Area 2 (Unterroggenstein),
Germany.

5.2.2 Data Pre-processing

A high co-registration accuracy is vital to the label propagation between multi-source
image data. As the UAV images in our dataset exhibit a much lower geolocalization
accuracy than aerial images, we adopted the approach proposed in [31] for co-registration
between UAV and aerial images. In short, the method assumes that the aerial images are
geo-referenced and have common overlap with UAV images. First, the camera poses of
sequential UAV images are solved via Structure From Motion (SFM), and then the nadir
UAV images are matched with the aerial images using the proposed matching scheme
and generate thousands of reliable image correspondences. Given accurate camera poses
of the aerial images, the 3D coordinates of those common image correspondences can be
calculated via image-to-ground projection. These 3D points are then adopted to estimate
the camera poses of the corresponding nadir-view UAV images. In the end, those UAV
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images with known camera poses are involved in a global optimization for camera poses
of all UAV images. In this way, all UAV images are co-registered to the aerial images
with pixel-level registration accuracy. Afterward, we reconstruct UAV point cloud and
Digital Surface Model (DSM) using software Pix4Dmapper Pro (version 4.0.25), and
then generate a heightmap for each UAV image by deriving heights from the DSM.

Annotated pixels in aerial imagery can be transferred to UAV imagery based on their
orientation parameters. However, individual aerial imagery does not present the same
scene as UAV imagery due to their temporal difference and differences in viewing di-
rection, scale, resolution and illumination, etc. For instance, building facades in UAV
images maybe not or only partially visible in aerial images. Thus we labeled two aerial
images, one left-view and one right-view, to achieve more complete representation of
the scene. Figure 5.3 depicts an oblique UAV imagery and the corresponding region in
left-view and right-view aerial images. It can be seen that the combination of the two
views can compensate for the view difference to some extent.

(a) (b) (c)

Figure 5.3: Comparison of aerial imagery and UAV imagery. (a) UAV image, (b) corresponding
region in left-view aerial image, (c) corresponding region in right-view aerial image

5.2.3 Label Transfer

As explained in Section 5.1, we use the UAV point cloud as a mediator for label propa-
gation. To be more specific, we project all the 3D points into a labeled aerial image, thus
all the non-occluded points get labeled, and then we project these 3D points into UAV
images, transferring their labels to corresponding image pixels. Figure 5.4 illustrates the
labeled UAV point cloud, where, (a) shows labels transferred from the left-view aerial
image and (b) shows labels transferred from the right-view aerial image. It can be seen
that the combination of two aerial images contributing to more enriched and complete
representation of the scene.
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(a) (b)

Figure 5.4: Annotated UAV point cloud with labels transferred from aerial images. (a) labels
transferred from the left-view image, (b) labels transferred from the right-view
image

It has to be noted that there are slight temporal differences between the two aerial
images, therefore a common 3D point in two labeled point clouds may carry different
labels. Besides, occlusions and manual labeling mistakes also lead to label inconsistencies
between two point clouds. Figure 5.5 illustrates a UAV image with labels projected from
the two labeled point clouds, where examples of label inconsistencies are highlighted. To
tackle this problem, we refine the weak annotation via the proposed Bayesian-CRF
model, as described in the following.

(a) (b)

Figure 5.5: A UAV image with labels transferred from two-view aerial images. (a) labels trans-
ferred from left-view aerial image, (b) labels transferred from right-view aerial im-
age. Highlighted areas indicate label inconsistency.
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5.2.4 Inference

5.2.4.1 3D point unary potentials

The 3D point unary potentials can be derived from either a hard manual labeling or a
probability distribution computed by a pixel-wise classifier such as MRF or the softmax
function of a CNN. In our case, we obtain the unary potential of each 3D point from the
labeling of the point cloud.

More formally, let P denote the set of non-occluded 3D points in the input UAV point
cloud and si denote the label assigned to each point i ∈ P. The domain of each variable
si is a set of labels L = {l1, . . . , lK}, where K denotes the number of classes. In our
case, K = 6,L =

{
Building, Roof, Ground, Vegetation, Car and Clutter

}
.

It needs to be noted that the labeling of UAV point cloud can be transferred from
multiple labeled aerial images. Assume we project all non-occluded points of the point
cloud into n (in our settings n = 2) annotated aerial images to transfer labels, each
3D point is therefore assigned with n sets of labels and the corresponding prior label
assignment probabilities are denoted by P

(
s1i
)
, . . . , P (sni ). In order to combine the

information from multiple views, we fuse the potentials by taking the average value

P (si) =

∑n
j=1 P

(
sji

)
n

(5.5)

5.2.4.2 Pixel Unary Potentials

Pixel unary potential encodes the probability of a image pixel i taking label xi. Based
on the assumption that image pixels should carry the same labels with corresponding
points in 3D space, we project all the labeled 3D points of the UAV point cloud into
UAV images to transfer the labels of 3D points to corresponding image pixels. Since
our 3D point cloud is generated via interpolation and has higher spatial resolution than
UAV image, each pixel in the UAV image corresponds to multiple 3D points which may
carry different labels. For a pixel i on the UAV image, Let

{
P (s1) , . . . , P (sm)

}
denote

the set of the prior probabilities of corresponding 3D points, where m denote the number
of 3D points which are projected onto this pixel. The prior probability of a image pixel
i taking label xi is assigned the average a priori of corresponding 3D points, i.e.,

P (xi) =

∑m
j=1 P (sj)

m
(5.6)

Where, P (xi) is namely the prior belief in Equation 5.3.

Given additional evidence, the label assignment probabilities are then updated using
the Bayesian rule. In this experiment, we exploited the geometric information, i.e., the
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relative height above the ground, which was obtained by ground filtering using the Top-
hat algorithm [245]. The likelihood of observation on height for given class, denoted by
P (H | x) (H is namely an instance of O in Equation 5.3), is empirically estimated based
on image statistics. Since height is continuous, P (H | x) is specified as the probability
density function of H for given class. In our settings, we model the probability density
function as a normal distribution. In complicated cases, e.g., Vegetation include trees and
grassland which have different distribution on height, we then model the likelihood func-

tion as a weighted sum of normal distributions, i.e., f(H;µ, σ2) =
∑
ωi

1√
2πσ2

i

e
− (H−µi)

2

2σ2
i .

A visualization of the likelihood functions is illustrated in Figure 5.6, and the parameter
settings are listed in Table 5.2. Besides, considering roof is generally higher than 2
meters, we set its lower bound of height as 2m; since building (facades) has no height
measurements on the heightmap, their prior labeling probabilities were not updated
via Bayesian inference. The hyperparameters (e.g., ω, µ, σ) for the probability density
functions were manually tuned in the experiment. According to our experience, the per-
formance of inference is not sensitive to the parameter setting as long as they reasonably
describe the reality.
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Figure 5.6: Probability distribution of height for Area 1.

Table 5.2: Parameter settings of probability distribution functions for height, Eichenau Dataset.

Parameter Ground Roof Car Clutter Vegetation

ω 2 1 1 0.5 1 0.5
µ 0 7 1.3 0.5 3 7
σ 0.5 3 0.6 0.5 1 3
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5.2.4.3 Inference

We performed inference of the CRF model based on the implementation1 of [176]. In
Figure 5.7, column (a) depicts a few examples of automatically generated annotations
while column (b) shows corresponding manually labeled annotations. It can be seen
that the inferred annotations have high semantic accuracy and conform well to the
image gradients at class boundaries, outperforming the manual labeling especially for
objects with irregular shapes such as trees.

There are also a few errors in the inferred annotations, which are caused by three major
factors: 1. low contrast in dark or shaded areas; 2. strong gradient at shadow boarders;
3. wrong height value (especially for moving cars). Therefore it is recommended to
apply the proposed method for annotating static objects on shadow-free images.

5.2.5 Training a CNN Using Generated Annotations

In order to validate the utility of the automatically generated annotations, we deployed
them as ground-truth data to train a fully convolutional network (FCN) [166] for image
semantic segmentation, and compared the performance with the segmentation using
manual annotations. To be specific, we selected 28 UAV images featuring different
regions of the scene and manually labeled them as ground-truth data, which are then
split into 23 training samples and 5 testing samples. In parallel, we applied the proposed
method to annotate the 23 images as pseudo ground-truth data for training. Both sets
of training data are augmented via cropping and rotating, resulting in 8208 images with
the size of 300×300 pixels.

Figure 5.8 shows the predictions on test data using manual and automatic ground-truth
data. Where, (a) shows the UAV images for testing, (b) lists the corresponding ground
truth, (c) illustrates the predictions deploying automatically generated training data
and (d) shows the predictions using manually labeled training data. Table 5.3 lists
the accuracy of each class which is defined as Intersection over Union (IoU). It can be
seen that the automatically generated training data achieved comparable segmentation
accuracy as manually labeled training data for static classes such as Roof, Building and
Ground, but lower accuracy for class Car due to the wrong annotations on moving cars.

Table 5.3: Comparison of segmentation accuracy (IoU) using automatic training data and man-
ual training data.

Roof Building Veg Car Ground

Manual 84.43 56.47 94.17 39.74 74.47
Inferred 87.48 61.93 93.79 36.21 78.09

1https://github.com/lucasb-eyer/pydensecrf
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5.2.6 Generating Image Annotation on a Scale

The superiority of the proposed method lies also in its ability to generate image anno-
tations on a scale. Due to the high expense of time and labor, the quantity of manually
labeled ground-truth data is limited and sometimes not enough to achieve reasonable
segmentation performance. By contrast, our method can generate image annotations on
a large scale exempt from manual work, ensuring sufficient amount of training data. To
verify the impact of training data quantity, we applied the network trained with the man-
ual annotations (23 image frames) for image segmentation in Area 2. The predictions,
as shown in Figure 5.9-(b), demonstrate deficient accuracy. In contrast, we generated
annotations for 72 image frames of Area 1 by automatic inference, and then used them
to train a CNN. Afterwards, we tested the trained network for image segmentation in
Area 2. The prediction results, as depicted in Figure 5.9-(c), demonstrate apparently
better semantic accuracy.
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(a) (b)

Figure 5.7: Comparison of inferred image annotations (a) and manual annotations (b) overlay-
ing on original UAV images.
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(a) (b) (c) (d)

Figure 5.8: Comparison of predictions on Area 1. (a) original UAV images, (b) corresponding
ground-truth, (c) predictions using manually annotated training data, (d) predic-
tions using automatically generated training data.
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(a) (b) (c)

Figure 5.9: Comparison of predictions on Area 2. (a) original UAV images, (b) predictions
using 23 manually labeled frames from Area 1 as training data, (c) predictions
using 72 automatically labeled frames from Area 1 as training data.
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5.3 Automatic Image Annotation via Label Propagation
from OSM Footprints to Aerial Imagery

In the last section, we have demonstrated the feasibility of automatic image annotat-
ing via label propagation, yet manual labeling of source images is still required. In
this section, we leverage various remote sensing data for fully automatic annotating.
In particular, we propagate OSM footprints to aerial imagery as weak annotations for
buildings, and exploit geometric and radiometric information for multi-class image an-
notation. The experiment is implemented on the widely used Vaihingen dataset.

5.3.1 Data Description

The Vaihingen dataset was provided by the German Association of Photogrammetry
and Remote Sensing (DGPF) [246]. The images were captured in the summer of 2008
over Vaihingen, a medium-size village in Germany. The survey site is characterized by
various buildings, including small detached houses, traditional buildings with complex
shapes and high-rising buildings surrounded by trees.

Image data used for this experiment includes 33 patches of true orthophoto (TOP)
with a GSD of 9cm, each accompanied by a corresponding DSM with the same spatial
resolution. The orthophotos were generated by Trimble INPHO OrthoVista as 8 bit
TIFF files with three bands, i.e., near infrared, red and green bands. As the relative
height above the ground is more interesting for our experiment rather than the absolute
elevation, we generated heightmaps for each TOP by filtering and interpolating the ALS
point cloud using LASTools2. The generated heightmaps have a grid size of 9cm, the
same as the TOPs.

There are 16 available ground-truth annotations of the TOPs, which are manually labeled
into six categories, i.e., Impervious surfaces, Building, Low vegetation, Tree, Car and
Clutter. In our implementation, we kept classes Building, Low vegetation and Tree, and
merged the rest categories (Impervious surfaces, Car and Clutter) into a new category
Ground. Corresponding color coding is illustrated in Figure 5.10. We selected twelve
labeled TOPs (areas: 1, 3, 5, 7, 11, 15, 21, 26, 28, 32, 34 and 37) for training and the
rest four labeled TOPs (areas: 13, 17, 23 and 30) for testing.

Figure 5.10: Color coding used for Vaihingen dataset

The OSM footprint data used in experiments was downloaded on 21 May, 2018. Despite
the large time offset compared with imagery data, the OSM footprints still have sufficient

2https://github.com/LAStools/LAStools
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completeness in most areas. According to manual inspection, the position accuracy of
OSM footprints ranges from a few decimeters in inner city to several meters in rural
areas.

5.3.2 Automatic Image Annotating

5.3.2.1 Pixel unary potentials

The pixel unary potential is derived from the OSM footprints data only. More formally,
let I denote the set of pixels in TOP and L denote the set of K pre-defined labels. In our
case, K = 4, L =

{
Building,Low vegetation,Tree,Ground

}
. Projecting OSM building

footprints into a TOP image, the corresponding projection area is denoted by Ib (Ib ⊆ I)
and a degree of belief for the OSM footprints is denoted by p. Let lb denote the label
index of class Building, P (xi) encodes the prior belief of a pixel i (i ∈ I) taking the label
xi (xi ∈ L), which is defined as:

∀i ∈ Ib, P (xi) =

{
p xi = lb
(1−p)
K−1 xi 6= lb

∀i /∈ Ib, P (xi) =

{
1− p xi = lb
p

K−1 xi 6= lb

(5.7)

Afterwards, the prior label assignment probability is updated via Bayesian inference
given additional evidence. In this experiment, we exploited the height and NDVI values
as additional evidence, denoted by H and N respectively (the evidence set O in Equation
5.3 is namely

{
H, N

}
). Particularly, the height value is extracted from the heightmap

and the NDVI is calculated based on image radiometric information using following
formula:

NDV I = (NIR−Red)
(NIR+Red) (5.8)

where NIR and Red are the gray values of the TOP tiff files.

Let P (H | x) and P (N | x) denote the likelihoods of height and NDVI value for given
class x, which are empirically defined based on image statistics. In our settings, we
model the likelihood function as a normal distribution. In complicated cases, e.g., the
pre-defined class Tree includes bushes and tall trees which have different distribution on
height, we then model the likelihood function as a weighted sum of normal distributions,

i.e., f(H;µ, σ2) =
∑
ωi

1√
2πσ2

i

e
− (H−µi)

2

2σ2
i . A visualization of the likelihood functions is

illustrated in Figure 5.11, and the parameter settings are listed in Table 5.4 and 5.5. In
particular, the lower bounds for the height of Tree and Building were set as 0.5m and
2m respectively. For the sake of simplification, we assume Tree and Low Veg, Ground
and Building have the same likelihood functions for NDVI. Considering the fact that
the vegetation NDVI has relatively lower value in shaded areas, the likelihood function
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for vegetation NDVI is composed of two normal distributions representing the NDVI
in normal cases and in shaded areas. Provided observations on height and NDVI, the
posterior distribution P (x | H,N), can be calculated based on Equations 5.2 and 5.3.
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Figure 5.11: Probability distributions of height and NDVI for Vaihingen dataset.

Table 5.4: Parameter settings of probability distribution functions for height, Vaihingen
Dataset.

Parameter Ground Building Low Veg Tree

ω 2 1 2 0.4 0.5
µ 0 7.5 0 2.5 5
σ 0.5 3.5 1 1.5 4

Table 5.5: Parameter settings of probability distribution functions for NDVI, Vaihingen
Dataset.

Parameter Ground, Building Low Veg, Tree

ω 1 0.9 0.1
µ -0.1 0.5 0.1
σ 0.2 0.1 0.05

Intuitively, the height evidence helps to distinguish high objects like buildings and trees
from low objects like low vegetation and the ground, while the NDVI evidence can
effectively differentiate low vegetation and trees from non-vegetation.

5.3.2.2 Inference

A few examples of the inferred annotations are depicted in Figure 5.12. The source
data required for inference is listed in columns (a) - (c): (a) true orthophotos with
three bands: near infrared, red and green, (b) corresponding heightmaps, (c) building
masks projected from OSM footprints. After inference using our Bayesian-CRF graphical
model, the generated image annotations are depicted in column (d), and the manually
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labeled ground-truth data is listed in column (e). It can be seen that the automatically
generated annotations have high similarity with manual annotations in general. However,
in dark or shaded areas, there are a few errors in categories Low Vegetation and Tree.
This is because the NDVI value cannot well distinguish the vegetation from the ground
in shaded areas.

5.3.3 Analysis of Inferred Annotations

Manual image annotating interprets the scene merely based on image information, thus
the accuracy is usually lower at areas with low brightness and contrast. In comparison,
our method jointly utilizes the complimentary radiometric and geometric information,
which contributes to higher semantic accuracy in such situations. Additionally, the
inferred annotations inherently conform to image gradients and therefore have higher
shape accuracy for irregular objects.

5.3.3.1 Comparison with manual annotations

Manual image annotating often suffers from the existence of shadow, in such cases, our
method can achieve higher semantic accuracy as it also takes height information into
consideration. A few examples are illustrated in Figure 5.13. From left to right in
each row, (a)-(e) are snapshots from Google Maps, true orthophotos, manually labeled
ground-truth data, corresponding heightmaps and automatically inferred annotations,
respectively. Building areas to be noted are highlighted in red. More specifically, figures
in the first row show a building which is visible in Google Maps but partly hidden in
shadows in the true orthophoto, therefore it was wrongly labeled as ground in manual
annotation. However, with the help of the height evidence, our method labeled the
building correctly. A similar example is shown in the second row, where the ground was
wrongly labeled as building in manual annotation but correctly labeled by our method.
The third row presents an example for shape accuracy of buildings, demonstrating that
the inferred annotation is more accurate at building boundaries than manual annotation.
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(a) (b) (c) (d) (e)

Figure 5.13: Comparison of building accuracy between automatically inferred and manually
labeled annotations. (a) snapshot from Google Maps, (b) true orthophotos, (c)
manually labeled ground-truth data, (d) corresponding heightmaps, (e) automat-
ically inferred annotations. Building areas to be noted are highlighted in red.
Dashed lines indicate wrong labeling and solid lines indicate correct labeling.

The semantic accuracy of class Ground is compared in Figure 5.14. From left to right
in each row, (a)-(c) are true orthophotos, manually labeled ground-truth data and auto-
matically inferred annotations respectively. In the two scenes, although the bare ground
nearby buildings or through the grassland can be easily recognized on orthophotos, pre-
cise annotating is still unpractical due to its irregular shape. Therefore many ground
areas are roughly labeled or ignored, as highlighted by the red dashed boxes. By con-
trast, they are correctly labeled in the automatic annotations, as highlighted by the red
solid boxes.
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(a) (b) (c)

Figure 5.14: Comparison of ground accuracy between automatically inferred and manually la-
beled annotations. (a) true orthophotos, (b) manually labeled ground-truth data,
(c) automatically inferred annotations. Ground areas to be compared are high-
lighted in red. Dashed lines indicate wrong labeling and solid lines indicate correct
labeling.

On the other hand, the performance of our method is influenced by the accuracy of
heightmaps. Inaccurate height information may lead to wrong labeling, especially when
the image content is not distinguishable. For instance, grassland and bushes are la-
beled respectively as Low Vegetation and Tree in ground-truth annotations, however,
the heightmap extracted from the DSM can not well preserve the small height difference
between them and the NDVI evidence is not distinguishable either. This accounts for
the wrong annotations for classes Low Vegetation and Tree, as shown in Figure 5.13 and
5.14.

5.3.3.2 Comparison with OSM building footprints

Building annotations are originally derived from the up-to-date OSM data, which has
about ten years time offset with the image data. The considerable temporal changes
of building result in low semantic accuracy of the source labeling. Nevertheless, our
method is able to generate building annotations with substantially improved accuracy
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based on additional evidence. Figure 5.15 presents a comparison between OSM building
footprints (left column) and inferred building annotations (right column), which are both
overlaid on TOP. The highlighted areas in (a) indicate the errors in OSM footprints
caused by temporal changes of buildings, which, in contrast, are correctly labeled in the
inferred annotations indicated by (d). Besides, OSM footprints usually have low position
accuracy, especially in rural areas. As compared in (b), (e), the OSM building footprints
have large shift in position while the inferred annotations have apparently higher position
accuracy. Third, OSM footprints usually have simplified shapes as illustrated in (c), but
the inferred annotations in (f) achieve high shape accuracy for buildings with complex
structures.

(a) (b) (c)

(d) (e) (f)

Figure 5.15: Comparison between OSM building footprints (left column) and inferred build-
ing annotations (right column), both overlaid on TOP. Yellow rectangles in (a)
highlight the wrong labels in OSM footprints which are correct in (d). Position
accuracy is compared in (b), (e). Shape accuracy is compared in (c), (f).

5.3.4 Training a CNN Using Generated Annotations

In order to validate the utilization of the automatically generated annotations, we lever-
aged them as training data for image semantic segmentation using a deep convolutional
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neural network and compared the performance with the segmentation using manually
labeled training data. Following the training and testing procedures for FCN [166], we
selected twelve labeled TOPs (areas: 1, 3, 5, 7, 11, 15, 21, 26, 28, 32, 34 and 37) for
training and kept the rest four labeled TOPs (areas: 13, 17, 23 and 30) for testing. In
parallel, we trained another network using the inferred annotations of the 12 tiles, and
then compared their performance in testing.

The IoU accuracy of each class is listed in Table 5.6. In general, segmentation using
inferred annotations achieves comparable overall accuracy as segmentation using man-
ual annotations. Specifically, segmentation using inferred annotations achieves higher
accuracy for almost all categories except the Tree category. Figure 5.17 depicts full
tile predictions using manual and automatic training data, where each row from top
to bottom corresponds to tiles No.30, No.13, No.17 and No.23. From left to right, (a)
shows the original true orthophotos, (b) shows corresponding ground-truth, (c) illustrates
pixel-wise predictions using manually labeled annotations as training data, (d) depicts
pixel-wise predictions using automatically inferred annotations as training data. In or-
der to visualize the distribution of wrong predictions, we also present the corresponding
error map in Figure 5.16. From left to right, (a) shows the original true orthophotos,
(b) shows the prediction errors using manual annotations as training data and (c) shows
the wrong predictions using automatic annotations as training data. Wrong predictions
are highlighted in (b) and (c) and the colors indicate the ”true” labels according to the
ground truth. For class Building, errors are generally caused by shadows and presented
as over-segmentations in building areas. For class Ground and class Low Veg, errors are
mainly distributed in shaded areas where the NDVI information cannot well distinguish
vegetation and non-vegetation. Errors in class Tree generally come from bushes, which
have similar height and NDVI with Low Veg. In these cases, neither height nor NDVI
information is able to well distinguish them. In consequence, many regions of class Tree
are incorrectly inferred as Low Veg or Ground.

Both qualitative and quantitative analysis have demonstrated the effectiveness of lever-
aging the inferred annotations as ground-truth data for training. In general, image
segmentation using inferred training data is able to achieve comparable accuracy as
segmentation using manual annotations.

Table 5.6: Segmentation accuracy (IoU) comparison between inferred annotations and manual
annotations.

Method Ground Building Low Veg Tree Mean

OSM - 73.70 - -
Manual 68.11 84.32 62.08 66.74 70.31
Inferred 70.54 86.78 63.80 59.21 70.08
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(a) (b) (c)

Figure 5.16: Comparison of prediction errors using manual and automatic training data for
Vaihingen dataset. Each row shows from top to buttom: tiles No.30, No.13, No.17,
No.23. From left to right, (a) original true orthophotos, (b) prediction errors using
manual annotations as training data, (c) prediction errors using automatically
generated annotations as training data. Wrong predictions are highlighted using
the colors from the ground truth.
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(a) (b) (c) (d) (e)

Figure 5.12: Comparison of manual annotations and inferred annotations. (a) true orthophoto,
(b) corresponding heightmap, (c) building mask projected from OSM building
footprint, (d) automatically inferred image annotations, (e) manually labeled
ground-truth.
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(a) (b) (c) (d)

Figure 5.17: Full tile predictions using manual and automatic training data for Vaihingen
dataset. Each row shows from top to bottom: tiles No.30, No.13, No.17, No.23.
(a) true orthophotos, (b) ground truth, (c) predictions using manually labeled
annotations as training data, (d) predictions using automatically inferred annota-
tions as training data
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5.4 Discussion

Compared with other studies on automatic generation of image annotations, we firstly
propose the concept of propagating labeled aerial imagery to unlabeled UAV imagery
to generate image annotations on a large scale, which can substantially reduce manual
labor by utilizing redundant remote sensing data. Although label propagation has been
proved to be an effective way to generate image annotations automatically, the state-
of-the-art label propagation approaches still face the challenge of inconsistency between
source data and target images, especially when they are acquired from different views.
Since propagated labels inevitably contain errors, we model labeling uncertainties by
introducing additional geometric and radiometric evidence via the Bayesian inference.
In view of the probabilistic nature of our model, we optimize the inferred annotations
in a fully connected CRF model defined in image domain. In this context, the proposed
method takes advantages of multi-domain information and yield image annotations with
both high semantic accuracy and precise boundary partitions.

In view of the low completeness and low accuracy of the initial image annotations,
complementary additional information plays an important role for accurate inference.
The probabilistic nature of our model allows us to flexibly incorporate different types
of evidence, yet appropriate selection and combination of auxiliary information con-
tribute to more accurate and efficient inference. As we integrate additional information
by estimating its distribution for each category, it is crucial that each class shows a
unique distribution on that attribute or, more broadly, on combinations of attributes.
For instance, based on only height values, the ground can be easily distinguished from
buildings, but hardly differentiated from the grass as they have similar height distribu-
tions; given NDVI values in addition, the three categories can be well discriminated.
In this sense, our inference is not restricted to the annotated categories, but can also
work even without initial annotations as long as the auxiliary information has distinctive
characteristics on each category.

Another merit of the proposed method lies in its ability to preserve precise class bound-
aries, which is inherited from the characteristics of the CRF model. While manual anno-
tating usually has low accuracy at class boundaries, especially for objects with curvy or
complicated shapes such as trees, our method utilize the image contextual information
and are inherently sensitive to image gradients, thus the inferred annotations generally
exhibit a higher accuracy at class boundaries.

On the other hand, our method also has some limitations. First, the distribution func-
tions of a certain attribute for different objects is empirically defined, its parameters
need to be fine-tuned according to the image statistics of the specific dataset. Besides,
our method is sensitive to shadow as it affects the spectral properties of images. In our
experiment, errors of the inferred annotations are mostly distributed in shaded areas.
Therefore it is advised to perform shadow detection and removal as pre-processing in
order to achieve higher semantic accuracy.
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5.5 Conclusion

Abundant image annotations are indispensable for training tasks in semantic segmenta-
tion or scene parsing. Traditional image annotation relies on manual labeling, which is
quite labor-intensive and unpractical for large-scale tasks. We proposed in this chapter
a method for automatic image labeling by label propagation based on a Bayesian-CRF
model. In the presence of weak annotations and auxiliary information such as 3D data,
our method is able to yield abundant high-quality image annotations in an automatic
way. The automatically generated annotations not only have high semantic accuracy,
but also preserve accurate class boundaries. Besides, the inferred annotations can be
used as pseudo ground-truth data for training models, and achieve comparable accuracy
as manually labeled ground-truth data while reducing manual labor significantly.
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6 Building Information Modeling
Based on Semantic Information
of UAV Imagery

This chapter describes the paper of Zhuo et al. [161]: Optimization of OpenStreetMap
Building Footprints Based on Semantic Information of Oblique UAV Images. The orig-
inal version of this paper is attached in appendix C.

OpenStreetMap (OSM) is a collaborative project for creating a free editable map of
the world based on volunteered geographic information. It is able to provide free and
updated geographic information despite restrictions on usage or availability of georef-
erenced data across most of the world. In recent years, OSM has widely expanded its
coverage and gained increasing popularity in many applications. One example is the gen-
eration of 3D building models from OSM building footprints [9]. Therefore, the quality
of building reconstruction and modeling strongly relies on the quality of building foot-
prints. A detailed analysis for OSM building footprints [10] assessed a high completeness
accuracy and a position accuracy of about 4 m on average for these data. Therefore,
OSM building footprints can be safely regarded as a rough approximation of the real
scene.

Though numerous approaches for building footprint generation have been developed,
most of them exploit information from airborne imagery [7] or point cloud data [8],
where the building footprints are represented by roofs and therefore usually mixed with
overhangs. In contrast, building façades naturally contain critical information about
footprints. In this sense, data that presents façade information, such as oblique air-
borne imagery and terrestrial point clouds, can facilitate accurate building footprints’
generation. Among different data sources, oblique UAV imagery stands out as it bridges
the gap between aerial and terrestrial mapping, thus enabling data acquisition of both
building roofs and façades simultaneously.

Given an initial hypothesis of the building boundary, the refinement with well-designed
constraints plays a vital role in improving the accuracy of building footprints. The con-
straints usually come from the 3D features embedded in DSMs or point clouds as well
as from the 2D features in images. For the case of oblique UAV images, 3D features
such as lines [231] and planes usually have low geometric accuracy due to the change of
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the viewing directions in oblique images [232]. Apart from that, image features can also
be employed as effective constraints. Traditional methods employed color features [221]
in early stages, which are vulnerable to shadows and illumination. Some methods ex-
tracted building boundaries by detecting 2D lines [247] or corners [248]. However, the
detected edges or corners have uncertain semantic meanings and therefore can only be
used as weak evidence. In contrast, pixel-wise semantic image segmentation provides an
effective solution to this problem. Various handcrafted features have been proposed in
traditional machine learning based classification tasks. For instance, 2D image features,
2.5D topographic features and 3D geometric features are integrated in [249] for super-
vised classification using an SVM classifier. With the rapid development of deep neural
networks, deep-learning based segmentation methods have demonstrated their conspic-
uous advantages in yielding reliable and robust semantic segmentation compared to
traditional machine-learning segmentation methods. Deconvolution networks are firstly
applied in [250] for building extraction from remote sensing images and demonstrate
promising segmentation accuracy.

In this chapter, we aim to refine the building footprint in OSM by deploying textural
features from multi-view images as constraints. Based on the above discussion on previ-
ous research, we are motivated to use oblique UAV images as data sources for footprint
generation. Constraints for solving the optimization problem are defined by building
boundaries, i.e., the projection of the 3D building model on images, are expected to
lie on the boundary between building façades and the ground. The contour evidence is
extracted from pixel-wise semantic segmentation via deep convolution neural networks.
The proposed method is composed of these steps: first, we geo-register the UAV images
by matching them with high-accuracy aerial images; meanwhile, we perform semantic
segmentation of UAV images using a Fully Convolutional Network (FCN) and extract
the boundaries between building façades, roof and ground as contour evidence; then,
we initialize a 3D building model of LoD 1 from the OSM footprints, followed by an
optimization that integrates the contour evidence of multi-view images as a constraint.
In the end, not only the footprints, but also the building heights get optimized. The
proposed method is tested on different datasets. The accuracy of the optimized OSM
footprints is evaluated by comparison with the ATKIS data, whose position accuracy is
around 0.5 m [251].

The main innovations of this chapter lie in the following aspects:

• The footprints addressed in previous research are the roof areas with overhangs. In
contrast, our method is able to detect the real building footprints excluding roof
overhangs, i.e., the edges where the building façades meet the ground.

• Instead of directly detecting buildings in 3D space, we introduce an optimization
scheme using the image evidence from pixel-wise segmentation as a constraint, i.e.,
the image projection of the building model is encouraged to be identical to the
building areas detected via pixel-wise image segmentation.

• Our method is able to refine simultaneously the building footprint and its height.
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The chapter is organized as follows: Section 6.1 describes our approach for OSM foot-
print optimization in detail. In Section 6.2, experiments on various datasets are carried
out to validate the feasibility and robustness of the proposed method. Furthermore, the
accuracy of the optimized building footprints is evaluated both qualitatively and quan-
titatively by comparing with the ATKIS data. Finally, Section 6.3 discusses potentials
and limitations of the proposed method and describes further applications.

6.1 Methodology

In this section, we give a detailed account of the proposed approach for optimization
of the OSM building footprint. The proposed workflow is comprised of the following
steps: (1) geo-registration of oblique-view UAV images; (2) semantic segmentation of
UAV images using a Fully Convolutional Network (FCN); and (3) optimization of the
building model initialized from OSM footprints. We also point out the conditions and
restrictions for the proposed method. Figure 6.1 depicts the workflow of the proposed
approach. The external input data includes the building footprint extracted from OSM
and the DSM reconstructed from aerial images, from which we can initialize a simple
building sketch. In parallel, we create a ground truth dataset of UAV images and fine-
tune the FCN-8s model. The trained network is then applied to segment UAV images.
Finally, we optimize the building sketch by minimizing the chamfer distance between
the building outline from projection and the contour evidence from image segmentation.
Details of each step are explained in the following paragraphs.
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Figure 6.1: Workflow of the proposed method. External input data includes the building foot-
print extracted from OSM and DSM reconstructed from aerial images, from which a
building sketch is initialized. Meanwhile, we create a ground truth dataset and fine-
tune the FCN-8s model for image segmentation. We optimize the building sketch
by minimizing the chamfer distance between the building outline from projection
and the contour evidence from image segmentation.

6.1.1 Geo-Registration of UAV Images

The geo-registration of UAV images has already been discussed in numerous research
works. One of the biggest challenges lies in the automated orientation of oblique UAV
images. Towards this goal, various solutions have been proposed. Commercial softwares
(e.g., Pix4D, Agisoft) and open source softwares (e.g., Bundler, PMVS, VisualSFM,
MicMac) are widely used for matching and structure from motion (SFM) of oblique-
view UAV images [252, 253]. An image pyramid-based stratified matching method for
matching nadir and oblique images from four-combined cameras in the step of structure
from motion is proposed in [254], while an AKAZE interest operator-based matching
strategy is presented in [32] for automatic registration of oblique UAV imagery to oblique
aerial imagery.

Another challenge is the accurate geo-registration of UAV image blocks. Although UAV
images are usually coupled with on-board GNSS/INS information, their absolute accu-
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racy, solely 3 to 5 m in cases without a correction signal, is no higher than the one of OSM
building footprints. In contrast, the accuracy of aerial photogrammetry can achieve a
10−2 m level, which notably exceeds OSM and is sufficient for our application. We adopt
the approach proposed in [31] for co-registration between low-accuracy UAV images and
high-accuracy aerial images. In short, the method assumes that the aerial images are
geo-referenced and have common overlap with UAV images. First, the camera poses of
sequential UAV images are solved via Structure From Motion (SFM), and then the nadir
UAV images with the aerial images are matched using the proposed matching scheme
and generate thousands of reliable image correspondences. Given accurate camera poses
of the aerial images, the 3D coordinates of those common image correspondences can
be calculated via image-to-ground projection. These 3D points are then adopted to
estimate the camera poses of the corresponding nadir-view UAV images. In the end,
those UAV images with known camera poses are involved in a global optimization for
camera poses of all UAV images. In this way, all UAV images are co-registered to the
aerial images. The absolute accuracy of the geo-registered UAV images, according to
the paper, can be as good as a 10−1 m level.

The aforementioned approach requires georeferenced aerial images of the surveyed area.
In the absence of such reference images, the UAV images can be geo-registered with
manually established Ground Control Points (GCPs), which may come from RTK GPS
surveys or measurements from geo-spatial products (e.g., Basemap) with higher accuracy.
For example, we can create some GCPs by measuring their planar coordinates (x, y) on
an orthophoto and their elevation values z on a DSM. The GCPs with coordinates
(x, y, z) can then be deployed to geo-register the UAV images dataset.

6.1.2 Semantic Segmentation of UAV Images

Extracting building outlines in images is essentially an issue of object recognition. Mean-
while, building outlines can also be viewed as class boundaries, which can be obtained
from pixel-wise semantic segmentation. In this sense, the semantic segmentation of UAV
images plays a crucial role in our pipeline as our optimization relies on the building out-
lines extracted from the segmentation as the constraint. Considering the fact that deep
learning based methods significantly outperform traditional machine learning methods
using handcrafted features, we attempt to train a deep neural network for the task of
semantic segmentation.

Typically, a Convolutional Neural Network (CNN) is composed of an input layer, an
output layer and multiple hidden layers in between. The hidden layers generally include
convolutional layers, pooling layers, fully connected layers and normalization layers. In
particular, convolutional layers apply nonlinear operations on the input with a set of
adjustable parameters, which can be learned during the training process. The results
are then passed to the next layer. Pooling layers take the outputs of neuron blocks of one
layer and subsample them into a single neuron. A CNN may contain several convolutional
layers and pooling layers. All the neurons in previous layers are then connected by a
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fully connected layer to each individual neuron in another layer. In order to adapt the
classifier for a dense prediction, a solution has to consider these fully connected layers
as convolutions with kernels covering their entire input regions [166]. Compared to
the evaluation of the original classification network on overlapping input patches, the
adapted classifier, namely FCN, is more efficient since computational burdens are shared
by overlapping regions of patches. The network used in this chapter is a modification
of [166] by changing the number of outputs according to our demand. In our experiment,
there are seven classes in total, i.e., building, roof, ground, road, vegetation, vehicle and
clutter. The architecture of the neural network is depicted in Figure 6.2.

The aforementioned FCN also has shortcomings. First, its receptive field is as large
as 32 pixels, resulting in segments with non-sharp boundaries and blob-like shapes.
However, sharp boundaries between buildings and surroundings are preferred for us.
Second, the prediction of FCN does not take the smoothness and the consistency of
label assignments into consideration. To solve this problem, we plug in a Conditional
Random Field (CRF) represented as Recurrent Neural Network (CRFasRNN) [172,255]
at the end of the FCN, which combines the strengths of both the CNN and CRF based
graphical model in one unified framework. In this model, unary energies are obtained
from the FCN, which predict labels of pixel without considering the smoothness and
the consistency of the label assignments; meanwhile, the pairwise energies provide a
data-dependent smoothing term that encourages semantic label coherence for pixels with
similar properties. Such combination enhances the consistency of the changes in labeling
and in image intensity, resulting in sharp boundaries between adjacent segments.

For the compensation of limited training data, we implement data augmentation by
cropping, rotating and scaling. Instead of training the network from scratch, we initialize
the network with pre-trained weights from the FCN-8s model and then fine-tune it
with our own ground-truth data. Details of implementation and parameter settings are
described in Section 6.2.

In the end, we deploy the trained network to generate pixel-wise semantic segmenta-
tions of the images. Since the building footprint is defined as the boundary of a building
where it meets the ground, the edge model of building footprints, denoted by L0, can be
therefore extracted as the boundary between the class “building” and the class “ground”
from the semantically labeled images. It needs to be pointed out that semantic segmen-
tation itself does not have a concept of an object; however, we are interested in class
boundaries, which can be seen as objects that should be detected.
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Figure 6.2: Architecture of the FCN network used in this chapter.

6.1.3 Optimization of Building Footprints

We consider the building model as a polyhedron in 3D space featured by the building
footprint P and height H. In particular, P is comprised of a set of vertices {P1, . . . , Pn |

Pi ⊂ R3}, where Pi denotes the 3D coordinates

(
Xi
Yi
Zi

)
of each corner of the building

footprint, which can be directly extracted from OSM. For the cases without OSM height
information, we can obtain the elevation of the ground at the foot of the building as
well as the elevation of the roof, denoted by Zground and Zroof , respectively, in a DSM
from aerial imagery using a Top-Hat transform algorithm [245,256]. Then, the elevation
Zground is assigned to Zi and the difference Zroof − Zground is assigned to the building
height H. At this point, a simple building model formulated by footprint and a uniform
height has been established.

With geo-registered UAV images, the corresponding image point projection of P can
be simply computed by means of ground-to-image projection, resulting in a 2D polygon
denoted by S ⊂ R2. Theoretically, if P is absolutely accurate, its projection S should be
exactly identical with the building area in the UAV image. Under the assumption that
the image segmentation result is reliable, the edge model of the polygon S, denoted by
L1, should be close to the edge model L0 extracted from the segmented image. Hereby,
we adopt the Chamfer Distance [257] as a measurement for the difference between L0

and L1. We first cut off the area of L0 from the image with a buffer zone of 100 pixels
as the region of interest (ROI), and then generate the distance image of L0. Afterwards,
we superimpose L1 on the distance image and the Chamfer Distance between L0 and L1

is defined as:

D(L0, L1) =

√
1

N

∑
l∈L1

d2I(l), (6.1)
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where dI(l) stands for the distance values where the edge model L1 hits the distance
image of L0, while N is the number of points in L1.

One building may be present in multiple images from different viewing directions, and
these images may have different segmentation accuracy in building areas. Despite the
high interior accuracy of the images’ block, the image derived building contours in dif-
ferent images have a certain degree of variance, resulting in different Chamfer Distance.
Therefore, it makes sense to take all cases into consideration. The adjustment of OSM
footprints can be formulated as an energy minimization problem whose energy term is
defined as Equation (6.2). In particular, I denotes the set of images that show the
building, vector Pi denotes each vertex in the OSM footprint to be optimized, while H
stands for the height of the building:

minimize
x

E =
∑
i∈I

D(L
(x,i)
0 , D(L

(x,i)
1 ),

x = {{P1, . . . , Pn, H | Pi ⊂ R3, H ∈ R}}.
(6.2)

We solve the minimization problem using a modification of Powell’s method [258, 259],
which performs sequential one-dimensional minimizations along each vector of the direc-
tions set. After optimization, the accuracy of the building footprint and height improves.

6.1.4 Application Conditions

It should be pointed out that building footprints can only be partially optimized in the
presence of occlusions. Figure 6.3a shows the projection of an original OSM footprint
in an aerial image, while Figure 6.3b highlights the edges that can be optimized with
the proposed method. Figure 6.3c is an aerial image of the surveyed area with a slightly
oblique view. Given that no additional images are available, only the visible building
borders (marked with red lines) can be optimized. Towards the goal to achieve a complete
optimization of the building footprints, it is thereby advised to acquire UAV images of
the buildings of interest from different viewing directions so that all the façades are
visible in the images.
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(a) (b)

(c)
Figure 6.3: Overview of optimizable building vertices in the presence of occlusions. Red lines

are the projection of original OSM building footprints before optimization, high-
lighting the building edges that can be optimized.

6.2 Experiments

In order to validate the generalization ability of the proposed method, we test the
methodology on four datasets with different building types. Furthermore, we compare
the optimization results with the reference data. Qualitative and quantitative analyses
are carried out to verify the accuracy of the optimized building footprint and height.

6.2.1 Data Description

• Image data
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We collect images from four scenarios containing different types of buildings. The main
characteristics of the datasets are listed in Table 6.1. In particular, Scenario A is tar-
geted at optimization of footprints of individual buildings. To this end, 375 oblique
images of an isolated cabin were captured by a UAV flight. The survey site lies on a
bare agricultural land in Finning, Germany. Here, the building of interest is free from
occlusions. The images were acquired by a Canon EOS-1DX camera mounted on a ro-
tary wing platform at altitudes ranging from 20 m to 50 m above ground and with pitch
angle of 40 ∼ 50◦. The average ground sampling distance is 0.96 cm.

Scenario B presents a small kindergarten surrounded by trees and bushes in Oberpfaffen-
hofen, Germany. The dataset also serves for optimization of a footprint of an individual
building, yet the scene is more complex with the presence of occlusions and shades. 142
images were acquired by a Canon EOS-1DX camera, including 32 nadir-view images and
110 oblique-view images with a pitch angle of about 45◦. The flight height ranges from
20 m to 45 m above ground, resulting in an average Ground Sampling Distance (GSD)
of 1.09 cm.

In addition, we also exploit the possibility to optimize footprints of multiple buildings.
With the increasing popularity of UAVs, more and more people are able to take photos
or videos using their own drones and spontaneously share the data on the Internet with
free access. In this context, Scenario C was established by extracting a series of frames
from a YouTube video captured by a drone. The survey site is located in an urban
residential area in Munich, Germany, containing many modern buildings, and most of
them are partially occluded. The flight height is estimated to 40 m above ground with
pitch angle around 40◦. In total, 169 images with a GSD at image centers of 14.33
cm were extracted for the experiment. Each building can be visible or partly visible in
24–86 images, depending on its location in the survey area. It has to be noted that the
low image resolution and the presence of occlusions cause difficulties for the subsequent
optimization step.

Scenario D is an open dataset provided by the company senseFly [260]. The 37 oblique
images were collected in a small village in Switzerland, featuring many traditional-style
buildings surrounded or occluded by vegetation. Each building can be visible or partly
visible in 31–37 images. The images were taken by a Canon PowerShot camera from
about 100 m above the ground with a pitch angle of −50◦, and the average image GSD
is 5.46 cm.

• OSM data

The OSM data used in experiments have been downloaded on 21 January 2018. The
footprints contain only the planar coordinates of building footprints but no height in-
formation. According to the detailed quality assessment for OSM building footprints
data [10], the OSM footprints in our survey area (Munich) have a high completeness
accuracy and a position accuracy of about 4 m in average. Therefore, they can be safely
adopted to initialize a building model.
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• Reference data

For evaluation of the experimental results, we take the German ATKIS (Amtliches
Topographisch-Kartographisches Informationssystem) data as reference. ATKIS has
been developed as a common project of the Working Committees of the Survey Adminis-
trations of the States of the Federal Republic of Germany (AdV), containing information
of objects of the ‘Real World’ like roads, rivers or woodland [261]. The position accuracy
of building footprint in ATKIS is ±0.5 m [251]. It needs to be pointed out that ATKIS
data is not available to the public in Germany, therefore we can only request the ATKIS
footprint data for small areas as ground truth. Specifically, the ATKIS data used in
the experiments were published on 27 January 2016 and the building data is formatted
as LoD1 CityGML model, i.e., the value of building height describes the difference in
meters between the highest point of the roof and the ground.

Dataset UAV Image

Date Resolution
(pix)

Height
(m)

Pitch
Angle

GSD
(cm)

Number of
Images per
Building

Registration

A 10/2016 5184× 3456 20 - 50 40–50◦ 0.96 375 MA
B 10/2016 5184× 3456 20 - 45 45◦, 90◦ 1.09 142 AA
C 01/2016 1296× 728 40 50◦ 14.33 24–86 MA
D 06/2014 4000× 3000 100 50◦ 5.46 31–37 MA

Table 6.1: Characteristics of the datasets used in the experiment. AA: automatically co-
registered to aerial data; MA: manually co-registered to aerial data

6.2.2 Geo-Registration of UAV Images

Due to payload limitations, UAVs are usually equipped with low-quality GNSS/IMUs
and can therefore achieve a direct geo-referencing accuracy of merely 3–5 m. To improve
the position accuracy of OSM building footprints, however, UAV images are expected to
have higher accuracy than OSM. To this end, we made various attempts at improving
the geo-registration accuracy of UAV images. In particular, Scenarios A, C and D are
manually geo-registered using measurements from geo-spatial products that have higher
accuracy than the OSM data, whereas Scenario B is geo-registered to aerial images in a
fully automated way.

For Scenario A, we manually established some GCPs, whose planar coordinates (x,y)
were measured on Bavaria DOP80 (digital orthophoto of 80 cm resolution, provided by
Bavarian State Office for Survey and Geoinformation in Germany) and the elevation
values z were extracted from DTK25 (Digital Topographic Model [DTM] of 25cm reso-
lution, provided by Bavarian State Office for Survey and Geoinformation in Germany).
These GCPs were then used to geo-register the UAV images dataset. Similarly, Scenario
B was geo-registered using the GCPs measured from the orthophoto and DTM [239]
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reconstructed from the aerial images acquired by the DLR 3K camera system with cm-
level accuracy [39]. In Scenario D, GCPs were measured on SWISSIMAGE 25 (digital
orthophoto of 25 cm resolution) and swissNAMES3D (Topographical Landscape Model
[TLM] of 0.2∼1.5 m accuracy).

Scenario B contains both nadir-view and oblique-view UAV images. Here, the corre-
sponding nadir-view aerial images with cm-level global accuracy are also available, thus
we co-registered the low-accuracy UAV images to the high-accuracy aerial images fol-
lowing the approach proposed in [31]. More specifically, we first solve the camera poses
of the UAV images via Structure From Motion (SFM), and then match the nadir UAV
images with nadir aerial images using the proposed matching scheme, resulting in thou-
sands of reliable image correspondences. Since the aerial images are pre-georeferenced,
3D coordinates of those common image correspondences can be derived via image-to-
ground projection of the aerial images, and these 3D points are then adopted to estimate
the camera poses of the corresponding nadir-view UAV images. In the end, those UAV
images with known camera poses are involved in a global optimization for camera poses
of all UAV images. In this way, all UAV images get geo-registered.

We used the software Pix4Dmapper Pro (version 4.0.25) for the process and orientation
of the UAV data. The mean reprojection errors of the four datasets are in the range of
0.15–0.2 pixels.

6.2.3 Semantic Image Segmentation Using CRFasRNN

For a robust and generalized training of the neural network, we collect training images
evenly distributed from the four datasets, to ensure that different types of buildings
are all included in the training dataset. The training images were manually labeled
with seven categories: building, roof, ground, road, vegetation, vehicle and clutter.
Among them, categories like building, roof and ground are of most interest for our
application. In order to compensate for the shortage of training data, we implemented
data augmentation by cropping, rotating and scaling the training data. Around 10,000
annotated images with a size of 300 × 300 pixels were generated for training.

The deep learning procedure was implemented under the framework Caffe [262]. Instead
of training the network from scratch, we fine-tuned the FCN-8s PASCAL model from
the Berkeley Vision and Learning Center (BVLC) on our own dataset. As the boundary
between different classes is of interest for our application, we plugged in the CRF-RNN
layer in order to achieve sharp edges at class borders. The training process started
to converge at iteration 6000 and was stopped at iteration 74,000 before over-fitting.
Figure 6.4 depicts the segmentation results of the trained network on the test data.
Figure 6.4a,b are test images from Scenario A, while Figure 6.4e,f are the segmentation
results. It can be seen that the roofs, façades, building and the surrounding clutter
are basically correctly segmented; Figure 6.4c,d,g,h are respectively the original and
segmented images from Scenario D, the segmentation in building areas is noisy due to
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shading and poor illumination. Figure 6.4i–p in the last two rows display segmentation
results from Scenarios C and D with multiple buildings.

To conclude, despite a few incorrect segmentations in areas with complex textures or
structures, the overall segmentation achieved a remarkable performance and yielded
reliable image labels.

(a) (b) (c) (d)

(e) (f) (g) (h)

(i) (j) (k) (l)

(m) (n) (o) (p)

Figure 6.4: Segmentation results of four scenarios. (a) and (b) are test images of Scenario
A while (e) and (f) are corresponding segmentation results; (c) and (d) are test
images of Scenario B while (g) and (h) are corresponding segmentation results;
(i) and (j) are test images of Scenario C while (m) and (n) are corresponding
segmentation results; (k) and (l) are test images of Scenario D while (o) and (p)
are corresponding segmentation results.
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6.2.4 OSM Building Footprint Optimization

As we regard the building boundaries extracted from the segmented images as a con-
straint for optimization, it is crucial that the image segmentation, at least for the building
and its surroundings, should yield accurate and reliable results. In practice, however,
there are inevitably some poorly segmented images in a dataset, thus we need to select
those images that satisfy those requirements:

1. The segmented building areas have accurate boundaries;

2. Buildings are not occluded by vegetation or obstacles;

3. The selected images are expected to be taken from different viewpoints so that all
vertices of the building footprint can be optimized.

Figure 6.5 demonstrates the results of footprint optimization process. Figure 6.5a–c
are projections of original OSM footprints with the height extracted from DSM, while
Figure 6.5d–f are projections of the optimized building sketch of Scenario A. Figure 6.5g,h
are projections of original OSM footprints with the height extracted from DSM, while
Figure 6.5j,k are projections of the optimized building sketch of Scenario B. Figure 6.5i,l
illustrate a combined footprint of two adjacent buildings with different heights before and
after optimization, therefore only the footprint get optimized. The original projections
of the footprints extracted from OSM with the height from DSM are highlighted by the
red lines, which have large position shift with respect to the building. The projections
of the footprints after optimization using the proposed method are marked by blue lines,
which fit precisely the building borders. It is evident that the image projection accuracy
of the optimized footprints have improved conspicuously compared to the original OSM
footprints.
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(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

(j) (k) (l)

Figure 6.5: Image projections of building sketch before and after optimization. Red lines are
projections of original OSM footprints with height measured from DSM, blue lines
show projections of optimized building footprints and heights, and the green line
shows a combined footprint for two buildings with different height.

For the visualization of the absolute position accuracy of the optimized footprints, we
overlap the footprints before and after optimization together with ATKIS data. As
shown in Figure 6.6, the gray areas are reference footprints from ATKIS data, red lines
indicate original footprints extracted from OSM, and blue lines show the footprints after
optimization using the proposed method. All footprints are overlapped together in the
same coordinate reference system. To be specific, Figure 6.6a shows the footprints of the
two cabins from Scenario A. All corners of the larger building on the right get optimized
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with a significant improvement in position accuracy. It should be pointed out that the
smaller building on the left is not our main target and therefore only appears in a few
images, still all its three visible corners got optimized with satisfying accuracy. Figure
6.6b shows the footprints of a house from Scenario B, which is composed of two small
adjacent houses. The building footprint in OSM, however, is simplified to a rectangular
shape with a large position shift. As a correct hypothesis of the building shape is the
prerequisite for reasonable optimization, we extracted eight corners of the roof based on
the corresponding orthophoto and DSM. The new building footprint, colored in green
in Figure 6.6b, was used as the initial value for optimization. The optimized footprint,
highlighted in blue, matches the reference data well. The experimental results demon-
strate that, given the correct hypothesis of the building shape, our method is able to
efficiently optimize the footprint of individual buildings even if the initial values are far
from accurate.

(a) (b)

Figure 6.6: Optimization for multiple buildings. (a) and (b) show the result of Scenario A
Scenario B respectively; gray areas represent the reference footprints from ATKIS
data, red lines indicate original footprints extracted from OSM, blue lines show the
footprints after optimization using the proposed method, and green represents the
initial lines for optimization.

In contrast, Scenario C and Scenario D feature multiple buildings that are partly oc-
cluded. As a consequence, only the visible building corners may get optimized. In
addition, the performance of optimization is also affected by the quality of image seg-
mentation.

Figure 6.7a,b illustrate the optimization results of Scenario C. Blue lines indicate an
overall projection of all optimized buildings, while the optimization for the rest of the
buildings failed as a result of severe occlusions or poor segmentation. It can be seen
that more than half of the visible building corners were successfully optimized despite
the low image resolution, and the estimated building height aligns well with the border
between the roof and the building.

Within Scenario D, most buildings are surrounded by thick vegetation, and we extract
only the boundary between the ground and the building. For that reason, there are few
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effective contours available for optimization. Figures 6.7c–f show some of the optimized
building footprints, where the red lines correspond to the original OSM building foot-
prints and blue lines refer to the optimized building footprints. It should be noted that
the OSM footprints data for rural areas exhibit much larger errors than in the urban
area. Nevertheless, our method still achieves accurate optimization results for visible
building edges.

(a) (b)

(c) (d) (e) (f)

Figure 6.7: Optimization for multiple buildings. Red lines are the projections of the original
OSM building footprints while blue lines correspond to the optimized building foot-
prints; (a) and (b) give an overall view of all the optimized buildings in Scenario
C; (c) to (f) enumerate some of the optimized buildings of Scenario D.

6.2.5 Accuracy Evaluation of Building Position and Height

Apart from the visual comparison of the results, we performed a quantitative analysis
of the results. Following the evaluation approach in [10], we investigate the position
accuracy of building footprints by calculating the average distance between the corre-
sponding vertices pair from the optimized footprints and the reference data. In this
sense, only the vertices appearing in both datasets can be compared.

In order to evaluate the optimization accuracy quantitatively, we compare the footprints
before and after optimization with reference to ATKIS data. The results of Scenario A,
B, and C are listed in Table 6.2. The second column lists the optimized buildings in
each scenario, and for each building footprint, we manually measure the coordinates of
each vertex and calculate the distance to the corresponding vertex in ATKIS data. The
column Initial lists the errors in the x - and y-directions as well as the Euclidean distance

119



6 Building Information Modeling Based on Semantic Information of UAV Imagery

of each vertex from the original footprint, whereas the column Optimized reports the
errors of the optimized building footprint. Scenario C contains a number of optimizable
buildings, from which six buildings with their optimized vertices are randomly selected
as representatives. The value average shows the average distance of all building vertices
of each Scenario.

Given that the building footprints in ATKIS have an average accuracy of ±0.5 m, we
can draw the conclusion that the accuracy of the building footprints has substantially
increased after optimization using our method.
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Table 6.2: Position errors of building footprints in Scenario A, B and C before and after opti-
mization. The column Initial lists the errors in the x - and y-directions as well as the
Euclidean distance of each vertex of the original footprints; the column Optimized
reports the errors of the optimized building footprints.

Nr.
Initial Optimized

∆X (m) ∆Y (m) Distance (m) ∆X (m) ∆Y (m) Distance (m)

A

1

0.207 −1.213 1.230 0.623 −0.328 0.704
−0.374 0.942 1.014 0.145 0.427 0.451
1.601 1.545 2.225 0.020 0.137 0.139
2.247 −0.521 2.307 0.276 0.165 0.322

2
1.733 1.157 2.084 0.233 0.657 0.697
2.114 −0.511 2.175 −0.164 −0.097 0.190
0.080 −0.899 0.902 0.655 −0.481 0.813

average 1.705 0.474

B
1

0.275 0.043 0.278 0.395 −0.037 0.397
0.758 1.337 1.537 0.118 −0.383 0.401
2.635 0.436 2.671 0.345 −0.074 0.353
2.756 −0.400 2.785 0.326 −0.100 0.341
2.848 −1.306 3.133 0.233 −0.008 0.233
−2.807 0.522 2.856 0.142 −0.102 0.175
−2.632 1.763 3.168 0.218 −0.227 0.314
0.342 0.461 0.574 0.192 −0.209 0.284

average 2.125 0.312

C

1
0.039 −2.073 2.073 −0.029 −0.682 0.683
−0.078 −1.927 1.928 −0.174 −0.540 0.567
0.695 −1.509 1.661 0.027 0.201 0.203

2
−0.303 0.271 0.406 −0.252 −0.250 0.355
0.397 0.406 0.568 0.155 0.116 0.194

3
0.492 −1.415 1.498 −0.144 0.748 0.761
−0.053 −1.412 1.413 0.530 0.437 0.687

4
0.708 −1.944 2.069 0.471 −0.451 0.651
0.303 −1.917 1.941 −0.387 −0.668 0.772

5
0.543 −1.638 1.726 0.365 −0.417 0.554
0.150 −1.368 1.376 0.239 −0.382 0.451

6
0.144 0.579 0.596 0.105 0.320 0.337
0.423 0.501 0.656 0.282 0.360 0.457

average 1.378 0.513

Additionally, during the optimization of the planar coordinates of building footprints,
our method is also able to estimate the height of the wall, i.e., the height from the top
of the building façade to the ground, which cannot be directly measured from LiDAR
data or DSM from aerial imagery. As aforementioned, the height value in ATKIS data

121



6 Building Information Modeling Based on Semantic Information of UAV Imagery

describes the distance from the top of the roof to the ground, hence it only makes sense
to evaluate buildings with flat roofs. Applied to our dataset, there remain only five opti-
mized buildings with flat roofs. Table 6.3 compares the height values of these optimized
buildings with the height measurements from ATKIS data. It can be demonstrated that
the building heights are accurately estimated with an absolute error ≤ 10%.

Table 6.3: Accuracy evaluation of optimized building height.

Building Optimized H (m) ATKIS H (m) Error H (m)

1 3.20 3.5 −0.30
2 10.96 11.53 −0.57
3 17.5 17.83 −0.33
4 19.7 21.00 −1.30
5 5.24 5.79 −0.55

6.3 Discussion

In this chapter, we present a novel framework for optimizing OSM building footprints
based on the contour information derived from deep learning-based semantic segmen-
tation of UAV images. Through our methodology, the position accuracy of optimized
building footprints has been improved from meter-level to decimeter-level, which is com-
parable with the accuracy of ATKIS data.

The applicability of the proposed method depends on the following prerequisites:

• Towards the goal of improving the absolute position accuracy of OSM building
footprints, the UAV images are supposed to be accurately geo-referenced. However,
it is also practical to simply align the OSM building footprint data to the users’
local reference system.

• Targeted at optimization of the complete building footprint, it is advised to design
the UAV flight path to surround the buildings of interest; otherwise, only the visible
building edges can be optimized.

• Since we use UAVs to acquire image data, our approach is suitable for regional
improvement for buildings of interest. In most large-scale applications such as nav-
igation, web-based visualization and city planning, the accuracy of OSM footprints
is already sufficient. Accurate footprints (with sub-meter level accuracy) are usually
needed for specific buildings of interest, and our approach can play its role in such
cases.

The merits of the proposed method mainly lie in four aspects:
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• In many other regions of the world, there is no such high-quality footprint data
like ATKIS; even in Germany, the ATKIS data is not freely accessible to the public.
Our approach opens up the possibility to generate high-accuracy building footprints
from OSM with comparable accuracy as ATKIS data.

• The realistic building footprints excluding roof overhangs can be detected, i.e., the
edges where the building façades meet the ground, whereas the footprints addressed
in previous research are essentially the building roof including overhangs.

• The height information of buildings can be simultaneously refined with the building
footprints.

• The proposed method has good generalization ability, as it can optimize not only
a single building, but also multiple buildings with high tolerance for the spatial
resolution of images.

Based on the optimized building footprint and building height, we can establish a build-
ing sketch of LoD 1, which can be further applied in building information modeling
(BIM).

6.4 Conclusion

In summary, we exploit the façades’ information in oblique UAV images to optimize
OSM building footprints. The framework consists of three main aspects: first, a sim-
plified 3D building model of Level of Detail 1 (LoD 1) is initialized using the footprint
information from OSM and the elevation information from the Digital Surface Model
(DSM). Subsequently, a deep neural network is trained for pixel-wise semantic image
segmentation and the building boundaries are extracted as contour evidence. Finally,
the initial building model is optimized by integrating the contour evidence from multi-
view images as a constraint, resulting in a refined 3D building model with optimized
footprints and height. The result reveals the great potential of oblique UAV images in
building reconstruction and modeling.
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7.1 Summary

UAVs and conventional aircrafts map scenes of interest from different perspectives. This
thesis explores the possibility of jointly utilizing the complementary information embed-
ded in UAV and aerial imagery in order to achieve more comprehensive understanding
of the scene. Towards this goal, a novel approach for co-registration of UAV and aerial
imagery is proposed. Subsequently, the problem of semantic analysis of UAV and aerial
imagery is investigated and a new image annotation technique to cope with the short-
age of training data is presented. Furthermore, the technique of semantic information
extraction is extended into practical applications, namely building footprints extraction
and 3D building modeling from oblique UAV imagery.

Regarding the issue of co-registration between UAV imagery and aerial imagery, we have
made the following contributions.

• An in-depth analysis of the limitations of a SIFT-based matching approach for
UAV and aerial image pairs. Extensive investigations into the influence of related
factors such as the scale difference, the rotation angle and the ratio-test were
conducted in order to identify the underlying reason for matching failures.

• A novel image feature-based matching pipeline which is comprised of a superpixel-
based dense feature detection strategy, a one-to-many matching scheme and a
global geometric verification strategy.

• A method to geo-register UAV imagery by matching them to geo-referenced image
data, such as aerial images, aerial orthophotos or satellite images. This allows for
the global geo-registration of images acquired by low-cost UAV systems with an
geo-registration accuracy at decimeter-level.

Regarding the issue of semantic segmentation of UAV and aerial imagery, we have made
the following contributions.

• A Bayesian-CRF graphical model which can flexibly incorporate 2D and 3D fea-
tures as auxiliary information, yielding refined image annotations.

• A novel concept of annotating UAV imagery by transferring the labels from exist-
ing annotated aerial imagery. The generated image annotations have been demon-
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strated to be as effective as manually labeled images when used as training data
in CNN-based image segmentation tasks. This allows for automatic generation of
training data from UAV images.

• A novel concept of annotating aerial imagery utilizing an existing GIS database,
e.g., OpenStreetMap. The generated image annotations have been demonstrated
to be as effective as manually labeled images if used as training data in CNN-
based image segmentation tasks. This enables automatic generation of training
data from aerial images.

• A pioneer work on buildings parsing rather than simply detecting them in oblique
UAV images. This yields more comprehensive and detailed semantic understanding
of buildings.

Regarding the issue of automatic generation of building footprints, the following contri-
butions have been made in this thesis.

• A technique for extracting true building footprints, i.e., the boundaries where the
building façades meet the ground. In contrast, the footprints addressed in previous
research are actually the roof outlines including overhangs.

• A novel approach for footprint generation by optimizing existing coarse footprints
data in GIS database namely the OpenStreetMap, and by exploiting the image
evidence from a pixel-wise segmentation. This also enables the optimization of
building heights simultaneously, therefore accurate 3D building modeling of LoD
1 can be achieved.

In summary, we have achieved co-registration of UAV imagery and aerial imagery with
pixel-level accuracy, and demonstrated that the combination of data acquired by UAVs
and manned aircrafts contributes to more comprehensive representation for scenes of
interest. In addition, we have retrieved semantic information from UAV and aerial
imagery through deep learning using automatically generated training data, yielding
pixel-level semantic understanding of the scene. Particularly, we have leveraged the
parsed building segments such as roofs and façades for building footprint generation,
and achieved true building footprints (excluding roof overhangs) with decimeter-level
accuracy and 3D building modeling of LoD 1.

7.2 Outlook

Although the proposed approaches work reliably in several situations, a number of areas
could be refined or enhanced through further improvements, for instance:

• The main limitation of our matching approach is that it only works for image pairs
that are both nadir-viewing or slightly tilted. For the case of matching oblique
image pairs with large differences in scale and rotation, further attempts can be
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made to investigate into AKAZE matching algorithm. As AKAZE algorithm and
its variations have been demonstrated in several research works [32, 263] to be
effective for matching oblique remote sensing images.

• The presented method for automatic image annotating is sensitive to image gra-
dients and therefore may yield wrong annotations for regions in shadows or with
low contrast. To tackle this problem, a shadow detector could be integrated into
the pipeline or as a preprocessing step.

• The performance of semantic segmentation could be further improved by using
more cutting-edge deep neural networks. For instance, the Mask R-CNN has out-
performed all existing single-model entries on every task. Alternatively, other
neural network architectures such as SegNet, DeepLab or RefineNet have also
demonstrated comparable performance as FCN, if not better, with similar or even
faster computational speed.

• To fully exploit the semantic information in oblique UAV imagery, the building
segmentation task can be further extended using more fine-grained segments, such
as windows and openings. Additionally, different roof types could also be modeled
in the optimization. Thus, more detailed building modeling of LoD 2 or even LoD
3 can be expected.
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