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Abstract

The ongoing process of digitization in archives is providing access to ever-increasing historical
image collections. In many of these repositories, images can typically be viewed in a list or
gallery view. Due to the growing number of digitized objects, this type of visualization is
becoming increasingly complex. Among other things, it is di cult to determine how many
photographs show a particular object and spatial information can only be communicated via
metadata.

Within the scope of this thesis, research is conducted on the automated determination and
provision of this spatial data. Enhanced visualization options make this information more eas-
ily accessible to scientists as well as citizens. Di erent types of visualizations can be presented
in three-dimensional (3D), Virtual Reality (VR) or Augmented Reality (AR) applications.
However, applications of this type require the estimation of the photographer’s point of view.
In the photogrammetric context, this is referred to as estimating the interior and exterior
orientation parameters of the camera. For determination of orientation parameters for single
images, there are the established methods of Direct Linear Transformation (DLT) or pho-
togrammetric space resection. Using these methods requires the assignment of measured
object points to their homologue image points. This is feasible for single images, but quickly
becomes impractical due to the large amount of images available in archives. Thus, for larger
image collections, usually the Structure-from-Motion (SfM) method is chosen, which allows
the simultaneous estimation of the interior as well as the exterior orientation of the cameras.
While this method yields good results especially for sequential, contemporary image data, its
application to unsorted historical photographs poses a major challenge.

In the context of this work, which is mainly limited to scenarios of urban terrestrial pho-
tographs, the reasons for failure of the SfM process are identi ed. In contrast to sequential
image collections, pairs of images from di erent points in time or from varying viewpoints
show huge di erences in terms of scene representation such as deviations in the lighting sit-
uation, building state, or seasonal changes. Since homologue image points have to be found
automatically in image pairs or image sequences in the feature matching procedure of SfM,
these image di erences pose the most complex problem.

In order to test di erent feature matching methods, it is necessary to use a pre-oriented
historical dataset. Since such a benchmark dataset did not exist yet, eight historical image
triples (corresponding to 24 image pairs) are oriented in this work by manual selection of
homologue image points. This dataset allows the evaluation of frequently new published
methods in feature matching. The initial methods used, which are based on algorithmic
procedures for feature matching (e.g., Scale Invariant Feature Transform (SIFT)), provide
satisfactory results for only few of the image pairs in this dataset. By introducing methods
that use neural networks for feature detection and feature description, homologue features
can be reliably found for a large fraction of image pairs in the benchmark dataset.

In addition to a successful feature matching strategy, determining camera orientation requires
an initial estimate of the principal distance. Hence for historical images, the principal distance
cannot be directly determined as the camera information is usually lost during the process
of digitizing the analog original. A possible solution to this problem is to use three vanishing
points that are automatically detected in the historical image and from which the principal
distance can then be determined. The combination of principal distance estimation and
robust feature matching is integrated into the SfM process and allows the determination
of the interior and exterior camera orientation parameters of historical images. Based on



these results, a work ow is designed that allows archives to be directly connected to 3D
applications.

A search query in archives is usually performed using keywords, which have to be assigned to
the corresponding object as metadata. Therefore, a keyword search for a speci ¢ building also
results in hits on drawings, paintings, events, interior or detailed views directly connected to
this building. However, for the successful application of SfM in an urban context, primarily
the photographic exterior view of the building is of interest. While the images for a single
building can be sorted by hand, this process is too time-consuming for multiple buildings.

Therefore, in collaboration with the Competence Center for Scalable Data Services and Solu-
tions (ScaDS), an approach is developed to Iter historical photographs by image similarities.
This method reliably enables the search for content-similar views via the selection of one or
more query images. By linking this content-based image retrieval with the SfM approach,
automatic determination of camera parameters for a large number of historical photographs
is possible. The developed method represents a signi cant improvement over commercial and
open-source SfM standard solutions.

The result of this work is a complete work ow from archive to application that automatically

Iters images and calculates the camera parameters. The expected accuracy of a few meters
for the camera position is su cient for the presented applications in this work, but o er
further potential for improvement. A connection to archives, which will automatically ex-
change photographs and positions via interfaces, is currently under development. This makes
it possible to retrieve interior and exterior orientation parameters directly from historical
photography as metadata which opens up new elds of research.

VI



Zusammenfassung

Der andauernde Prozess der Digitalisierung in Archiven erm glicht den Zugri auf immer
gr er werdende historische Bildbest nde. In vielen Repositorien k nnen die Bilder typischer-
weise in einer Listen- oder Gallerieansicht betrachtet werden. Aufgrund der steigenden Zahl
an digitalisierten Objekten wird diese Art der Visualisierung zunehmend un bersichtlicher.
Es kann u.a. nur noch schwierig bestimmt werden, wie viele Fotogra en ein bestimmtes Motiv
zeigen. Des Weiteren k nnen r umliche Informationen bisher nur ber Metadaten vermittelt
werden.

Im Rahmen der Arbeit wird an der automatisierten Ermittlung und Bereitstellung dieser
r umlichen Daten geforscht. Erweiterterte Visualisierungsm glichkeiten machen diese Infor-
mationen Wissenschaftlern sowie B rgern einfacher zug nglich. Diese Visualisierungen k n-
nen u.a. in drei-dimensionalen (3D), Virtual Reality (VR) oder Augmented Reality (AR) An-
wendungen pr sentiert werden. Allerdings erfordern Anwendungen dieser Art die Sch tzung
des Standpunktes des Fotografen. Im photogrammetrischen Kontext spricht man dabei von
der Sch tzung der inneren und u eren Orientierungsparameter der Kamera. Zur Bestim-
mung der Orientierungsparameter f r Einzelbilder existieren die etablierten Verfahren der
direkten linearen Transformation oder des photogrammetrischen R ckw rtsschnittes. Dazu
muss eine Zuordnung von gemessenen Objektpunkten zu ihren homologen Bildpunkten er-
folgen. Das ist f r einzelne Bilder realisierbar, wird aber aufgrund der gro en Menge an
Bildern in Archiven schnell nicht mehr praktikabel. F r gr ere Bildverb nde wird im pho-
togrammetrischen Kontext somit blicherweise das Verfahren Structure-from-Motion (SfM)
gew hlt, das die simultane Sch tzung der inneren sowie der u eren Orientierung der Kameras
erm glicht. W hrend diese Methode vor allem f r sequenzielle, gegenw rtige Bildverb nde
gute Ergebnisse liefert, stellt die Anwendung auf unsortierten historischen Fotogra en eine
gro e Herausforderung dar.

Im Rahmen der Arbeit, die sich gr tenteils auf Szenarien stadtr umlicher terrestrischer
Fotogra en beschr nkt, werden zuerst die Gr nde f r das Scheitern des SfM Prozesses iden-
ti ziert. Im Gegensatz zu sequenziellen Bildverb nden zeigen Bildpaare aus unterschiedlichen
zeitlichen Epochen oder von unterschiedlichen Standpunkten enorme Di erenzen hinsichtlich
der Szenendarstellung. Dies k nnen u.a. Unterschiede in der Beleuchtungssituation, des
Aufnahmezeitpunktes oder Sch den am originalen analogen Medium sein. Da f r die Merk-
malszuordnung in SfM automatisiert homologe Bildpunkte in Bildpaaren bzw. Bildsequenzen
gefunden werden m ssen, stellen diese Bilddi erenzen die gr te Schwierigkeit dar.

Um verschiedene Verfahren der Merkmalszuordnung testen zu k nnen, ist es notwendig einen
vororientierten historischen Datensatz zu verwenden. Da solch ein Benchmark-Datensatz
noch nicht existierte, werden im Rahmen der Arbeit durch manuelle Selektion homologer
Bildpunkte acht historische Bildtripel (entspricht 24 Bildpaaren) orientiert, die anschlie end
genutzt werden, um neu publizierte Verfahren bei der Merkmalszuordnung zu evaluieren.
Die ersten verwendeten Methoden, die algorithmische Verfahren zur Merkmalszuordnung
nutzen (z.B. Scale Invariant Feature Transform (SIFT)), liefern nur f r wenige Bildpaare des
Datensatzes zufriedenstellende Ergebnisse. Erst durch die Verwendung von Verfahren, die
neuronale Netze zur Merkmalsdetektion und Merkmalsbeschreibung einsetzen, k nnen f r
einen gro en Teil der historischen Bilder des Benchmark-Datensatzes zuverl ssig homologe
Bildpunkte gefunden werden.

Die Bestimmung der Kameraorientierung erfordert zus tzlich zur Merkmalszuordnung eine
initiale Sch tzung der Kamerakonstante, die jedoch im Zuge der Digitalisierung des analo-
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gen Bildes nicht mehr direkt zu ermitteln ist. Eine m gliche L sung dieses Problems ist
die Verwendung von drei Fluchtpunkten, die automatisiert im historischen Bild detektiert
werden und aus denen dann die Kamerakonstante bestimmt werden kann. Die Kombina-
tion aus Sch tzung der Kamerakonstante und robuster Merkmalszuordnung wird in den SfM
Prozess integriert und erlaubt die Bestimmung der Kameraorientierung historischer Bilder.
Auf Grundlage dieser Ergebnisse wird ein Arbeitsablauf konzipiert, der es erm glicht, Archive
mittels dieses photogrammetrischen Verfahrens direkt an 3D-Anwendungen anzubinden.

Eine Suchanfrage in Archiven erfolgt blicherweise ber Schlagworte, die dann als Metadaten
dem entsprechenden Objekt zugeordnet sein m ssen. Eine Suche nach einem bestimmten
Geb ude generiert deshalb u.a. Tre er zu Zeichnungen, Gem Iden, Veranstaltungen, Innen-
oder Detailansichten. F r die erfolgreiche Anwendung von SfM im stadtr umlichen Kontext
interessiert jedoch v.a. die fotogra sche Au enansicht des Geb udes. W hrend die Bilder
f r ein einzelnes Geb ude von Hand sortiert werden k nnen, ist dieser Prozess f r mehrere
Geb ude zu zeitaufwendig.

Daher wird in Zusammenarbeit mit dem Competence Center for Scalable Data Services and
Solutions (ScaDS) ein Ansatz entwickelt, um historische Fotogra en ber Bild hnlichkeiten
zu ltern. Dieser erm glicht zuverl ssig ber die Auswahl eines oder mehrerer Suchbilder
die Suche nach inhalts hnlichen Ansichten. Durch die Verkn pfung der inhaltsbasierten
Suche mit dem SfM Ansatz ist es m glich, automatisiert f r eine gro e Anzahl historischer
Fotogra en die Kameraparameter zu bestimmen. Das entwickelte Verfahren stellt eine deut-
liche Verbesserung im Vergleich zu kommerziellen und open-source SfM Standardl sungen
dar.

Das Ergebnis dieser Arbeit ist ein kompletter Arbeitsablauf vom Archiv bis zur Applikation,
der automatisch Bilder Itert und diese orientiert. Die zu erwartende Genauigkeit von weni-
gen Metern f r die Kameraposition sind ausreichend f r die dargestellten Anwendungen in
dieser Arbeit, bieten aber weiteres Verbesserungspotential. Eine Anbindung an Archive, die

ber Schnittstellen automatisch Fotogra en und Positionen austauschen soll, be ndet sich
bereits in der Entwicklung. Dadurch ist es m glich, innere und u ere Orientierungsparame-
ter direkt von der historischen Fotogra e als Metadaten abzurufen, was neue Forschungsfelder
er net.
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1 Introduction

The increasing digitization of historical photographs in archives allows the development of
new access strategies. Usually, the digitized images are presented in a conventional two-
dimensional (2D) gallery or list visualization. In contrast, a three-dimensional (3D) depiction
of images comes with several advantages. Ware (2021) summarizes those in ve categories:
A proper visualization

makes a large amount of data accessible and comprehensible.

uncovers unseen details and allows the gathering of new information.

reveals errors, artifacts and quality of the data used.

enhances the linkage and understanding between large-scale and small-scale data.
helps with formulating hypothesis.

In fact, all of these advantages are discovered through-out this thesis when extending 2D
with a spatial (3D) and temporal (four-dimensional (4D)) component.

However, the depiction of images in Web3D, Virtual Reality (VR) and Augmented Real-
ity (AR) applications requires the determination of the original camera’s pose. While the
camera pose of contemporary images can be obtained using state-of-the-art Structure-from-
Motion (SfM) work ows, the precise localization of historical image collections proves more
di cult.

This raises the need to identify reasons why SfM fails especially on historical photographs.
Further, the identi ed problems need to be solved in a modi ed SfM work ow, preferably in
a completely automatic pose estimation pipeline. Finally, it has to be tested how accurately
the poses can be determined.

1.1 Thesis structure

This thesis is arranged in a cumulative manner. The individual scienti c articles integrated
in the thesis are published in three international peer-reviewed journals and the introductory
article is a peer-reviewed conference publication. Each publication is preceded by a cover page
which includes the original title, authorship, publication history, the recommended citation
style, and the abstract. The thesis is written in a uniform layout which requires the adaption
of the journals’ formatting standards. This includes slight changes in formal text design as
well as referencing style, placement and sizes of gures, tables, and equations. The original
numbering of gures, tables, and equations is adapted to the related chapter numbering.
Chapter headings corresponding to the individual articles have been customized providing
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a comprehensible context. All formatting changes are done in order to enhance the reading
ow and consistent layout of the thesis.

The articles are antedated by the introduction (Chapter 1) and enclosed by the synthesis
(Chapter 7). The reference list at the end of this thesis refers solely to literature citations
made in these two chapters.

The thesis focuses on automatic pose estimation of cameras using an adapted SfM pipeline
on historical urban images. The introduction (Chapter 1) intends to give an overview of the
history of photography and highlights structure and data quality in contemporary archives.
Furthermore a detailed description of the di erent parts of the SfM work ow is given and how
these have to be adapted in order to process historical images. The introduction is concluded
with consequential research objectives.

The following four chapters (Chapters 2-5) comprise the individual scienti c articles. The

rst publication (Chapter 2) identi es the most common issues leading to incorrect or failing
pose estimations of historical images when using conventional SfM software. This justi es
the necessity of creating and publishing a benchmark dataset consisting of historical images
exclusively. The second article (Chapter 3) presents a theoretical strategy for a completely
automatic pose estimation work ow classifying Photogrammetry as a link between repository
and application. First results of advanced feature matching methods and their performance
on the prior developed benchmark dataset are included and compared with state-of-the-
art SfM software. The third publication (Chapter 4) introduces neural networks in order
to match historical image pairs in combination with Vanishing Point Detection (VPD) for
principal distance estimation. The developed method is compared with state-of-the-art SfM
software. The nal article (Chapter 5) includes content-based image retrieval preceding
the pose estimation and such enabling a complete automatic work ow from repository to
local scene reconstruction. Di erent feature matching methods based on neural networks
are tested and evaluated on their performance and accuracy. An additional benchmark
dataset is created, which focuses on complete scene reconstructions using exclusively historical
images.

The thesis is concluded with the synthesis (Chapter 7) which presents two nal versions of
the SfM work ow for the estimation of interior and exterior camera parameters of historical
images. The work ows are evaluated and critically assessed in terms of accuracy and trans-
ferability. The thesis closes with recent developments and an outlook on further research
opportunities.

1.2 Historical image data and archives

The history of photography starts with Nif@pce, Daguerre and Talbot who have been the rst

xating projected light onto a material while Sir John Herschel coined the term Photography
in 1839 (Hirsch, 2017). Shortly after that, Aim@ Laussedat and Albrecht Meydenbauer can be
seen as pioneers of using photographs for measurement purposes beginning in 1858 (Grimm,
2021). Following a personal correspondence with Dr. Otto Kersten, Albrecht Meydenbauer
coined the term Photogrammetry in 1867 (Albertz, 2009) and some of his cameras and pho-
tographs can still be accessed and viewed today (Grimm, 2021). More details on the history
of Photogrammetry can be found in Luhmann et al. (2019), 1.4 and in the special issue on
the history of Photogrammetry in the PFG  Journal of Photogrammetry, Remote Sensing
and Geoinformation Science, Vol. 89, No. 5 (Cramer and Kresse, 2021).
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However, this thesis does not only deal with photographs taken for the purpose of measure-
ments, but more commonly images by tourists, hobby and professional photographers. As
most of the photographs have been xated on analogue mediums like glass plates or Im,
image mostly refers to the digital copy of the original historical source. In the context of
the presented work the term "historical” is used for images taken before approximately 2005.
The oldest photographs used are from approximately 1850. An overview of time range and
quality is given in Figure 1.1.

Figure (1.1): Four images of the Crowngate of the Dresden Zwinger showing the time range and
quality of images obtained from Deutsche Fotothek. Image a) is dated to 1856. Image b) is dated
between 1850 and 1889. Image c) is dated to 1998 (metadata - incorrect) and to 1880 (image
description - correct). Image d) is dated 1998.

Most of the photographs processed in this thesis origin from one of the largest German
image archive "Deutsche Fotothek” (http://www.deutschefotothek.de/) holding 2,193,000
images of 95 institutions (as of 03/2022). Other comparable archives are e.g., the European
archive Europeana (europeana.eu), the Hungarian archive Fortepan (https://fortepan.
hu/), or the Dutch archive of the Rijksmuseum (rijksmuseum.nl). All these repositories
provide the possibility to search via metadata or using additional Iters like e.g. date, depicted
object, and topic. The process of digitization and metadata tagging of various data sources
is not nished yet and still one of the most important topics for digital archives.

For photogrammetric data processing, digitization of historical images brings two major is-
sues:

1. Metadata: A search query in archives is mostly done by using keywords. Thus, rele-
vant photographs can only be found, if they are tagged with correct and meaningful
metadata. This requires a prior knowledge of the expected search result and it im-
plies that the uploading operator assigned the appropriate metadata. Considering that
metadata standards and operators change during the ongoing digitalization the quality
and correctness of metadata can not be guaranteed (see Fig. 1.1c).

2. Camera parameters: Digitization of measurement photographs is often meticulously
documented and done with photogrammetric scanners. This is mostly not the case
when working with amateur photographs where commercial high-resolution scanners
are used commonly. While the original size and material of the analogue medium is
available sometimes, information about the camera used is usually lost. That means,
that especially interior camera parameters cannot be obtained and have to be estimated
deliberately.
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1.3 Structure-from-Motion for historical images

In order to use historical images for accurate texture projection or 3D reconstruction, the
exterior orientation (= camera pose) and interior orientation of the camera has to be deter-
mined. Accurate interior and exterior orientation parameters of contemporary single images
can be reliably obtained using the Direct Linear Transformation (DLT) or the non-linear
space resection if spatial information about the observed scene is given.

In theory, these methods also allow the pose estimation of historical images if the depicted
building is still intact and did not change during time. In practice, this requires the identi -
cation of the depicted object and the subsequent measurement of homologue points in object
space and in the corresponding image. Considering that the "Deutsche Fotothek™ alone holds
2.2 million images, this would be an enormous task which can not be tackled by a single
person. Nonetheless, there exists research on speci ¢ single objects of interest where these
methods are used (Wiedemann et al., 2000; Henze et al., 2009b; Bitelli et al., 2017; Bevilacqua
et al., 2019; Kalinowski et al., 2021).

For the pose estimation of cameras for larger non-targeted image sets and unordered image
collections the term Structure-from-Motion has become widely accepted, while this method
can also be seen as a concatenation of photogrammetric algorithms and methods (Luhmann
et al. (2019), 5.5.2.2). It has already been analyzed in other works how to adapt the work-

ow to process inhomogeneous contemporary data (Snavely et al., 2006; Agarwal et al., 2011;
Sch nberger and Frahm, 2016) only partly transferable to historical images. Others processed
exclusively historical images using additional prior information such as interior camera pa-
rameters (Gr n et al., 2004; Grussenmeyer and Al Khalil, 2017; Kalinowski et al., 2021),
manually selected tie points (Gr n et al., 2004; Schindler and Dellaert, 2012; Zawieska and
Markiewicz, 2016) or further object information (Grussenmeyer and Al Khalil, 2017; Kali-
nowski et al., 2021).

However, the automatic estimation of interior and exterior camera parameters using SfM
for exclusively historical images without further prior information has not been a primary
subject of research so far. In the following, a comprehensive analysis of every single step of
the SfM work ow is given and how to customize the stages in order to process large unordered
historical image datasets.

1.3.1 Terminology

The term Structure-from-Motion (also Structure from Motion, structure from motion, struc-
ture-from-motion) origins from the idea to generate 3D information (structure) out of multi-
ple images or a moving camera/object (motion). It was established by Ullmann (1979) who
formulated the theorem:

Theorem. Given three distinct orthographic views of four non-coplanar points in a rigid con-
guration, the structure and motion compatible with the three views are uniquely determined.

This implicates, that "3-D structure can be recovered from as few as four points in three
views" (Ullmann, 1979). While this is the minimal con guration to solve the problem of
determining 3D structures, modern approaches rely on the redundancy given by using more
images and hundreds or even thousands of homologue points seen in these images. The
general work ow of modern SfM solutions is depicted in Figure 1.2.
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Figure (1.2): The di erent steps of the Structure-from-Motion work ow including an optional
subsequent dense matching procedure.

In the following, every step starting from the selection of images up to the generation of dense
3D models is analyzed and it is shown how the di erent parts can be adapted for processing
historical photographs. This thesis focuses especially on terrestrial urban images.

1.3.2 Selection of images and preprocessing

The rst step to generate 3D structures is the initial selection of appropriate images. This
step is often neglected as SfM is mostly used e.g., in industry (B semann, 2005; Luhmann,
2010), archaeology (Brutto and Meli, 2012; McCarthy, 2014), forestry (Iglhaut et al., 2019),
and geomorphology (Westoby et al., 2012; Eltner and So a, 2020) for sequential image data.
That implies, that the object of interest is photographed from di erent point of views with
the intention to retrieve its 3D geometry. Consequently, all images are ordered and sequential
image pairs have a small baseline. Additionally, these images are taken in similar conditions
(lighting, temperature) with the same camera in a short time span and thus an initial Itering
of images is not needed. Proprietary software like Agisoft Metashape provides some simple
options to Iter by image quality (blurriness, radiometry) by analyzing the sharpness of image
borders.

In the case of applying the SfM work ow to archival or internet images it cannot be assumed
that all images are taken sequentially or hold any speci ¢ order (Scha alitzky and Zisser-
man, 2002). Image datasets of this kind are mostly referred to as unordered image/photo
collections. In the past years, there have been several approaches retrieving the 3D structure
of objects using increasingly large internet photo collections (Snavely et al., 2006; Agarwal
et al., 2011; Radenovic et al., 2016; Heinly et al., 2015).

The images are usually pre- Itered and ordered throughout the SfM process. Features are
calculated for every (down-sampled) image and the selection of valid image pairs is seen as
a graph matching problem (Scha alitzky and Zisserman, 2002; Agarwal et al., 2011). That
means, that most approaches identify a small amount of features in every image and try to
match these features in all other images. If matches can be found between image pairs, the
images are added to an image graph and similar images should be close to each other in such
a graph structure. There are various optimizations of building such an image graph/match
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graph (Snavely et al., 2008; Wu, 2013; Sch nberger and Frahm, 2016) but these approaches
were not useful for Itering historical images mainly due to four reasons:

1. Historical images are not easily describable by common feature descriptors because even
very similar viewpoints can depict e.g., large radiometric variations or occlusions.

2. It is possible that the data is not evenly distributed and an image graph could not be
built because of the di culties in wide-baseline matching.

3. Metadata search in repositories yields results that are not meant to be reconstructed
ina rst instance (close-up images, interior views, public events).

4. It happens that metadata search yields more irrelevant results than relevant hits which
is usually not the case when browsing other web collections.

Consequently, adi erent approach for nding relevant image data for SfM processing has been
developed with the help of the Center for Scalable Data Analytics and Arti cial Intelligence
Dresden/Leipzig (ScaDS.Al) in this thesis. The aim is to Iter a repository using Content-
based image retrieval (CBIR) in order to nd terrestrial exterior views of a speci ¢ landmark.
While there is ongoing research on many di erent variations of image retrieval (Arandjelovic
et al., 2016; Noh et al., 2017; Radenovic et al., 2018) it is not clear if these methods are
applicable to historical images. The initial approach shows an overall accuracy rate around
70-80% by using the pre-trained neuronal network VGG16 (Simonyan and Zisserman, 2014)
with modi ed dense layers (Chapter 3). These rst promising results lead to an in-depth
examination of the topic using and modifying implementations of Razavian et al. (2016) and
Noh et al. (2017).

The neural network design, implementation and evaluation is mainly carried out by the
ScaDS.Al and described in detail in Chapter 5. Thus, it is not meant to be a main part of
this thesis' introduction. The developed approach outperforms conventional metadata search
and reliably yields images of a respective landmark with a low rate of false positives. These
images can be used conveniently without further manual Itering in the next steps of the SfM
pipeline.

1.3.3 Feature detection, feature description and feature matching

While the conventional SfM work ow depicts feature detection, description and matching
as separate steps, newly established methods merge two or all steps together by optimizing
neural network structures (Dusmanu et al., 2019; Sarlin et al., 2020; Sun et al., 2021).
Sometimes all three steps together are simply called feature matching. As this eld is a main
part of the thesis allowing a reconstruction of the camera pose, a comprehensive overview over
the historical development of all three steps is given. Starting with Theorem 1.3.1 Ullmann
(1979) de ned, a need for the automatic determination of similar points in multiple images
developed. This comes with the following questions:

1. How to nd signi cant points (pixels, subpixels) in images?
2. How to describe these points distinctively?

3. How to match the points over multiple images?
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1.3.3.1 Feature detection

Finding signi cant retrievable points in images is nowadays mostly called feature detection
while in older publications the algorithm is denoted as interest operator or interest detec-
tor. In literature these points are known as interest points, image corners (corner points),
keypoints (key points), or tiepoints. The most common term is features or feature points.
The following part presents a timeline of the development of feature detectors with its most
common principles and examples. Most of the algorithms target the processing of grayscale
images because of the historical development and the simplicity of processing only one color
channel.

The general idea for deriving distinctive points is to analyze the gray values and especially
their gradients of the image and nd patterns that are:

1. invariant to geometric and radiometric distortions
2. robust to occlusions, image noise, and image artifacts
3. uniquely describable and retrievable

About the same time as Ullmann published the SfM theorem, a simple interest operator was
published that sums up gradients in four main directions of an image window with prede ned
size (Moravec, 1977). This approach was mainly developed to detect objects in front of a
moving vehicle but can be seen as one of the rst interest operators. The idea was enhanced
by F rstner and Harris independently of each other who added sub-pixel accuracy (F rstner
and G Ich, 1987) and rotational invariance using the autocorrelation function (Harris and
Stephens, 1988). Both use non-maximum suppression to nd the nal corners in the respective
image windows which is still a relevant method in modern computer vision tasks (Rothe
et al., 2015). The Shi-Tomasi corner detector slightly changes the acceptance of relevant
image windows enhancing the feature detection in consecutive frames (Shi and Tomasi, 1994).
However, all these presented methods are not invariant to scale and a ne transformations
present in historical image pairs.

Relevant scale invariant detectors were introduced around the year 2000 using pyramid rep-
resentations of the input image. The image is convolved multiple times and feature points are
detected in scale space using Laplacian-of-Gaussian (LoG) (Lindeberg, 1998) or Di erence-
of-Gaussian (DoG) Iters (Lowe, 1999). The detection of a ne invariant features can be
seen as the generalization of the scale invariant approach (Mikolajczyk and Schmid, 2004).
Solving this problem is one of the most important steps for the pose estimation of any un-
ordered dataset as image pairs are commonly a ne or perspective transformed (Hartley and
Zisserman, 2003). Thus, appropriate methods can overcome the issue of geometric distor-
tions. The rst applicable approaches use local intensity extrema in the image to nd and
describe image regions (Tuytelaars and Gool, 2000; Matas et al., 2002) while other works use
the second moment matrix to estimate the shape of local image structures (Lindeberg, 1998;
Baumberg, 2000; Mikolajczyk and Schmid, 2004).

With Maximally Stable Extremal Regions (MSER) Matas et al. (2002) propose the rst
method which is invariant to perspective transformations. Their approach uses the idea
of region growing of local intensity extrema and outperformed various other methods in a
comprehensive evaluation (Mikolajczyk et al., 2005). It has to be mentioned, that the Scale
Invariant Feature Transform (SIFT) (Lowe, 2004) as the most prominent algorithm used in
the whole process of feature matching, uses an e cient variant of DoG lters, but is even
more known for the properties of its descriptor and the matching strategy. SIFT assigns
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every feature point with its image location, scale and orientation which is necessary for the
calculation of its descriptor.

After the publication of SIFT and its status becoming a gold standard, many more methods
were developed after 2004 trying to reach similar or better performance than SIFT using e.g.,
Hessian-based detectors (Bay et al., 2006; Alcantarilla et al., 2012), or several detectors in a
row (Mishkin et al., 2015a). Others focused on improvements of the speed of feature detection
(Rosten and Drummond, 2006; Lepetit and Fua, 2006; Leutenegger et al., 2011; Alcantarilla
et al., 2013) or improvements in challenging situations like e.g. radiometric distortions (Li
et al., 2018). Some approaches already experimented on learning feature detection e.g., by
learning parameters settings for common methods (Winder and Brown, 2007) using Powell’s
method (Powell, 1964) or Itering keypoints by a learned classi er score (Strecha et al., 2009;
Hartmann et al., 2014). An example for di erent feature detectors is given in Figure 1.3.

i

i

Wﬂlﬂ\wn

SuperPoint

HARRIS
SHI-TOMASI| B

Figure (1.3): Example for di erent feature detection methods on a 100x100 px subpatch of an image
(3543x2571 px) of the Hofkirche, Dresden. All methods use a maximum number of 4096 detected
features (= standard value for SuperPoint and DISK) per image except for AKAZE and D2-Net

where setting a limit is not possible. The bottom row shows algorithmic and the right column
learned feature detectors. The number and position of detected tie points vary for all tested
methods while the featureless sky in the image is almost never a region of interest.

With the advent of deep learning especially using Convolutional Neural Networks (CNNSs)
for image data, once again feature detection became the interest of di erent research. The
detected features are often called learned features in opposite to algorithmic or "handcrafted”
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features. However, a signi cantly larger part of the research community focuses on the learn-
ing of the descriptors rather than the feature points. Therefore, many approaches use SIFT
feature points and try to describe them distinctively using e.g., CNNs. Recent exceptions to
this are e.g., Verdie et al. (2015), Savinov et al. (2017) and Laguna et al. (2019) which use
neural networks exclusively for the detection of feature points. Hence, at the present time
these approaches are overtaken by methods which jointly detect and describe feature points.
This leads to the important step of feature description.

1.3.3.2 Feature description

Detected feature points need to be described unambiguously so that they can be found in
di erent images. This is usually done by assigning a descriptor to every detected feature.
Commonly, a descriptor holds information of the region around the feature point but there
exist multiple variations.

While Shi and Tomasi (1994) show that the tracking of features using only few parameters
is still di cult, several years later multiple works use local invariant descriptors to avoid
ambiguities during feature matching (Pritchett and Zisserman, 1998; Lowe, 1999; Baumberg,
2000; Tuytelaars and Gool, 2000). These approaches use e.g., cross-correlation of intensity
neighborhoods (Pritchett and Zisserman, 1998), or adaptive window-sizes (patches) with 20-
40 invariants as descriptors (Baumberg, 2000). Others increase the descriptor vector from
160 (Lowe, 1999) up to 864 invariants (Matas et al., 2004) per feature point. Again, the
most prominent example to mention is SIFT, which calculates orientation histograms of the
image region around the keypoints and summarizes the result in a 128 element feature vector
(Lowe, 2004). Until today, this is used as typical descriptor size.

Due to the structure of SIFT using di erent image sizes and calculating gradient magni-
tudes and orientations, it is invariant to scale and rotational changes. Additionally, it
proved to be robust to viewpoint changes, a ne distortions, noise and radiometric di er-
ences - also because of the newly proposed feature matching strategy (Lowe, 2004). The
method brought forth many follow-up approaches optimizing properties of the original de-
scriptor. Examples are Colored SIFT (CSIFT) (Abdel-Hakim and Farag, 2006), RootSIFT
(Arandjelovic and Zisserman, 2012), A ne-SIFT (ASIFT) (Morel and Yu, 2009), Domain-
Size Pooled SIFT (DSP-SIFT) (Dong and Soatto, 2015), or Scale-Less SIFT (Hassner et al.,
2012). Other "handcrafted" descriptors that gained popularity are e.g., Speeded-Up Robust
Features (SURF) which describes feature points using Haar-wavelets responses (Bay et al.,
2006), or Accelerated KAZE (AKAZE) which describes the features in a nonlinear scale space
(Alcantarilla et al., 2013). Another method that was used in this thesis due to its invariance
to extreme radiometric distortions is the Radiation-Invariant Feature Transform (RIFT) (Li
et al., 2018). The approach uses phase congruency maps to describe feature points in the
frequency domain.

The descriptor vector typically consists of integer or oating point numbers but there exist
also binary variants. These were mainly developed in order to speed-up the process of feature
description and feature matching. As this is not of high relevance for historical images,
binary descriptors shall not be part of this thesis. They are mainly used in applications like
Simultaneous Localization and Mapping (SLAM) where processing time is a relevant issue
(Opdenbosch et al., 2018). An example for a oating point descriptor is given in Figure 1.4.
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_ ID: 48 | x: 2694.1 | y: 814.5
. ‘-,i ’ Descriptor vector (256-float): [-0.0266 0.0708 0.10876 ... 0.0652 0.0815 0.03168]

ID: 53 | x: 2704.1 | y: 866.5
Descriptor vector (256-float): [0.003267 0.01833 -0.06323 ... 0.0106 0.1034 0.02487]

Figure (1.4): Example of the SuperPoint feature detector and descriptor (DeTone et al., 2018).
Usually, the detected features are stored with a unique identi er, image coordinates (e.g., in pixels)
and its descriptors simultaneously.

Just as with feature detection, deep learning brought new impulses for feature description.
Methods that were developed before the breakthrough of neural networks which use earlier
learning strategies are left out due to minor success.

One of the rst approaches to learn keypoint descriptors was proposed by Jahrer et al. (2008).
The network was trained on synthetically generated data to learn an optimized descriptor
on DoG keypoints by minimizing the Euclidean distance (L2 distance) between the pair-
wise output. With a rising acceptance of neural networks for computer vision task, multiple
methods were published to optimize the learning of keypoint descriptors. Some popular
methods, which are still used today are e.g. DDesc (Simo-Serra et al., 2015), L2-Net (Tian
et al., 2017), and HardNet (Mishchuk et al., 2017).

DDesc uses a Siamese CNN to learn discriminant patch representation by a 128-dimensional
descriptor by using the L2 distance in training the network. Similarly to this approach, L2-
Net also learns a 128-dimensional descriptor which can be matched by using the L2 distance
but in contrast to DDesc, a progressive sampling strategy allows the training on billions
of image samples. Additionally, a dedicated loss function is introduced for that approach.
HardNet also outputs 128-dimensional descriptors and uses the L2-Net architecture with a
novel loss. Further methods are described in detail in Chapter 5.

1.3.3.3 Feature matching

The process of feature matching is often mixed up or merged with the following step of
geometric veri cation. This is based on earlier works in which geometric elements were used
to estimate a local homography between similar image regions (Lowe, 1987; Venkateswar and
Chellappa, 1995; Pritchett and Zisserman, 1998). These geometric elements (also feature
groups) such as lines, vertices and edges can be seen as a predecessor to the descriptor vector.
However, the term of feature matching is nowadays mainly used for the comparison and
mapping of descriptor vectors in di erent images. The method produces so-called tentative
correspondences (Matas et al., 2004) or putative matches (Jin et al., 2020) which are then
used in the step of geometric veri cation (Section 1.3.3.4).

The procedure of nding similar descriptor vectors can be seen as a computational opti-
mization problem. Theoretically, one could compare each descriptor vector in image 1 to
each descriptor vector in image 2 and save the resulting feature point positions as a putative
match if the vectors are equal. In fact, due to increasing computational power this is done in
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practice and called brute-force matching, exhaustive search, or exhaustive-matching strategy
(Fig. 1.5).

ID: 53 | x: 2704.1 | y: 866.5
> Descriptor vector (256-float): [0.003267 0.01833 -0.06323 ... 0.0106 0.1034 0.02487]

Exhaustive matching:
Calculate distances 53-1 ... 53-2854

l

2854 features detected
2854 descriptor vectors

Smallest distance value

i

- ID: 163 | x: 1728.0 | y: 1316.0
Descriptor vector (256-float): [-0.05658 0.01915 0.01161 ... 0.05493 0.06143 -0.07916]

Figure (1.5): Example of the SuperPoint feature detector and descriptor result in two images.
Feature point 53 in image 1 is exhaustively matched with all 2854 feature points detected in image 2.
Feature point 163 in image 2 is the nearest neighbor with the smallest descriptor distance value to
feature point 53.

However, this approach raises the following questions:
1. Must descriptor vectors be exactly equal to produce a match?
2. What is the best and most e cient measure of equality?
3. What happens if multiple descriptor vectors are equal in one image?
4. Is there a less computationally intensive approach?

Conventional algorithms do not search for exactly the same descriptor vector because of noise
and appearance of the feature point and thereby also the corresponding decriptor vector.
Instead, all approaches look for the descriptor vector with the most common elements - the
so-called Nearest Neighbor (NN).

The NN problem is de ned by Beyer et al. (1999) as:

Theorem. Given a collection of data points and a query point in an m-dimensional metric
space, nd the data point that is closest to the query point.

An e cient method solving this problem in low-dimensional space uses k-d trees (Friedman
et al., 1977). Though, it becomes ine cient in larger dimensions, e.g., for a 128-dimensional
descriptor vector. An alternative and more e cient solution of the problem is provided
by Muja and Lowe (2009) who create a hierarchical k-means tree using a-priori k-means

11
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clustering. While this approach speeds up the matching of high-dimensional vectors by
several orders of magnitudes, it comes with slightly lower precision as not every descriptor
vector is traversed (Muja and Lowe, 2009). In practice, both methods are used depending on
the application. Benchmarks use an exhaustive search, while real-time applications rely on
the Fast Library for Approximate Nearest Neighbors (FLANN) (Muja and Lowe, 2009).

Comparing descriptor vectors using nearest neighbor search requires a distance measure. The
standard approaches use the L2 Norm (Euclidean Distance) for non-binary descriptors and
the Hamming distance for binary descriptors. However, there exist works that use di erent
measures like e.g. L1 Norm (Manhattan Distance), Hellinger Distance (Arandjelovic and
Zisserman, 2012), 2 distance (Zhang et al., 2006), or Earth Mover’s distance (Rabin et al.,
2009).

Up to this point every descriptor vector in image 1 is matched to another descriptor vector
in image 2 with no termination criterion. This assumes that every feature point that was
found in image 1 could also be found in image 2 with almost similar descriptor vectors which
is obviously never the case for two di erent real world image pairs.

The most common method to Iter matches derived by the nearest neighbor search can once
again be found in Lowe (2004) and is called Lowe’s ratio test. The idea is to use the distance
ratio as in equation 1.1,

distance ratio = distance(dimz1, dim2 ~n)/distance(dimi, dim2 secNN) (1.1

where dim1 represents a descriptor vector d of a feature in image 1,
dim2 ~nnN s the NN in image 2,
dim secnnN the second NN of dimz in image 2,
and distance represents the chosen distance measure (e.g., L2 Norm).

If this distance ratio is larger than a certain threshold (distance ratio > distance threshold)
the feature match gets rejected (Fig. 1.6).

Lowe proposes a threshold of 0.8 while other feature matching methods de ne and use di erent
thresholds (Dusmanu et al., 2019; Tyszkiewicz et al., 2020) (Chapter 4). A comprehensive
evaluation of the distance threshold for di erent methods is done by Jin et al. (2020).

Enhancing the robustness of Lowe’s ratio test multiple post-processing steps can be applied.
If the matches from image 1 to image 2 are regarded as a set m; - there is also the option
to calculate in the opposite direction using the similar matching method. The resulting set
m; =1 can be compared with the rst set. It is a common approach to intersect both lists
m; =2 \ My =1 and keep the result (cf. Jin et al. (2020)).

This process is known as mutual nearest neighbor search, bipartite matching or symmetry
test. Finally, there is the option to neglect matches whose descriptor distance is above
a certain threshold. Usually after applying multiple of the shown Itering methods, the
resulting putative matches are used and evaluated in the next step of geometric veri cation.
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ID: 53 | x: 2704.1 | y: 866.5
Descriptor vector (256-float): [0.003267 0.01833 -0.06323 ... 0.0106 0.1034 0.02487]

Exhaustive matching:
Calculate distances 53-1 ... 53-2854

2854 features detected
2854 descriptor vectors

Smallest distance value (nearest neighbor) Second nearest neighbor

Y Y

________ - ID: 163 | x: 1728.0 | y: 1316.0 ID: 177 | x: 1718.0 | y: 1347.0
L2-Norm: 4.15 g L2-Norm: 5.49
T | ' J
: Y
i 0= 415 _
[ distance ratio = = = 0.76 ]

(< ratio threshold?)—l_(> ratio threshold?,

Match is
rejected

Match is
accepted

Figure (1.6): Example of the SuperPoint result already shown in Figure 1.4. Feature point 163 is the
nearest neighbor and feature point 177 the second nearest neighbor of feature point 53. For both
descriptor vectors the L2-Norm is calculated. The result is used to compute the distance ratio. For a
threshold of 0.8 the match would be considered good and accepted.

1.3.3.4 Geometric veri cation and robust estimators

The principle that feature matches cannot only be veri ed by their descriptor vector but
also due to the geometric relationship between the correspondences is part of the eld of
epipolar geometry (Hartley and Zisserman, 2003). This section aims to give an overview
and the mathematical foundation over two-view and three-view geometry and the associated
Computer Vision terms Homography, Fundamental Matrix and Trifocal Tensor which are
used for Itering the putative matches.

Assuming a pinhole camera model, a Homography describes the mapping of a planar surface
seen in a rst image to the same planar surface in a second image (Hartley and Zisserman,
2003). The mapping is de ned as a (Homography) 3 3 matrix H and can be estimated using
a minimum of four point correspondences x $ x!, where x = (x,y,1)" represents a point in
the rstimage and X' = (x,y,1)" the corresponding point in the second image (Chum et al.,
2005b). The equation for determination of H can be written as

X! = Hx (1.2)
and in the following be expressed as

XX Hx=0 (1.3)
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This enables a linear solution using least-squares techniques in the case of an over-determined
set of equations and if exact four point correspondences are available Gaussian elimination
can be used (Hartley and Zisserman, 2003). While this shows just the base of Homography
estimation, there exist various optimizations (Chum et al., 2005b; Jawahar et al., 2006) for
the determination of H.

As the Homography matrix applies only to planar surfaces, a more general solution for map-
ping point correspondences is the 3 3 Fundamental Matrix F. Derived by equations of
epipolar geometry, for the Fundamental Matrix a similar equation as equation 1.2 exists.
The Fundamental Matrix satis es the condition that for any pair of corresponding points
x $ X in the two images

xXTEx =0. (1.4)

This equation is a central part of the thesis as it maps regular point correspondences in the
case of uncalibrated cameras. In general, the equation can be solved using the linear eight-
point algorithm (Longuet-Higgins, 1981; Hartley, 1997a), while the minimal con guration
strictly requires only seven correspondences (Stewart, 1999).

For benchmark datasets most creators usually provide the Homography or the Fundamental
Matrix for all image pairs. While this has mostly practical reasons, as corresponding points
only have to be found in image pairs, there exists the possibility of degenerate con gurations
(Maybank, 1990; Hartley and Zisserman, 2003; Ressl, 2003). The use of the Trifocal Tensor,
i.e. the geometrical relationship between three uncalibrated images, allows the robust unique
determination of the relative orientation of three images, if the corresponding image points
are not from a common plane in space (Ressl, 2003). The 3 3 3 Trifocal Tensor T derived
from point correspondences is de ned as

PG N —
X1 ¢ XT)IXT] =05 3 (1.5)

where x, X!, x¥ are the image coordinates in the three images,
[X] isthe 3 3 skew-symmetric matrix of the 3-vector,
i is the number of 3 3 Tensor slice,
and 03 3 is the 3 3 null matrix.

While it is generally possible to determine T using six point correspondences, Ressl (2003)
propose a minimum of 15 correspondences for robust estimation. The resulting Trifocal
Tensor allows using point transfer to test feature matches and the direct derivation of correct
Fundamental Matrices. A schematic representation of H, F and T is given in Figure 1.7.
More details on the determination of T and the resulting dataset are found in Chapter 2.
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image image' image"

plane P

T1

Homography Hy

trifocal plane

cl

Figure (1.7): Schematic visualization of the epipolar geometry of three views. Object point X is seen

by three cameras with projection centers ¢, ¢’ and c” as image point x, x” and x®. The Fundamental

Matrix F describes the mapping between point x and x° lying on the epipolar plane de ned by the

camera centers ¢ and c'. Similarly, the Homography H describes the mapping between plane p and

p'. The Trifocal Tensor T de nes the point-point-point correspondence between x, X’ and x¥. For a
better illustration, the depiction of epipoles which lie in the trifocal plane is omitted.

Common feature detection and matching methods do not only provide the minimum of corre-
sponding points solving the equations 1.2, 1.4 and 1.5 above, but usually the equation system
is well over-determined. This requires the use of algebraic solvers e.g., least-squares estima-
tion with additional methods for removing coarse outliers in the putative matches. Again, the
most common and widely used robust estimators for image pair matching are discussed.

With the publication of the Random Sample Consensus (RANSAC) (Fischler and Bolles,
1981), this method became the standard for estimating the Homography and the Fundamen-
tal Matrix (Torr et al., 1995; Hartley and Zisserman, 2003; Snavely et al., 2006; Szeliski,
2010; Raguram et al., 2013). RANSAC is able to t a mathematical model (i.e., H,F,T)
to experimental data (the putative matches), while being able to deal with a signi cant per-
centage of outliers (gross errors). For example, in the case of estimating F, a random sample
of eight putative matches is chosen and F is calculated. After that, every other putative
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match is tested and e.g., the algebraic distance d = x'Fx can be calculated. If d is smaller
than a threshold t for a pre-de ned percentage of inliers the estimated Fundamental Matrix
is kept.

Optimizations of RANSAC are Maximum Likelihood Estimation Sample Consensus (MLE-
SAC) (Torr and Zisserman, 2000), Locally-Optimized RANSAC (LO-RANSAC) (Chum et
al., 2003), Progressive Sampling Consensus (PROSAC) (Chum and Matas, 2005), Degeneracy
Sample Consensus (DEGENSAC) (Chum et al., 2005a), and Marginalizing Sample Consensus
(MAGSAC) (Barath et al., 2019). These methods adapt RANSAC by introducing di erent
cost functions (Torr and Zisserman, 2000), adding more data points to the nal model (Chum
et al., 2003), using the matching order derived from descriptor matching (Chum and Matas,
2005), and eliminating the user input for threshold t (Barath et al., 2019). DEGENSAC is
useful to eliminate degenerate con gurations when estimating F, i.e. all putative matches lie
on a dominant plane in the scene (Chum et al., 2005a). This is especially useful when working
with images showing fa ades and practically eliminates the use of the Trifocal Tensor.

Recent evaluations have shown that the use of an appropriate robust estimator enhances the
number of inliers and the quality of the estimated Fundamental Matrix (Barath et al., 2020;
Jin et al., 2020).

1.3.3.5 Joint methods

Through the advent of deep learning, the trend in feature matching moves to complete
pipelines including feature detection, feature description, matching, and geometric veri -
cation. This is made possible due to smart network architectures combining di erent types
of neural networks in order to optimize the di erent steps. Another important point is the
availability of ground truth data for e.g. labeled data (Deng et al., 2009), Homographies
(Mikolajczyk et al., 2005), image patches (Balntas et al., 2017), depth maps (Li and Snavely,
2018), and even reconstructed 3D scenes (Snavely et al., 2006; Sattler et al., 2018). This
data enables training of networks in order to ful Il speci ¢ tasks and generate the desired
outputs.

An overview and explanation for many di erent methods is given in Chapter 4 and 5. The
performance of these methods on contemporary images is mainly evaluated in the Image
Matching Challenge of the IEEE Conference on Computer Vision and Pattern Recognition
(CVPR) while this thesis’ focus lies on the years of 2019-2021. Further comprehensive eval-
uations can be found in Csurka et al. (2018) and Jin et al. (2020).

Most of these approaches combine the feature detection and feature description step, in
so-called detect-and-describe approaches (Yi et al., 2016; DeTone et al., 2018; Ono et al.,
2018; Revaud et al., 2019; Dusmanu et al., 2019). For historical images, these methods
were the rst which clearly outperformed conventional algorithmic pipelines in the number
of correct matches (Chapter 4). Further works combine only the description and matching
step (Han et al., 2015; Zagoruyko and Komodakis, 2017) but were quickly outperformed by
other approaches regarding urban image data (Yi et al., 2016).

The most recent advances were made by the SuperGlue (Sarlin et al., 2020) and Discrete
Keypoints (