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Abstract

Cross-view pose estimation entails predicting the relative
3 Degrees-of-Freedom (3DoF) pose of an image within an
aerial view. Existing work focuses on imagery in controlled
settings featuring highly constrained parameters. In con-
trast, a wide variety of camera parameterizations are seen
in-the-wild across tasks where such estimation is useful. To
address this gap, we propose a method capable of perform-
ing cross-view pose estimation in these less constrained sce-
narios with ground-view images of unknown FoV, pitch, roll,
and projection type (panoramic or rectilinear). Namely,
our method avoids common assumptions—such as grav-
ity/horizon alignment needed for geometric-based projec-
tions—and purely relies on a transformer to learn the cross-
view relationships in a data-driven manner, paired with pre-
diction modules to enable continuous querying of the pose
search space. Evaluations of our approach demonstrates
it’s ability to perform competitively with the state-of-the-
art over the VIGOR benchmark, while maintaining perfor-
mance in those harder less constrained scenarios. This sup-
ports our work as the first generalized approach to this task
that is capable of operating with less-constrained imagery.

1. Introduction

Cross-view pose estimation lies at the intersection of image
pose estimation and cross-view image geo-localization and
as such has many applications. While most existing litera-
ture for cross-view image geo-localization is primarily mo-
tivated through the lens of determining where in the world
an image was captured, newer work shifts this approach to
predict and leverage orientation as well [25]. This con-
cept has since extended to the cross-view pose estimation
task with recent work motivated through the lens of tasks
such as autonomous driving, robotics, and augmented real-
ity [27, 37, 45], where precise pose of ground-level cameras
is crucial and many camera parameters are predetermined
and consistent. In practice, there are more applications that
are less explored, such as an extension of cross-view geo-
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Figure 1. An overview of our pose prediction pipeline (Sec. 3.1).
Our model first predicts global pose region probabilities (1) to re-
duce the search space and avoid local minima. Then we sample
poses constrained by this and query the model for their align-
ment scores (2). Lastly, we optimize the best pose via gradient
ascent (3) to get a fine-grained pose prediction (4). Aerial image
is from CVUSA [42], sourced from Bing Maps © Microsoft Cor-
poration, ground image from CVUSA [42], sourced from Google
Street View © Google, Inc.

localization at a more fine-grained level, as an augmentation
step continuing [25] to improve geo-localization, as well as
towards a more generic model capable of operating across
diverse data conditions and/or camera parameterizations.

In contrast, existing work focuses on settings where im-
agery is constrained by assumptions of known/consistent
camera parameters, which limit their applicability to di-
verse environments and settings. For instance, fine-grained
cross-view geo-localization methods often rely on geomet-
ric transformations, such as polar transformations [25] or
homography estimation [23, 37, 40], to align ground and
satellite images, reducing the problem to one of image



alignment. These methods have shown impressive accuracy
in cross-view pose estimation in their constrained problem
settings, but haven’t been tailored to less structured or more
variable settings where such assumptions may break down.

Recent advanced methods provide a way to get around
some of these limitations. Specifically, transformer-based
architectures, known for their ability to capture long-range
and complex relationships, have demonstrated high perfor-
mance on various vision tasks. In cross-view pose estima-
tion, transformer-based models offer the potential to lever-
age existing large datasets to learn the relationships between
ground and aerial images without the need for explicit geo-
metric projections, making them more adaptable to diverse
datasets and scenarios.

In this paper, we propose a transformer-based approach
which implicitly learns cross-view relationships without ge-
ometric constraints to avoid reliance on specific camera pa-
rameterizations. Our method allows for flexible estimation
that can handle diverse environments and images. Addi-
tionally, our prediction modules enable searching the pose
space in a continuous manner, allowing for arbitrarily fine-
grained pose extraction.

Our contributions are threefold:
We propose a novel approach that leverages a
transformer-based model, enabling accurate cross-view
pose estimation in poorly constrained environments.
We introduce a pair of prediction modules that enables
continuous querying of poses at arbitrarily fine resolution,
improving training and accuracy.
We demonstrate the effectiveness of our method over
existing baselines and towards more diverse settings
through the use of rotated gnomonic/rectilinear projec-
tions, achieving competitive results in controlled envi-
ronments while taking the first steps towards high per-
formance in more general scenarios.

2. Related Work

Cross-view image retrieval: This task approaches image
geo-localization from the perspective of matching query
ground images to a database of satellite images. Since
its inception, it has seen much work in dataset creation
and with different assumptions, enabling many different
approaches [15, 16, 32, 41, 42, 52]. In general, the task
involves creating a descriptor of the query ground image
that is then matched to a descriptor for each candidate
aerial patch [10, 17, 24, 47]. While initial attempts at this
task [15, 42] achieved reasonable results, approaches have
since improved to better deal with large appearance and
perspective gaps. Polar transforms have become a widely
leveraged tool that works to close this perspective gap to
improve performance [24], and this has been combined with
the use of orientation considerations and newer deep archi-
tectures [47, 53]. Additionally, synthesis from one view to
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the other has also been explored as a way to close these
gaps [14, 21, 26, 33]. A limitation faced by these ap-
proaches is the common implicit assumption that the ground
image is located near the center of the aerial image which
may not be true in general. There has been some work to
loosen this assumption, such as with [52] where they pro-
pose a dataset featuring images with variable alignment,
however there is still much work to be done for these cases.

Cross-view camera pose estimation: Beyond image-
level cross-view localization through retrieval, cross-view
camera pose estimation represents a finer-scale extension
that looks to determine the 3DoF pose of a ground image
within an aerial patch. Initial work in extending to variable
alignments was performed by [52] introducing the VIGOR
benchmark. Most approaches leverage projections into
satellite space from which matching-based optimization can
take place [5, 13, 23, 26, 27, 37, 38, 40, 44, 45], however
the specific method in which this is done varies. One major
approach is to leverage Birds Eye View (BEV) projections
of the ground view, and then matching that across different
candidate poses within the satellite patch [5, 22, 27]. While
the above approaches have been optimized over denser ur-
ban environments, there has also been some recent work in
harder, rural scenes using BEVs as well [12]. A downside of
these BEV-based approaches, however, is that performing a
dense search of candidate poses becomes expensive. Other
approaches accelerate this [13, 40, 45] by aggregating fea-
tures into a single vector [45], pre-computing masks [13],
and reformulating the matching procedure as homography
estimation [40]. Alternatively, keypoints have also been
used to refine pose matching by detecting and projecting
them into the satellite space [37, 38], achieving high levels
of localization. While these approaches have demonstrated
much success, there is still work to be done in extending to
more inconsistent/unknown camera intrinsics/extrinsics.

Transformers in Multi-View Vision: Transformers,
first introduced by Vaswani [35] have become an instrumen-
tal tool used across computer vision tasks [8]. Early founda-
tional work applying transformers to the vision domain [4]
demonstrated the potential of this architecture towards vi-
sion, with many additional formulations following [7, 18].

Leveraging these general approaches, transformers have
been utilized successfully in a variety of multi-view set-
tings. These include cross-view tasks [47, 50, 53], multi-
view reconstruction/stereo [2, 3, 36, 39, 48, 51], video-
related tasks [1, 19, 20, 46], and multi-view object pose es-
timation [9, 28, 49] among others. In particular, multiview
camera pose estimation through reconstruction objectives
have also demonstrated the ability of transformers to implic-
itly merge multi-view features without prior pose knowl-
edge [48]. These above approaches have thus demonstrated
the ability of transformers to capture important multi-view
relationships, and motivate applying them to our task.
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Figure 2. An overview of our proposed cross-view pose estimation method. It consists of three sections: a cross-view aligner, pose region
predictor and pose-queryable predictor. A sample input and output are provided to visualize predictions. Aerial image is from CVUSA [42],
sourced from Bing Maps © Microsoft Corporation, ground image from CVUSA [42], sourced from Google Street View © Google, Inc.

3. Method

This paper proposes a novel approach to cross-view 3DoF
pose estimation that is robust to diverse and unknown cam-
era parameters. This design, illustrated in figure 2, is com-
posed of a base cross-view transformer (sec 3.2), a pose-
queryable predictor (sec 3.4), and a discrete pose region
predictor (sec 3.3). An overview of how these components
work together during training time (sec 3.5), and in infer-
ence time (sec 3.1) is also provided.

3.1. Inference: Pose Prediction Pipeline

During inference time, we predict the pose using a three
step process (figure 1): (1) Discrete Pose Region Selection,
(2) Continuous Pose Sampling, and (3) Pose Refinement.

Discrete Pose Region Selection: In this first stage, the
Pose Region Predictor (Sec. 3.3) produces output probabil-
ities for each predefined region of the pose space which is
used to reduce the search space in a single step, avoiding a
comprehensive search of the entire space which may other-
wise be expensive or struggle with local minima. Then, we
simply select the top predicted region.

Continuous Pose Sampling: In this second stage, we
sample a number of poses within the selected region in par-
allel, predict their scores using the Pose-Queryable Predic-
tor (Sec. 3.4), then select the pose with the best score. See
Sec. A.4 in the supplementary for additional details.

Pose Refinement: In this last stage, we take the pose
with the highest score from the second stage, then optimize
over the pose by maximizing the score through gradient as-
cent. Finally, we record the scores throughout this optimiza-
tion process and select the pose with the highest score. See
Sec. A.4 in the supplementary for additional details.
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3.2. Cross-view Transformer

For our task, the model takes in a satellite and ground-level
image that lacks meta-data and encodes each using a stan-
dard image feature extractor. For computational reasons, we
chose a lightweight Swin transformer [18]. Then, we use
the satellite feature patches as input to the cross-view trans-
former; cross-attention is then performed in each layer with
the ground image features. Finally, the output is trained
using our predictors to encode an implicit similarity map
across the satellite view pose space.

3.3. Pose Region Predictor

For prediction, we use two simple MLP-based modules. For
this first Pose Region Predictor module, each output patch
of our transformer is run through an MLP to predict a set
of region scores for that patch’s spatial region, one score
for each predetermined orientation bin. By using softmax
over all scores, we get a discrete pose-region probability
distribution over the entire space. This can be leveraged in
inference and training time (Sec. 3.1 and Sec. 3.5).

3.4. Pose-Queryable Predictor

For this Pose-Queryable Predictor module, we enable
querying pose scores differentiably over the pose space us-
ing two simple components: a pose-conditioned MLP and
bilinear interpolation-based aggregation.
Pose-Conditioned MLP: In this component, it takes as
input the output features of a given patch and the queried
pose’s orientation and relative location w.r.t. the patch’s
center location, then it predicts a candidate score using an
MLP. Formally, given a patch feature f,, relative location
locg 4, and orientation ori, we predict a candidate score via

score = M LP(fp,locg,, cos(ori), sin(ort)).



Bilinear Interpolation-Based Aggregation: As the
candidate scores above may differ given different feature in-
puts, and the output patch features themselves will more ac-
curately predict for poses spatially closer to them, to predict
the overall score, we select and aggregate candidate scores
according to bilinear interpolation. Namely, by interpreting
each candidate score as a value located at their respective
base patch’s center locations, bilinear interpolation of these
values at the pose’s location entails performing a weighted
mean of the closest patch’s scores. See Sec. A.3 of the
supplementary for more details.

In contrast to the naive approach of simply selecting
the feature associated with the patch that overlaps the pose
and using its score—which suffers from discontinuity/non-
differentiability in output scores across patch bound-
aries—this strategy enables full differentiability in output
scores across the full space, allowing for the pose refine-
ment from Sec. 3.1.

3.5. Training

During training of our model, we use a set of losses to train
our two predictors. For the Pose-Queryable Predictor, we
use a contrastive loss to maximize the score at the true pose.
For the Pose Region Predictor, we use a standard Cross-
Entropy loss to maximize the score for the region containing
the true pose. Finally, we define a consistency loss to ensure
the two predictors are largely consistent. Altogether, the
overall loss function is given as:

ey

loss = )\chontrast + )\QLCE + )\SLconsistency

3.5.1. Losses

Contrastive loss: Here, we use the infoNCE loss [34].
Given a set of pose scores, s, a ground truth pose score sg
and a temperature parameter 7, this loss is defined as:

Sut

exp (%) )

>iexp ()

Here, the ground-truth pose score is maximized with re-
spect to negative pose scores. To sample negative poses
to contrast with we sample according to two distributions.
The first is a uniform distribution across the entire pose
space, ensuring the model minimizes everywhere. The sec-
ond is according to the Pose Region Predictor’s output re-
gional probability distribution. Here, we sample regions
according to this distribution, then uniformly within those
regions. This enables sampling from harder regions where
poses have higher scores to get more useful negatives in our
training. Since querying poses is inexpensive in our model,
we sample thousands of negative poses per example, with-
out significant overhead, to accelerate training.

Region Cross Entropy loss: For the Pose Region Pre-
dictor, we leverage the standard cross-entropy loss over the

Leontrast = — 10g ( (2)

8451

softmax of the output logits. Given output region logits z
and the true region label y, this is defined as:
exp(z) )

Lop ==Y yilog | —P)

Consistency loss: While the Pose-Queryable Predictor
and Pose Region Predictor will largely agree, this alone
does not guarantee close distributional alignment which is
important for use in training and inference, incentivizing
this loss. For the consistency loss, we need to transform
the two outputs into similar spaces. Specifically, we first
take the queried pose scores and aggregate them into their
corresponding regions. Then, we minimize its difference
with the direct region predictions by maximizing their co-
sine similarity. Explicitly, let Y,4, be the region-aggregated
queried-pose-score vector and Yr., be the direct region pre-
dicted vector, where each vector component is a region
score. Then the consistency loss function is given by:

I ) _ Yzlgg ) Y;‘eg
R Yagall Ve
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We leverage cosine similarity since the vectors’ will have
slightly different distributions. This is because they are op-
timized slightly differently and the aggregation can lower
the correct region’s aggregated score due to the randomness
of sampling and since other poses in the correct region will
tend to be negative; hence, values won’t perfectly match.

4. Experiments

In this section, we introduce the datasets used for evalua-
tion, the evaluation metrics, and our implementation details.
Then, we discuss our performance with respect to existing
approaches, before expanding to more general settings.

4.1. Datasets

The two datasets we select for evaluations are CVUSA [42]
and VIGOR [52]. These two were selected in part due to
their use of panoramas for their ground-view images, in
contrast to KITTI [6] and Ford-AV [29] which are other
often-used datasets. With Panoramas, we can explore var-
ied projection types and camera parameterizations through
the use of rectilinear projections to produce standard cam-
era imagery. By interpreting the panorama as a sphere of
rays around the camera, this projection allows us to project
a subset onto a tangent plane, mimicking the way images
are collected by most cameras. By doing this, and vary-
ing the resulting projection’s pitch, yaw, and roll, we can
explore less constrained imagery.

CVUSA Dataset [42] contains geo-tagged matching
aerial and ground-level panoramas collected uniformly
across the US. In this dataset, all satellite images are ap-
proximately center-aligned with the panoramas. To make



Same-Area

Cross-Area

JLocalization (m)

JOrientation (°)

JLocalization (m)  |Orientation (°)

Orientation  Method Mean  Median Mean Median Mean  Median Mean  Median
CVR [52] 8.82 7.68 - - 9.45 8.33 - -
CVML [44] 9.86 4.58 - - 13.06 6.31 - -
SliceMatch [13]  5.18 2.58 - - 5.53 2.55 - -
CCVPE [45] 3.60 1.36 - - 4.97 1.68 - -
Known Boosting [27] 4.12 1.34 - - 5.16 1.40 - -
HC-Net* [40] 2.65% 1.17%* 1.92%* 1.04* 3.35% 1.59* 2.58* 1.35%
LDFF [30] 3.03 0.97 - - 5.01 2.42 - -
C2F-CCPE [31] 3.17 1.34 - - 3.94 1.68 - -
FG? [43] 1.95 1.08 - - 2.41 1.37 - -
Ours 3.66 1.46 - - 4.65 1.63 - -
SliceMatch [13]  6.49 3.13 25.46 4.71 7.22 3.31 25.97 4.51
CCVPE [45] 3.74 1.42 12.83 6.62 5.41 1.89 27.78 13.58
HC-Net* [40] 5.87% 2.18% 48.68* 2.28% 6.86* 2.59% 52.69%* 2.89*
Unknown  LDFF [30] 4.97 1.90 11.20 1.59 7.67 3.67 17.63 2.94
C2F-CCPE [31] 3.55 141 11.58 5.02 4.75 1.83 16.57 4.95
FG? [43] 3.78 1.70 12.63 1.44 5.95 2.40 28.41 2.20
Ours 4.31 1.56 6.57 1.52 5.84 1.87 9.26 2.11

Table 1. Comparison of localization and orientation across different regimes on the VIGOR [52] dataset evaluated using only the easier
positive aerial views. Best in Bold. We use the same model checkpoint across orientation regimes. Note ~’*” indicates results that use the
different location labels by Wang et al. [40] and also always optimizes orientation; for the unknown regime, we evaluate using Wang et al.
[40]’s provided checkpoints and evaluation code and implement their proposed BEV-rotation scheme.

Same-Area

Cross-Area

JLocalization (m)

JOrientation (°)

JLocalization (m)  |Orientation (°)

Orientation  Method Mean Median Mean Median Mean Median Mean Median
Known CVML [44] 13.45 5.39 - - 17.13 7.78 - -
Ours 4.61 1.60 - - 5.92 2.00 - -
Unknown CCVPE* [45] 8.32 1.61 12.87 5.03 14.71 2.63 26.97 8.22
Ours 5.40 1.76 7.87 1.68 7.42 2.19 11.11 2.24

Table 2. Comparison of localization and orientation on VIGOR [52] evaluated with the more difficult semi-positive aerial views included.
Best in Bold. This regime includes matches near edges of the aerial view, in contrast to the positive-only regime which only matches in
the center quarter locations. We use the same checkpoints as in table 1 and retrain and evaluate CCVPE* for an unknown baseline.

compatible with cross-view pose estimation, we use their
satellite images collected at zoom-level 18, from which we
crop down to 19 so we can leverage random crops to simu-
late location misalignment. We choose this dataset for our
evaluations as it is one of the more comprehensive cross-
view datasets, featuring ~1 million cross-view pairs over
a relatively diverse range of regions in the US. In contrast
to existing work which leverages much smaller datasets
that are more geographically and semantically constrained,
CVUSA provides the data quantity and diversity that better
supports our goals towards generalization. Importantly, as
our architecture is transformer-based, smaller datasets will
easily overfit [11] thus requiring a larger dataset for train-
ing. Details of the evaluations are covered in section 4.5.

VIGOR Dataset [52] contains ground-level panoramas
with associated geo-tags and corresponding aerial images
collected in four cities in the US. Each aerial image corre-
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sponds to a spatial resolution of around 70m x 70m, and
four of them match to each ground-level panorama. Of
these four, 1 is positive and the other 3 are semi-positive,
which are defined such that the ground-level image is lo-
cated in the center quarter of the positive aerial views, but
not the semi-positive ones. Additionally, Lentsch et al. [13]
and following them, Wang et al. [38] noted errors in the
labels which they both provide a different correction for.
As there are more published results available for Lentsch
et al. [13]’s corrected labels, we follow this approach for
better consistency to other work. In contrast to existing
approaches which train and evaluate over only the positive
aerial views, we use both positive and semi-positives as our
approach is not directly hindered by location alignments
near aerial image edges which may otherwise cause diffi-
culty with other approaches, and doing so retains consis-
tency with our work with CVUSA. For the semi-positives,



VIGOR Same-Area (zoom 20)

CVUSA (zoom 19)

JLocalization (m)

JOrientation (°)  |Localization (m)  |Orientation (°)

Projection H-FoV  Pitch Roll Mean Median Mean Median Mean Median Mean Median
o Full* +0° +0° 5.40 1.76 7.87 1.68 7.57 3.13 4.51 1.55
'g 180° +0° e 5.86 1.82 8.72 1.73 14.02 4.19 7.97 2.87
5 +10° 6.13 1.85 8.86 1.77 14.30 4.53 9.40 3.08
5 90° +0° e 6.04 1.88 8.89 1.76 14.73 4.59 9.50 297

+10° 6.39 1.92 9.10 1.77 15.42 4.82 10.71 3.03

+0° +0° 9.12 2.81 13.40 2.63 21.02 6.54 14.62 3.92

90° +10°  +£0° 9.62 3.53 16.10 2.76 22.64 7.75 18.02 4.12

+0°  +20°  9.18 3.22 16.16 2.63 22.73 7.93 17.19 4.16

+10°  £20° 10.16 4.28 17.42 3.00 23.83 8.29 19.47 4.17

9 +0° +0° 9.87 3.70 17.07 2.62 21.55 7.71 14.77 393
é 60° +£10° +0° 9.89 3.98 17.09 2.80 23.34 7.89 18.02 4.15
S +0°  +£20° 10.11 4.38 17.82 277 23.89 8.20 18.33 4.17
©] +10°  £20° 1045 4.62 18.50 3.15 24.17 8.34 19.56 4.19
+0° +0°  10.70 5.20 18.09 2.79 24.27 8.31 17.34 3.93

30° +10°  £0° 10.76 5.38 18.66 3.18 25.22 8.71 19.33 4.17

+0°  +20° 10.86 5.24 19.22 3.16 25.29 9.22 19.49 4.19

£10°  £20° 11.08 5.67 19.71 3.54 25.26 9.34 20.38 421

Table 3. Performance over VIGOR [52] same-area split with semi-positives and CVUSA [42] across image projections, horizontal FoVs,
camera pitch, and camera roll. VIGOR performance evaluations are all done on the same checkpoint, as are CVUSA’s. Note ”*” indicates
different behaviour between CVUSA and VIGOR, since CVUSA’a maximum horizontal-FoV is ~332° and VIGOR’s is 360°; this section

evaluates at that maximum.

using the corrected location labels reveals some of these are
not aligned with their respective ground images; we filter
these out. By extending to semi-positives, this allows us to
demonstrate our performance in a harder matching regime
where important features may be ‘out-of-view,” which is im-
portant for the more general settings where prior alignments
are poor or non-existent, though we evaluate both regimes
to compare with previous work. Finally, we follow conven-
tion and use the same-area and cross-area splits from [52]
for comparison with existing approaches.

4.2. Implementation Details

The spatial size of the ground and satellite images are 256
x 256 in both datasets. We encode them using lightweight
custom Swin transformers [18] for computational reasons.
After being encoded, this results in feature maps of 16 x 16
and a channel size of 256. For the cross-view transformer
in section 3.2, we use 8 layers. For both predictors in sec-
tions 3.4 and 3.3, we use simple 2-layer MLPs and use 8
orientation bins in the pose-region predictor, dividing orien-
tation space into 45° sections. During training, our model
is trained with a learning rate of 1 X 10~%, and we use a
batch size of 120; for our contrastive loss we sample 2,000
negative poses per example. For VIGOR, we pre-train on
CVUSA before finetuning on VIGOR to prevent overfitting.

4.3. Evaluation Metrics

For our evaluation metrics, we follow the existing con-
vention used for the VIGOR benchmark of reporting the

mean and median error in meters between the predicted and
ground truth location over all test image pairs. Similarly, for
orientation prediction, we report the mean and median ab-
solute angular difference between the predicted and ground
truth orientation in degrees. For consistency, we continue
these choices for our in-depth evaluation over both VIGOR
and CVUSA across image parameterizations.

4.4. Baseline Comparison

For our baseline comparisons, seen in table 1 and table 2, we
compare our approach to previous work on the Same-Area
and Cross-Area splits of the VIGOR benchmark. We also
evaluate in both the positive-only setting and in the positive
+ semi-positive setting and provide baselines as they exist.

Same-Area Pose Estimation: In the known orienta-
tion regime, the problem reduces to the easier secondary
task of 2DoF location estimation. Under this regime, with
positives only, we see that our model performs similar to
CCVPE [45] and Boosting [27], but is worse than the best
LDFF [30] and FG? [43]. For completeness we also com-
pare to CVML [44] with semi-positives present as well, and
demonstrate superior results, though it is slightly less per-
formant than over positives-only.

In the more difficult primary task with unknown orien-
tation, we see that with positives-only, on localization, our
approach performs similarly to CCVPE [45] and LDFF [30]
but is worse than the best C2F-CCPE [31]. On orienta-
tion however, our method performs the best by a significant
margin for most metrics, though FG? [43] has close me-
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dian performance. When including semi-positives, we train
CCVPE [45] and compare to it, as it performs the best over-
all out of the baselines with released code, but our method
is superior for most metrics.

Cross-Area Pose Estimation: In the 2DoF known ori-
entation regime, we see similar trends. With positives-only,
we perform similarly to CCVPE [45] and Boosting [27] in
localization, achieving marginally better than CCVPE [45]
and better than Boosting [27] with respect to mean, but
worse in median. We, however, perform worse than the
best FG? [43]. For completeness, in the regime with semi-
positives, we demonstrate superior results to CVML [44].

In the harder 3DoF unknown orientation setting, us-
ing only positives, we perform similar to CCVPE [45]
and FG? [43] in localization, but are worse than the best
C2F-CCPE [31]. For orientation, we achieve the best
mean and median results. Again, we train and compare to
CCVPE [45] in the semi-positive setting, but achieve the
best results for all metrics.

Qualitative Discussion: Overall, we note a few key
points. For one, our approach maintains a competitive level
of performance to the existing work with respect to local-
ization, while exhibiting notably superior orientation ability
when no prior is given. Specifically, our mean orientation
error tends to be about half the next best result. This likely
is because our predictor allows for search and optimization
with respect to orientation in the same way it does for lo-
calization, whereas other work such as CCVPE [45] and
SliceMatch [13] discretize the orientation space for match-
ing. While its localization is generally slightly worse than
the top models with respect to localization, this is due to
our model being designed to not leverage any prior geo-
metric or pixel-based constraints which otherwise can aid
fine-grained localization, with the benefit that it performs
significantly better in orientation. Additionally, our perfor-
mance with semi-positives is largely maintained, despite it
being more difficult.

lLocalization (m)  |Orientation (°)

Dataset  Method Mean  Median Mean Median
CCVPE*  8.01 1.67 13.22 5.33

VIGOR Ours 5.40 1.76 7.87 1.68
CCVPE*  16.56 3.68 51.43 45.68

CVUSA Ours 7.57 3.13 4.51 1.55

Table 4. Performance over VIGOR [52] same-area split with semi-
positives and CVUSA panoramas. Evaluations are done on the
same checkpoint for each method. *CCVPE is retrained in this
setting.

4.5. Effects of Image Parameterization

For our evaluations using CVUSA [42] and VIGOR [52]
with variably parameterized images, we explore projection
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type, FoV, pitch, and roll (table 3). Here, we compare our
results to CCVPE retrained in these settings as it was the
best overall performing model with available code. We use
the same checkpoint across VIGOR evaluations; same for
CVUSA. For VIGOR, we utilize the same-area split with
semi-positives. For CVUSA (see Sec. 4.1) we use satellite
images with random alignment at zoom-level 19 in contrast
to VIGOR at 20. As such, CVUSA performance is worse in
expectation, as the pose search space is then four times as
large in the CVUSA setting and has lower spatial resolution.
Indeed, table 4 shows performance is stronger on VIGOR
for both methods, with ours performing better overall.

JLocalization (m)  |Orientation (°)

H-FoV  Method Mean Median Mean Median
360 CCVPE*  8.01 1.67 13.22 5.33
Ours 5.40 1.76 7.87 1.68

180 CCVPE* 13.53 3.73 24.03 7.57
Ours 5.86 1.82 8.72 1.73

90 CCVPE* 21.12 14.11 43.16 16.14
Ours 6.04 1.88 8.89 1.76

Table 5. Performance over localization and orientation over

VIGOR [52] same-area split with semi-positives over different
horizontal FoV panoramic cutouts. Evaluations are all done on
the same checkpoint for each method. *CCVPE is retrained in this
setting.

JLocalization (m)  |Orientation (°)

H-FoV  Method Mean Median Mean Median
90 CCVPE* 15.36 4.74 37.72 8.95
Ours 9.12 2.81 13.40 2.63

60 CCVPE* 16.86 7.62 50.83 14.48
Ours 9.87 3.70 17.07 2.62

30 CCVPE* 18.14 9.82 60.72 24.52
Ours 10.70 5.20 18.09 2.79

Table 6. Performance over localization and orientation over

VIGOR [52] same-area split with semi-positives over rectilinear
projections of different horizontal FoVs. Evaluations are all done
on the same checkpoint for each method. *CCVPE is retrained in
this setting.

Projection Type: We explore two image projection
types: panoramic and gnomonic, as described in section 4. 1.
Our results over these projection types show that the model
makes reasonable pose predictions in all cases, however the
gnomonic images tend to localize and orient worse even at
the same parameterization. Specifically, we see a ~1 meter
median localization increase for VIGOR and a ~2 meter in-
crease for CVUSA; similarly we see a ~1° median orienta-
tion increase for both. This performance drop may indicate
that panoramic-crops may have features that enable slightly
better predictions than gnomonic, such as feature curvature.



Similarly between tables 5, 6 the panoramic images tend to
have higher performance, though CCVPEs struggle at the
lower end of its FoV training/eval range.

Field of View: For the FoV, we specifically record the
effects on performance with respect to horizontal FoV. This
was done, since performance was not seen to vary signif-
icantly across reasonable vertical FoVs, intuitively since
alignment performance is impacted by how much of the
scene is visible which is dictated horizontally for images
that aren’t sideways. In the results of table 3, we see the
expected trend that as horizontal FoV decreases, all metrics
correspondingly decrease. For both VIGOR and CVUSA
the median localization error increases by ~3 when com-
paring the full-FoV panoramas to the 30° gnomonic images.
For orientation error, the median over VIGOR increase by
~1.6 and CVUSA ~2.5. This trend holds within projection
types, pitches, and rolls as well as independently. When
comparing to CCVPE in tables 5, 6, we see that our model
holds its performance significantly better at lower FoVs.

JLocalization (m)  |Orientation (°)

Pitch  Method Mean Median Mean Median

e CCVPE* 15.36 4.74 37.72 8.95
Ours 9.12 2.81 13.40 2.63

1100 CCVPE* 16.98 7.93 49.27 14.58
Ours 9.62 3.53 16.10 2.76

Table 7. Performance over VIGORsame-area split with semi-
positives with 90° horizontal FoV projections across different
pitch noise levels. Evaluations are all done on the same check-
point for each method. *CCVPE is retrained in this setting.

Pitch: For pitch, we vary this parameter by up to +10°.
No evaluation is done with the full-fov panoramas, as pitch
does not change what information is visible. In evaluation,
we see that varying pitch from being horizon-aligned re-
sults in slightly worse performance; this is seen by a similar
amount across projections, FoVs and rolls. For CVUSA,
median localization decreases by ~0.2 meters and median
orientation by ~0.1° in aggregate. For VIGOR, median lo-
calization decreases by ~0.03 meters for panoramas and
typically ~0.2 meters for gnomonic, with a couple ex-
ceptions that are ~1 meter worse; for median orientation
panoramas decrease by ~0.03° and gnomonic by ~0.3° in
aggregate. Overall, with +10° of pitch, there is some drop
in performance but it is relatively minor. When comparing
to CCVPE in table 7, we see that our performance holds
better as pitch varies.

Roll: For roll, we vary this up to £20° and evaluate
over only gnomonic images; we again see a behaviour of
worsening performance when rolled. For both VIGOR and
CVUSA, we get a ~0.6 meter median localization drop with
roll, and a ~0.2° median orientation decrease. Overall, we
again see a minor performance drop. Again, table 8 demon-
strates that our method maintains performance better.
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JLocalization (m)  |Orientation (°)

Roll  Method Mean Median Mean Median
e CCVPE* 15.36 4.74 37.72 8.95
Ours 9.12 2.81 13.40 2.63
1200 CCVPE* 17.27 8.19 51.55 15.61
Ours 9.18 3.22 16.16 2.63
Table 8. Performance over localization and orientation over

VIGORsame-area split with semi-positives with 90° horizontal
FoV projections across different roll noise levels. Evaluations are
all done on the same checkpoint for each method. *CCVPE is re-
trained in this setting.

Qualitative Discussion: Across the evaluations done,
we can see that our approach is successful at handling vari-
able projections, FoVs, pitch, and roll, though is not in-
variant to them. Notably, decreasing horizontal FoV has
the greatest impact by decreasing the number of features
available to leverage for prediction, making matching more
ambiguous. Varying pitch and roll similarly effected per-
formance, but to a lesser extent. Despite this, the median
performance of the model is still relatively high even un-
der harder parameterizations and is less effected than the
baseline. Additionally, when moving to the harder CVUSA
scenes, performance drops but the model is still able to
make reasonable predictions in most cases.

5. Conclusion

In this paper we introduced a novel approach to cross-view
pose estimation that uniquely handles unknown image pro-
jections and parameterizations. By leveraging learnable
attention mechanisms, our model generalizes to less con-
strained settings not otherwise possible with rigid geomet-
ric constraints. Through our implicit latent matching, our
approach lends itself to both pose region prediction, as well
as to a continuous queryable prediction method, allowing
for fast pose optimization on an arbitrarily fine scale. Our
approach achieves 3DoF cross-view pose estimation per-
formance that is competitive with the state-of-the-art on
VIGOR and maintains much of this performance in harder
settings. It can also leverage prior pose knowledge by di-
rectly incorporating such in its search, however it achieves
its highest performance relative to other work in the uncon-
strained setting.
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