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Abstract
Many times, we look at a photo and ask: Where was it taken? In computer vision, this problem is called
geolocalization, which includes camera orientation estimation. This work focuses on camera orientation
estimation, a fundamental problem in computer vision with applications in augmented reality, robotics,
and autonomous driving. We estimate camera orientation (pitch, yaw and roll angles) by matching a real
query image to a synthetic digital elevation model (DEM), focusing on challenging mountain environments
with possible strong seasonal and weather variations. Unlike existing state-of-the-art (SOTA) methods, our
transformer-based approach does not require field-of-view (FOV) information, making it applicable to common
internet images. Despite this, it achieves better results. In addition, this thesis provides a comprehensive
survey of geolocalization, pose estimation and orientation estimation methods, and outlines future directions
including cross-domain applications, explainable approaches, and extension to full geolocalization.
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1. Introduction
This work focuses on camera orientation estimation,
a fundamental problem in computer vision. The task
is to align a synthetic DEM, given as a 360° panorama,
with a real query image. The result is described by
three angles: pitch, yaw, and roll. This problem has
applications in AR, robotics, security, autonomous driv-
ing, and related areas [1]. It is also challenging due to
the cross-domain inputs, high resolution, long train-
ing time, and limited data. So, this work can inspire
solutions for similar problems. Previous works such as
[1, 2, 3, 4, 5, 6, 7, 8] often use edges and other features
like semantic cues, but these are not always clear, be-
cause of weather conditions and seasons. Other works
[9, 10] avoid direct matching and compare learned fea-
tures instead. The SOTA orientation estimation meth-
ods [1, 2] also use FOV, which is usually not available.
We solve the problem using a transformer-based model
without FOV, letting the network learn the best way
to estimate orientation. Understanding this learned
behavior is an important direction for future work. De-
spite the challenges, our method achieves results bet-
ter than SOTA methods.

2. Camera Orientation Estimation
The problem solved in this work is called camera ori-
entation estimation. As shown in Figure 1, there are

two inputs: a synthetic terrain model (DEM) as a 360°
panorama, and a real query image. The goal is to find
the orientation of the query image within the panorama,
i.e., where it is located. The orientation is described by
three angles: pitch, yaw, and roll. Pitch (α) is rotation
around the X axis in the range [-90°, 90°], with 0 in the
center. Yaw (β) is rotation around the Y axis in the range
[-180°, 180°], with 0 in the center. Roll (γ) is rotation
around the Z axis in the range [-180°, 180°], where 0
means the image is aligned with the horizon.

2.1 Challenges
Solving our problem involves several important chal-
lenges. First, we do not use the FOV as input, which
is often unknown for real-world images. In contrast,
methods like [1, 2] rely on this information. Another
challenge is limited training data. We use GeoPose3K
[11] and LandscapeAR [9], where the LandscapeAR re-
quired manual filtering due to incorrect samples. Af-
ter cleaning, we have 17,017 panorama-image pairs.
High input resolution is also crucial, as orientation es-
timation depends on fine details. However, this leads
to slow training (several days per epoch on a single
GPU), slower inference, and high memory usage, so
the problem itself is complex. Besides that, we use two
inputs, which increases computation time and involves
a cross-domain setup (matching synthetic terrain mod-
els to real images). Although there are some neural
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network approaches [12, 13], most related tasks still
rely on traditional methods [1, 8, 14], making this prob-
lem less explored. Finally, an input is a 360° equirect-
angular panorama, which introduces distortions that
can cause problems [15]. Ideally, spherical approaches
[16, 17, 18] would better handle this, but they are not
used in our solution.

3. Solution
3.1 Architecture
As mentioned, we solve the problem using transformer-
based neural networks. The best architecture from
ablation experiments is shown in Figure 4. It is partly
inspired by the cross-attention approach of [19] and
the classification-based approach of [20]. The model
takes a panorama of size 4096× 2048px and a query
image of size 512× 512px. Both inputs use the same
pretrained PE-Spatial-Tiny [21] Vision Encoder, which
is fine-tuned. Because of this, the panorama is first
split into 512× 512px tiles. Position encoding is then
added to the tiles, and both inputs use 1D sinusoidal
positional encoding. Next, a shared Cross-Attention
layer is applied to learn relationships between the in-
puts. Then, a shared Attention Pooling layer highlights
important parts and converts the features to the cor-
rect shape for prediction. The model predicts three
angles: pitch, yaw, and roll, each with its own Multi-
Layer Perceptron (MLP) head. The model outputs 180
classes for pitch and 360 classes for yaw and roll (one
per degree). We found out that classification works bet-
ter than regression for this task. Training uses Circular
Huber Loss, which considers angle wrap-around (e.g.,
−179◦ is 2◦ from +179◦, not 358◦). Training progress
(loss and orientation error over 34 epochs) is shown in
Figure 2.

3.2 Experiments
As part of the solution, we present several experiments:
Ablation Study, Second-Stage Refinement Model, Im-
pact of Input Resolution, Region Bias Analysis, Impact
of Data Augmentation, Model Interpretation (Failure
Case Analysis and Attention Map Analysis).

4. Results
For comparison and evaluation of results with the
method [1], we use the following orientation estima-
tion error formula:

e(Rgt,Rc) = arccos

(
tr(RgtTRc)−1

2

)
where Rgt is the ground truth camera rotation matrix
and Rc is the estimated rotation matrix, where the
rotation matrix includes all three angles – pitch, yaw,

and roll. This metric calculates the magnitude of the
smallest rotation between the ground truth and the
estimated rotation. The results are shown in Figure 3.
The X axis shows the orientation error, and the Y axis
shows the percentage of images within a given error.
For example, our method (blue curve) reaches about
75% of images with an error up to 20◦. The evaluation
is done on the GeoPose3K [11] test split. The orange
curve shows results of the SOTA method [1], and the
green curve shows random estimation. The graph also
includes Area Under Curve (AUC). Our method achieves
higher AUC (0.89 vs. 0.78) but lower precision at errors
below 10°. The FOV-free design justifies this trade-off
for real-world internet images where FOV is unavailable.
Ideally, the curve should rise faster at small errors. This
could be improved in future work, for example by using
a two-step approach with initial prediction and later re-
finement. Our method has an average orientation error
of 19.7◦ on the test set, but unfortunately this informa-
tion is not available for [1]. We could not compare with
other methods such as [2], because results are either
not on GeoPose3K dataset or other test datasets are
not available and code is also not publicly available.

5. Conclusions
In this work, we studied camera orientation estimation,
where the goal is to align a real image with a synthetic
360° terrain model (DEM). The orientation is given by
three angles: pitch, yaw, and roll. We designed our own
transformer-based model, which achieved better re-
sults than SOTA methods. The main advantage is that,
unlike other methods, our approach does not use FOV,
which is often not available in real photos. We also pro-
vide a detailed survey of methods for geolocalization,
camera pose, and orientation estimation. In addition,
we manually cleaned the LandscapeAR [9] dataset by
removing incorrect panorama–image pairs. We per-
formed many experiments, including ablation studies,
model interpretation, among others. Our approach can
inspire solutions for similar cross-domain problems
and handling combination of challenges such as high
resolution. The method can be improved with archi-
tectural changes and multi-step refinement for better
accuracy. It can also be extended to full geolocalization,
for example, by using multimodal large language mod-
els (MLLMs) for spatially relational scene descriptions,
followed by further processing with another network
such as graph neural networks.
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