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Cross-View Splatter: Feed-Forward View Synthesis with Georeferenced Images
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Figure 1. Cross-View Splatter is a feed-forward model that predicts Gaussian splats for GPS-tagged ground level images and corre-
sponding orthorectified satellite imagery from mapping services. It predicts Gaussian splats for both ground level and bird’s-eye views in
a unified coordinate system and supports multiple input images with unknown 6DoF poses. Only the GPS location of the ground level
images is required. Our model improves scene coverage and novel-view synthesis compared to using ground imagery alone.

Abstract

We present Cross-View Splatter, a feed-forward method that
predicts pixel-aligned Gaussian splats for outdoor scenes
captured at ground level AND by satellite. Faithful recon-
structions require good camera coverage, but ground im-
agery is time-consuming and hard to capture at scale for
large outdoor scenes. Fortunately, satellite imagery can
provide a global geometric prior that is easy to access via
public APIs. Cross-View Splatter fuses orthorectified satel-
lite views with GPS-tagged ground photos to predict Gaus-
sian splats in a unified 3D coordinate frame. By aligning
ground and bird’s-eye feature representations, our model
improves scene coverage and novel-view synthesis, com-
pared to ground imagery alone. We train on curated georef-
erenced datasets and paired satellite—terrain data, mined
from open mapping services. We evaluate our method on

“Work done as an intern at Niantic Spatial.

a new benchmark for novel-view synthesis with georefer-
enced imagery allowing comparison to prior state-of-the-
art methods. Our code and data preparation will be avail-
able at https://nianticspatial .github.io/
cross—-view-splatter/.

1. Introduction

Advances in 3D perception are transforming how visual
systems model, interpret, and interact with the physical
world. Generalized 3D reconstruction, in particular, has
seen considerable success, with methods like [17, 38, 78,
80, 89, 97] allowing for accurate 3D point reconstruction
using one or more images in a matter of seconds, with little
to no prior information about camera calibrations. In addi-
tion, methods like [7, 35, 86, 90, 97] have extended feed-
forward 3D reconstruction to novel-view synthesis by pre-
dicting Gaussian attributes for pixel-aligned points, which
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can be rendered via 3D Gaussian splatting [39], a desir-
able downstream task for 3D reconstruction. Despite this
remarkable progress, a fundamental limitation still per-
sists: these methods are designed, trained, and evaluated
on ground level perspective imagery. This stems from the
fact that widely used 3D foundation model training datasets
consist predominantly of ground level calibrated views with
aligned depth maps [3, 9, 26, 27, 45, 47, 62, 65, 92]. How-
ever, this reliance introduces significant scalability chal-
lenges, as modeling city-scale environments requires vast
amounts of data that are both difficult to capture and com-
putationally costly to process.

In contrast, satellite imagery provides a complementary
perspective for outdoor captures. From a bird’s-eye view
(BEV), large-scale features such as roads and building
footprints are more clearly delineated compared to ground-
level imagery alone. High-quality satellite data is also
readily available: mapping services such as Google Maps
[28], Azure Maps [52], and Esri World Imagery [18]
provide global surface imagery as fast, queryable tiled
web maps (orthorectified satellite imagery). Our core
insight is that, for geo-localized ground-level captures,
tiled web-map satellite imagery provides a strong prior for
global scene structure and geometry beyond street-view
observations. Nonetheless, compared with ground-level
or UAV imagery [14], satellite imagery remains challeng-
ing due to its coarser spatial resolution and variation in
weather, illumination, and season, making it impractical
for conventional structure-from-motion and 3D Gaussian
splatting frameworks.

We therefore leverage satellite imagery in a learned man-
ner to capture low-resolution scene geometry. We intro-
duce Cross-View Splatter, a feed-forward method that uses
both ground-level imagery and orthographic satellite im-
agery from freely available mapping services. Given one or
more ground-level images with GPS and heading metadata,
our model queries a corresponding BEV image. Ground
and satellite images are encoded into a unified feature space
via cross-attention [15] with a strong pre-trained 3D recon-
struction model [35, 78]. This feature space is then used to
regress 3D Gaussian splat attributes. We backproject splats
from ground images using perspective projection and from
satellite images using orthographic projection, then merge
them into a single 3D scene representation for novel-view
rendering.

However, orthoimagery poses a fundamental challenge.
Orthorectification removes perspective effects and paral-
lax, making 3D reconstruction from tiled web map im-
agery alone impossible for classical MVS methods [25, 41,
42, 60]. Sparse overlap between surfaces visible in satel-
lite and ground views also makes feature-based 3D recon-
struction [66] very challenging. To train our feed-forward
method with suitable 3D data for ground and orthoimagery,

we augment existing georeferenced ground-level datasets.
We mine Digital Elevation Models (DEMs) and terrain
data from public geological surveys [22, 52, 74] to create
satellite-height map pairs, which provide a suitable 3D su-
pervisory signal for satellite perspectives.

Contributions. To summarize, we provide the follow-
ing contributions: (1) a novel feed-forward method capable
of synthesizing Gaussian splats for both ground level per-
spective imagery and orthorectified satellite views, a first of
its kind. We leverage satellite views alongside ground im-
agery to achieve greater coverage and a superior ability to
extrapolate to novel views, an advantage over methods re-
stricted to ground imagery alone. (2) Curated datasets with
ground level imagery with georeferenced BEV satellite im-
ages and terrain height maps; and (3) a new challenging out-
door scenes benchmark of ground level images with aligned
satellite views allowing comparison of state-of-the-art feed-
forward 3D Gaussian splatting methods.

2. Related Work

Feed-forward reconstruction. Feed-forward reconstruc-
tion refers to learning based methods for reconstructing
the geometry of a scene via a single forward pass of a
neural network. In contrast to classical structure-from-
motion (SfM) [8, 31, 55, 66] and multi-view stereo (MVS)
[24, 29, 64] methods that reconstruct the scene with op-
timization schemes, feed-forward approaches are attrac-
tive for their speed and ability to generalize to challeng-
ing sparse inputs. The seminal work DUSt3R [81] intro-
duced a ViT [15] encoder-decoder with self- and cross-
attention that regresses two-view point maps in a canoni-
cal frame. Follow-up works [17, 38, 49, 50, 71, 78, 89]
extended DUSt3R’s two-view limited architecture to multi-
view reconstruction. Methods like [2, 38, 78, 80, 83] also
regress 6DoF camera poses relative to an arbitrary refer-
ence image, with [76] even using aerial perspective view-
points. However, integrating orthoimagery remains an open
and largely unexplored challenge.

Feed-forward novel-view synthesis. = Learning based
methods for view synthesis have also been proposed.
Early works adopted multi-plane images (MPI) [98] as a
scene representation for small baseline novel-view synthe-
sis. They included single-view methods [73] and multi-
view ones [69, 79, 98], and utilized CNN based architec-
tures for feature extraction and 3D regression. With the ad-
vent of NeRF’s [53], methods like [0, 16, 93] use multi-view
architectures with NeRF-like volume rendering for view-
synthesis.

The success of 3D Gaussian splatting [39] motivated
a series of works, notably [5, 7, 32, 35, 68, 82, 86, 90],
that regress per-pixel Gaussian attributes rendered to novel
views via splatting-based rasterization. Methods such as
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Figure 2. Method overview: Given geolocalized ground images and a single orthorectified satellite perspective, our model synthesizes 3D
Gaussian splats in a shared coordinate frame. Ground views exchange information with satellite views within bidirectional cross-attention
layers. Gaussians are predicted separately from ground and satellite branches, which are then combined into a unified coordinate frame.
Although public elevation data is leveraged during training, only the satellite image and ground view(s) are necessary for inference.

NoPoSplat [90] and AnySplat [35] use strong pre-trained
3D foundation models [78, 81] as backbones, distilling their
priors for view synthesis. This is a scalable approach, espe-
cially for datasets without ground-truth geometry [48, 98].
However, 3D foundation models are not trained on satel-
lite imagery and therefore struggle in our cross-view setting.
We adopt a hybrid strategy: we use pre-trained foundation
models [35, 78] for ground-level geometry tasks, and fine-
tune additional satellite-specific layers to align satellite and
ground-level features.

Satellite images for 3D reconstruction. Prior work recon-
structs city-scale 3D models from satellite imagery. Tradi-
tional methods [42, 60, 87] use MVS on non-rectified satel-
lite and aerial images to recover geometry and BEV cam-
era models (RPCs). More recent methods [25, 34, 36, 41]
use Gaussian Splatting: SkySplat [34] is a multi-image
feed-forward method for satellite images, Horizon-GS [36]
jointly splats ground and aerial views, and Skyfall-GS [41]
jointly optimizes splats with diffusion-based refinement.
SkyEyes [25] follows a similar setup and reconstructs
meshes from multi-view satellite imagery with surface-
aligned Gaussians [30], refined in ground-level views via
denoising [95]. A key limitation is reliance on multi-view
off-nadir, non-orthorectified imagery, which is hard to ac-
quire and typically unavailable from mapping services such
as Google Maps. To address this, [33, 85] pair orthorecti-
fied satellite imagery with DEMs to predict satellite-aligned
height maps, then convert them to voxel grids for ray-
traced coarse ground-level depth. We also estimate satellite-
aligned height maps at inference time, but unlike methods
that warp this geometry for depth prediction, we directly
render it into ground-level views using Gaussian splatting.

Satellite-to-ground view-synthesis. Generating ground-

level novel views solely from satellite imagery has also been
studied. Shi er al. [67] use relationships between ortho-
graphic views, height maps, and ground panoramas to warp
satellite texture to ground level. Toker et al. [72] synthesize
ground views with an intermediate polar transformation net-
work. Xu et al. [87] reconstruct a scene mesh with MVS,
project it to ground views, and texture it with a diffusion
model. Sat2Density [58, 59] predicts a tri-plane representa-
tion [4] from top-down views that can be volume-rendered
to known camera views, and unlike other methods can use a
single satellite image. Inspired by these single-image meth-
ods, we adopt a Gaussian splat representation for top-down
views that can be rasterized to novel views. Sky handling is
also important: [59] regularizes sky regions in ground-level
views to be opaque, whereas [58] generates sky color with
StyleGAN-2 [37]. As in [59], we treat sky regions as part
of the ground-level reconstruction model and promote sky
Gaussians to be far away and opaque.

Generative satellite-to-ground methods have also been
proposed. SatDreamer360 [94] predicts a tri-plane feature
representation from BEV views, then synthesizes ground
views by denoising a latent diffusion model [63] with ray-
based cross-attention. Sat2GroundScape [88] reconstructs
a mesh from satellite views and textures it with satellite-
guided denoising. Sat2Scene [43] and Sat2Vid [44] instead
synthesize a point cloud from satellite views, then denoise
and texture it with a 3D diffusion model. Streetscapes [13]
generates ground-level depth and semantics from Google
Maps height maps and semantic labels, then uses them to
condition a video diffusion model that generates ground-
level videos of city blocks. In contrast, feed-forward ap-
proaches like ours synthesize only visible regions in ground
and satellite views without hallucinating unobserved areas.
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3. Model for Cross-View Splatter

3.1. Problem Formulation

Goal. Given an input sequence (15°*™)N | of ground level
georeferenced imagery, we seek to reconstruct a 3D Gaus-
sian splatting model in a feed-forward fashion with the aid
of a single satellite perspective. Georeferenced imagery
refers to images tagged with 3DoF pose information, specif-
ically GPS latitude, longitude, and heading information
(available in most devices with an IMU [1]), which enable
retrieval of a corresponding top-down orthographic view
I with a known spatial resolution r**, with units of pixels
per meter, from satellite mapping services [18, 28, 52].

Coordinate conventions. We construct a coordinate frame
where Ig“’““d serves as the reference, with the queried satel-
lite image I** centered at this location. We consider /5™
as the reference frame and express images 15"
it. 18" also defines the zero-altitude location. See Fig. 3
for more details. Weuse i € {0, ..., N—1} toindex images
and j € {0,..., M — 1} to index per-pixel attributes.

relative to

3.2. Preliminaries

Geometry transformer. We seek to encode ground level
perspective imagery and orthoimagery into a similar fea-
ture space for 3D reconstruction. For ground level im-
ages, we adopt the VGGT [78] architecture as a feature ex-

tractor. Images 15" € R¥*W are encoded using DI-

NOvV2 [54] to extract a sequence of patch tokens tiimg €
R’ >4 with d = 1024 being the embedding dimension and
l; = HZ>7<72W for a patch size of p = 14. A camera token

team ¢ R1*4 and four register tokens ¢, € R'*? [12] are
prepended to each image token sequence. These concate-
nated token sequences (£ = (¢am %% M) are pro-
cessed by a N-layer alternating-attention ViT transformer
[15]. Each layer applies the attention mechanism to either
its own image token sequence, referred to as frame attention
Attngame(t;, t;), or jointly with all image tokens referred

to as global attention Attngopa ({t;}7q, {t:}~). Tokens

d . .
2" are trained to regress 6DOF relative camera poses and

intrinsics via the camera tokens ¢;*" and dense depth and
point maps with DPT [61] heads.

Gaussian splatting. We express our 3D scene represen-
tation as a set G = {(p;,3;,0;,60;)}; of Gaussian dis-
tributions (zt;, 3;), with opacities o; and view-dependent
colors 6; < CNen represented via order Ny, = 1 spher-
ical harmonics. We regress Gaussian parameters for both
ground and satellite views, represented by G&'™ and Gt
respectively. To render Gaussian splats we follow [39] and
use depth-sorted alpha-blending of colors based on accumu-
lated transmittance at each pixel location.

Gaussians, G

Zw

Yuw

Figure 3. Coordinate conventions. We consider camera I5*"™ to
define the origin of the world coordinates, i.e. the identity pose,
as well as the spatial location of the BEV satellite image I**.
The BEV I* frame is aligned with the heading of 1™ such
that the camera look-at direction z. is pointing up in the satellite
view. Gaussian splats G are projected via perspective projection to
ground views, and orthographic projection into BEV views. Other

. § ) *
ground level images I$5¢" are expressed relative to J5°".

3.3. Joint Ground and Satellite Aware Transformer

The direct use of VGGT for orthorectified imagery is prob-
lematic: projections are not perspective, so they lack 6DoF
poses and camera intrinsics and, more fundamentally, depth
estimation is not usable without altitude information. In-
stead, we consider the transformation between ground and
satellite views as 3DoF. We assume this transformation is
known such that alignment as described in Fig. 3 holds.
Similarly, we assume that the reference image I8 de-
fines the zero-altitude location. We thus formulate BEV ge-
ometry prediction as a height-map regression problem and
estimating heights relative to the I§°"™ frame.

To achieve joint predictions with ground and satellite im-
agery, we inject cross-attention layers into the alternating-
attention backbone of [78]. Specifically, we encode a BEV

. at He X W. sat HsalXWsz\le
image [** € RYs=* Wt a5 patch tokens ¢t** € R »?

and introduce a bidirectional attention mechanism between
ground tokens "™ and %, referred to as Attnpe. This
consists of two residual cross-attention layers that mix sig-
nals from satellite tokens #** and ground tokens "™, 5o

Attnmeta (tsat’ tground) — AQ (tsat7 ~A1 (tground, 7jsat7 tsat))’ (1)

where A(Q, K,V) is the multi-head attention mechanism
[15, 75]. Attnpe, is performed L = 12 times.

3.4. Geometry and Gaussian Splats Prediction

Ground views. Ground tokens 5™ flow through N-
layers of alternating Attng,me and Attngoa attention as
well as L-layers of Attnye,. Tokens t2°"™ are used to pre-
dict ground level depth maps and confidences with a DPT
head:

diround7 C;?’round _ DPTdepth (t%round). (2)
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Figure 4. Example reconstruction outputs on scenes not seen during training. Left to right: input ground images, input satellite image,
predicted height map, predicted height confidence (black: low, red: high), predicted ground Gaussians, predicted combined Gaussians.

Additionally, a camera-head is used to regress the 6DoF
relative pose T; and perspective camera intrinsics K; for
each input ground image using the camera tokens t5*",
which are used to define the means of ground Gaussians
/L?mund = backproject(d?mund7 K i TJ) The remaining
ground Gaussian parameters are predicted with a DPT head
Eiround, Oﬁround, eﬁround _ DPT3DGS (t§round) that also has a
skip connection from the input images to allow color infor-

mation to propagate to the outputs [35].

Satellite views. Satellite tokens ¢ are used to regress a
height map relative to J&**™ and per-pixel confidence val-
ues C*, the latter of which is crucial for mitigating the im-
pact of inaccurate or noisy ground-truth terrain height data:

hsat7 Csat — DPTheight (tsal). (3)

Height map A% is transformed into 3D Gaussian locations
Mj?“ utilizing the known spatial resolution 7% of the satellite
image, so

sat __

W= (e oy p) = Wt (u,0)) ", @)

where u, v are pixel locations in I**. This conversion di-
rectly assumes an orthographic projection model for the
satellite image. Similarly, the remaining satellite Gaussian
G attributes are regressed with a DPT head.

Scene scale normalization. We adopt the per-batch /-
scaling of the scene derived from backprojected depths, as
established in [78, 81], to normalize depths, poses of ground
imagery, and we also integrate h**" and 7 into the normal-
ization scheme. See the Supplemental for further details.
Notably, at inference time, all network predictions are ex-
pressed in the same normalized coordinate frame.

3.5. Losses

Ground views.  We supervise our ground Gaussians
geound = {(u;,%,,0;,6;)}; with the following losses.

,u%mu“d are regularized implicitly via depths d&°"™

; with a
confidence weighted depth loss

M
_ jeround  jeround
Laepin = Z (de d;

Jj=

, —ozlong) .0

During training, we utilize ground truth camera parameters,
whereas at inference time we utilize predicted parameters.
Camera poses and intrinsics are regularized with an L1 loss:
Lo = T =T, + | K — K|j;. &, ie. the Gaussian
sizes, are regularized with a depth consistency loss between
predicted depths d?mund and Gaussian rendered depths, so

) o

. . d
The Gaussian splat colors and opacities o} """ are

regularized with a mean-squared error and perceptual error
[96] between ground-truth input images and Gaussian splats
rendered from input image views, so this loss is

M
_ 2 : ground ~ground
[:consl - (de - Dj,3DGS

i=1

ground
0]’

N
ground __ ground ground
‘CRGB = Z (HIw - Ci,SDGS” + - LPIPS(Z;, Ci,3DGS)> :
i=1
@)
Satellite views. In a similar fashion, we regularize height
predictions ~A%" with a confidence weighted loss: Lheight =
‘ hstt — psat|| — v log O, Differently from ground views,
2
for color supervision, we render satellite Gaussians to both
input views as well as novel views, so

K

N
LR = Z 11;— iS?3tDGS||+Z<||Ik,nVS_CIS£I3DGS”)7 ®)
i=1 k=1

where I,,s are selected as interpolating views between the
bounds of the input images V.
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Combined ground and BEV views. Lastly, we promote
the synergy between the two Gaussian sets G2 and G5t
by computing a loss on Geombined — gground | gsat namely

combmed

LRrGB Z 11; =

Coonas . 9)

BEYV rendering. In Eq. (7) and Eq. (8), we regularize
Geound and G with ground level views. To introduce a
similar BEV constraint, we reproject Gaussian splats via
orthographic projection onto the satellite plane. A key dif-
ference lies in the Gaussian size 3;: while perspective
Gaussian splatting scales X ; proportionally to the inverse z-
depth (distance between camera T'; and Gaussian mean pt),
orthographic projection omits this depth-dependent scaling.
Therefore, when transforming Ggeround and Gs2t into the BEV
perspective, we directly project normalized world coordi-
nates into satellite pixel space using the spatial resolution
7% factor of the satellite image. We compute a combined
Gaussian rendering loss in the satellite view, so

_ sat combmed
Lppyv = 1™ — Cipes™ ||, (10)
where C§ambined denotes renders from combined Gaussians
gcombmed gground U gsal

Sky regularization. Sky pixels lack reliable depth cues
and often produce erroneous depth estimates. To handle
such regions, we identify sky pixels using an off-the-shelf
segmentation model [46, 77, 100] and penalize implausibly
close depth estimates using

M

Esky,depth = Z Mj . RGLU<T
j=0

_ d§round)’ (1 1)

where 7 is a threshold distance and

M, - 1 if sky.
0 otherwise.

We also observe that explicitly promoting opaqueness of the
sky pixels is necessary, so

Skyjilphd Z M H]' — 05 ||1 (12)
We denote the total sky loss with Loy = Loy depth +
L:sky,alpha-

3.6. Georeferenced Data Curation

To train our model, we collected a set of geolocalizable
ground level datasets, then augment those with BEV satel-
lite images and terrain height data. For orthoimages, we
use tiled web map providers Google Maps [28], Azure

Satellite Height Map ~ Ground Image

—
—
wn
—
w4
=
=
=
5]
=
-
=

VIGOR [99]

Figure 5. Illustration of training samples from our BEV aug-
mented data. Ground 3DoF pose is denoted with green | arrow.

Table 1. Our training data consists of georeferenced outdoor im-
ages that include 3DoF pose information, satellite imagery, ter-
rain height maps, and/or ground level depth data. Our driving
scenes are sourced from Metropolis and VIGOR. VIGOR contains
panoramas, we create perspective cutouts with 90° FoV. * we gen-
erate pseudo-ground truth depths using UniK3D [57].

Name Satellite Terrain Maps Depth Maps # scenes Static scenes?
Metropolis [51] v v v 75 -
VIGOR [99] v v * 52K v
MapFree [1] - v 655 v
VKITTI2 [3, 23] - - v 21 -
DL3DV[47] - v 10K v

Maps [52], and Esri World Imagery [18]. For access, we
used [19-21] and query views at ground level GPS loca-
tions at a sampling density of 2 pixels per meter, at reso-
Iution 512x512. For terrain data, we leverage government
and public lidar data, namely Geological Survey data [74]
and various data from [22]. We illustrate training samples
in Fig. 5 and give a breakdown of datasets in Table 1. We
give more examples and details in the Supplemental. Due
to licensing restrictions (e.g. Google Maps, Azure Maps) we
host only our additional data, and will provide code to query
for the satellite images and reproduce the training datasets.

4. Experiments

We evaluate Cross-View Splatter on novel view synthesis.

Datasets. We introduce a new task: view synthesis with
geolocalized outdoor images. Because no benchmark cur-
rently exists for this setting, we construct one by augment-
ing the well known Tanks and Temples dataset [40] and se-
lected outdoor scenes from the DL3DV-Benchmark [47].
Specifically, we manually align and scale the COLMAP
[66] reconstructions of 10 outdoor scenes from Tanks and
Temples and 40 scenes from DL3DV to satellite imagery.
This alignment process is detailed in the Supplemental.
We then evaluate our method and competing baselines in
a sparse view setting with varying numbers of input views.

Training Data. We train with a combination of ground-
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Table 2. Outdoor Tanks and Temples sparse-view synthesis. Metrics are averaged over 10 scenes. For Cross-View Splatter, we report
ground-only, terrain-only, and combined (ground+terrain) reconstructions. Methods marked with * use ground-truth intrinsics. Methods
marked with * require multi-view input and were given one additional adjacent frame during testing. Sat2Density” takes a single satellite
image stylized with one context image (see Fig. 6).

1 context view 2 context views 3 context views

Method GT Pose? PSNRT SSIMT LPIPS | \ PSNRT SSIMT LPIPS | \ PSNRT SSIMT LPIPS |
Splatfacto v | - - - | 1153 0.2611 0.6436 | 11.72 0.2888 0.6267
MVSplat v - - - 6.93 0.1252 0.6997 7.58 0.1631 0.6941
DepthSplat v - - - 9.61 0.3146 0.6077 10.72 0.3557 0.5873
NoPoSplat ® 6.43% 0.1062* 0.7040%* 8.97 0.2197 0.6830 8.82 0.2359 0.6825
Long—-LRM - 8.53 0.3392 0.7054 8.53 0.3392 0.7054 10.54 0.3253 0.6477
AnySplat - 7.48 0.3572 0.6482 9.85 0.3483 0.5773 10.93 0.3775 0.5331
Sat2Density’ v \ 8.81 0.3557 0.8172 \ 8.90 0.3507 0.8097 \ 8.85 0.3508 0.8037
Ours Combined - 11.13 0.3764 0.6286 11.67 0.3725 0.5984 12.00 0.3855 0.5699
Ground - 8.92 0.3621 0.6066 9.94 0.3615 0.5877 10.61 0.3763 0.5631
Terrain - 8.39 0.3783 0.6257 9.82 0.4341 0.7474 9.63 0.4301 0.7472
Table 3. Outdoor DL3DV sparse-view synthesis results. Results are averaged over 40 scenes.
1 context view 2 context views 3 context views
Method GT Pose? PSNRT SSIMT LPIPS) ‘ PSNRT SSIM7T LPIPS | ‘ PSNRT SSIMT LPIPS
Splatfacto v | - - - | 1346 0.2962 0.6158 | 13.61 0.3018 0.6026
MVSplat v - - - 6.27 0.0413 0.7174 6.29 0.0474 0.7158
DepthSplat v - - - 8.58 0.1569 0.6774 9.04 0.1817 0.6761
NoPoSplat * 6.89% 0.0669* 0.7019* 11.01 0.2670 0.6665 11.10 0.2731 0.6687
Long-LRM - 4.78 0.3153 0.7196 9.74 0.2842 0.6813 10.93 0.2890 0.6149
AnySplat - 8.37 0.2639 0.6498 10.37 0.3014 0.5702 10.88 0.3122 0.5557
Ours Combined - 11.33 0.2741 0.6307 12.10 0.2976 0.5940 12.61 0.3204 0.5683
Ground - 9.00 0.2592 0.6191 10.05 0.2878 0.5842 10.65 0.3103 0.5606
Terrain - 8.24 0.2790 0.6884 8.41 0.2801 0.6932 8.30 0.2834 0.6928

RGB (terrain)

feed-forward method initialized by [81] weights, and the
e) Splatfacto [70] method, our baseline that performs per-
scene optimization using input views taking 5+ minutes
to optimize each scene. We also provide qualitative re-
sults comparing satellite-to-ground-only view-synthesis us-
ing Sat2Density [59].

As DL3DV-10K includes DL3DV-Benchmark scenes
and NoPoSplat trains on the entire set, in Table 3 we eval-
uate the RealEstate10K [98] variant of NoPoSplat. We do
not compare against FLARE [97], as their training data con-
tains scenes of DL3DV-Benchmark and scenes of Tanks and

Ours

Sat2Density [59]

Figure 6. Satellite-to-ground qualitative results. Column 1: tar-
get ground image and satellite image input. Columns (2-4): Pre-
dictions. (7op) our G** rendered to ground-view RGB, ground-
view depth, and BEV depth. (Bottom) Sat2Density [59] with RGB
and volume-rendered ground/BEV depths from predicted density.
Our method produces sharper, more accurate depth maps. The
scene is challenging for Sat2Density [59], as it was predominantly
trained on US country-side images.

view only datasets and those that we augment with satellite
imagery, see Table 1 and Sec 3.6. Note that for DL3DV[47],
we remove benchmark scenes from our training data.

Baselines. We consider various feed-forward novel-view
methods. We compare against a) MVSplat [7] and b) Depth-
Splat [86] for cost-volume based multi-view 3DGS meth-
ods c¢) AnySplat [35], a feed-forward method initialized
by the [78] model weights, d) NoPoSplat [90], a similar

Temples within the Megadepth dataset. For fairness, we
center-crop input and target images to square images and
rescale to each method’s training resolution.

View Selection. First, we compute frame overlaps based on
the number of co-visible sparse points recovered by Colmap
across every view pair. For context views, we start by se-
lecting the first index in each scene and then we select each
subsequent required context view by optimizing for a target
overlap. For each combination of context views, we select
four target views, each at varying overlap targets to the con-
text views. See the Supplemental for more details.

Evaluation metrics. We report PSNR, SSIM [84], and
LPIPS (VGG-net) [96] metrics. For our method, we report
metrics for ground level Gaussians (ground), satellite-to-
ground level Gaussians (terrain), and combined ground and
satellite Gaussians (combined (Ours)).
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Splatfacto

MVSplat DepthSplat

NoPoSplat AnySplat Long-LRM

Figure 7. Qualitative results. We show results for a target image from the Outdoor Tanks and Temples dataset under the sparse-view
synthesis setting. Our method extrapolates into unobserved regions by leveraging visual cues from the corresponding satellite image.
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Figure 8. Stratified evaluation. Bucketed PSNR performance
(5% bins) vs. image overlap on our geolocalized Tanks & Temples
dataset.

Implementation details. We use PyTorch [56] with
gsplat (v1.5) [91] for Gaussian rasterization. We ini-
tialize our model from AnySplat [35]. We train for 4
days on 2x-A100 GPUs with a batch size of 10, using
FlashAttention-v2 [10, 11] and mixed-precision. We resize
satellite images and terrain heights such that their spatial
extent is 244 meters. Our input resolution is 518x518.

4.1. Results and Ablations

We report novel view synthesis results in Tables 2 and 3.
Our method matches or outperforms baselines, with the
satellite head (Combined) improving scores across all con-
text coverage levels. Although overall PSNR values are low,
this reflects the challenging setup—input—target pairs have
low overlap (IoU ~ 0.05-0.5), making many cases diffi-
cult. Cost-volume baselines like MVSplat and DepthSplat
require multiple inputs and tend to fail under 1-view or
small-baseline conditions, where our satellite-conditioned
model performs more robustly. Qualitative comparisons are
shown in Fig. 7 and Fig. 6.

In Fig. 8, we stratify Tanks and Temples by context—
target IoU (co-visible COLMAP features at 5% bins) and
plot PSNR. The satellite model outperforms the base-
line across bins, with the largest gains at low overlap (<
0.151IoU), indicating stronger extrapolation to novel views.
Ablations in Tab. 4 and Fig. 9 show that consistency and sky
regularization improve VGGT w/ 3DGS, while VGGT w/
3DGS w/ SAT performs best, especially with L3y, likely
due to better BEV coverage of occluded and unseen regions.

Baseline

W/ Lsky

Input Image 1

Figure 9. Qualitative ablation of model with 2 input images.

Table 4. Quantitative ablation on the Metropolis dataset. Metrics
are averaged over 36 test scenes, covering 2 input and 2 interpo-
lated novel-views. Our satellite variant achieves superior results
due to its larger BEV coverage, allowing for extrapolation into oc-
cluded and unseen regions in large baseline driving scenes.

Method Ground Terrain Combined
PSNR PSNR  PSNR
VGGT w/ 3DGS:
Leam + Laepin + Lion 15.26
+Leonst 16.99
+Lsky 17.10
VGGT w/ 3DGS w/ SAT: ‘
Leam + Laeptn + Leonst + Lsky + Logp™d | 1699  5.24 17.17
4 L8 1661 536 16.87
+LyGs 1759 12.25 18.63

5. Conclusions

We introduced Cross-View Splatter, a novel feed-forward
method that predicts Gaussian splats for ground and satel-
lite images. Unlike previous approaches, our BEV Gaus-
sians increase scene coverage and improves view-synthesis
in difficult outdoor scenes. To train our model with the
new cross-view setting, we curated a collection of exist-
ing datasets and supplemented them with satellite views and
height maps. We also introduce a new benchmark for novel-
view synthesis with the aid of satellite images using public
outdoor scenes of Tanks and Temples and DL3DV.
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