Crossview Registered Multiview Pose Estimation

Alexander Wollam  Dev Gupta

Nathan Jacobs

Washington University in St. Louis

[ Multi-view Pose \
Estimation

Cross-view Pose

Estimation )

Cross-view Registered Multi-view Pose
Estimation

Figure 1. Most camera pose estimation work either specifically looks at cross-view pose estimation with a single aerial/ground image pair
or multi-view pose estimation with imagery of all the same form. In this work, we explore extending to the joint setting of multi-view

ground imagery within a reference aerial image.

Abstract

Cross-view pose estimation predicts the 3 Degrees-of-
Freedom (3DoF) pose, including yaw, ground-plane trans-
lation, and scale, of ground images within an aerial bird’s-
eye reference frame. While prior work typically uses a sin-
gle ground-view image, practical settings like robotics, au-
tonomous driving, and urban mapping often provide multi-
ple nearby images with shared spatial structure. We lever-
age recent advances in multi-view pose estimation and 3D
reconstruction to jointly estimate poses for multiple ground
images in parallel. We adapt the VGGT multi-view 3D re-
construction framework and introduce a dataset aligning
Mapillary ground-level imagery with NAIP aerial imagery
for large-scale supervision. This work evaluates how the
multi-view formulation transfers to cross-view pose estima-
tion and compares it against single-view methods.

1. Introduction

Cross-view pose estimation lies at the intersection of cross-
view image geo-localization and fine-grained camera pose
recovery. While traditional cross-view geo-localization
focuses primarily on determining where a ground image
was captured by matching it to an aerial database, recent
work has shown the importance of additionally reasoning
about orientation for downstream tasks [32]. This shift
has led to a more refined problem setting in which the
goal is to recover the 3DoF pose of a ground-level im-
age within an aerial patch, motivating applications in au-
tonomous driving, robotics, augmented reality, and fine-
grained mapping. Existing methods typically rely on fea-
ture descriptors [3, 11, 16, 30] or projections into satel-
lite space [2, 6, 15, 17, 18, 22, 24, 25, 28, 29] to perform
matching-based optimization, often assuming constrained
intrinsics, fixed alignment, or homogeneous environments.

In practice, however, many cross-view applications nat-



urally provide multiple ground-level images in close prox-
imity. For example, autonomous vehicle sequences, street-
level mapping services, and crowd-sourced image collec-
tions routinely capture overlapping views of the same gen-
eral location. Yet most cross-view pose estimation ap-
proaches operate strictly on single ground images, leav-
ing substantial geometric information unexploited. Multi-
ground-view settings present an opportunity to enforce ge-
ometric consistency, reduce ambiguity, and recover richer
and more reliable pose estimates—particularly in challeng-
ing regions where appearance gaps or perspective distor-
tions hinder single-view matching.

Concurrently, multi-view camera pose estimation has
undergone rapid progress driven by modern learned
3D reconstruction approaches. Early methods such as
DUSt3R [23] introduced feed-forward pointmap regression
to recover geometry and relative pose directly from image
pairs, reducing dependence on keypoint pipelines. Follow-
up work either improved geometric grounding through
learned matching [7] or addressed scaling and global
consistency across many views [l, 31]. More recent
transformer-based models such as VGGT [21], MapAny-
thing [4], and OmniVGGT [12] demonstrated the ability to
regress intrinsics, extrinsics, depth, and point tracks jointly
from variable-size image sets, offering a flexible and pow-
erful foundation for multi-view pose inference. These ad-
vances suggest a promising path for leveraging multi-image
context within cross-view settings.

In this paper, we propose an extension of cross-view pose
estimation that integrates these modern multi-view meth-
ods within the cross-view framework. Rather than pre-
dicting only a single ground-view 3DoF pose, we refor-
mulate the problem to recover the poses poses for a set of
nearby ground images with respect to a single aerial refer-
ence. To support this, we construct a new public dataset
consisting of Mapillary ground imagery registered to NAIP
aerial images, explicitly designed to evaluate multi-ground-
view cross-view alignment. Furthermore, we introduce a
memory-efficient extension of VGGT that incorporates a
dedicated aerial-branch encoder to jointly localize and ori-
ent multiple ground images relative to an overhead view.

Our contributions are threefold:

* We create the first public dataset enabling cross-view reg-
istration in a multi-ground-view setting.

* We propose a novel approach that leverages and extends
recent multi-view reconstruction methods for cross-view
pose estimation.

* We explore the effectiveness of our method on our intro-
duced dataset.

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 [9, 10, 19, 26, 27, 32]. 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 [3, 11, 16, 30]. While initial attempts at this
task [9, 27] 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 [16], and this has been combined with
the use of orientation considerations and newer deep archi-
tectures [30, 33]. Additionally, synthesis from one view to
the other has also been explored as a way to close these
gaps [8, 13, 17, 20]. A limitation faced by these approaches
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 [32] where they propose 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 [32] introducing the VIGOR
benchmark. Most approaches leverage projections into
satellite space from which matching-based optimization can
take place [2, 6, 15, 17, 18, 22, 24, 25, 28, 29], 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 [2, 14, 18]. 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 [5]. A downside
of these BEV-based approaches, however, is that perform-
ing a dense search of candidate poses becomes expensive.
Other approaches accelerate this [0, 25, 29] by aggregating
features into a single vector [29], pre-computing masks [6],
and reformulating the matching procedure as homography
estimation [25]. Alternatively, keypoints have also been
used to refine pose matching by detecting and projecting
them into the satellite space [22, 24], 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.

Multi-View camera pose estimation: Recent progress
in learned 3D reconstruction has led to a new class
of approaches that jointly estimate multi-view geome-
try and camera pose without relying solely on traditional



Vo [? ] CVACT [?] | CVUSA[?] | VIGOR[? ] | (proposed)
Satellite images ~ 450,000 128,334 44,416 90,618 ~ 100, 000
Panoramas in total ~ 450,000 128,334 44,416 238,696 ~ 500, 000
Panoramas after balancing - - - 105,214 -
Street-view GPS locations Aligned Aligned Aligned Arbitrary Arbritrary
Full panorama No Yes Yes Yes Yes
Multiple cities Yes No Yes Yes Yes
Orientation information Yes Yes Yes Yes Yes
Evaluation in terms of meters No No No Yes Yes
Seamless coverage on area of interest No No No Yes Yes
Number of references covering each query 1 1 1 4 4

Table 1. Comparison of various features between our proposed and existing datasets

optimization-heavy SfM pipelines. Early work in this di-
rection is represented by DUSt3R [23], which introduced
a pairwise pointmap regression framework capable of pro-
ducing depth, correspondences, and relative pose directly
from image pairs. This formulation demonstrated that pose
estimation could be treated as a feed-forward geometric pre-
diction problem, reducing reliance on extensive keypoint
matching and bundle adjustment. Subsequent approaches
have built upon this idea either by improving the geo-
metric grounding of learned correspondences or by scal-
ing DUSt3R-style reasoning to many views. MASt3R [7]
strengthens the matching component by explicitly tying
learned correspondences to metric 3D structure, resulting in
more reliable pose estimation for localization tasks. Other
work tackles scalability: Fast3R [31] processes large image
collections in a single forward pass to avoid quadratic pair-
wise computations, while MUSt3R [1] extends the DUSt3R
design with efficient global alignment strategies for con-
sistent multi-view reconstruction. A parallel direction fo-
cuses on unifying multi-view prediction into a single feed-
forward model. VGGT [21] directly regresses intrinsics,
extrinsics, depth, and point tracks from one or many views,
demonstrating that camera pose can be inferred as part of a
broader geometric prediction suite. This unification has led
to more general systems, such as MapAnything [4], which
supports multiple 3D tasks under a single architecture, and
OmniVGGT [12], which extends these ideas to multi-modal
inputs and shows improved robustness across a range of
multi-view geometry settings.

3. Dataset

Problem Statement. Given a ground-level (GL) query
image inside an area-of-interest (AOI), we wish to geolo-
cate and orient that image at a high precision level. At
our means are additional high-resolution GL imagery ge-
olocated within the AOI and a birds-eye-view (BEV) satel-
lite image of the AOI with each containing rich metadata.
As such, we wish to perform simultaneous 3 degrees-of-

freedom (DoF) cross- and multi-view pose estimation, an
extension of two previously disjoint tasks.

Motivation. Vast amounts of current remote sensing
data is available and used for various geo-related tasks.
These satellite imagery are geo-tagged with metadata rel-
evant to that image. Utilizing this easily accessible,
vast, consistent, and high-resolution imagery is essential to
match existing query images to their accurate pose. Sim-
ilarly, high-quality imagery is also available for GL im-
ages. Unfortunately, this problem statement benefits from
rich data to supplement accurate pose estimation, and pre-
vious papers fail to address this. To solve this issue re-
quires combining the two major sources: both cross and
multi views. We wish to construct a dataset for this new
format that not only allows for these two major sources, but
provides it open-source at scale.

Dataset Curation. To construct this large-scale dataset,
we aggregate data from various diverse urban, suburban,
and rural areas across different cities/regions to ensure ge-
ographical and architectural diversity. For the ground-
level (GL) multi-view component, we source sequences
of high-resolution street-level imagery, ensuring spatial
proximity and visual overlap between neighboring frames.
Each GL image is meticulously paired with its corre-
sponding ground-truth 3-DoF pose (latitude, longitude, and
azimuth/heading) and camera intrinsics. For the cross-
view component, we acquire high-resolution, orthorecti-
fied birds-eye-view (BEV) satellite imagery corresponding
to the exact area-of-interest (AOI) bounding boxes of the
GL networks. To guarantee data quality, we implement
an automated filtering pipeline to remove occluded scenes
(e.g., tunnels, dense tree canopies), indoor images, and mis-
aligned GPS tags, followed by rigorous manual verification.
The rich metadata provided includes time-of-day, weather
conditions, lighting priors, and geometric camera param-
eters. In total, the dataset comprises 500,000+ GL images
and 100,000+ BEV aerial maps, partitioned into strictly dis-
joint training, validation, and testing geographic splits to
properly evaluate model generalization capability.
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Figure 2. An overview of the VGGT model with our modifications.

Extensions. While the primary objective of this dataset
is simultaneous cross- and multi-view 3-DoF pose estima-
tion, its scale, rich metadata, and unique structural design
readily support a variety of secondary tasks and future re-
search directions. The inclusion of multi-view GL im-
agery alongside aligned BEV satellite data provides an ideal
testbed for cross-view novel view synthesis (e.g., cross-
view NeRFs or 3D Gaussian Splatting) and large-scale 3D
scene reconstruction. Additionally, the dataset can be uti-
lized for image-based semantic layout estimation, where
models infer top-down maps directly from GL panoramas.
Because we include environmental metadata, researchers
can also evaluate the robustness of visual geo-localization
algorithms against seasonal changes, variable illumination,
and transient occlusions. Finally, the open-source nature
of this dataset allows for seamless future integration with
supplementary modalities, such as digital elevation mod-
els (DEMs) or temporal satellite sequences, paving the
way for 6-DoF pose estimation and spatio-temporal geo-
localization.

4. Method

Our proposed approach enables performing cross-view pose
estimation in a multi-ground-view setting. It does this by
augmenting VGGT to use an aerial image through an ex-
plicit aerial reference branch, and modifying the global at-
tention layers to sparsely attend across ground views (see
figure 2). Our method maintains high performance while

also minimizing memory costs.

4.1. Aerial Branch

In the original multi-view stereo problem setting of VGGT,
it predicts the relative camera pose and 3D point maps with
respect to its first image. In contrast, in the cross-view pose
estimation setting, rather than predict the relative pose to a
particular image we instead define a global coordinate space
of the aerial image, from which ground image poses are
predicted.

To account for this change from predicting a 6-DoF rel-
ative camera pose to a 3-DoF absolute pose within the
aerial image, with the VGGT architecture, we create a sep-
arate branch for the aerial image that maintains the previ-
ous VGGT structure, but with independent weights. Specif-
ically, we clone the initial weights and setup to the aerial
branch, then modify the global attention layers to only take
the aerial patches as queries. This branch separation is done
to enable optimization of these weights for this new setting
while maintaining learned behaviour by selectively freezing
existing weights for the ground images.

4.2. Sparse global attention

One issue with the existing VGGT architecture is that its
use of global attention layers incurs memory costs that
scale quadratically with the number of images input to the
model. To get around this, we propose leveraging the cross-
attention maps between the aerial and ground views to in-
form likely similar patches between ground views that can



then selectively attend to one another sparsely (see figure
3).

To do this, we propose replacing each global attention
layer in the ground branch with a sequential cross-aerial at-
tention and sparse global-attention layer. Here, the cross-
aerial attention layer first performs cross attention between
the ground and aerial views. Then, the resulting attention
map is utilized to sparsify the global attention as follows.

First, the attention map is aggregated across heads. Sec-
ond, for each aerial patch, we select the top k¢ ground view
frames based on their most attending patch. Then, for each
selected frame per aerial patch, we select the top kg, ground
image patches to get k¢ * kg, ground image patches per
aerial patch. Finally, for each ground patch, we select the
top kqp aerial patches associated with it. This results in a
mapping of each ground image patch to an associated set
of k = kg * kgp * kqp total ground patches from which the
sparse global attention layer then attends.

By sparsifying which patches each ground patch can
attend to just this selected k, we can leverage the aerial
patches for an intermediate ’binning’ of ground patches to
significantly reduce the memory overhead.

4.3. Training

To train our model, we first initialize shared weights from
the original VGGT model to leverage it’s pre-learned be-
haviour. This is done since our problem formulation only
looks at pose estimation, which provides far less supervi-
sion than the full set of predictions the base model utilizes.
For the 3-DoF pose prediction, we augment VGGT’s 6-DoF
prediction head by simply taking that output and transform-
ing it to the associated 3-DoF format.

To maintain performance from the base model, we only
optimize the aerial-branch’s weights as well as the ground
branch’s sparse global attention layers, and freeze all of the
rest.

5. Experiments

In this section, we introduce the datasets used for evalua-
tion, our implementation details, and the evaluation metrics
. Then, we perform an ablation over different parameters of
the model.

5.1. Datasets

For our experiments, we train and evaluate our model over
both the grid and non-grid versions of our dataset. We then
perform ablations over the grid version.

5.2. Implementation Details

For implementing our model, we follow the strategy dis-
cussed in section 4.3 and first initialize the model off of
the VGGT-1B checkpoint provided by VGGT [21]. We
then duplicate the Aggregator weights to form the separate

aerial and ground view branches. Following, we replace
the ground branch’s global attention layer with our sparse
global attention layer whose weights are similarly initial-
ized as the original global layer’s where possible.

For selecting the number of ground images used, we
sample 6 ground images with replacement for each sample.
We choose to use replacement to account for the fact that a
subset of samples have less than 6 images, so duplication of
those images are necessary to maintain a consistent shape
across samples.

For parameterizing our top-K selection, we choose
K <= n where n is the number of patches in a single
ground-view image; this is done to enforce a memory com-
plexity of the sparse global attention layer to be in O( f*n?),
where f is the number of ground view frames—this way it
has a similar memory footprint as the frame self-attention
layers. For our data, we resize images to 504x504 pix-
els, leading to 36x36 patches, for n = 1,296 patches per
image total. For simplicity, we choose a maximum of
k = 1,000 for the main evaluations, and ablate over less.
We then choose a balanced approach between ky, kgp, kap
of k = kg * kgp * kop, and set all to 10.

5.3. Evaluation Metrics

In the evaluations below, we use the mean localization in
meters and the mean orientation in degrees to analyze our
model’s performance.

5.4. Ablations

In this section we evaluate our model over different settings.
First we evaluate over the different versions of the dataset,
then we explore the impact on varying the number of ground
view frames, and finally we analyze the impact of top-k se-
lection parameters for the sparse global attention module.

Table 2. Mean Localization and Orientation Errors

Dataset Loc. Error (m)  Ori. Error (°)
Grid Dataset 7.32 4.58
Non-Gridded Dataset 7.01 4.46

5.4.1. Dataset Performance

We view the performance of our model when trained and
evaluated use the gridded and non-gridded versions of our
dataset in table 2. Here, we see slightly improved perfor-
mance with the non-gridded dataset. This likely is a re-
sult of the ’built-in’ data-augmentation-like aerial shifting
resulting in slightly more robust model performance.

5.4.2. Varying number of ground images

We explore the impact of varying the number of ground-
view frames within the satellite image provided to the
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Figure 4. An overview of how the number of frames selected im-
pact model localization performance.

model. For localization, we can see in figure 4 that lo-
calization performance decreases as we reduce the num-
ber of frames provided. Similarly for orientation, we can
see in figure 5 that orientation performance also decreases
with reduced frame count. This makes sense, as the model
can leverage having multiple ground views to help constrain
predictions, particularly when there is ambiguity (e.g. few
localizable features such as if the image is on a highway
with only trees around). We also visualize the variance in
prediction at the different frame counts for both figures as
the shaded region around the plotted lines. Here, was can
also see that the variance increases as the number of ground
views decreases, which matches our expectation of fewer
views being less constrained.
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Figure 5. An overview of how the number of frames selected im-
pact model orientation performance.

5.4.3. Varying top-K selection size

We also explore the impact of varying the top-k selection
size. In particular, we look at the impact of the size of K.
For localization, we see in figure 6 that K size has a signifi-
cant impact on performance, where too small of a K results
in poorer performance. We see similarly with orientation
performance in figure 7. This suggests that our approximate
top-K selection algorithm does not consistently select all of
the important patches for the sparse global attention, result-
ing in less consistent performance at lower values of K. We
can, however, note that the performance drop is similar to
what is seen when decreasing the number of frames. We
hypothesis that this is because decreasing K reduces global
context for the sparse global attention in a similar manner to
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Figure 7. An overview of how the size of K selection size in sparse
global attention impacts model orientation performance.

reducing the number of frames does—where selecting only
one ground-view frame has a similar effect to reducing K
close to zero of eliminating that context.

6. Conclusion

In this paper we introduced the new problem formulation of
camera pose estimation featuring multiple ground images
registered to a single aerial view. To this end, we create a
new dataset using Mapillary and NAIP imagery and adapt
the recent multi-view reconstruction method VGGT to this
new setting. From this, we explore the performance of our
model and dataset under different settings and demonstrate
results that suggest this direction of research is promising.
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