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1 Introduction

Visual communication has become an essential aspect of modern life. The widespread use of digital
cameras, smartphones and handheld devices equipped with built-in cameras has turned nearly every-
one into a photographer. Each day, we capture an ever-increasing number of photographs and videos,
often with enhanced technical quality. These visual assets are shared, edited, searched, archived, and
enhanced; they serve speci�c purposes or are simply created to produce visually appealing content.

For personal photographs and videos, the approximatepositionof their capture is often known.
However, for the majority of imagery available online today, this information is typically unknown.
Even when the capture position is available, such as through GPS tags, theorientationof the camera
is usually missing. The knowledge of both camera position and orientation has a vast range of
important applications, including the organization of photo collections, environmental monitoring,
heritage preservation, augmented reality, autonomous navigation, and uses in military, security, and
rescue services.

In this work, we summarize our research on visual geo-localization and camera pose estimation.
The primary objective of these methods is to determine the position and/or orientation of the camera
using only the visual information encoded in the image. While this is an extremely challenging task,
our results demonstrate that it is possible to successfully localize a signi�cant number of images,
and ongoing research is expected to further improve these results.

Our focus is particularly onnatural environments, which present additional challenges for visual
localization methods. Natural environments cover vast areas, are not densely represented by commu-
nity photographs (unlike urban areas), and often exhibit self-similarity. Unlike urban settings, where
structured and repetitive patterns such as buildings, roads, and street signs provide an abundance of
localization cues, natural environments are characterized by irregular landscapes, vegetation, and dy-
namic lighting conditions. These scenes often lack distinguishable landmarks or man-made features,
making reliable geo-localization and pose estimation particularly dif�cult.

1.1 Motivation, scope and structure

Knowing the location where an image or video was captured is valuable in numerous contexts. This
is particularly true fornatural scenes, where the location may be easily forgotten, even by the pho-
tographer. Additionally, understanding what is depicted in the image can be challenging, as natural
scenes often contain few recognizable landmarks for non-experts. With the increasing number and
quality of photographs being produced and shared today, the sheer volume of data becomes unman-
ageable without semantic information and automated techniques for organization. Determining the
location of an image facilitatessemantic labeling, which aids inorganizing and sharing photos, as
well as simplifying theretrieval, archiving, and inspectionof large image collections [Luo et al.,
2011].

Furthermore, having knowledge of the orientation of the camera opens the door to a wide range of
advanced applications. Developments incomputational photographyleverage this information for
innovative image enhancements, such asdehazing, photo browsing, image relighting, and image-
based modeling[Kopf et al., 2008, Bae et al., 2010]. Applications inarti�cial intelligence, aug-
mented reality (AR), and mixed reality (MR)also rely on accurate knowledge of camera pose. For
example, these technologies can augment the visual �eld with additional information, metadata, or
virtual objects to assist in cognitively demanding tasks, such as navigation in nature. An example
from our work [Baboud et al., 2011] is illustrated in Fig. 1.

In autonomous robot navigation, these techniques enable robots and unmanned aerial vehicles
(UAVs) to determine their location and orientation in complex environments, ensuring accurate path
planning and obstacle avoidance without relying solely on GPS. Insurveillance and recognition,
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Figure 1: An application of geo-localization: when the camera pose is known, summit names can be
overlaid onto the image, and other details such as peak heights can be inferred from geo-referenced
3D terrain models. This enhances the interpretability and usefulness of the captured panorama,
providing valuable insights to the viewer.

visual localization assists in identifying key locations and monitoring speci�c regions, aiding secu-
rity operations and situational awareness.Environmental monitoringalso bene�ts signi�cantly, as
visual localization helps in tracking wildlife, assessing deforestation, and mapping natural disasters.
Furthermore, inheritage preservation, these techniques facilitate the documentation and restoration
of cultural landmarks by enabling precise localization of historical sites and integration with 3D
modeling tools, ensuring that these treasures are preserved for future generations.

In military, defense, and rescue operations, visual localization and camera orientation estima-
tion can enhance GPS readings, particularly when the GPS signal is compromised by occlusions,
multipath errors, satellite and environmental disturbances, or device-speci�c magnetic interference.
Additionally, GPS systems are vulnerable to deliberate attacks, such as GPS jamming (blocking
the signal) or spoo�ng (sending false signals to deceive the receiver) [Haider and Khalid, 2016].
These vulnerabilities arise from the inherently weak GPS signals, which can be easily overridden.
Such disruptions can severely impair GPS functionality, posing signi�cant risks to navigation and
positioning systems across various domains.

Visual geo-localization and camera pose estimation have garnered signi�cant academic and pub-
lic interest; however, these tasks remain exceptionally challenging and, in many respects, unresolved.
The primary obstacles include limited and sparsely populated datasets, which are often biased to-
ward notable landmarks and urban settings. Moreover, existing methods face accuracy constraints
and are prone to errors caused by environmental variations, such as changes in lighting, weather,
and scene dynamics. Our work seeks to address these challenges, reduce existing limitations, and
stimulate further research in this critical domain.

This thesis focuses onvisual geo-localization and camera pose estimationin natural environ-
ments, which is currently one of our primary research interests. In addition to this topic, our research
spans several other areas that are not covered in this work, including:

• Image and video quality assessment[ �Cad́�k and Aydin, 2017,�Cad́�k et al., 2013,�Cad́�k et al.,
2012,Herzog et al., 2012,�Cad́�k et al., 2011,Ayd�n et al., 2010,�Cad́�k and Slav́�k, 2004b,�Cad́�k
and Slav́�k, 2004a],

• High dynamic range (HDR) image and video processing[P�ribyl et al., 2016,�Cad́�k, 2015,Pajak
et al., 2010b,Pajak et al., 2010a,�Cad́�k et al., 2008,�Cad́�k, 2007,�Cad́�k et al., 2006,Fialka and
�Cad́�k, 2006,�Cad́�k and Slav́�k, 2005],

• Color-to-grayscale conversion[ �Cad́�k, 2008a,�Cad́�k, 2008b,Neumann et al., 2007],
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• Human perception in visual computing[Rajasekaran et al., 2022, Polasek et al., 2021, Fi�ser
et al., 2014, Śykora et al., 2014, Śykora et al., 2011,Aydin et al., 2010], and

• Energy production forecasting[Polasek and�Cad́�k, 2023,�Cad́�k et al., 2003].

This thesis is organized as follows. Chapter 2 provides a problem statement and a summary of
prior work on visual geo-localization. Chapter 3 presents our contributions to camera orientation and
pose estimation. In Chapter 4, we describe our advancements in visual geo-localization methods,
while Chapter 5 explores new applications of these techniques. Finally, the thesis concludes with a
discussion of future research directions.
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Graphics and Interaction at CTU in Prague and for their efforts in maintaining the smooth operation of the
CG lab. I owe a debt of gratitude to the members of the CG lab at TU Vienna, including Werner Purgath-
ofer, Michael Wimmer, Alessandro Artusi, and Attila Neumann, for their hospitality and support during my
research visits to Vienna. My heartfelt thanks also go to Rafael Garc�́a and Ĺaszĺo Neumann for their kindness
and courtesy during my visits to UdG in Girona. I would be remiss not to mention Lionel Baboud, Robert
Herzog, and Rafa� Mantiuk, who, beyond being co-authors of my papers, are exceptional friends and col-
leagues. A special thanks to Jaroslav K�rivánek–I cherish every moment I was fortunate to spend with you.
Many others have in�uenced my work. I extend my thanks to all my colleagues and friends I have met in
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for their valuable ideas, comments, and friendship. Finally, my deepest gratitude goes to my family, Hana and
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2 Problem statement and related work

Visual geo-localization aims to estimate the geographical origin of a visual document, i.e., a photo-
graph or a video, see Fig. 2. Visual localization has been researched for several decades [Brejcha and
�Cad́�k, 2017b,Hays and Efros, 2008,Weyand et al., 2016,Arandjelovic et al., 2016]. While tremen-
dous progress could be observed in the localization focused on outdoor urban areas [Brachmann and
Rother, 2018, Ge et al., 2020], localization targeted in nature remains an open problem. Existing
methods localize with an error in order of kilometers at best [Saurer et al., 2016,Baatz et al., 2012],
or assume a good initial pose estimate and only attempt to re�ne the camera pose [Baboud et al.,
2011,Porzi et al., 2016a,Brejcha and�Cad́�k, 2018].

Figure 2: The goal of visual geo-localization is to determine the position(x; y; z) of the camera
(right) that captured the query image (left). Camera orientation estimation methods focus on calcu-
lating the camera's rotation angles(�; �; 
 ).

Natural environments introduce a number of speci�c challenges. They are highly variable, as
both their appearance and geometry change with weather and seasons [Arroyo et al., 2016]. The
amount of available data (i.e., user-taken photographs), is low compared to urban areas, and the
spatial coverage is sparse and uneven. Accordingly, it is often impossible to localize in nature using
only real photographs. Existing localization approaches, therefore, operate across multiple domains
or image modalities, such as cross-view methods [Hu et al., 2018, Lin et al., 2013, Lin et al., 2015]
utilizing satellite and aerial imagery or cross-modal methods utilizing 3D terrain models [Saurer
et al., 2016].

Two signi�cant aspects that in�uence the design of localization methods are target environment
(urban[Arandjelovic et al., 2016,Wang et al., 2018,Kendall et al., 2015,Brahmbhatt et al., 2018,Torii
et al., 2015, Armagan et al., 2017],natural [Saurer et al., 2016, Brejcha and�Cad́�k, 2018, Baboud
et al., 2011,Porzi et al., 2016a],global [Hays and Efros, 2008,Hays and Efros, 2015,Weyand et al.,
2016,Vo et al., 2017]) and spatial scale (city-scale[Arandjelovic et al., 2016,Wang et al., 2018,Lin
et al., 2015],large-scale[Saurer et al., 2016],planet-scale[Hays and Efros, 2008, Hays and Efros,
2015, Weyand et al., 2016, Vo et al., 2017]). The vast differences between the individual environ-
ments and scales lead to diverse approaches. As a result, many underlying localization principles
may be observed (classi�cation [Weyand et al., 2016,Gronát et al., 2016,Armagan et al., 2017], re-
trieval [Arandjelovic et al., 2016,Saurer et al., 2016,Hays and Efros, 2008,Hays and Efros, 2015,Vo
et al., 2017, Torii et al., 2015, Radenović et al., 2016, Noh et al., 2017], regression [Kendall et al.,
2015, Brachmann and Rother, 2018, Brahmbhatt et al., 2018], structure-from-motion [Hartley and
Zisserman, 2004,Agarwal et al., 2009,Heinly et al., 2015,Geppert et al., 2019]).

Global planet-scaleapproaches [Hays and Efros, 2008, Hays and Efros, 2015, Weyand et al.,
2016, Vo et al., 2017] attempt to localize images captured anywhere in the world, no matter the en-
vironment, which usually leads to localization errors in hundreds of kilometers. Therefore, these
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methods may be useful for space pruning and scene type recognition. Speci�cally, PlaNet [Weyand
et al., 2016] is a deep learning classi�cation approach to geo-localization. The classi�cation ap-
proach was later shown inferior to the image retrieval utilized by Revisited IM2GPS [Hays and
Efros, 2008, Vo et al., 2017]. This highlights the advantage of building a general image descriptor
in comparison to trying to memorize the entire world within a classi�cation model. Furthermore,
the retrieval approach required less training data while providing better performance. This is an
important observation with respect to natural environments where data is extremely scarce.

Approaches aimed at outdoor(sub)urbanenvironments [Torii et al., 2015,Armagan et al., 2017]
are much more advanced and precise, as they have gained a lot of attention in recent years. They
are typically used forcity-scalelocalization [Arandjelovic et al., 2016, Wang et al., 2018, Lin et al.,
2015], though some are precisely tuned for speci�c places or landmarks [Brachmann and Rother,
2018, Kendall et al., 2015]. While thesecity-scaleapproaches were designed for urban areas, they
might represent a potential avenue to the solution of localization in nature. NetVLAD [Arandjelovic
et al., 2016] successfully utilizes the retrieval approach. It combines custom feature aggregation
with weakly supervised learning to perform place recognition despite changes in appearance over
time. Unfortunately, the NetVLAD aggregation results in large descriptors, which are not ideal for
our large-scale localization, even after the proposed dimensionality reduction to 4096 dimensions.
However, a further reduction at the cost of accuracy might be possible. HOW [Tolias et al., 2020]
is the state-of-the-art instance-level recognition (retrieval/localization) method trained on datasets of
outdoor photographs of landmarks and buildings. It uses learned internal local descriptors (HOW)
combined with an ASMK image search [Tolias et al., 2013] approach to perform search and classi�-
cation in the domain of landmarks, where it outperforms existing global and local descriptors. To a
certain extent, the ASMK is considered a replacement of traditional spatial veri�cation. DELG [Cao
et al., 2020] is another state-of-the-art large-scale image retrieval approach. Contrary to HOW, it uti-
lizes both the global and local descriptors learned within a single model to perform two-step retrieval
and instance-level recognition for outdoor landmark scenes.

Regression approaches to urban localization [Brachmann and Rother, 2018,Kendall et al., 2015]
can provide sub-meter spatial precision, but they are usable only on small areas. Urban localization
is often solved through structure-from-motion (SfM) [Hartley and Zisserman, 2004, Agarwal et al.,
2009, Heinly et al., 2015]. SfM approaches [Irschara et al., 2009, Zeisl et al., 2015, Geppert et al.,
2019] perform localization using 3D models acquired from many overlapping photographs. This re-
quires millions of photographs, which makes SfM approaches unsuitable for large-scale localization
in nature.

Methods focusing speci�cally onnaturalenvironments are far less explored. They often operate
at alarge scale[Saurer et al., 2016], corresponding to an area of a country or mountain range. A sep-
arate group of methods focuses only on camera pose re�nement from a good initial estimate [Baboud
et al., 2011, Porzi et al., 2016a].Global andurbanapproaches typically utilize only ordinary pho-
tographs for localization. However, innatural environments, the number of user-taken photographs
is low and the spatial coverage is sparse and uneven. This leads to various methods of cross-view or
cross-modal character. The cross-view methods [Hu et al., 2018,Lin et al., 2013,Lin et al., 2015,Vo
and Hays, 2016, Liu and Li, 2019, Shi et al., 2019] utilize databases of satellite or aerial imagery
for the localization of ground-level queries. The cross-modal methods make use of digital elevation
models to create databases of various synthetic modalities, such as skylines [Saurer et al., 2016].
Synthetic modalities (e.g., horizon lines and silhouette maps) were successfully used for a camera
pose estimation in nature [Baboud et al., 2011, Porzi et al., 2016a]. Semantic segmentations were
used for camera pose estimation both in nature [Brejcha and�Cad́�k, 2018, Benbihi et al., 2020] and
in a city [Armagan et al., 2017]. Assuming that localization methods are powerful enough to work
across image domains, synthetic modalities might offer a solution to the localization in nature.
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Horizon-based localization [Baatz et al., 2012,Saurer et al., 2016] (abbreviated HLoc) localizes
photographs captured in mountains by extracting visible skylines and comparing them with synthetic
horizon curves stored in a database. While skylines arguably carry useful information, other features
might be more ef�cient, especially in situations where the horizon is obscured or not visible.
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3 Camera orientation estimation

In this section, we present our work on camera orientation and pose estimation. Speci�cally, we
introduce methods that leverage 3D terrain models to determine camera orientation in natural en-
vironments. One approach utilizes silhouette edge matching [Baboud et al., 2011], while another
incorporates semantic cues to enhance the estimation process [Brejcha and�Cad́�k, 2018]. We also
demonstrate that camera pose can be estimated using line correspondences [P�ribyl et al., 2015,P�ribyl
et al., 2017], providing an alternative approach for this task. Additionally, we demonstrate that
feature-point-based matching is feasible in this context by employing learned descriptors [Brejcha
et al., 2020]. Finally, we describe a novel approach for estimating extreme 3D image rotations using
cascaded attention mechanisms [Dekel et al., 2024].

3.1 Camera orientation estimation using 3D terrain models

Given a photograph, our goal is to estimate its pose relatively to an accurate 3D terrain model based
on a digital elevation map (DEM) [Baboud et al., 2011]. In this case, we assume that the camera's
�eld of view is known, as well as an estimate of the viewpoint position. Given these hypotheses,
we are looking for the rotation that maps the camera frame to the frame of the terrain. The set of
images that can be shot from the viewpoint is entirely de�ned by a spherical image centered at this
viewpoint against which we need to match the query photo.

Figure 3: Overview of our camera orientation estimation method using silhouette edge match-
ing. We leverage silhouette edges, which are among the most reliable features detectable in natural
scenes. Using an edge detection algorithm, our technique identi�es the best match between the de-
tected silhouette edges and those rendered from a synthetic model. To address the inevitable noise
in detected edges, we develop a robust matching metric that ensures reliable results. Additionally,
we introduce a fast preprocessing step based on a novel spherical vector cross-correlation, which
effectively reduces the search space and signi�cantly accelerates the matching process.

We focus on outdoor scenes where relying on photogrammetry information is impractical due
to its high variability. Instead, we rely on silhouette edges (see Fig. 3) that can be obtained easily
from the terrain model and can be (partially) detected in the photograph. In general, the detected
silhouette map can be error prone, but we enable a robust silhouette matching by introducing a novel
metric. Our main observation relates to the topology of silhouette-maps: a feasible silhouette map
in general con�guration can contain T-junctions, but no crossings. Crossings appear only in singular
views, when two distinct silhouette edges align. Consequently, a curve detected as an edge in the
photograph, even if not silhouette, usually follows a feature of some object and thus never crosses a
silhouette.

Because a direct extensive search using silhouette matching metric is costly, we additionally
propose a fast preprocess based on novel spherical vector cross-correlation. It effectively reduces
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the search space to a very narrow subset, to which the robust matching metric is then applied, see
Fig. 3.

In the follow-up work [Brejcha and�Cad́�k, 2018], we inquired whether areal information coming
e.g. from semantic segmentation could improve the camera estimation perfomance. To this end, the
terrain model is rendered with synthetic semantic segments as a spherical360� � 180� panorama
(see Fig. 4(a)). A projective query image containing estimated semantic segments is projected on
the unit sphere as well. The query image is scaled to cover the part of the unit sphere corresponding
to its �eld-of-view.

b) Semantic
segmentation

a) Segments rendered
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Figure 4: Overview of our camera orientation method using semantic cues. a) Synthetic semantic
segments are rendered using terrain model and geospatial database. b) Query image is segmented via
semantic segmentation method. c) Semantic segments from query image are aligned with synthetic
semantic segments and camera orientation is recovered.

We train the query semantic segmentation on a synthetically rendered dataset and show that
synthetic data is needed to achieve reasonable accuracies when used for orientation estimation in
mountainous environment. To enable matching of several semantic segment classes and an edge map
with the rendered panorama, we propose a novelcon�dence fusionmethod which fuses individual
hypotheses together to achieve better accuracy.

To estimate the camera orientation, we calculate a matching con�dence by computing the cross-
correlation between the query and panorama images. However, a single segment class is typically
insuf�cient to constrain the correct rotation, as the semantic segment areas often appear similar
across multiple rotations. The mutual spatial relationships between different segment classes are
crucial for disambiguating the correct rotation. While a single segment class cannot resolve the
angle, the combination of two segment classes produces a single distinct maximum, corresponding
to the desired rotation. Assuming that the segments are accurately detected in the query image and
all relevant segments are present in the rendered panorama, the correct rotation can be identi�ed by
the highest con�dence acrossall fused classes. This con�dence is computed by taking the product
of the con�dences across all classes.

Our experiments show that the proposed method outperforms state-of-the-art on publicly avail-
able test sets – GeoPose3K [Brejcha and�Cad́�k, 2017a], Venturi Mountain dataset [Porzi et al.,
2016b], and CH1 dataset [Saurer et al., 2016]. More information is available on the project website:
https://cphoto.�t.vutbr.cz/semantic-orientation/.
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Figure 5: Our method matches a query photograph to a rendered digital elevation model (DEM). For
clarity, we visualize only four matches (dashed orange). The matches produced by our system can
then be used for camera pose estimation, which is a key component for augmented reality applica-
tions. In the right image (zoomed-in for clarity), we augment the view with contour lines (white),
gravel roads (red), and trails (black) using the estimated camera pose.

Figure 6: 1. For a pair of images (render), (photograph), 2D image points are un-projected into 3D
using the rendered depth maps, and the ground truth camera poses, respectively. 2. Only points
visible from both views are kept. 3. A randomly selected subset of 3D points is used to form patch
centers, and corresponding patches are extracted. The patches are subsequently utilized to train the
cross-domain feature descriptor.

3.2 Camera pose estimation using learned descriptors

We propose a solution for outdoor augmented reality applications by registering the user's camera
feed to large scale textured Digital Elevation Models (DEMs) [Brejcha et al., 2020]. As there is
signi�cant appearance variation between the DEM and the camera feed, we train a data driven cross-
domain feature descriptor that allows us to perform ef�cient and accurate feature matching. Using
this approach, we are able to localize photos based on long-distance cues, allowing us to display
large scale augmented reality overlays such as altitude contour lines, map features (roads and trails),
or 3D created content, such as educational geographic-focused features, see Fig. 5.

The key insight of our approach is that we can take advantage of a robust and readily available
source of data, with near-global coverage, that is the DEM models, in order to compute camera loca-
tion using reliable, 3D feature matching based methods. However, registering photographs to DEMs
is challenging, as both domains are substantially different. For example, even high-quality DEMs
tend to have resolution too rough to capture local high-frequency features like mountain peaks, lead-
ing to horizon mismatches. In addition, photographs have (often) unknown camera intrinsics such
as focal length, exhibit seasonal and weather variations, foreground occluders like trees or people,
and objects not present in the DEM itself, like buildings.
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Figure 7: Camera pose estimation from line correspondences. The images are overlaid with repro-
jections of 3D line segments using the camera pose estimated by the our methodDLT-Combined-
Lines.

Our method works by learning a data-driven cross-domain feature embedding. We �rst use
Structure From Motion [Snavely et al., 2008] (SFM) to reconstruct a robust 3D model from inter-
net photographs, aligning it to a known terrain model. We then render views at similar poses as
photographs, which lets us extract cross-domain patches in correspondence, see Fig. 6, which we
use as supervision for training. At test time, no 3D reconstruction is needed, and features from the
query image can be matched directly to renderings of the DEM. To compute full camera pose of the
photograph with respect to the DEM, the EPnP [Lepetit et al., 2009] algorithm with RANSAC is
used.

Our method is ef�cient enough to run on a mobile device. As a demonstration, we devel-
oped a mobile application that performs large-scale visual localization to landscape features lo-
cally on a recent iPhone, and show that our approach can be used to re�ne localization when
embedded device sensors are inaccurate. More information is available on the project website:
https://cphoto.�t.vutbr.cz/LandscapeAR/.

3.3 Camera pose estimation from line correspondences

We introduced novel methods for camera pose estimation based on correspondences between 3D
and 2D lines, a problem commonly referred to as the Perspective-n-Line (PnL) problem. Our focus
was on ef�ciently solving the PnL problem for large line sets using a linear formulation.

Our proposed method,DLT-Combined-Lines[P�ribyl et al., 2017], is built on a linear formulation
of the PnL problem. It combines the DLT-Lines method of [Hartley and Zisserman, 2004], which
represents the 3D structure with 3D points, and our DLT-Plücker-Lines method [P�ribyl et al., 2015],
which represents the 3D structure using 3D lines parameterized by Plücker coordinates. This hybrid
approach leverages the redundant representation of the 3D structure using both 3D points and 3D
lines, reducing the minimum required line correspondences to just �ve.

A key element of the proposed method is the combined projection matrix recovered by the DLT
algorithm. This matrix encapsulates multiple estimates of camera orientation and translation, en-
abling more accurate �nal camera pose estimation. TheDLT-Combined-Linesmethod achieves
state-of-the-art accuracy for large line sets, even under signi�cant image noise, and performs com-
parably to state-of-the-art methods on real-world data (see Fig. 7). Additionally, the method retains
the common advantage of LPnL approaches: it is computationally ef�cient and very fast.
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