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Abstract

Recently, Gaussian splatting has emerged as a strong al-
ternative to NeRF, demonstrating impressive 3D modeling
capabilities while requiring only a fraction of the training
and rendering time. In this paper, we show how the stan-
dard Gaussian splatting framework can be adapted for re-
mote sensing, retaining its high efficiency. This enables us
to achieve state-of-the-art performance in just a few min-
utes, compared to the day-long optimization required by
the best-performing NeRF-based Earth observation meth-
ods. The proposed framework incorporates remote-sensing
improvements from EO-NeRF, such as radiometric correc-
tion and shadow modeling, while introducing novel com-
ponents, including sparsity, view consistency, and opacity
regularizations.

1. Introduction
Since the mid-20th century, the number of active satellites
in orbit has increased exponentially. Today, hundreds of
satellites are dedicated to Earth observation, and this num-
ber is expected to continue growing [9]. These satellites
frequently acquire optical images of the same areas at reg-
ular intervals. As a result, the availability of these datasets
will continue to grow in the near future, requiring efficient
algorithms to handle this expansion.

One common task for these image datasets is photogram-
metry [13, 19, 27], which aims to recover the 3D geome-
try (e.g. Digital Surface Model - DSM), and the appearance
(e.g. an albedo map) of the Earth’s surface for this area us-
ing only the available 2D satellite images. Specifically, we
focus on performing digital surface modeling from remote
sensing images.

Historically, binocular stereovision and tri-stereo meth-
ods have been used for this purpose. However, these meth-
ods rely on image acquisitions being nearly simultaneous
and with specific relative positions, which is often imprac-
tical, with limited acquisition opportunities, and/or costly.

EOGS altitude EO-NeRF altitude

Pansharpened image Ground-truth altitude

Figure 1. Using a limited number of satellite images of a given
scene, the proposed EOGS method estimates the appearance and
geometry of the scene. It achieves the same level of detail as EO-
NeRF [32], such as the group of fans or the thin structures on top
of the tall building on the left. However, EOGS requires only a
few minutes of optimization, compared to the day-long training
time required by EO-NeRF [32].

Therefore, our goal is to develop a method capable of han-
dling multi-date images captured from arbitrary satellite po-
sitions.

More recently, multi-view stereo methods tailored for
novel-view synthesis (NVS) have been used to solve this
task as they naturally handle diverse camera positions. In-
deed, as the NVS task also requires understanding the ge-
ometry of the scene, these methods can be used to recover a
digital elevation model. These methods are usually based
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on the concept of radiance field, i.e. a representation of
the scene modeling the radiance emitted by each point, of
which NeRF [36] is the main representative. Among those,
EO-NeRF [32] has established itself as a state-of-the-art ap-
proach for digital surface modeling thanks to an improved
shadow model. However, because it is NeRF-based, it also
inherits NeRF’s computational slowness. In recent years,
3D Gaussian Splatting (3DGS) [23] has been proposed as an
alternative to NeRF. This method offers much faster training
and rendering while reaching comparable reconstruction ac-
curacy.

In this work, we introduce EOGS, the Earth-observation
Gaussian splatting, the first method for digital elevation
modeling based on 3DGS. EOGS achieves accuracy com-
parable to previous state-of-the-art approaches while being
approximately 300× faster. Keys to the success of EOGS
are the following contributions, all of which are compatible
with the original 3DGS framework’s efficiency:
• Approximating locally the pushbroom satellite sensors as

affine cameras.
• Introducing a shadow-mapping-based pipeline for render-

ing the shadows in a physically accurate manner.
• Adding three new regularization terms that promote spar-

sity in the Gaussians opacities, view consistency, and
completely opaque objects. This reduces the training time
and improves the quality of the results.

2. Related Work
2.1. Stereovision for Earth Observation

Stereovision is at the heart of many tools for 3D estimation
from series of satellite images. Examples of such pipelines
are Ames stereo pipeline [4], MicMac [43], CARS [35],
S2P [11], or CATENA [25]. Traditionally, these multi-view
stereo methods are applied to well-chosen (either manually
or automatically) image pairs. Since they process each pair
independently (for example in the dense stereo matching
step), a crucial step is the fusion of all the generated pair-
wise 3D models into a single one.

The recent trend has been to replace classic dense match-
ing methods, such as semi-global matching (SGM) [20]
or more global matching (MGM) [14], with deep learning
based methods such as PSM [8], HSM [53] or GA-Net [54].
A review of these methods and a comparative study for
satellite images is performed in [30].

2.2. NeRF for Earth Observation

Recently, Mildenhall et al. [36] have shown that it is pos-
sible to learn a volumetric model of a scene, called neural
radiance fields (NeRF), using differentiable inverse render-
ing. Given a sparse set of views of the scene, NeRF learns
in a self-supervised manner by maximizing the photocon-
sistency across the predicted renderings corresponding to

the available viewpoints. After convergence, the volumet-
ric model can then be used to render realistic novel views
of the scene. In practice, this volumetric model is repre-
sented by an MLP that predicts, for each position p of the
space, the local density of the scene σ(p) as well as its ap-
pearance (i.e. color) c(p). The rendering is performed using
an approximation of the volumetric integral I from optical
physics estimated using ray casting,

I(o,d) =

∫ tf

tn

e−
∫ t
tn

σ(r(s))dsc (r(t),d)σ (r(t)) dt (1)

with o the camera center from which the ray r originates
and d unit direction.

NeRF-based methods were then extended to the remote
sensing case, and in particular to perform multi-view and
multi-date satellite photogrammetry, namely S-NeRF [12],
Sat-NeRF [31], and EO-NeRF [32]. S-NeRF [12] exploits
the solar direction, information typically available in the
metadata of each observation or that can be easily retrieved
knowing the location of the scene as well as the acquisi-
tion hour and date, to predict the direct sun light reach-
ing each point in the scene. This is done by adding the
solar direction as an input to the MLP and predicting the
amount of sun light reaching a point as a new output. In
this way, the shadows cast by buildings can be learned by
the MLP and generated accordingly during the novel-view
rendering step. Sat-NeRF [31] extends S-NeRF by mod-
eling the transient parts of the scenes (e.g. cars, construc-
tion sites, or foliage) as done in NeRF-in-the-wild [33] and
improves the camera representation of S-NeRF, from pin-
hole to RPC [1, 46]. EO-NeRF [32] improves the handling
of shadows of S-NeRF and Sat-NeRF by defining physi-
cally plausible shadows directly from the geometry. These
shadows are then rendered by additional raycasting from
the surface in the direction of the sun. More recent work fo-
cuses on modeling difficult seasonal effects [17], extending
the proposed volumetric models to surface models [40], us-
ing the raw pre-pansharpened data provided directly by the
satellite operators [38], and accelerating the training step by
taking advantage of faster NeRF versions [5].

2.3. 3D Gaussian Splatting

Following the growing interest in NVS, 3DGS [23] was pro-
posed as an alternative to NeRF-based methods. While both
NeRF and 3DGS use alpha compositing as their image for-
mation model, 3DGS represents the scene using a set of
discrete Gaussian-shaped primitives placed in the 3D space,
as opposed to a continuous black-box MLP representation
of NeRF. In the following, we use the notation of Bulò et
al. [7].

A Gaussian primitive is a tuple γ = (µ,Σ, α, f) rep-
resenting a single Gaussian-shaped volume element in the
scene, whereµ ∈ R3 is the primitive center, Σ ∈ M3×3(R)



its 3D shape and orientation, α ∈ [0, 1] its opacity, and
f ∈ Rd its feature vector (e.g. color when d = 3).

3DGS uses K independent Gaussian primitives to repre-
sent the scene, so we will index them using k = 1, . . . ,K
as subscript. Each Gaussian primitive k has an associated
3D Gaussian kernel Gk defined as

Gk(x) = exp

{
−1

2
(x− µk)

T
Σ−1

k (x− µk)

}
. (2)

To render a view (characterized by its associated camera),
3DGS “splats” each 3D Gaussian kernel onto the camera
image plane. This process is called the splatting operation
and, mathematically, it associates a Gaussian primitive γk
and a camera model/projection A : R3 → R2 to a 2D Gaus-
sian kernel GA

k : R2 → R. The original 3DGS method
deals only with pinhole camera models. During the splat-
ting operation, each Gaussian is projected according to the
first-order approximation of the perspective projection com-
puted at µk, JA (µk). In this way, the mean vector and
covariance matrix of the 2D Gaussian kernel are:

µA
k = A(µk) ΣA

k = JA (µk) Σ
(
JA (µk)

)′
. (3)

Once all the primitives are splatted, they are sorted front-
to-back with respect to the camera reference. Then, they
are aggregated using the traditional alpha compositing, ac-
counting also for the Gaussian kernel decay such that

IA(u) =

K∑
k=1

f̃kω
A
k (u), (4)

where IA is the rendered image associated with camera A,
u ∈ R2 is a point in the 2D image plane, f̃k are features that
depend on fk and the view direction (for modeling view-
direction dependent color effect, such as shiny objects), and
the alpha-compositing coefficient is

ωA
k (u) = αkGA

k (u)

k−1∏
j=1

(
1− αjGA

j (u)
)
. (5)

Recent literature expanded the original 3DGS [23] in
many directions. As 3DGS has focused only on pinhole
camera models and relied on a first-order local approxi-
mation of the model, recent works propose different cam-
era models (e.g. fish-eye [29]) or more complex splatting
strategies [21]. Another line of work focused on improving
3DGS in challenging input regimes, such as sparse-view in-
put [52], and input without camera parameters [16]. More-
over, many recent methods focus on controllable texture and
lighting [18, 22, 28, 44]. Further references can be found in
recent surveys [2, 51].

3. Method
The proposed Earth-observation Gaussian splatting method,
referred to as EOGS, specializes and adapts 3DGS for the
satellite photogrammetry task. Given N non-orthorectified
satellite images and their corresponding RPC camera model
coefficients, a set of Gaussian-shaped 3D primitives is opti-
mized to recover both the 3D geometry and appearance of
the scene.

The general learning problem is to find the set of K
Gaussian primitives that best approximates the N satellite
images, with the rendering process of Eq. (4). This can be
formulated as:

argmin
(γk)J1,KK

N∑
i=1

ℓ(Îi, Ii), (6)

where Ii is the i-th input satellite observation, Îi is the cor-
responding synthesized view (in the original 3DGS Îi =
IAi ), and ℓ is the same photometric distance function used
in 3DGS.

In the following sections we highlight the differences
between EOGS and previous 3DGS and NeRF-based ap-
proaches.

3.1. Projections and Coordinate Systems

We define the coordinate system in which the Gaussian
primitive centers and shapes are expressed as world-space
coordinates. This coordinate system is a uniformly rescaled
and recentered version of the Universal Transverse Mer-
cator (UTM) coordinate system [49], such that the center
of the scenes coincides with the origin, the scene is con-
tained in a unit cube, and it is east-north-up aligned simi-
larly to EO-NeRF [32]. At the other end of the transforma-
tion pipeline lies the 2D NDC-space, where the Gaussian
primitives are splatted.

The correct mapping between these two spaces is a
composition of transformations: world-space to UTM to
longitude-latitude-altitude. Using the RPC coefficients (that
model the satellite position and 3D attitude) associated with
each observation, the latter coordinate system is mapped
onto the image row-column coordinates. Finally, the co-
ordinates are normalized to range in [−1, 1] to get to NDC-
space. As shown in Fig. 2, we instead compute a per-scene
affine approximation of the whole transformation, introduc-
ing a negligible mean error of ≈ 0.012 pixels while be-
ing more computationally efficient than previous works and
compatible with a Gaussian Splatting formulation. Specifi-
cally, for an affine camera model A : x ∈ R3 → Ax+ a ∈
R2, the Eq. (3) simplifies to µA

k = Aµk + a ∈ R2 and
ΣA

k = AΣA′ ∈ R2×2. This simplification eliminates the
need for the local first-order approximation used in the orig-
inal 3DGS method, as we moved the approximation to the
camera models.



2D NDC Space RowColumn LongLatAlt UTM World SpaceRPC ζ(x) cx+ b

≈ A : R3 → R2 affine transformation

Figure 2. Summary of the transformation from world-space to NDC-space and its affine approximation. The affine approximation is com-
putationally efficient, compatible with the Gaussian splatting formulation, and well-suited for satellite images. The coordinate systems in
the right red box represent 3D world coordinates (camera-independent), while the left blue box shows 2D coordinates (camera-dependent).

3.2. Shadow Mapping

As in EO-NeRF, we want to explicitly model the shadow
phenomena in the images, as the solar direction is avail-
able for each image in the scene. Unlike previous literature,
our method uses a custom variant of shadow mapping to
cast geometrically consistent shadows. Introduced in [50],
Shadow Mapping is a well-known technique in the field of
3D graphics for adding shadows to a computer graphic ren-
dering. It is particularly suited for EOGS, as it requires just
the ability to render the scene from different points of view,
as opposed to the shadow casting technique used in EO-
NeRF that requires ray marching (which is not defined in
Gaussian splatting).

Before introducing our variant of Shadow Mapping, we
define the elevation render, localization function, and the
homologous point function.

Given a camera model/projection A, the elevation ren-
der is defined as the 3DGS rendering Eq. (4) using the real
elevations instead of colors

EA(u) =

K∑
k=1

[Eµk]ω
A
k (u), (7)

where E : R3 → R is an affine operation mapping 3D points
expressed in the “native” world coordinates to the corre-
sponding real altitude, expressed in meters. We remark that
this is not the depth nor the inverse depth, typically found
in the MVS literature.

Given a camera model/projection A, the localization
function that maps a pixel of the camera and a given ab-
solute altitude to its associated point in the native 3D world
is defined as

locA :
(
R2 × R

)
→ R3, (u, h) 7→ x

s.t. A(x) = u and E(x) = h.
(8)

Given two cameras A and B, the homologous point func-
tion maps a pixel of the first camera to the corresponding
pixel of the second camera, taking into consideration the
3D geometry:

homA,B : R2 → R2, u 7→ ũ

s.t. ũ = B
(
locA

(
u, EA(u)

))
.

(9)

In our shadow mapping approach (depicted in Fig. 3),
we assume that the sun is the only light source present in
the scene. Moreover, since it is far from the scene, it can be
approximated as a directional light. Following the classic
shadow mapping approach, we construct a camera S, called
sun camera, placed at and aligned with the light source (de-
tailed in the supplementary). As the camera model corre-
sponding to a directional light is the affine camera, we can
handle uniformly the sun cameras and the satellite cameras.

Then, we consider a second camera, A, from which we
want to synthesize a novel view and apply shadows accord-
ing to the sun direction. Given a point u in the A NDC-
space, and its corresponding altitude EA(u), we first local-
ize it, obtaining a 3D point in world-space. We then project
this point according to S, obtaining the homologous point
of u in S. We then resample the elevation rendering of S
at this projected point and compare it with EA(u). Mathe-
matically, this corresponds to

∆hA,S(u) = ES (
homA,S(u)

)
− EA(u). (10)

If these two elevations, EA(u) and ES(ũ) are the same, it
means that both the camera and the sun camera are imaging
the same 3D point, hence this point is in light. If the two
elevations are not the same, then the sun camera is not able
to “see” the 3D point, hence it is in shadows. To represent
this shading, the color of points in the shadows is multiplied
by a darkening coefficient computed from ∆hA,S(u) as

sA,S(u) = min
{
exp

{
−ρ∆hA,S(u)

}
, 1
}
. (11)

We argue that this formulation is physically plausible as this
would be the correct equation for a homogeneous medium
of density ρ, as shown in [34].

Following [32], we also model a per-camera ambient
light ψA so that in-shadow objects do not appear com-
pletely black. The shading to be applied to a given pixel
u is given by the following lighting coefficient

lA,S(u) = sA,S(u) + (1− sA,S(u))ψA. (12)

Finally, EOGS image formation equation is:

IA,S(u) = lA,S(u)

K∑
k=1

ϕA(fk)ω
A
k (u), (13)



where ϕA(·) is a camera-specific affine color correction ap-
plied to the intrinsic primitive colors fk. We remark that,
differently from 3DGS, we drop the view-direction depen-
dencies of the primitive colors and introduce a camera-
dependent color correction.

It is useful to define the albedo rendering, where we do
not use the shadows or the camera-specific color correction:

IA(u) =

K∑
k=1

fkω
A
k (u). (14)

While the image formation model defined in Eq. (13) is
equivalent to EO-NeRF, the shadow definition is quite dif-
ferent. In EO-NeRF case, shadows are defined as the sun
visibility for all points on the surface. Because of possible
occlusions, two points of the scene can correspond to the
same point seen from the sun direction. Therefore, it is not
possible to define the sun visibility as an “image” that could
be estimated using a Gaussian splatting-like process. Trying
to compute an irregularly sampled “image” corresponding
to these points would break the locality assumption used in
Gaussian splatting during the rasterization step and thus re-
duce the computational efficiency. On the contrary, the pro-
posed shadow mapping verifies all the assumptions made
by Gaussian splatting.

3.3. Regularizers

It is well-known that deep neural networks are implicitly
regularized [39, 41, 45, 48], meaning that despite being used
in the overparametrized regime, they show generalization
capabilities.

On the other hand, we found out that primitives in 3DGS-
based methods are almost independently optimized one
from the other. This is probably due to the fact that the
primitives in 3DGS are initialized as small spheres, spread
out in the entire scene. This results in 3DGS being less regu-
larized than NeRF-based methods and “lacking” constraints
during the optimization phase.

Hence we are free to add additional regularization con-
straints to the general optimization problem Eq. (6) that in-
duce smoother and more regular solutions. In particular,
we introduce constraints that promote our solution to be
sparse (i.e. we encourage solutions that require fewer Gaus-
sian primitives), view consistent, and mostly composed of
completely opaque objects.

As common ML pipelines are specialized for uncon-
strained optimization problems, we argue to use a La-
grangian relaxation approach and re-formulate each con-
straint as a new loss term, each with its own experimentally-
found Lagrangian multiplier.

Promoting Sparsity. Training time is directly proportional
to the number of Gaussian primitives considered during the
optimization process. As we want to recover the geometry

Sun Satellite

Resampled
Sun

Sun Resampled Sun Satellite

Figure 3. Shadow mapping illustration. The point u in the satel-
lite image (affine camera A) corresponds to a the the 3D point
x = locA(u) on the vertical wall. Projecting x to the sun camera
(affine camera S), ũ = Sx is obtained. Then y = locS(ũ) is
obtained localizing ũ. The point x and its pixel u are in shadow
because the elevation of y is greater than the elevation of x. In-
deed, all and only the points where the satellite elevation and the
resampled sun elevation do not match should be shaded. On the
bottom of the illustration are shown examples of the sun elevation,
the resampled sun elevation, and the satellite elevation renderings,
with shadows highlighted in red.

of the scene as fast as possible, we want as few Gaussian
primitives as possible, hence a sparse solution.

Inspired by the well-known LASSO regularization in lin-
ear regression [47] that promotes a sparse solution, and by
recent works such as 3DGSMCMC [24], we consider a L1

regularization of the opacities

Lo =
1

K

K∑
k=1

αk. (15)

This regularization promotes sparsity in the primitive
opacities distribution, hence only “useful” primitives will
be visible at the end of the optimization. We pair this regu-
larization with a simple thresholding pruning procedure that
discards any primitive with α < αmin. In this way, un-
used primitives are actually discarded, yielding faster splat-
ting and overall faster training (specifically, we recorded
speedups of up to 2× on the considered datasets).

We remark that many works [7, 24] have proposed re-
placements to the original 3DGS densification/pruning pro-
cedure. Here, instead, we aim only at lowering the num-
ber of primitives, so we do not need a densification strategy
as long as we instantiate enough of them at the beginning
of the optimization. Moreover, we set αmin = 0.0025 as



Figure 4. From top-left to bottom-right, shadow maps of EO-
NeRF, EOGS without the Ls penalizer, EOGS with the Ls penal-
izer, and the corresponding satellite image. Textures correspond-
ing to the image content can be observed in the shadow map of
EO-NeRF and EOGS without the Ls penalizer, but not in EOGS.

primitives with lower opacities are already discarded in the
original 3DGS implementation of the front-to-back splat-
ting procedure.
Promoting View Consistency. Differently from the clas-
sical NVS context, in remote sensing the available views
are low-count and sparse, resulting in Eq. (6) being even
less constrained. Paired with the fact that 3DGS does not
benefit from the implicit regularization of NeRF, we argue
that an additional constraint promoting view consistency is
needed.

We propose a “local view consistency” loss based on the
intuition that if the same 3D point is visible from two cam-
eras and the cameras are close to each other, then the color
and elevation resampled at the corresponding pixels should
be the same. Otherwise, the object is occluded or outside
the camera boundaries.

Mathematically, given a camera A we randomly perturb
it and obtain a camera B. Assuming that there is no view-
direction dependent color effect, this constraint reads:

∆hA,B(u) < ∆hmin ⇒

{
IA(u) = IB

(
homA,B(u)

)
EA(u) = EB (

homA,B(u)
)
,

(16)
where we reused the same notation of the shadow mapping
explanation.

This constraint results in two loss terms, the color
(albedo) consistency and the altitude consistency:

Lcc =
∑
u

MA,B(u)
∣∣IA(u)− IB

(
homA,B(u)

)∣∣ (17)

Lac =
∑
u

MA,B(u)
∣∣EA(u)− EB (

homA,B(u)
)∣∣ , (18)

where MA,B(·) is a binary mask that selects all pixels u
such that ∆hA,B(u) < ∆hmin and homA,B(u) is inside
the image boundaries. We remark that we always choose A
from the input posed images and we set ∆hmin = 30cm.
Moreover, we obtain B by independently sampling q1, q2 ∈
R from a ±1-truncated standard distribution and defining

B(x) = A(x) + 0.05 E(x)
(
q1
q2

)
. (19)

In the generic NVS literature, many works [10, 37] pro-
posed different methods for increasing the view consis-
tency. RegNeRF [37] is the first work that deals with sparse
camera poses by introducing a loss term that maximizes
the likelihood of rendered RGB patches from virtual cam-
eras with a pre-trained deep normalizing-flow model, while
also adding a total variation regularization on the rendered
depth. Furthermore, [10] introduces a reprojection mecha-
nism such that only the geometry needs to be learned from
the NeRF, as the colors are resampled from the input im-
ages. Note that EOGS differs from [37] as we ask for
consistency (RGB and depth) between two cameras (one
real and one virtual), hence we do not need any pre-trained
model for the RGB renders nor prior on the elevation ren-
ders. EOGS also differs from [10] as we learn the colors and
do not resample input images that may contain transients or
color shifts.
Promoting Opaqueness. Looking at the output from Sat-
NeRF and EO-NeRF (see Fig. 4), we can see that much of
the texture of the scene is embedded in the geometric shad-
ows. This geometry misuse is caused by semi-transparent
objects casting semi-transparent shadows. In order to lessen
this effect, we propose to add an entropy-based penalty Ls

for incorrect use of the shadows. This penalty is defined as

Ls =
∑
u

H
(
sA,S(u)

)
, (20)

where H(x) = − (x log2(x) + (1− x) log2(1− x)). In-
deed, the shadow map sA,S should contain only 0 or 1 val-
ues. This is the case for ρ → +∞ in Eq. (11), as a build-
ing should not cast a semi-transparent shadow. Hence we
add this entropy-based penalizer to discourage the use of
semi-transparent shadows, which in turn encourage objects
to be either completely transparent or fully opaque. Note
that choosing a large ρ during training is not an option since
it would make the training unstable as Eq. (11) would be
close to a non-differentiable step function.

We acknowledge that the problem of promoting hard sur-
faces in NeRF has been studied in previous works, such
as [3, 42].

3.4. Implementation Details

The implementation of EOGS is based on the original
3DGS code base. Other than the aforementioned novel



JAX IARPA
004 068 214 260 Mean ↓ 001 002 003 Mean ↓ Time ↓

Number of views 8 16 20 14 - 24 20 21 - -

N
o

m
as

k EO-NeRF [32] 1.37 1.05 1.61 1.37 1.35 1.43 1.79 1.31 1.51 15 hours
SAT-NGP [5] 1.63 1.27 2.18 1.79 1.72 1.54 2.11 1.69 1.78 25 minutes

Sat-Mesh [40] 1.55 1.15 2.02 1.36 1.52 N.A. N.A. N.A. N.A. 8 minutes
S2P [15] 1.45 1.19 1.82 1.66 1.53 1.48 2.48 1.38 1.78 20 minutes

EOGS (ours) 1.45 1.10 1.73 1.55 1.46 1.58 2.00 1.27 1.62 3 minutes

Fo
lia

ge
m

as
k EO-NeRF [32] 1.02 1.03 1.55 1.24 1.21 1.32 1.63 1.18 1.38 15 hours

SAT-NGP [5] 1.03 1.26 2.17 1.43 1.47 1.34 1.85 1.62 1.60 25 minutes
EOGS (ours) 0.89 1.01 1.63 1.24 1.19 1.38 1.70 1.03 1.37 3 minutes

Table 1. Mean absolute error on the elevation [meters] and the corresponding training time for various baseline methods, when considering
the whole AOI (no mask) or when ignoring foliage areas (foliage mask). Results for Sat-Mesh are reported from the paper since the authors
did not share their code.

contributions, the main differences lie in disabling the per-
Gaussian view-direction color dependency and initializing
all the Gaussians with white color and as low as possible
opacity (1%). Moreover, we reduce the number of itera-
tions to 5000 and enable the shadow mapping and all three
regularizations at iteration 1000. Furthermore, the Gaus-
sians centers are initialized uniformly in the 3D scene such
that the initial density is 0.13 Gaussians per m3.

We use the same optimizer and scheduler of 3DGS for
the primitives and use a second Adam scheduler with 10−2

learning rate for learning the camera-dependent parameters:
the affine color-correction ϕA and the ambient color ψA.

The Lagrangian coefficients of the regularization con-
straints have been found experimentally on a single scene,
rounded to the nearest power of ten, and applied to all
scenes. This highlights the robustness of EOGS to the spe-
cific values of these coefficients. The final loss is:

min

N∑
i=1

ℓ(Îi, Ii) + 0.1Lo + 0.1Lcc + 0.01Lac + 0.01Ls,

(21)
where Îi is now, differently from 3DGS in Eq. (6), a short-
hand notation for IAi,Si from Eq. (13), which also depends
on the sun camera Si.

4. Experiments
We evaluate EOGS in the same experimental setting as the
most recent related work in the literature, EO-NeRF.

We are using datasets provided in the 2019 IEEE GRSS
Data Fusion Contest (DFC2019) [6, 26] and 2016 IARPA
Multi-View Stereo 3D Mapping Challenge (IARPA2016).
These datasets, comprising a total of 7 areas of inter-
est (AOI), contain cropped non-orthorectified multidate
WorldView-3 observations, along with metadata such as the
3D satellite attitude (encoded in the RPC coefficient) and
the local sun direction. We use the bundled-adjusted ver-

sion of the RPC coefficient used in EO-NeRF. Each image
covers approximately 256 × 256 meters squared of terrain
with a resolution of 30 ∼ 50 cm per pixel, while each AOI
is imagined by 10 ∼ 20 crops.

4.1. Main Experiment Results

Tab. 1 show the main experimental results of EOGS. To as-
sess the accuracy of EOGS we report the mean absolute er-
ror (MAE) between a lidar scan included in the dataset and
the elevation render aligned to this nadir view. We argue
that the volume of these data will grow in the near future,
so we are also interested in the time required to recover the
geometry from the input images. Hence, we also report the
training time.

If the entire AOIs are considered, as reported in Tab. 1
(top), EOGS performs slightly worse than the state of the
art EO-NeRF but it is approximately 300× faster. For ref-
erence, we also report all available results of other meth-
ods from the literature (EO-NeRF [32], SAT-NGP [5], Sat-
Mesh [40], and S2P [11, 15]). We see that EOGS is Pareto-
optimal with respect to elevation MAE and training time. If
instead we use available ground truth semantic maps to ig-
nore prediction in the foliage areas, EOGS performance is
equivalent to EO-NeRF, showing higher accuracy for struc-
tural objects, as reported in Tab. 1 (bottom). We present
visual results in Fig. 5, more results, as well as details on
the number of Gaussians per scene and memory usage, are
provided in the supplement.

4.2. Ablation and Parameter Studies

Impact of the Different Losses. Tab. 2 reports an abla-
tion study of the loss terms in EOGS. Each column corre-
sponds to a different ablation experiment, while each row
corresponds to a different component of EOGS being ab-
lated. The first row indicates whether the Shadow Mapping
technique is enabled or not. The following three rows indi-



Figure 5. From left to right: visual results on JAX 214 comparing
SAT-NGP [5], EOGS, EO-NeRF [32] and the ground truth.

Shadowmap ✗ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
Sparsity ✗ ✗ ✓ ✗ ✗ ✗ ✓ ✓ ✓

Consistency ✗ ✗ ✗ ✓ ✗ ✓ ✗ ✓ ✓
Opaqueness ✗ ✗ ✗ ✗ ✓ ✓ ✓ ✗ ✓

MAE [m] ↓ 5.03 1.86 1.83 1.69 1.79 1.57 1.76 1.64 1.54
Train [min] ↓ 4.18 - - - - 4.27 - - 2.85

Table 2. Ablation study of each proposed component of EOGS.

cate, respectively, the presence of the sparsity, consistency,
and opaqueness regularizers. We remark that the first col-
umn is equivalent to 3DGS with affine cameras, learnable
per-camera affine color correction, and different primitives
initialization. For each column, we report the grand mean
elevation MAE of JAX and IARPA scenes.

To quantitatively measure the impact of each single com-
ponent, we linearly regress the MAE from the presence of
the components, obtaining a coefficient for each component
that expresses an elevation MAE gain with respect to the
base case (reported in the first column of Tab. 2). The in-
troduction of shadow mapping is the most impactful com-
ponent, gaining 3.16 meters of accuracy. Then, the con-
sistency regularizer and the opaqueness regularizer further
improve the accuracy of EOGS by 0.20 and 0.09 meters,
respectively. Lastly, the sparsity regularizer, while being
necessary for achieving efficient training as shown in the
last row of Tab. 2, also reports an improvement of 0.04 me-
ters. Hence, all components independently contribute to the
quality of the geometry reconstruction.

Regularization Parameters. Fig. 6 shows the results of a
grid search on the coefficients of Lcc and Lac in Eq. (21). It
shows that both altitude regularization and color regulariza-
tion are necessary to achieve the best performance. We re-
mark that, in order to reduce overfitting to a particular scene,

MAE (m)

Figure 6. View consistency regularization parameter ablation
study. Selected parameter set is shown with the cyan dot. Esti-
mation performed on the JAX 260 sequence.

0 20 40 60 80
DSM points covered by at least x% of the satellite images

0.8

1.0

1.2
M

AE

EONeRF
EOGS

Figure 7. Impact of the visibility on the performance (using foliage
mask).

we choose the same “round coefficients” for all scenes.
Impact of visibility. Fig. 7 shows the impact of the visibil-
ity (i.e. the number of cameras that can see a given point of
the scene) on the performance. While EOGS and EO-NeRF
are comparable on average, this test shows that EOGS per-
forms better for regions that are visible in most images but
struggles in the regions observed in only a few images.

5. Conclusion
This study presents EOGS, the first Gaussian-Spatting-
based framework for earth observation. By introducing re-
mote sensing requirements in 3DGS, such as shadow mod-
eling and camera-specific corrections, EOGS achieves com-
parable accuracy to the existing state-of-the-art method,
EO-NeRF, while being over 300 times faster. Hence,
EOGS will be a practical solution for near-future large-scale
datasets.

Our analysis shows that EOGS excels in high-coverage
regions, where it produces fine details at a fraction of the
computational cost. Addressing regions with low image
coverage or with foliage, by adding additional regulariza-
tion or employing better initialization schemes, could fur-
ther improve EOGS accuracy.
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Stéphanie Artigues, and Olivier Melet. Co3d, a worldwide
one one-meter accuracy dem for 2025. The International
Archives of the Photogrammetry, Remote Sensing and Spa-
tial Information Sciences, XLIII-B1-2020:299–304, 2020. 1

[28] Zhihao Liang, Qi Zhang, Ying Feng, Ying Shan, and Kui
Jia. Gs-ir: 3d gaussian splatting for inverse rendering. arXiv
preprint arXiv:2311.16473, 2023. 3

[29] Zimu Liao, Siyan Chen, Rong Fu, Yi Wang, Zhongling
Su, Hao Luo, Linning Xu, Bo Dai, Hengjie Li, Zhilin
Pei, et al. Fisheye-gs: Lightweight and extensible gaus-
sian splatting module for fisheye cameras. arXiv preprint
arXiv:2409.04751, 2024. 3

[30] Roger Marı́, Thibaud Ehret, and Gabriele Facciolo. Disparity
estimation networks for aerial and high-resolution satellite
images: A review. Image Processing On Line, 12:501–526,
2022. 2

[31] Roger Marı́, Gabriele Facciolo, and Thibaud Ehret. Sat-nerf:
Learning multi-view satellite photogrammetry with transient
objects and shadow modeling using rpc cameras. In Pro-
ceedings of the IEEE/CVF Conference on Computer Vision
and Pattern Recognition, pages 1311–1321, 2022. 2

[32] Roger Marı́, Gabriele Facciolo, and Thibaud Ehret. Multi-
date earth observation nerf: The detail is in the shadows. In
Proceedings of the IEEE/CVF Conference on Computer Vi-
sion and Pattern Recognition, pages 2035–2045, 2023. 1, 2,
3, 4, 7, 8

[33] Ricardo Martin-Brualla, Noha Radwan, Mehdi SM Sajjadi,
Jonathan T Barron, Alexey Dosovitskiy, and Daniel Duck-
worth. Nerf in the wild: Neural radiance fields for uncon-
strained photo collections. In Proceedings of the IEEE/CVF
conference on computer vision and pattern recognition,
pages 7210–7219, 2021. 2

[34] N. Max. Optical models for direct volume rendering. IEEE
Transactions on Visualization and Computer Graphics, 1(2):
99–108, 1995. 4

[35] Julien Michel, Emmanuelle Sarrazin, David Youssefi, Myr-
iam Cournet, Fabrice Buffe, Jean-Marc Delvit, Aurélie Em-
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