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Abstract

We introduce Sky2Ground, a three-view dataset designed
for varying altitude camera localization, correspondence
learning, and reconstruction. The dataset combines struc-
tured synthetic imagery with real, in-the-wild images, provid-
ing both controlled multi-view geometry and realistic scene
noise. Each of the 51 sites contains thousands of satellite,
aerial, and ground images spanning wide altitude ranges
and nearly orthogonal viewing angles, enabling rigorous
evaluation across global-to-local contexts. We benchmark
state of the art pose estimation models, including MASt3R,
DUSt3R, Map Anything, and VGGT, and observe that the use
of satellite imagery often degrades performance, highlight-
ing the challenges under large altitude variations. We also
examine reconstruction methods, highlighting the challenges
introduced by sparse geometric overlap, varying perspec-
tives, and the use of real imagery, which often introduces
noise and reduces rendering quality. To address some of
these challenges, we propose SkyNet, a model which en-
hances cross-view consistency when incorporating satellite
imagery with a curriculum-based training strategy to pro-
gressively incorporate more satellite views. SkyNet signif-
icantly strengthens multi-view alignment and outperforms
existing methods by 9.6% on RRA@5 and 18.1% on RTA@5
in terms of absolute performance. Sky2Ground and SkyNet
together establish a comprehensive testbed and baseline for
advancing large-scale, multi-altitude 3D perception and gen-
eralizable camera localization. Code and models will be
released publicly for future research. Project page: https:
//sky2ground2026.github.io/sky2ground/

1. Introduction

One of the fundamental tasks in computer vision has
been to jointly localize multi-view images and construct
reliable 3D models of a scene. This has found many
commercial applications, such as geo-registering ground-
images [23, 27, 37], outdoor-scene reconstruction [1, 25, 28],
urban-view synthesis[14, 17, 39, 41], and complex naviga-
tion [16, 23, 26]. Classical pipelines like COLMAP [30, 31]

have leveraged hand-designed features and matching heuris-
tics, which makes them computationally-intensive in prac-
tice. Recently, neural nets have achieved great success
in inferring geometry parameters like camera poses/depth
maps, thereby enabling faster predictions[15, 35, 36]. This
progress has been largely facilitated by pre-training on
ground-aerial datasets[34]. However, modeling large-scale
scenes across multiple altitudes and viewpoints remains un-
derexplored, notably within the domain of satellite imagery.

Unlike ground/aerial views, satellite views provide glob-
ally consistent coverage, stable geospatial reference frames,
and fine spatial resolution [21]. Recent work uses satel-
lite imagery for localization from oblique or UAV perspec-
tives in GPS-denied environments [5, 21, 25]. We notice
a lack of datasets which provide simultaneous access to
ground/aerial/satellite views. Furthermore, to the best of our
knowledge, there is no work focusing on joint-localization
of cameras across all three-views, i.e. ground/aerial/satellite.
However, we believe this problem to be very-timely, given
the recent-efforts trying to achieve the ambitious-goal of
planet-wide reconstruction[34].

Motivated by this, we propose a multi-altitude, cross-view
dataset called Sky2Ground that unifies synthetic satellite,
aerial, and ground-level imagery with real aerial and ground
imagery collected from-the-wild. The synthetic component
provides dense, globally consistent camera poses and struc-
tured 3D geometry, while the real component introduces pho-
tometric variability, occlusions, and environmental complex-
ity. As a result, our dataset enables a thorough evaluation of
cross-view localization and 3D reconstruction pipelines.

Furthermore, we perform a detailed benchmark study
which reveals that existing pose estimation/reconstruction
methods struggle under large distributional shifts introduced
by satellite/real-images. We further show that while aerial
and ground modalities reinforce each other during training,
even a single satellite image can destabilize training, thereby
highlighting the challenge of effective multi-altitude inte-
gration in current 3D models.

Inspired by these observations, we introduce SkyNet, a
model designed to strengthen 3D reconstruction and local-
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Figure 1. Cross-view examples from the Sky2Ground dataset. Satellite, aerial, and ground-level images for a variety of urban scenes in
Sky2Ground, where each column corresponds to a unique site. These examples highlight strong viewpoint and appearance variations across
modalities, revealing the challenges of cross-view matching and multi-scale scene understanding. Real images additionally introduce diverse
lighting conditions, weather effects, and natural scene noise, further emphasizing the complexity of real-world cross-view perception.

ization models in presence of satellite imagery. SkyNet is a

two-stream architecture consisting of two-components 1) a

Ground-Aerial-Satellite (GAS-encoder) which processes all

modalities together. It consists of restricted-global-attention

module called Masked-Satellite-Attention (MSA) that pre-
vents aerial/ground modalities from interacting with satel-
lite. 2) a Sat-Encoder which explicitly processes satellites.

Furthermore, SkyNet is trained via novel curriculum-based

strategies: 1) gradually sampling views which are further

from each other 2) using ‘aerial-images’ as a bridge be-
tween ground/satellite modalities. We find that these innova-
tions enable adapting and even improving upon a model like

VGGT, thereby being able to retain advantage of large-scale

pre-training. We reveal that simple-finetuning of existing

methods[15, 35, 36] does-not work, whilst our SkyNet does
not face this issue.
Our contributions are summarized below:

1. Sky2Ground Dataset: A large-scale dataset integrating
satellite, aerial, and ground-level imagery with both syn-
thetic and real components, providing annotations for
camera poses and dense depth maps.

2. First benchmark studying existing methods on cross-
view localization/reconstruction involving all three
ground/aerial/satellite imagery.

3. SkyNet  Architecture: which  outperforms
Dust3r/Mast3r/Map-Anything/VGGT on cross-view
localization, and requires only a single-forward pass.

2. Related Works

Cross-View Camera Localization: requires inferring cam-
era poses (intrinsics/extrinsics) across aerial, ground and

satellite views. Classical SfM pipelines like Colmap[29,
31] face issues in matching-features across such diverse-
viewpoints. Additionally, the large-scale (in meters) of cap-
tured images, as well as their varying-altitude further exac-
erbates this problem. Other works [8, 15, 36] instead learn
canonical-transformation between a pairs of views via neural-
nets. However, they require an additional global-alignment
phase to map all prediction-pairs onto a consistent point-
map representation. Recently, VGGT[35] has shown that a
single-forward pass through transformer is enough to infer
camera parameters.

In this work, we observe that simply fine-tuning VGGT on
combination of ground/aerial/sat views hurts performance.
We propose an alternate method named SkyNet, which we
hope is a small-step towards fixing this non-trivial problem.

Cross-View and Novel-View Synthesis: Recent ad-
vances in Neural Radiance Fields (NeRF) [22] and Gaussian
Splatting [12] have significantly improved cross-view and
novel-view synthesis across diverse capture settings. Several
methods leverage aerial imagery [4, 6, 19, 20, 33, 38, 39,
42, 45] to model large-scale scenes [13, 32], while hybrid
approaches combine aerial, and ground viewpoints to en-
hance coverage and geometric stability [7, 9, 11, 24, 43, 44].
Some works [19, 39] incorporate level-of-detail representa-
tions to handle varying scales and scene complexity, whereas
others [44] fuse separate sub-models for aerial and ground
views to improve cross-view consistency. Progressive strate-
gies such as Dragon [7] gradually integrate images captured
from different altitudes to stabilize reconstruction.

In contrast, our method performs a unified, full-scale re-
construction that jointly integrates aerial, ground, and satel-
lite observations, demonstrating that improved pose estima-



tion directly translates to more accurate and coherent scene

reconstruction.
Table 1. Comparison with existing datasets. A: Aerial, G: Ground,

Sat: Satellite, Syn: Synthetic.

Dataset Sites Imgs Syn A Syn G Real A Real G Sat
KITTI-360 [18] 1 300k X X X v X
nuScenes [2] 2 14M X X X v X
GauU-Scene [40] 6 47k X X v X X
UC-GS [46] 2 14k v v X X X
BungeeNeRF [39] 12 31k VvV X X X v
MatrixCity [17] 1 519% v v X X X
AerialMegaDepth [34] 137 132k v v X v X
Ours 51 80k VvV v v v v

Public Datasets: In Tabl, we compare across existing
datasets in the literature. However, we notice them lacking
in several-aspects. For eg, nuScenes [2]/ KITTI-360 [18] are
autonomous-driving datasets, and lack aerial/satellite views.
Similarly, aerial-megadepth[34] contains ground/aerial
views, but lacks satellite-views. Similarly, synthetically-
rendered datasets (using game-engines/unity3d) like Matrix-
City, Bungee-Nerf remain limited to synthetic ground/aerial
scenarios. In contrast, our Sky2Ground dataset covers all
three ground, aerial, and sat viewpoints, as well as manually-
scraped real ground/aerial views, indicating its versatility.

To the best of our knowledge there is no prior-work
that offers: 1) a comprehensive dataset across all three
viewpoints with both real/synthetic images 2) an in-depth
study analyzing impact of different viewpoints on camera-
localization/rendering.

3. Sky2Ground Dataset

We present Sky2Ground: a dataset which consists of images
captured from ground, aerial, and street viewpoints. In Fig 1,
we show few samples from our dataset. It consists of several
geographic locations, for eg, (westminster pier, pyramid du
louvre, eros). For each location, we have both real/synthetic
aerial/ground images, as well as satellite imagery captured
at varying-altitude levels. Additionally, we provide densely-
annotated depth-maps, and camera intrinsics/extrinsics for
each captured-image. Next, we delve deeper into dataset-
statistics.

Table 2. Sky2Ground dataset statistics. A: Aerial, G: Ground, Sat:
Satellite, Syn: Synthetic. -: altitude for real is unknown, due to
lack of ground-truth poses.

Attribute Sat SynA Real A Syn G Real G
Modality Ortho-Rectified  RGB RGB RGB RGB
#Images per site 120 1080 120 50-250 120
Altitude (AGL) 1-2 km 200-800m - 5-80m -

Dataset Statistics: Sky2Ground consists of 51 geograph-
ical locations, Fig 2(right), shows how they span the entire-
earth, thereby ensuring diversity. In total, our dataset con-

tains 80k images. Tab 2 provides individual stats per-site.
Sky2Ground consists of 120 synthetic satellite images, 1080
aerial-images, and 50 — 250 ground images. Further, each
site contains 120 real ground/aerial images. In Fig 2, we
show how the real-images capture weather-conditions, and
diverse-lightning (day or night), and altitude levels. Next,
we describe the collection-procedure involved in curating
our dataset.

Collection-procedure: Sky2Ground consists of both
real/synthetic images. We manually-curate real-imagery
from publicly available Google Maps reviews and YouTube
travel vlogs. Next, we filter-them to ensure accurate-
coverage of a landmark. Similarly, we collect all the syn-
thetic data via Google Earth Studio. However, note that ow-
ing to the large degree-of-freedom (dof) in 3D, we could cap-
ture a particular landmark from infinite viewpoints. There-
fore, we rely on sampling cameras along different trajectory-
paths to ensure accurate coverage. Next, we discuss how
individual ground, aerial, sat images are curated.

For ground views, we simulate a single RGB camera
performing a circular walk-around of the landmark. For
satellite Views, we sample images from an altitude of 1-
2Km, thereby getting a top-down coverage of the entire
scene. Due to high altitude, the captured images contain
perspective-distorations, which we fix via an additional
ortho-rectification procedure.

Finally, for aerial viewpoints, we design a virtual triple-
camera rig with left, center, and right views at yaw angles
of —20°, 0°, and +-20°, respectively, following a downward
helical trajectory. The trajectory begins around 800 m AGL
and descends in stages of 100-150 m, forming three altitude
bands: high (800 m), medium (500 m), and low (250 m).
Each camera captures 60/120/180 frames per band, totaling
360 images per camera and 1,080 aerial views per site.

Annotation procedure: By default, google-earth gives
us poses of cameras. However, it lacks dense-predictions
such as depth-maps/surface-normals. These in turn are re-
quired to supervise a 3D-network like VGGT[35]. Therefore,
we run dense-MVS pipeline via CoIMAP. Each site takes
roughly a day-and-half to run with PatchMatch Stereo, and
Stereo-Fusion consuming most of our time.

4. Sky2Ground Benchmark

Here we present Sky2Ground Benchmark where we evalu-
ate existing models for camera localization/rendering-based
tasks. We describe the experimental setup, and then present
additional analysis.

Experimental setup: In Fig. 3, we show that our dataset
comprises of five synthetic splits (CR, D1-D4). Here D1-D4
provide progressively denser-image coverage. Note that core
images, (CR) are common to all the splits, i.e. (CR, D1-D4).
We analyze existing methods on D2 setup. We evaluate
on a subset of D2 images, i.e. the core-setup C'R. This
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Figure 2. Overview of the Sky2Ground dataset. The middle trajectory illustrates camera poses from one of our collected sites. Dots
indicate ground-truth camera positions for synthetic images, while red frustums represent the estimated camera poses for real images. The
surrounding images showcase example satellite, aerial, and ground views—where the real images demonstrate more diverse illumination
conditions and realistic noise. The top-right map depicts the geographic distribution of all collected landmarks, highlighting the dataset’s

global coverage.
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Figure 3. Benchmark splits and modality setups. (a) Image
counts per split for synthetic CR - Core, D1 - Dense 1, D2 - Dense
2, D3 - Dense3 and D4 - Dense 4, across ground, aerial, and
satellite views. (b) View combinations used in each benchmark
setup: Ground (G), Ground+Aerial (GA), Ground+Satellite (GS),
and Ground+Aerial+Satellite (GAS).

ensures that although the fofal number of images across
D1 — D4 changes, evaluation setup stays consistent. Ad-
ditionally, we evaluate various gaussian-splatting methods
for scene-rendering. Therefore, our analysis covers both
localization/rendering.

Models. We benchmark a wide variety of learning-based
methods for camera-localization. For eg, we evaluate pair-
wise view processing nets like Dust3r/Mast3r/MapAnything.
Additionally, we evaluate VGGT which infers camera-poses
in a single feed-forward. Additionally, we benchmark classi-
cal SfM techniques like COLMAP, and provide more results
in the supplementary. For rendering, we evaluate models like
2DGS, 3DGS, and 3DGS-MCMC, which span 2D splatting,
3D Gaussian scene representations, and an MCMC-refined
3D variant.

Metrics: We evaluate camera-localization performance
via Relative Rotation Accuracy (RRA) and Relative Transla-
tion Accuracy (RTA) [10]. More specifically, we threshold
at 5°, and report RRA@5°/ RTA@5°. This denotes, how
well the model localizes cameras within 5° of each-other.
We quantitatively evaluate photometric/perceptual quality of
3D-renderings via PSNR and DreamSim metrics. A higher
value of PSNR is assumed better, whereas for DreamSim
lower-score is better.

4.1. Zero-shot Analysis

Here, we first discuss about zero-shot localization perfor-
mance of existing models, and variation as number of input
views changes. Next, we discuss rendering results.
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Figure 4. Comparison of RRA @S5 and RTA @5 metrics for four
methods (Dust3r, Mast3r, Map Anything, and VGGT).

Models ‘suffer’ when number of views are less: In
Fig. 4, we plot how RRA/RT A varies as the number of
input views increases core — densel — dense2. We



observe models perform worse on sparse scenarios, i.e. core.

VGGT performs best on Ground/Aerial setup:
We note that VGGT (purple-curve) performs best on
Ground/Aerial scenarions. One notable thing is that
performance of VGGT does not fluctuate much as compared
to Dust3r/Mast3r/Map-Anything, indicating that it does well
in sparse-scenarios.

Pair-wise view networks like Dust3r do well on
satellite: In Fig. 4, we note that Dust3r achieves highest
performance on localizing satellite images (red curve). We
believe that this is due to global-alignment enforced in
dust3r. Satellite-views contain a lot of mutually-common
points, and an explicit matching step ensures proper
alignment. However, we note that Dust3r/Mast3r don’t
perform well on ground scenarios.
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Figure 5. Comparison of models across view combinations.

Satellite images pose a ‘significant-problem’: One
expectation might be that models should perform better on
ground+aerial+satellite (GAS) setup than ground+aerial
setup, because adding satellite provides more information
to the neural-net. In Fig5, we surprisingly find that this is
not the case. Instead, we observe drops in performance.
Therefore, processing satellite modality remains a challenge.
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Figure 6. Comparison of reconstruction quality across
ground/aerial/satellite.: We report PSNR? and DreamSim/, (lower
is better). All methods benefit from increased camera density.
2DGS consistently achieves the best perceptual quality.

2D-GS consistently gives best rendering results across
ground/aerial/satellite: Earlier, we noticed that VGGT ob-
tained the best performance out of all localization methods.
We use VGGT zero-shot predicted poses, to initialize vari-

Table 3. Rendering results across synthetic and real-image setups.
We report PSNR and DreamSim for each GS type (2DGS, 3DGS,
3DGSwmemc) across aerial, street, and satellite viewpoints.

PSNR 1 DreamSim |
Data GS Type Aerial Ground Satellite Aerial Ground Satellite
2D 121 149 130 049 026 0.19
Synthetic 3D 11.8 147 13.0 052 031 0.17
3Dyewe 125 150 133 053 029 021
2D 11.1 139 126 061 040 0.26
Syn+Real 3D 11.1 134 126 0.64 046 0.28

3Dyeme 112 12.8 134 079 0.71 0.68

ous gaussian splatting methods (2DGS, 3DGS and 3DGS-
MCMC). We evaluate performance as number of input views
increases from Dy — Dy — D,. The scaling-law (slope)
suggests that 2D-Gaussian splatting consistently performs
better.

Adding Real images harms rendering and yields noisy
reconstructions: Tab. 3 shows that introducing real images
into the training mix consistently degrades rendering quality
across GS types and viewpoints. Real-world lighting varia-
tion, sensor noise, clutter, and textures absent from synthetic
data create a strong domain mismatch, making it difficult for
the model to blend real and synthetic imagery.

Fig. 7 shows that increasing density from D1 to D4 pro-
duces sharper contours and more complete details, while
mixing in 30 aerial and 30 ground real images at D2 in-
troduces noise and domain mismatch, especially in ground
views where real features absent from synthetic data begin
to appear.

4.2. Fine-Tuning-Analysis using Sky2Ground

Earlier we noted that adding satellite during zero-shot infer-
ence harms performance. In this section, we aim to study
if simply adding satellite during training, i.e. jointly fine-
tuning existing models could work. To facilitate a systematic
understanding, we first train on Ground-aerial (GA) data,
and then on Ground/Aerial/Satellite data. Out of 51 sites in
Sky2Ground, we use 41 for training, and remaining 10 for
evaluation.

Fine-Tuning with Ground-Aerial Data improves
performance: Tab 4, shows that training Dust3r on
ground-aerial data improves on avg from 589 —
64.1(RRA),35.3 — 39.3(RTA). Similarly, Mast3r im-
proves from 53.2 — 67.6(RRA),37.3 — 48.4(RTA).
Next, we study the effect of adding ‘satellite’.

Adding satellite improves ‘pairwise-view’ nets like
Dust3r/Mast3r We note that adding satellite improves
performance of nets like Dust3r/Mast3r from 64.1 —
65.2 (RRA avg), 67.6 — 69.4 (RTA avg) respectively. A
similar trend is observed for RTA. An inductive-bias com-
mon to both Dust3r/Mast3r is that both process a pair of
views together, which might explain this behaviour. However,
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Figure 7. Rendering results across satellite, aerial, and ground viewpoints. Each row shows a different view, with the leftmost column
showing the ground-truth (GT) image followed by model renderings (R). From D1 to D4, the input density increases, and real images are
incorporated with D2, introducing additional noise and domain mismatch. In particular, the ground-view renderings in D2 + Real contain
real-image features that do not exist in the synthetic input distribution, highlighting the challenge of mixing synthetic and real sources.

Table 4. Localization results across Ground+Aerial+Satellite setup. ZS = Zero-Shot, A-MD = Aerial-MegaDepth. RRA@5 / RTA@5

measure rotation / translation accuracy within 5° /5 m. RRA Avg and RTA Avg denote mean performance across all domains.

Method Data Ground Satellite Aerial Avg
RRA@5 RTA@5 RRA@5 RTA@5 RRA@5 RTA@S RRA RTA

Dust3r A 2854071 21.64053 90.0+192 3994084 5834137 4434118 5894123 3534079
Mast3r YA 3644086 29.64077 50.04104 1334028 7324149 6894126 5324107 3734001
VGGT ZS 7514183 6094120 6664142 004000 7924167 7264123 73.64138 44.54005
Dust3r A-MD 25-5:|:0.64 23.2:|:()A71 83.3;&178 29.9:&0.82 83‘6:|:1,74 64.8:‘:1'35 64.1:‘:127 39.3:|:0_92
Mast3r A-MD 29.14073 2414061 96.64231 26.64068 77.04150 9454218 67.64133 4844097
Dust3r SkyZGround 32-4’:|:0468 27.1 +0.63 79.4:|: 1.54 36.3;&0,87 83.8:|: 1.79 67‘0:‘: 1.16 65.2i 1.05 435 -+0.94
Mast3r Sky2Ground 33-2:|:0466 27.9:|:(),59 81.0i1_47 37.2:&0‘81 85.1:|:1A71 68.3:‘:112 69.4:‘:1.08 47.5:|:0<39
VGGT Sky2Ground 50.0i1.25 4—6.1i1,17 86.6i1,94 53.3i1,41 29.7i0_51 31-5i0.69 55.4i1<09 43.6i0<97
SkyNet  Sky2Ground 76.7+150 64.24127 8894103 5734114 84.04148 7814106 8324137 66.51008

choosing a pair out of V total views requires (%) ~ O(N?)
feed-forwards through the net, thereby making the entire
pipeline extremely slow. Next, we study the effect of adding
‘satellite’ during training to single feed-forward nets.

Adding satellite to ‘single-feedforward’ nets like
VGGT severely hurts performance.: In Tab4, we observe
that VGGT suffers a severe drop, i.e. 73.6 — 55.4 (-
18.2% RRA), 44.5 — 43.6 (-0.9% RTA). The above anal-
ysis leads to a counter-intuitive insight. Adding satellite
hurts VGGT but not Dust3r/Mast3r. If extreme-distribution
shift across ground/aerial/sat views were the only cause, we
should have observed consistent-drops across all methods.
This leads us to question: ‘How can we further-improve
single-feedforward nets like VGGT?’. Building upon
VGGT makes sense because we can then bypass classical
StM pipelines (aka COLMAP), global-alignment stage, and
perform E2E optimization.

5. Improving localization with satellite imagery

As discussed in previous section 4.2, addition of satellite
does not work even with fine-tuning. Inspired by this obser-

vation, here we present SkyNet, an architecture for cross-
view camera localization. First, we formalize our problem
statement and describe preliminaries.

Problem statement: Given N RGB images I =
{I4,1,, 1} consisting of {I,} ground-views, {I,} aerial-
views and {I,} satellite-views, our objective is to predict
the corresponding camera parameters {g, € R}, and
depth map {D; € REXW}N | Following VGGT[35], we
represent g; in quaternion notation.

Preliminaries on VGGT: Each of the N input-images
is first passed through a dino encoder. The resultant fea-
tures are then concatenated with additional camera tokens
t? € R™* and four register tokens t7 € R**“". The cam-
era/register tokens of first input view (t¢ := t9, 1t := tf)
are set to a different set of learnable tokens (t9, t%) than
those of all other frames (t¢ := t9, tF = t& i ¢
[2,..., N]), which are also learnable.

VGGT consists of L layers of alternating frame-attention
and global-attention. First, frame-attention allows tokens of
each frame to interact among themselves. Next, in global-
attention, information across different-views is aggregated,
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Figure 8. SkyNet: An architecture for cross-view camera localization. SkyNet consists of two encoders, 1) a Sat-Encoder processes
input satellite images, and a GAS-Encoder processes ground/aerial/satellite views. Our model first patchifies the input images into tokens
by DINO, and appends camera tokens for camera prediction. GAS-encoder then alternates between self-attention and Masked-Satellite
Attention. Camera/Depth heads collect satellite tokens from Sat-encoder, ground-aerial tokens from GAS-encoder and predict camera-poses
and depth-maps respectively. 2) Masked-Satellite Attention restricts aerial/ground from interacting with satellite modality. 3) Progressive-

sampling gradually samples far-away cameras as training proceeds.

and aligned in the latent space. As in Sec4.2, we notice two-
issues with fine-tuning VGGT 1) It disturbs the pre-trained
VGGT weights, thereby losing the advantage of large-scale
pre-training 2) Global Frame-attention forces ground/aerial
views to exchange information with satellite, but distribution-
shift hurts performance.

5.1. SkyNet

Here we propose SkyNet, an architecture that processes in-
put data in two parallel-streams. SkyNet consists of two
components 1) a ground-aerial-sat (GAS)-encoder 2) a sat-
encoder.

GAS-Encoder: The Ground-Aerial-Satellite (GAS-
encoder) consists of L blocks. In each block, all input views
first undergo a self-attention. Next, we perform restricted-
attention termed as Masked-Satellite-Attention (MSA). In
Fig 8, MSA restricts ground/aerial views from interacting
with sat. However, sat still interact with aerial/gnd views.
The resulting attention values V' = [vg, v4,vg] are passed
to L — 1 identical blocks. The self-attention, and MSA
block are initialized with pre-trained VGGT weights, and
kept-frozen. After each block, sat features vg are fed to the
sat-encoder.

Sat-Encoder: Given multiple satellite images I, we
feed-forward them through a dino encoder. The output to-
kens first undergo a global-attention, where all the sat-views
interact with each other, resulting in the latent z. Next, we
update z = z + vs, where v, are the refined sat features
coming from the GAS-encoder.

Camera/Depth-Map Predictions: The camera param-
eters ('), are predicted from the output camera tokens

(t%)N, using four additional self-attention layers followed
by a linear layer. This camera-head decodes satellite-poses
from the satellite-encoder, and aerial/ground poses from the
GAS encoder. Additionally, we leverage a DPT head to out-
put dense features 7; € RE*#*W Both camera/depth-head
are shared across GAS encoder/satellite encoder.

Losses: We set the number of transformer layers as
L = 24. We train SkyNet end-to-end via a multi-task loss
L= ﬁcam, sat T aﬁcam, gnd/aerial +£deptha where we Cmpirically
set a = 0.4. The camera loss, depth loss, and other hyper-
parameters assume similar implementation/initialization as
VGGTI35].

5.2. Cross-View Training strategies

As humans, we learn how to solve a particular problem by
solving easier instances first, and gradually increasing the
level of difficulty. This has been known as ‘curriculum-
learning’ in prior-literature. Inspired by this, we propose two
training strategies for cross-view localization 1) Curriculum
Aware Camera-Sampling (CA-CS), 2) Progressive-View
Sampling (P-VS).

CA-CS sampling: During initial epochs, we sample cam-
eras that lie closer to one other. As training proceeds, we
gradually sample cameras far away from one another, for eg,
non-overlapping cameras. Consider two-views with extrin-
sics (R1, Ra), and (t1, t2). We estimate rotation/translation
distance dg /dr as:

.
dp = %arccos(Tr(RIQRZ)_l) Codp = ||t1 _ t2||2, )

where, D(I1,1s) = dg + Adr, where we set Ay = 0.5,
balances the rotation and translation terms. We pre-compute



Table 5. Localization results across Ground+Satellite setup.
RRA @5 / RTA@5 denote rotation and translation accuracy within
5°/5 m. ZS = Zero-Shot.

Method Data Ground Satellite Overall Avg
RRA@5 RTA@5 Avg RRA@5 RTA@S5 Avg

Dust3r A 29.2 19.1 242  90.0 56.6 733 48.7

Mast3r A 32.8 315 322 733 333 533 42.7

VGGT A 70.2 61.6 659 76.6 33 400 52.9

VGGT  Sky2Ground  34.5 402 374 833 333 583 47.8
SkyNet Sky2Ground 71.3 649 68.1 88.0 363 622 65.1

and cache pair-wise distances of all the cameras in a scene.
For a given ground-view I, all the other views are sorted in
increasing order of distance, and sampled with equal offset
w.r.t each other. Our distance-metric doesn’t involve explicit-
point/feature-matching as in [15, 36], and runs even on a
CPU.

P-VS sampling: Intuitively, ground/sat views are
extreme-viewpoints. However, aerial-images can serve as a
‘bridge’ connecting these modalities together[34]. During
training, we sample N total images, where N = N, + N, +
N, images, N,, Ny, N, being number of ground/aerial/sat
images. In beginning of our training schedule, we sample
more number of aerial-views (N, =~ N ). Towards the end,
we only retain ground/satellite images (N, ~ 0). There-
fore, our SkyNet gradually transitions from an easier prob-
lem, (localizing ground/aerial/sat views) to harder scenarios
(ground/sat only).

5.3. Results

We evaluate SkyNet on dense2 setup, and consider both
ground/aerial/satellite , as well as ground/satellite setup.
Note that ground/satellite is an extremely-realistic scenario
since aerial-imagery might not be available in certain-
regions, for eg, forests, and war-zones. We report both
RRA @5 and RTA@5, with standard-deviation across 10
sites in Sky2Ground. In Tab4, we observe that SkyNet
achieves a sota score of 83.2%(+9.6% RRA), 83.2%(+22.0%
RTA). In Tab5, we report avg = (LZEAGERTACLS ) e ob-
serve our SkyNet improves VGGT even further to 65.1 on
average, marking improvement of (+12.2% ).

5.4. Ablations on SkyNet

In Tab 6, we discuss how different components in SkyNet
perform in isolation w.r.t to each other.

Processing satellite along with aerial/ground images
helps. Processing sat images in both Ground-Aerial encoder,
and Sat-encoder fares better than processing satellite only in
Sat-encoder (+0.9 vs +0.2).

Masked Sat-Attention is the most contributing compo-
nent: In Tab6, using Masked-Sat attention results in highest

Table 6. Ablation of SkyNet variants. Effect of MSA (Masked
Satellite Attention), CA-CS (Curriculum-Aware Camera Sampling),
and P-VS (Progressive View-Sampling).

Method GAS-Enc. Sat-Enc. MSA CA-CS P-VS Avg
VGGT (trained) | A+G+S X X X 478
VGGT-ZS A+G+S - X X X 529
SkyNet (Ours) A+G S X X X 531
A+G+S S X X X 538
A+G+S S X v X 543
A+G+S S X X v 6l
A+G+S S v X X 627
A+G+S S ' v X 638
A+G+S S v X v 649
A+G+S S v v v 651

increase of 8.2. Masking constraint ensures that satellite-
tokens are refined by both ground/aerial tokens. Further-
more, we retain strong zero-shot performance of VGGT in
ground/aerial case, since ground-aerial tokens never interact
with input satellite.

Progressive-View Sampling (P-VS) is the best training-
strategy: Training SkyNet with only P-VS obtains +7.3,
whereas with CA-CS only improves by 1.4. This shows that
decreasing aerial-views during training is the better strategy.

Adding satellite features from VGGT encoder— Sat-
encoder outperforms naive cross-attention. We perform
an additional ablation, where instead of ‘adding’ satellite-
tokens from the Ground-Aerial encoder, we replace it with
cross-attention[3]. Avg performance drops from 65.1 to
59.7, indicating that cross-attention is not the best choice.

SkyNet’s improvements are not merely due to
increasing-parameters: We create a flop-matched baseline
by increasing VGGT to additional 24 layers. This ensures
that parameter count becomes identical to proposed SkyNet.
The performance improves from 47.8 to 50.4. However,
it still lies below VGGT’s zero-shot performance (52.9),
as well as SkyNet’s results (65.1), indicating that improve-
ments are not merely due to increasing parameters, but due
to MSA/CA-CS/P-VS components.

6. Conclusion

We introduced the problem of jointly localizing cameras
across ground, aerial, and satellite views. We presented
Sky2Ground, a dataset spanning both real and synthetic
imagery, and showed that naive fine-tuning of existing
models is hindered primarily by the distribution shift
introduced by satellite views. To address this, we proposed
SkyNet, a cross-view extension of VGGT that leverages
curriculum-inspired strategies such as progressive view and
camera sampling. We sincerely hope that Sky2Ground may
serve as a foundation for future research.

Limitations: Our method is inherently two-stage, in first-
stage we predict-poses, and then rely on gaussian-splat for
rendering. Exploring unified-models capable of predicting
poses/gaussian-parameters remains an interesting direction.
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