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Abstract

Recently, 3D Gaussian Splatting has been introduced as a compelling alternative to NeRF for Earth observation, offering com-
petitive reconstruction quality with significantly reduced training times. In this work, we extend the Earth Observation Gaussian
Splatting (EOGS) framework to propose EOGS++, a novel method tailored for satellite imagery that directly operates on raw
high-resolution panchromatic data without requiring external preprocessing. Furthermore, leveraging optical flow techniques we
embed bundle adjustment directly within the training process, avoiding reliance on external optimization tools while improving
camera pose estimation. We also introduce several improvements to the original implementation, including early stopping and
TSDF post-processing, all contributing to sharper reconstructions and better geometric accuracy. Experiments on the IARPA 2016
and DFC2019 datasets demonstrate that EOGS++ achieves state-of-the-art performance in terms of reconstruction quality outper-
forming the original EOGS method and other NeRF-based methods while maintaining the computational advantages of Gaussian
Splatting. Our model demonstrates an improvement from 1.33 to 1.19 mean MAE errors on buildings compared to the original
EOGS models. The code is publicly available at https://gardiens.github.io/EOGS2.

1. Introduction

Since the mid-20th century, the number of satellites orbiting the
Earth has grown steadily, leading to an unprecedented availab-
ility of remote sensing data. Today, high-resolution panchro-
matic and multispectral imagery is regularly acquired over the
same areas under varying conditions, and the volume of such
data is expected to continue increasing in the coming years. As
a result, developing scalable methods to exploit these datasets
efficiently has become a key challenge for the remote sensing
community. One of the main applications of such data is 3D
reconstruction through photogrammetry, which aims to recover
both the geometry (e.g. the digital surface models - DSM) and
the appearance of the Earth’s surface from 2D images. Tradi-
tional stereovision pipelines rely on temporally consistent ac-
quisitions and precise calibrations, which are difficult to guar-
antee in practice. More recent approaches, such as implicit
neural representations, have shown the ability to handle diverse
imaging conditions while producing accurate reconstructions.
In particular, Neural Radiance Fields (NeRF) (Mildenhall et al.,
2021), and its Earth-observation extensions (Zhang and Rupnik,
2023, Marı́ et al., 2023) have demonstrated high-quality results,
but remain computationally demanding.

To address these limitations, 3D Gaussian Splatting (Kerbl et
al., 2023), often abbreviated as 3DGS, has recently emerged as
an alternative representation offering both competitive accur-
acy and significant computational efficiency. The EOGS (Sav-
ant Aira et al., 2025) framework successfully adapted 3DGS to
satellite imagery by introducing shadow modeling, affine cam-
era approximations, and per-camera color corrections into the
pipeline. However, similar to most NeRF-based methods, it still
relied on external preprocessing steps, such as pansharpening
and camera poses bundle adjustment. Moreover, the original
implementation was restricted to RGB data, although satellite

imagery typically includes high-resolution panchromatic data
alongside lower-resolution multispectral data, limiting its ap-
plicability to real-world scenarios.

The main contribution of this work is the introduction of EOGS++,
a new framework for Earth observation that extends the applic-
ability of EOGS while eliminating its dependencies. Figure 1
illustrates qualitative results produced by our pipeline. More
specifically, our contributions can be summarized as follows:

• We introduce an internal bundle adjustment based on op-
tical flow to correct camera localization errors.

• We show that raw panchromatic images are sufficient to
achieve a good 3D reconstruction, thus eliminating the need
to pansharpen the images beforehand.

• We improve the EOGS framework by introducing an early
stopping mechanism (Chung et al., 2024) and a truncated
signed distance function-based postprocessing operation
(Curless and Levoy, 1996).

2. Related Works

2.1 3D reconstruction from satellite images

Traditionally, stereoscopic 3D reconstruction from satellite im-
agery has relied on conventional processing pipelines, such as
S2P (De Franchis et al., 2014a) or Catena (Krauß et al., 2013).
More recently, there has been a growing trend towards integ-
rating deep learning models (Chang and Chen, 2018) to dir-
ectly regress the digital surface models. While promising, these
methods face limitations in terms of computational efficiency
and require image acquisitions to be temporally close.
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Figure 1. Qualitative result of the EOGS++ pipeline.

2.2 Implicit representations for 3D reconstruction

A different line of research focuses on implicit neural repres-
entations, such as NeRF (Mildenhall et al., 2021) and Gaus-
sian Splatting (Kerbl et al., 2023), which reconstruct 3D scenes
from calibrated image collections. Unlike traditional pipelines,
these approaches optimize a continuous scene representation
and have demonstrated improved performance across diverse
imaging conditions (Yan et al., 2024).

Adapting implicit methods to satellite imagery, however, presents
additional challenges due to sparse viewpoints, limited vari-
ation in viewing angles across acquisitions, and varying illu-
mination. Several works have addressed these limitations by
extending NeRF-like models to pushbroom cameras (Derksen
and Izzo, 2021, Marı́ et al., 2022), explicitly modeling shad-
ows (Marı́ et al., 2023, Behari et al., 2024), or filtering transient
elements to improve reconstruction robustness (Huang et al.,
2025).

While NeRF-based techniques have been actively explored, lit-
erature on Gaussian Splatting in the satellite domain remains
limited (Savant Aira et al., 2025, Huang et al., 2025). This ap-
proach achieves performance comparable to NeRF-like meth-
ods while requiring shorter training times.

2.3 Pansharpening

Pansharpening aims to fuse high-resolution panchromatic im-
ages with low-resolution multispectral images to produce high-
resolution multispectral outputs.

Classical approaches can be grouped into three main categor-
ies: Component Substitution (CS), Multi-Resolution Analysis
(MRA), and variational methods. CS methods rely on spectral
transformations such as IHS (Carper et al., 1990) or PCA (Ghad-
jati et al., 2019), while MRA techniques use spatial filters (e.g.,
Laplacian pyramids (Li et al., 1995)) to extract high-frequency
details from the panchromatic image and inject them into the
multispectral image. Variational approaches (Palsson et al., 2013,

Meng et al., 2020) formulate the fusion as an energy minimiza-
tion problem to ensure spectral and spatial consistency.

More recently, deep learning-based methods such as PNN (Ci-
otola et al., 2022) have gained attention. However, these models
often face generalization issues across different sensors or geo-
graphic regions.

In the context of inverse rendering, most pipelines (Marı́ et
al., 2022) perform pansharpening as a preprocessing step prior
to 3D reconstruction. Alternative strategies, however, directly
leverage multispectral data, either by predicting spectral chan-
nels independently (Sprintson et al., 2025a) or by explicitly
modeling inter-band dependencies (Pic et al., 2024).

2.4 Bundle adjustment

Accurate 3D reconstruction requires reliable camera poses. While
satellite providers supply approximate orientations, these are
often affected by geolocation errors (Grodecki and Dial, 2003),
which can degrade reconstruction quality (Marı́ et al., 2023).
Bundle Adjustment (BA) (Triggs et al., 1999) is commonly
used to refine these estimates by minimizing reprojection er-
rors (Marı́ et al., 2021).

Classical BA pipelines rely on interest-point matching (e.g.,
SIFT (Lowe, 1999)), but are computationally expensive and
sensitive to outliers (Szeliski, 2022). More recent approaches
embed pose refinement within learning-based frameworks, jointly
optimizing poses and geometry, for instance in NeRF (Lin et al.,
2021, Marı́ et al., 2023). In the context of Gaussian Splatting,
BA has been explored mainly in SLAM (Yan et al., 2024) and
for correcting motion blur (Deng et al., 2025), with recent work
proposing BA directly on Gaussian parameters (Zhang et al.,
2024).

3. Gaussian splatting for earth observation

Our approach is based on Earth Observation Gaussian Splatting
(EOGS) (Savant Aira et al., 2025), which is an extension of 3D
Gaussian Splatting (3DGS) (Kerbl et al., 2023) to satellite im-
ages. In this section, we present in detail the main ideas of these
two methods. The core idea behind 3DGS is that, given a set of
N images and their corresponding camera models, a set of K
Gaussian 3D primitives is optimized to recover the appearance
of the scene. In practice, this collection of primitives {γk}Kk=1

is parametrized by their respective position µk ∈ R3, covari-
ance Σk ∈ M3×3(R), color features ck ∈ R3 and opacity
αk ∈ [0, 1]. Each primitive has an associated Gaussian density
function defined as

Gk(x) = exp
{
− 1

2
(x− µk)

TΣ−1
k (x− µk)

}
. (1)

The link with the observations and the set of primitives is given
by the rendering pipeline. All primitives are first projected onto
the image plane thanks to the camera model. The projected
Gaussians GCk are then sorted front-to-back (based on their cen-
ter position) and aggregated using an alpha-compositing scheme:

IC(u) =

K∑
k=1

ckω
C
k (u), (2)

where u is the coordinate of a pixel on the image plane IC as-
sociated to the camera C and ωC

k is the accumulated opacity of
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Figure 2. Schematic overview of the proposed training pipeline. From the 3D Gaussian primitives, an image is rendered. The rendered
image is then aligned with the training observation using an optical flow algorithm, after which the model is trained accordingly.

the k-th Gaussian at pixel u, defined as

ωC
k (u) = αkGCk (u)

k−1∏
j=1

(1− αjGCj (u)). (3)

The learning problem is therefore to find the set of K Gaus-
sian primitives that best approximates the N images, with the
rendering process of Eq. (2). This can be formulated as:

argmin
{γk}Kk=1

N∑
n=1

ℓ1(I
Cn − In) + λℓD−SSIM (ICn , In), (4)

where λ is the weight term, In is the n-th input observation,
corresponding to camera Cn, ICn is the corresponding synthes-
ized view, ℓ1 is the pixelwise L1 reconstruction loss, and ℓD-SSIM

is the differentiable SSIM-based loss introduced in the original
3D Gaussian Splatting framework (Kerbl et al., 2023).

EOGS extends the original 3DGS framework to the satellite
imaging setting. We summarize here the key differences with
the original 3DGS framework that will be useful for the rest of
paper. First of all, the camera model used is different. Indeed,
3DGS is designed to work with pinhole camera model, which is
the standard model for most consumer cameras. However this
camera model is not appropriate in the case of satellite images
where the camera model is usually represented with a Rational
Polynomial Coefficient (RPC) camera model (De Franchis et
al., 2014b). Because EOGS argues that the projection step is
computationally inefficient when applied to RPCs, it instead
employs an approximate affine camera model A. Hence, each
camera is described as an affine function A : R3 → R2, map-
ping 3D points x to 2D image coordinates u = A(x) = Ax+a
with A ∈ R2×3 and a ∈ R2. In that case, The projection op-
eration assigns to each Gaussian a 2D Gaussian density func-
tion, with mean µA

k = A(µk) ∈ R2 and covariance ΣA
k =

AΣkA
T ∈M2×2(R).

Similarly to mesh-based variants of 3DGS, e.g. (Guédon et al.,
2025), EOGS aims to recover the 3D geometry of the scene.
To this end, it defines an elevation rendering that uses the true

elevation rather than RGB values:

EA(u) =

K∑
k=1

E(µk)ω
A
k (u), (5)

where E : R3 → R is an affine mapping that returns the real
altitude, expressed in meters. In the original implementation,
this elevation rendering is used to evaluate the quality of the
reconstructed 3D geometry.

EOGS also improves the alpha-compositing scheme that was
described in (2). It introduces the concept of shadow mapping
inside the rendering pipeline. Modeled as a binary mask lA,
it represents the visible regions where lighting coming from
the sun is occluded by the scene. It also introduces a per-
camera color-correction, as satellite image colors can change
due to difference in atmospheric conditions at the acquisition
dates. To model this effect, the authors use a learnable d × 3
per-camera affine transformation, ϕA, that maps Gaussian at-
tributes to color channels appropriate for the given acquisition.
This leads to the following alpha-compositing scheme

IA(u) = lA(u)

K∑
k=1

ϕA(fk)ω
A
k (u). (6)

Finally, the authors also add a regularization term to encour-
age view consistency. Given a small perturbation of a cam-
era model, view consistency is encouraged by penalizing dif-
ferences between the perturbated view and the original view
(after alignment and masking of occluded regions). Two terms
are proposed, one for the elevation (ℓec) and one for the color
(ℓcc). Additional terms to promote sparsity and opaqueness (re-
ferred as R in the following) are also included (Savant Aira et
al., 2025). The complete EOGS learning problem can then be
formulated as

argmin
{γk}Kk=1

,{ϕAn}N
n=1

N∑
n=1

ℓ1(I
An − In) + λ1ℓD−SSIM (IAn , In)

+ λ2ℓec(I
An) + λ3ℓcc(I

An) + λ4R({γk}Kk=1 ,An, l
An),

(7)
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with λs the different weighting terms for each corresponding
loss. In the following, we define the photometric loss ℓ as the
combination of the ℓ1 loss and the ℓD−SIMM loss.

4. Method

The proposed EOGS++ extends and improves EOGS during
preprocessing, training and postprocessing phases. The required
preprocessing steps in EOGS, such as bundle adjustment and
pansharpening, are integrated in EOGS++, as explained respect-
ively in Sections 4.1 and 4.2. This enables EOGS++ to have
virtually zero required preprocessing steps. The training phase
of EOGS is also improved with the introduction of opacity re-
set and early stopping, as explained in Section 4.3. Finally, a
postprocessing step is proposed to improve the final DSM pre-
diction, as explained in Section 4.4. The training pipeline is
illustrated in Figure 2.

4.1 Bundle adjustment

Bundle adjustment (BA) in satellite imagery is commonly used
to refine camera models estimates by minimizing reprojection
errors (Grodecki and Dial, 2003), and it is an essential prepro-
cessing step in EOGS to ensure good reconstruction results, as
demonstrated in Table 1. EOGS++ integrates bundle adjust-
ment directly within the training process, eliminating the need
for external BA software. This is achieved by leveraging optical
flow to align rendered and reference images.

First, the image IA is rendered, using Eq. (2). Then an off-the-
shelf optical flow estimation model computes a displacement
field ∆ : R2 → R2, between IA and the corresponding training
image I , such that the pixel u+∆(u) in IA corresponds to the
pixel u in I .

Since camera miscalibration primarily manifests as pixel offsets
in the context of satellite imagery (Marı́ et al., 2021), a constant
averaged version of ∆ is considered, namely ∆̄ ∈ R2. ∆̄ is
used to bilinearly resample the rendered image: ÎA ≈ IA(u+
∆̄). This is equivalent to consider the shifted version of the
rendered image that better matches the training image. To keep
the optical-flow estimator isolated from the image optimizer,
we block its gradients by applying a stop-gradient to ∆̄ so that
no back-propagation flows through it. Finally, the role of IAn

is replaced by ÎAn in Eq. (7).

4.2 Handling panchromatic images

While EOGS handles only RGB images, satellite imagery typ-
ically includes high-resolution panchromatic (PAN) images along-
side lower-resolution multispectral (MSI) images. Hence a pre-
processing step, named pansharpening, is required to transform
the MSI images into high-resolution RGB images before in-
putting them into the model. This step, however, can intro-
duce artifacts and inconsistencies, especially when the PAN and
MSI images are not perfectly aligned or captured under dif-
ferent conditions. EOGS++ discards the low-resolution MSI
images and reconstructs the scene only from the original high-
resolution PAN data. The single-channel panchromatic training
images are repeated into a three-channel RGB representation,
and the rendered outputs IA are compared directly to the rep-
licated training images. This strategy is referred to as 3-PAN.
We acknowledge that this strategy disregards the spectral in-
formation from the MSI images, which could be valuable for
certain applications. However, as we will show experimentally
in Section 5.4, the inclusion of MSI data does not yield a signi-
ficant gain for surface model estimation.

Without reset opacity With reset opacity

Figure 3. Zoomed-in DSM comparison for respectively the
IARPA 001, IARPA 002, and JAX 214 with and without opacity

reset. The reset operation helps eliminate Gaussian floaters.

4.3 Opacity reset and early stopping

We observed that while EOGS converges rapidly, the final re-
constructions sometimes lack sharpness and fine details as shown
in Figure 3. To address this, we reintegrated a technique from
the original 3DGS paper, called opacity reset, which involves
cyclically resetting the opacity of all Gaussians every 3’000 it-
erations, i.e., αk ← min(αk, 0.05). In order to fully benefit
from this mechanism, we also increase the maximum number
of iterations from 5’000 to 40’000. However, we noticed that
by enabling the reset opacity mechanism during the optimiza-
tion process, the photometric loss ℓ of Eq. (7) exhibits a strong
non-monotonic behavior: it first decreases, but after a number
of iterations starts to increase. We speculate that this is caused
by the regularizers in Eq. (7) which take hold of the training dy-
namics. To mitigate this issue, we implemented an early stop-
ping mechanism based on photometric loss ℓ itself. Training is
therefore halted as soon as the photometric loss ℓ starts to in-
crease, as a minimum in the photometric loss indicates a high-
fidelity reconstruction. Thus, this approach enhances sharpness
while minimizing the loss of fine and useful details. In practice,
this criterion leads to convergence after approximately 10’000
to 20’000 iterations

4.4 Imposing explicit depth consistency across views

In the original EOGS implementation, a virtual nadir-view cam-
era was used to compute the final elevation maps for MAE eval-
uation. However, since this camera is not part of the training
process, it can introduce artifacts, particularly when training
views deviate significantly from the nadir configuration.

To address this, we propose an optional post-processing step
based on the truncated signed distance function (TSDF) fusion
technique, akin to many current methods (Huang et al., 2024).
Our method aggregates depth maps from all training views to
create a more accurate and consistent digital surface model. The
process involves rendering depth maps from each training view
using the final optimized Gaussian primitives, then fusing these
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depth maps into TSDF, with a fixed truncation margin and with
weights proportional to the angle between the training view dir-
ection and an estimated surface normal, as described in (Curless
and Levoy, 1996). Finally, we extract a fixed-resolution voxel-
ization of the TSDF using marching cubes (Lorensen and Cline,
1998), resulting in a mesh. We enhance this mesh by removing
isolated voxels (stemming from artifacts known as floaters in
the Gaussian Splatting literature) and bottom-up filling holes.
The final DSM is then obtained by sampling the height of this
refined mesh at each ground position.

5. Experiments

5.1 Datasets

We evaluate EOGS++ under experimental conditions similar
to those used in the original EOGS article. The datasets em-
ployed are extracted from the 2016 IARPA Multi-View Ste-
reo 3D Mapping Challenge (Le Saux et al., 2019), denoted
as IARPA2016, and the 2019 IEEE GRSS DATA Fusion Con-
test (Bosch et al., 2019), denoted as DFC2019. Overall, these
datasets consist of 7 areas of interest and include multi-date
non-orthorectified PAN and MSI WorldView-3 satellite obser-
vations. Each area covers a terrain of 256 × 256 m2, with a
spatial resolution ranging from 30 to 50 cm per pixel for the
PAN images and four times coarser for the MSI images. Each
site is observed from approximately 10 to 30 different points of
view.

5.2 Implementation details

The implementation builds upon the publicly available EOGS
code. EOGS++ uses RAFT small (Teed and Deng, 2020) as the
optical flow estimator for camera calibration, that represents a
good tradeoff between speed and accuracy.

Similarly to EOGS, we report the Mean Absolute Error (MAE)
between the LiDAR scan provided in the dataset and the pre-
dicted elevation map obtained either as a nadir depth rendering
or through a TSDF post-processing step, as described in Sec-
tion 4.4. Because foliage conditions vary across seasons and
over time, and the reconstruction primarily targets buildings,
the MAE is computed using a foliage mask, following the prac-
tice introduced by EOGS.

5.3 Internal bundle adjustment

Table 1 shows multiple ways of handling errors in the camera
pointing, by comparing raw RPCs (none), internally learned
RPC corrections (learn wv), the proposed optical-flow-based
method (optical flow) and externally bundle adjusted RPCs (ex-
ternal B.A.). During the early development phase of EOGS++,
we implemented a straightforward bundle adjustment algorithm,
referred to as learn wv, which involves applying backpropaga-
tion to the affine projection matrix. In this strategy, both the
Gaussian positions and the projection matrices of each camera
are optimized during training. This enables the model to impli-
citly recalibrate the camera models. Similarly to the proposed
optical flow approach, we restrict the optimization to the con-
stant terms a of the affine transformation, in order to learn just
a per-camera constant shift in the image plane. The original
implementation did not support gradient descent with respect
to projection matrices. We extended the framework to allow
gradient-based updates for affine camera models.

B.A. algorithm JAX ↓ IARPA ↓ Mean ↓
None 1.33 2.54 1.93

Learn wv 1.21 2.43 1.82
Optical flow 1.23 1.50 1.36

External B.A. (Reference) 1.19 1.46 1.33

Table 1. Raw RPC handling comparison. Reported metric is the
mean absolute error of the predicted elevation map [meters],
when ignoring foliage areas. To ensure a fair comparison, all

methods use the same pre-computed pansharpened images and
are trained for 5’000 iterations

While the learn wv method is able to correctly align and render
images (see Figure 5), its MAE performance does not show
significant improvement compared to the raw RPC initializa-
tion. We hypothesize that the joint optimization of Gaussian
parameters and affine matrices leads to convergence toward bad
local minima. Conversely, the optical flow algorithm effectively
registers the images, achieving comparable results (within 3
cm) when compared to bundle-adjusted cameras (see the DSM
in Figure 4). Eventually the best performance is obtained with
externally bundle-adjusted cameras, which we attribute to the
improved stability of explicit triangulation in the bundle adjust-
ment procedure compared with RGB-based optimization.

5.4 The need for multispectral images

Table 2 summarizes the results obtained with different strategies
for handling panchromatic and MSI data, comparing the Brovey
pansharpening method, the linear combination method, the single
channel and the 3-PAN method defined earlier. The Brovey
method corresponds to the classical Brovey pansharpening tech-
nique, which is used in EOGS as a preprocessing step. It fuses
the high-resolution PAN image with the low-resolution MSI im-
age to produce a high-resolution MSI image, which is then used
as the sole input for training EOGS++.

The second approach, referred to as linear combination, in-
volves first rendering a high-resolution MSI image IAn

MSI, from
which the corresponding PAN image IAn is derived through an
“MSI-to-PAN” linear combination defined as IAn = α · IAn

MSI,
where α ∈ R3 are fixed parameters pre-estimated using stand-
ard linear regression (Pic et al., 2024). In this configuration,
training is explicitly performed using both the PAN and low-
resolution MSI inputs, by computing the loss between the syn-
thesized and training PAN images, as well as between a rendered
low-resolution MSI and its corresponding training data.

The third approach, single channel, omits the low-resolution
MSI inputs as in the 3-PAN configuration. However, it recon-
structs the scene directly from PAN images only, such that the
color features fk lie in Rd with d = 1.

The final approach, 3-PAN, uses only the panchromatic data
and still achieves reconstruction accuracy comparable to the
Brovey configuration. In contrast, the linear combination method,
which jointly trains on both MSI and panchromatic images,
leads to a noticeable performance degradation of approximately
0.5 m. When comparing the single channel and 3-PAN ap-
proaches, both operating on panchromatic data only, the single-
channel strategy produces slightly worse results (by approx-
imately 0.14 m on average). This observation suggests that
the modeling of panchromatic rendering has a non-negligible
impact on reconstruction quality. Although the applied pan-
sharpening technique is the Brovey method, these findings in-
dicate that Gaussian Splatting cannot effectively exploit both

ISPRS Annals of the Photogrammetry, Remote Sensing and Spatial Information Sciences, Volume XI-2-2026 
XXV ISPRS Congress 2026 “From Imagery to Understanding”, Commission II, 4–11 July 2026, Toronto, Canada

This contribution has been peer-reviewed. The double-blind peer-review was conducted on the basis of the full paper. 
https://doi.org/10.5194/isprs-annals-XI-2-2026-217-2026 | © Author(s) 2026. CC BY 4.0 License.

 
221



modalities simultaneously during training. Instead, panchro-
matic and MSI inputs should be processed separately. This
observation is consistent with previous work (Sprintson et al.,
2025b), where the two modalities were also treated independ-
ently.

5.5 Comparing EOGS++ with the state of the art

The results are reported in Table 3 and visual results are repor-
ted in Figure 6. Additional results obtained without the foliage
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Figure 4. Qualitative comparison of different methods for
handling errors in the camera pointing (cf. Table 1) on

IARPA 002 and IARPA 003 scenes.
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Optical flow External B.A.

Figure 5. Rendered images on IARPA 001 using different B.A.
strategies. Notice how the images become sharper.
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JAX ↓ IARPA ↓ Mean ↓
Brovey ✓ ✗ ✗ 1.19 1.46 1.33

Linear combination ✗ ✓ ✓ 1.95 1.58 1.77
Single channel ✗ ✗ ✓ 1.36 1.58 1.47

3-PAN ✗ ✗ ✓ 1.19 1.47 1.33

Table 2. Mean absolute error (MAE) on elevation for different
pansharpening strategies. HR denotes high-resolution, and LR

denotes low-resolution data. Lower values indicate better
performance. For a fair comparison, all methods are trained for

exactly 5’000 iterations.

mask, as well as further comparative figures, are provided in
the supplementary material. EOGS++, when using the same

GT Lidar DSM EOGS EOGS++

Figure 6. Qualitative comparison of EOGS and EOGS++
predicted DSMs on the JAX 214, JAX 004 and JAX 260 scenes.
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data modalities as prior work, consistently achieves the best
performance on buildings compared to existing models by 0.1
meters.

The early stopping mechanism effectively removes misplaced
Gaussians and results in a more coherent scene reconstruction.

Instead, when relying solely on the non-bundle-adjusted pan-
chromatic data, the model achieves performance comparable to
the original EOGS, despite EOGS relying on camera priors and
pre-pansharpened MSI data.

However, when evaluating results without the foliage mask,
performance remains inferior to Eo-NeRF. As illustrated in Fig-
ure 6, certain fine vegetation structures, particularly in the JAX
260 scene, are not fully preserved. As components such as early
stopping and opacity reset act as regularization mechanisms,
they tend to suppress high-frequency elements with limited geo-
metric stability. Given that vegetation is inherently transient
and varies with seasons and acquisition dates, these details are
therefore less critical for our primary objective, which is the
reconstruction of permanent structures such as buildings.

The last row of Table 3 reports the performance of EOGS++
when trained directly on raw panchromatic data and raw RPCs,
without any of the proposed enhancements. As PAN imagery
provides weaker geometric cues than pansharpened inputs, the
resulting MAE is higher than when using pansharpened data
(shown in table 1). Nevertheless, integrating the full set of im-
provements yields a substantial reduction in error (about 0.2 m
on average), indicating that each component contributes mean-
ingfully to training stability and reconstruction accuracy.

6. Conclusion

In this work, we presented EOGS++, an enhanced Gaussian
Splatting framework specifically designed for Earth observa-
tion. Building upon the original EOGS, our approach elimin-
ates preprocessing requirements, such as external bundle ad-
justment and pansharpening, by directly integrating pose refine-
ment through optical flow and by operating natively on raw pan-
chromatic imagery. Additional mechanisms, including opacity
reset, early stopping, and TSDF-based postprocessing, further
improve reconstruction sharpness and geometric accuracy.

Experiments conducted on the IARPA2016 and DFC2019 data-
sets demonstrate that EOGS++ achieves state-of-the-art recon-
struction accuracy. The framework performs robustly across
varying acquisition conditions, achieving consistent improve-
ments over existing methods, though challenges remain in cap-
turing fine vegetation structures.
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Table 3. Quantitative comparison of EOGS++ and baseline methods on elevation reconstruction accuracy and runtime.Baselines 
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the use of preprocessed data. The two last row reports the performance when training directly with the raw RPCs provided by the 
satellite vendor and raw panchromatic data.
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