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Abstract

Three-dimensional scene reconstruction from sparse-view
satellite images is a long-standing and challenging task.
While 3D Gaussian Splatting (3DGS) and its variants have re-
cently attracted attention for its high efficiency, existing meth-
ods remain unsuitable for satellite images due to incompati-
bility with rational polynomial coefficient (RPC) models and
limited generalization capability. Recent advances in gener-
alizable 3DGS approaches show potential, but they perform
poorly on multi-temporal sparse satellite images due to lim-
ited geometric constraints, transient objects, and radiomet-
ric inconsistencies. To address these limitations, we propose
SkySplat, a novel self-supervised framework that integrates
the RPC model into the generalizable 3DGS pipeline, en-
abling more effective use of sparse geometric cues for im-
proved reconstruction. SkySplat relies only on RGB images
and radiometric-robust relative height supervision, thereby
eliminating the need for ground-truth height maps. Key com-
ponents include a Cross-Self Consistency Module (CSCM),
which mitigates transient object interference via consistency-
based masking, and a multi-view consistency aggregation
strategy that refines reconstruction results. Compared to per-
scene optimization methods, SkySplat achieves an 86 times
speedup over EOGS with higher accuracy. It also outperforms
generalizable 3DGS baselines, reducing MAE from 13.18 m
to 1.80 m on the DFC19 dataset significantly, and demon-
strates strong cross-dataset generalization on the MVS3D
benchmark.

Introduction
Three-dimensional scene reconstruction from sparse-view
satellite images remains a fundamental challenge in pho-
togrammetry and computer vision. This technique has a
wide range of applications such as digital twins and urban
planning (Zheng et al. 2024).

Recent advances in multi-view stereo (MVS) methods
have demonstrated the potential of deep neural networks for
accurate 3D reconstruction from satellite images (Gao, Liu,
and Ji 2021, 2023). However, these methods typically rely

*Corresponding author.
Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

on fully supervised learning and often degrade on multi-
temporal satellite images due to radiometric and seasonal
variations. In contrast, NeRF-based methods (Mildenhall
et al. 2021; Barron et al. 2021, 2022) have gained attention
for 3D reconstruction without ground-truth height supervi-
sion. Variants like S-NeRF (Derksen and Izzo 2021) and Sat-
NeRF (Marı́, Facciolo, and Ehret 2022) have been proposed
to address the challenges posed by multi-temporal satellite
images. However, these methods are computationally expen-
sive and require long training times (Charatan et al. 2024).

To improve efficiency, the original 3D Gaussian Splatting
(3DGS) (Kerbl et al. 2023) has emerged as a novel 3D repre-
sentation, enabling fast rendering. Several extensions (Aira,
Facciolo, and Ehret 2025; Bai et al. 2025) for satellite im-
ages have been proposed to enhance reconstruction qual-
ity and training efficiency. However, they still require sev-
eral minutes to reconstruct a 256 × 256 m² scene through
per-scene optimization and rely on a large number of input
views.

More recently, data-driven generalizable 3DGS methods
have been developed to improve transferability and recon-
struction speed. These approaches use neural networks to
directly infer per-pixel Gaussian splatting parameters for un-
seen scenes (Xu et al. 2025). Representative examples in-
clude MVSplat (Chen et al. 2024), TranSplat (Zhang et al.
2025), and HiSplat (Tang et al. 2024), which achieve effi-
cient 3D reconstruction from sparse-view images in a sin-
gle feed-forward pass. However, these methods are not di-
rectly applicable to multi-temporal satellite images due to
several challenges: (1) the unique pushbroom imaging mode
of satellites, which violates the standard pinhole camera as-
sumption; (2) interference from transient objects, such as
moving vehicles and vegetation changes; and (3) radiomet-
ric inconsistencies across multi-temporal images caused by
variations in illumination and atmospheric conditions.

To address these challenges, we propose SkySplat, a novel
self-supervised framework for generalizable 3D reconstruc-
tion from multi-temporal sparse satellite images. SkySplat
is the first to explicitly incorporate the satellite-specific ra-
tional polynomial coefficient (RPC) model into the gener-
alizable 3DGS pipeline, enabling accurate scene reconstruc-
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Figure 1: Comparison with existing methods. (a) Generalization results on the DFC19 (Bosch et al. 2019; Le Saux et al.
2019) and MVS3D (Bosch et al. 2016) datasets. Results from the MVS3D dataset are marked with *. SkySplat achieves the
best performance among all competitors. (b) Per-scene optimization results. SkySplat reaches optimal performance in just 3.19
seconds. (c) DSM reconstruction results on two areas of interest (AOIs). We report both MAE and reconstruction time.

tion without pinhole approximations. Extensive experiments
show that SkySplat achieves significantly higher accuracy
than previous generalizable methods while being 86× faster
than SOTA per-scene optimization approaches (see Figure
1). Our main contributions can be summarized as follows:

• We propose SkySplat, the first generalizable 3DGS
framework that incorporates the RPC model without
approximation, achieving accurate scene reconstruction
and an 86× speedup over the SOTA per-scene optimiza-
tion method EOGS.

• We design a Cross-Self Consistency Module (CSCM) to
minimize the impact of transient objects during train-
ing, and incorporate monocular relative heights as addi-
tional supervision to address radiometric inconsistencies
in multi-temporal satellite images.

• We introduce a multi-view consistency aggregation strat-
egy to further enhance reconstruction accuracy.

Related Work
NeRF and 3DGS for Satellite Images
In recent years, NeRF (Mildenhall et al. 2021) and 3DGS
(Kerbl et al. 2023) have made significant progress in 3D
scene reconstruction. However, the unique characteristics
of satellite images—such as the RPC model and radiomet-
ric inconsistencies—pose substantial challenges for recon-
struction. To address these issues, several methods (Derk-
sen and Izzo 2021; Marı́, Facciolo, and Ehret 2022, 2023)
have extended NeRF to satellite domains by improving
light transport models, ray sampling strategies based on
the RPC model, and incorporating shadow modeling tech-
niques. Subsequent efforts further enhanced NeRF-based
scene reconstruction by introducing geometric constraints
or priors (Behari et al. 2024; Liu et al. 2025b). In contrast,
more recent approaches like EOGS (Aira, Facciolo, and
Ehret 2025) and SatGS (Bai et al. 2025) leverage the real-
time and efficient rendering capabilities of 3DGS, adapting
it to multi-temporal satellite images for more efficient pho-
togrammetry. Despite these advances, current methods still

struggle with limited generalization and often require more
than ten input views to achieve satisfactory performance.

Sparse-View Scene Reconstruction
The insufficient geometric constraints between sparse-view
images poses significant challenges for scene reconstruc-
tion (Shi et al. 2024). In computer vision, existing sparse-
view methods can be categorized into two groups: per-
scene reconstruction methods and generalizable reconstruc-
tion methods (Zhang et al. 2025). The former typically lever-
age multi-view geometric constraints (Truong et al. 2023;
Deng et al. 2022), or incorporate stronger supervision from
pre-trained models to improve reconstruction quality (Zhu
et al. 2024; Yu et al. 2022). However, these methods are
often hindered by time-consuming optimization processes,
leading to low efficiency. In contrast, generalizable meth-
ods perform scene reconstruction in a single feed-forward
pass, demonstrating strong generalization by learning pow-
erful priors from large-scale datasets (Yu et al. 2021; Yang,
Pavone, and Wang 2023; Liu et al. 2024). However, in the
context of sparse-view satellite images, existing reconstruc-
tion methods either rely on ground truth height supervision
(Gao, Liu, and Ji 2021) or require per-scene optimization,
which is computationally expensive (Zhang et al. 2024a).

Generalizable 3DGS
Generalizable 3DGS models have recently gained signifi-
cant attention due to their high efficiency and strong gener-
alization capabilities. PixelSplat (Charatan et al. 2024) pio-
neers this approach by leveraging transformer-encoded fea-
tures to predict Gaussian parameters directly. Subsequent
works (Chen et al. 2024; Zhang et al. 2025; Tang et al.
2024) typically employ depth prediction networks to regress
3D Gaussians, further enhancing generalization. However,
due to transient objects, radiometric inconsistencies, and
the unique RPC model, directly applying them to multi-
temporal satellite images results in suboptimal performance.
To address this, we explicitly integrate the RPC model into
the generalizable 3DGS pipeline. Our method enables ac-
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curate scene reconstruction in a self-supervised manner by
filtering transient objects and incorporating relative height
supervision.

Method
Given a set of N sparse-view satellite images {Ii}Ni=1 and
their corresponding RPCs, we aim to learn a generalizable
model that can accurately reconstruct 3D scenes without
requiring ground-truth height supervision. To achieve this
goal, we propose SkySplat, a feed-forward framework that
avoids per-scene optimization. It first matches and fuses ge-
ometric cues from the images with the RPC model to predict
height and Gaussian parameters. Then, transient masks are
generated by the CSCM to minimize the impact of dynamic
objects during training. Next, monocular relative heights
from a pretrained depth model (Yang et al. 2024) are in-
corporated as additional supervision to handle radiometric
inconsistencies in multi-temporal satellite images. Finally,
a consistency aggregation strategy is applied to refine the
scene reconstruction results. An overview of the proposed
SkySplat is shown in Figure 2.

Generalizable Gaussian Splatting with RPC
The generalizable 3DGS with RPC involves four main steps:
multi-view feature extraction, RPC-guided cost volume con-
struction, height estimation and Gaussian parameter predic-
tion.

Multi-View Feature Extraction. To ensure efficiency, we
follow the feature extraction strategy used in MVSPlat
(Chen et al. 2024). Specifically, we avoid any 3D convolu-
tions and use a multi-view Transformer to aggregate features
across different views, which produces features {Fi}Ni=1.

RPC-Guided Cost Volume Construction. Next, we
compute feature correlations across views using the dif-
ferentiable rpc warping to construct cost volumes {Ci}Ni=1
(Gao, Liu, and Ji 2021). For each reference feature Fi , we
sample M height candidates {hm}Mm=1 within a predefined
elevation range. Using inverse RPC projection, each pixel
coordinates (ui, vi) of Fi is back-projected with height hm

to obtain corresponding 3D coordinates:

(Latmi ,Lonm
i ,Heimi ) = RPC−1

ref (ui, vi, hm) (1)

These 3D points are then projected into each source view.
We sample source features via interpolation at the projected
positions and warp them to the reference view:

Fhm
j→i = Inter(Fj ,RPCsrc(Latmi ,Lonm

i ,Heimi )) (2)

where Inter refers to the interpolation operation. A
variance-based operation (Gao, Liu, and Ji 2021) is then ap-
plied across the warped features to compute the final cost
volumes {Ci}Ni=1.

Height Estimation. Each regularized cost volume is then
used to estimate height. We apply a soft argmin opera-
tion along the height dimension to produce a per-view height
map, denoted as {ĥi}Ni=1.

Gaussian Parameter Prediction. With the estimated
heights, we compute the 3D center positions µ3D of the
Gaussians by inverse RPC projection followed by coordinate
correction. Then, we adopt a 2D U-Net, following MVSPlat
(Chen et al. 2024), to predict the remaining Gaussian param-
eters. These include the scaling factor S, rotation quaternion
R, spherical harmonic coefficients C, and opacity α:

G = {µ3D, S,R,C, α} (3)

Note that the rotation quaternion R is derived by approxi-
mating the RPC model with the pinhole camera model dur-
ing training (Zhang, Snavely, and Sun 2019). Since train-
ing is conducted on 256×256 patches, the introduced error is
negligible. During inference, we use the exact µ3D obtained
from the RPC projection, avoiding any approximation error.

Transient Masking via Cross-Self Consistency
Current methods for handling transient objects in multi-
temporal satellite images often rely on per-scene optimiza-
tion, limiting their generalization (Bao et al. 2024). To ad-
dress this issue, we propose the Cross-Self Consistency
Module (CSCM), a transient masking method based on both
cross-view and self-view feature similarity. As shown in
Figure 3, CSCM automatically identifies uncertain regions
during training, where the RGB image supervision loss is
halted.

Considering the photometric stability of the features (Liu
et al. 2025a), we extract feature maps {feati}Ni=1 us-
ing DINOv2 with FeatUp (Oquab et al. 2023; Fu et al.
2024). Following Equations (1) and (2), we build feature
correspondences across views to obtain projected features
{featj→i}Ni=1. At pixels selected by multi-view geometric
consistency filters (see Scene Reconstruction via Consis-
tency Aggregation), we compute the cosine similarity be-
tween feati and featj→i, then convert it into a confidence
map in [0,1] (Kulhanek et al. 2024):

Qcv = max (2 · cos(feati, featj→i)− 1, 0) (4)

where Qcv measures the features consistency across views.
Similarities below 0.5 yield zero confidence. To handle in-
valid regions caused by geometric filtering, we introduce a
self-view confidence map Qsv , computed based on the simi-
larity between the reference features feati and the rendered
features feat′i (Fu et al. 2025):

Qsv = max
(
2 · cos(feati, feat′i)− 1, 0

)
(5)

As Qsv is usually lower than Qcv , we calibrate its scale us-
ing the mean ratio over valid regions of Qcv . The final confi-
dence map Q is constructed by replacing the invalid regions
in Qcv with the calibrated Qsv . Finally, Q is thresholded at
τ = 0.2 to produce a binary mask M , which suppresses mis-
leading supervision from RGB images in regions affected by
transient objects. The module is applied after 35k iterations,
as height estimates become more reliable. See supplemen-
tary for hyperparameter analysis.

Radiometric-Robust Self-Supervised Learning
To mitigate suboptimal local minima caused by varying
imaging conditions in images supervision (Zhang et al.
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Figure 2: Overview of the proposed SkySplat. The depth model is from (Yang et al. 2024), Depth Anything V2 (DAMV2).

Figure 3: Visualization of uncertainty regions generated
by CSCM. Top: Three-views input images and the rendered
reference image. Bottom: DINOv2 feature visualizations
(first three columns) via PCA (Abdi and Williams 2010),
and uncertainty map (last column) of the reference view. Red
boxes and arrows highlight transient objects, where gradient
propagation is halted.

2024b), we introduce auxiliary supervision based on rela-
tive height, which is more robust to illumination changes
(Liu et al. 2025b).

We first obtain relative height maps {Hi}Ni=1 from Depth
Anything V2 (DAMV2) (Yang et al. 2024) for each view.
To address the scale ambiguity issue, we follow previous ap-
proach (Zhu et al. 2024) and supervise the predicted absolute
height maps {ĥi}Ni=1 using the Pearson correlation loss:

Lhei =
Cov(H, ĥ)√

Var(H) · Var(ĥ)
(6)

where Cov(·, ·) and Var(·) denote covariance and variance,
respectively. Unlike previous work (Liu et al. 2025b), SkyS-

plat does not require explicit scale alignment, as it directly
captures similarity between height distributions.

In addition, we apply both LPIPS and MSE losses be-
tween rendered and ground-truth images, guided by the
mask M , where 1 indicates stable (non-transient) regions:

Lrgb = M ⊙ LPIPS(Irender, Igt) +M ⊙ (Irender − Igt)
2 (7)

where ⊙ denotes element-wise multiplication. The rendered
image Irender is generated by native 3DGS rendering, where
the RPC model is approximated by the pinhole camera
model (Zhang, Snavely, and Sun 2019):

Irender =
∑
i

ci · αi

i−1∏
j=1

(1− αj) (8)

As mentioned earlier, the approximation error is negligible
due to small training patches, and no rendering is used dur-
ing inference. The final self-supervised loss is defined as:
L = Lrgb + Lhei.

Scene Reconstruction via Consistency Aggregation
To enhance reconstruction accuracy, we adopt a Multi-view
Consistency Aggregation strategy inspired by (Liu et al.
2024; Gao, Liu, and Ji 2021), which filters out noisy Gaus-
sian points with high reprojection errors across views.

Specifically, given a predicted height map ĥi for the ref-
erence view and ĥj for the source view, we first project a
point p from the reference view to the source view using
Equations (1) and (2), obtaining the projection point q. The
source-view height ĥj(q) is then sampled at this location.
Subsequently, the point q is reprojected back to the refer-
ence view to obtain p′, using:

p′ = RPCref

(
RPC−1

src (uq, vq, ĥj(q))
)

(9)
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where (uq, vq) denote the pixel coordinates of q. Then, we
get the height ĥi (p

′), and compute the geometric and height
reprojection errors as:

δp = ∥p− p′∥2 (10)

δh =
|ĥi(p)− ĥi(p

′)|
|ĥi(p)|

(11)

Only points with δp < 3 and δh < 0.2 are retained as reli-
able 3D points. Finally, these filtered points are orthogonally
projected onto a regular 2D grid. For each grid cell, we keep
the maximum height among all assigned points to generate
the final DSM.

Experiments
Experimental Setup
Datasets. We train and evaluate our model on the large-
scale DFC19 dataset (Bosch et al. 2019; Le Saux et al.
2019), which contains multi-temporal images from Jack-
sonville (JAX) and Omaha (OMA) , all with a ground sam-
pling distance (GSD) of 0.3 m. Following MVSPlat (Chen
et al. 2024), we select three views for each scene and crop
them into 256×256 patches, yielding 11,648 training and
1,472 test samples. For cross dataset evaluation, we use three
AOIs from the MVS3D dataset (Bosch et al. 2016), which
share the same GSD, consistent with EOGS (Aira, Facciolo,
and Ehret 2025). To compare with per-scene optimization
methods, we also evaluate on five AOIs from DFC19 dataset.
RPC camera models in both datasets are refined via bundle
adjustment.

Evaluation Metrics. We evaluate all methods using
LiDAR-based DSMs with a GSD of 0.3–0.5 m. Metrics in-
clude mean absolute error (MAE), root mean square error
(RMSE), and percentage of accurate grids in total (PAG)
(Gao, Liu, and Ji 2023; Huang et al. 2025). For example,
PAG2.5 represents the ratio of grid cells with an L1 dis-
tance error below 2.5 m, and PAG7.5 represents the ratio for
errors below 7.5 m. Additional metrics and results on novel
view synthesis are presented in the Supplements (see Ap-
pendix A.2).

Implementation Details. We conduct all experiments on
a server equipped with eight NVIDIA® GeForce RTX 4090
GPUs (24 GB VRAM each), running on Ubuntu 22.04. All
models are trained for 20 epochs using AdamW with a learn-
ing rate of 2×10−4 and a batch size of 3. For each scene, we
use a fixed height sampling range [hmin, hmax] with 64 sam-
ples, derived from publicly DEMs or LiDAR. In addition,
all images of eight AOIs are resized to 768×768 for general-
izable 3DGS, and RPCs are adjusted accordingly. No post-
processing (e.g., consistency aggregation) is applied during
visualization for fair comparison.

It is worth noting that, to adapt the generalizable 3DGS
compared in Table 1 to satellite images, the RPC model
is approximated by the pinhole camera model (Zhang,
Snavely, and Sun 2019). Due to the significant distance be-
tween the satellite camera and the scene, higher numerical
precision is employed to prevent numerical instability and
overflow issues that may arise from the large depth values.

Generalization Results
We compare SkySplat with SOTA generalizable methods
for sparse-view scene reconstruction. All models are trained
on the DFC19 training set, and quantitative results on the
DFC19 test set are reported in Table 1. SkySplat consis-
tently outperforms all baselines across all metrics. Com-
pared to HiSplat, it achieves an 11.38 m lower MAE, a 13.91
m lower RMSE, a 63.21% higher PAG2.5, and a 58.49%
higher PAG7.5. Notably, even without the consistency ag-
gregation (C.A.) strategy, SkySplat still delivers the best per-
formance, as shown in the second-to-last row of Table 1.

To further evaluate generalization ability, we directly ap-
ply the model trained on the DFC19 to the MVS3D test
set. SkySplat again outperforms all baselines, demonstrating
strong cross-dataset generalization.

We stitch together 64 non-overlapping outputs, each gen-
erated from three 256×256 images, to form a large-scale
3D Gaussian scene. As shown in Figure 4, SkySplat pro-
duces higher-quality 3D Gaussians and more accurate height
maps, especially in challenging regions. These results high-
light the superiority of our RPC-based framework in achiev-
ing accurate 3D reconstructions.

Per-Scene Optimization Results
Table 2 reports quantitative comparisons between SkySplat
and SOTA methods that rely on per-scene optimization.
Benefiting from strong generalization capability, SkySplat
achieves the best performance while drastically reducing re-
construction time.

Specifically, it reduces the average reconstruction time
from several minutes (e.g., 4.60 min for EOGS) or even
hours (e.g., 5–8 h for NeRF-based methods) to just 3.19 sec-
onds. Despite being nearly 86× faster than EOGS, it still de-
livers significantly lower MAE across all AOIs. For instance,
on IARPA 002 and IARPA 003, SkySplat achieves errors
of 3.75 m and 3.41 m, compared to 13.79 m and 14.83 m by
EOGS. Even without the C.A. strategy, our model maintains
strong accuracy, outperforming all baselines in both DFC19
and MVS3D datasets.

Visual results in Figures 5 and 6 further highlight the ad-
vantages of SkySplat in preserving structural details. Even
without fine-tuning, it consistently produces more accurate
and coherent 3D reconstructions compared to existing meth-
ods. Additionally, the average MAE and reconstruction time
of each method are visualized in Figure 1 (b).

Ablation Study
To evaluate the effectiveness of each component, we conduct
ablation studies on the DFC19 dataset. Results show that all
proposed modules contribute to improved performance.

Ablation of Cross-Self Consistency Module. The CSCM
is designed to suppress the influence of transient objects by
stopping gradient propagation. It improves performance in
both settings: without relative height supervision (Row 1 vs.
Row 2 in Table 3) and with supervision (Row 3 vs. Row 4).
In all cases, adding CSCM yields consistent improvements
across metrics.
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Method DFC19 Dataset MVS3D Dataset
MAE(m)↓ RMSE(m)↓ PAG2.5(%)↑ PAG7.5(%)↑ MAE(m)↓ RMSE(m)↓ PAG2.5(%)↑ PAG7.5(%)↑

pixelSplat 176.03 189.26 0.02 0.07 29.15 38.41 6.18 18.36
MVSplat 19.82 22.96 2.71 16.11 16.05 20.20 9.99 29.54
TranSplat 21.96 24.94 1.86 11.40 15.81 19.01 9.44 27.85
DepthSplat 24.21 26.76 0.89 6.33 15.81 19.01 9.44 27.85
HiSplat 13.18 16.59 15.06 37.08 15.63 19.37 9.96 29.34

SkySplat w/o C.A. 2.07 3.07 75.08 94.91 3.48 4.80 50.76 89.16
SkySplat 1.80 2.68 78.27 95.57 3.42 4.79 52.32 89.35

Table 1: Quantitative comparison with generalizable methods on both datasets. SkySplat achieves the best overall per-
formance across all metrics on both datasets. The results of “SkySplat w/o C.A.” demonstrate the contribution of our core
framework even without the consistency aggregation strategy. (Bold indicates best, underline indicates second best.)

Method JAX004 JAX068 JAX260 OMA212 OMA315 IARPA001 IARPA002 IARPA003 Time

NeRF 3.30 6.33 3.09 1.16 3.01 4.11 6.05 6.02 5.76 h
S-NeRF 3.28 7.47 4.88 3.24 2.98 4.97 9.71 6.55 6.62 h
Sat-NeRF 3.27 6.53 5.28 3.16 2.99 4.63 6.65 4.92 7.39 h
EOGS 3.31 6.67 6.41 9.08 6.38 5.90 13.79 14.83 4.60 min

SkySplat w/o C.A. 1.56 4.24 2.68 0.90 1.53 3.14 3.89 3.41 3.13 s
SkySplat 1.56 3.86 2.46 0.89 1.51 3.10 3.75 3.41 3.19 s

Table 2: Quantitative comparison with per-scene optimization methods across three cities. Reported metrics include MAE
on the elevation (meters) and reconstruction time for each method. (Bold indicates best, underline indicates second best.)

Figure 4: Comparisons of 3D Gaussians (top) and height maps (bottom). SkySplat generates smoother and more accurate
results, highlighting its effectiveness.

CSCM R.H.S. C.A. MAE (m)↓ RMSE (m)↓ PAG2.5 (%)↑ PAG7.5 (%)↑
6.07 7.33 29.46 68.57

✓ 5.94 7.19 29.46 70.37
✓ 2.25 3.30 72.90 94.00

✓ ✓ 2.07 3.07 75.08 94.91
✓ ✓ ✓ 1.80 2.68 78.27 95.57

Table 3: Ablation study on the DFC19 dataset. We evaluate the contributions of CSCM (Cross-Self Consistency Module),
R.H.S. (Relative Height Supervision), and C.A. (Consistency Aggregation). (Bold indicates best.)

Ablation of Relative Height Supervision. We use rela-
tive height from DAMV2 as auxiliary supervision to pro-
mote geometry learning. To assess its necessity, we com-
pare results without and with Relative Height Supervision

(R.H.S.) (Row 2 vs. Row 4 in Table 3). The results confirm
that relative height supervision is essential for better geo-
metric reconstruction. This supervision thus acts as a crucial
complementary signal to photometric cues.
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Views Method JAX068 JAX260 OMA212 OMA315

5 S2P (MGM)∗ 2.35 3.29 1.50 1.79
FVMD-ISRe∗ 1.57 2.81 1.10 1.72

3
S2P (MGM) 4.57 5.04 1.55 2.06
SkySplat w/o C.A. 4.24 2.68 0.90 1.53
SkySplat 3.86 2.46 0.89 1.51

Table 4: Effect of the number of views on selected AOIs. Results marked with ∗ are from previous work (Zhang et al. 2024a).
S2P (MGM) refers to the classic stereo pipeline (De Franchis et al. 2014). The evaluation metric is MAE in meters.

Method MFE (px)↓ MAE (m)↓ RMSE (m)↓ PAG2.5 (%)↑ PAG7.5 (%)↑
HiSplat (256×256) 0.27 13.18 16.59 15.06 37.08
HiSplat (512×512) 0.43 13.96 17.68 14.62 35.71
HiSplat (1024×1024) 1.23 14.04 17.77 14.49 35.48
HiSplat (2048×2048) 2.76 14.36 18.11 13.84 34.40

SkySplat (RGB sup.) — 6.07 7.33 29.46 68.57

Table 5: Effect of image size on the DFC19 dataset. We compare SkySplat (trained with RGB-only supervision) with HiSplat,
where all inputs are cropped to 256×256. For HiSplat, the resolutions in parentheses refer to the image sizes used when fitting
the pinhole camera models before cropping.

Figure 5: Predicted DSMs of the DFC19 areas. From top
to bottom: JAX004, JAX068, JAX260, OMA212, OMA315.
DSM resolution: 50 cm/pixel.

Ablation of Consistency Aggregation. We disable the
C.A. strategy to evaluate its effect on scene refinement (Row
4 vs. Row 5 in Table 3). Removing C.A. leads to significant
drops in accuracy, showing that multi-view consistency ag-
gregation is critical for reconstruction.

Effect of the Number of Views. While previous meth-
ods typically require five input views, our three-view re-
construction approach achieves better results in most cases.
As shown in Table 4, SkySplat outperforms these five-view
baselines, indicating that high-quality scene reconstruction
can be effectively accomplished with fewer views.

Figure 6: Predicted DSMs of the MVS3D areas. From top
to bottom: IARPA001, IARPA002, IARPA003. DSM reso-
lution: 30 cm/pixel.

Effect of Image Size. To study the effect of image size on
generalizable 3DGS, we fit pinhole models at different sizes
and report mean fitting error (MFE) on the test set (Table 5).
Results show: (1) HiSplat’s error grows with size due to poor
RPC approximation, limiting large-scale use; (2) SkySplat,
even without auxiliary modules (i.e., supervised using only
RGB images), showing greater precision in reconstruction.

Conclusion
We propose SkySplat, a novel self-supervised framework for
generalizable 3D reconstruction from multi-temporal sparse
satellite images. Extensive experiments show that SkyS-
plat is up to 86× faster than SOTA per-scene optimization
methods, while maintaining strong cross-dataset general-
ization. By explicitly avoiding per-scene optimization and
ground-truth height supervision, SkySplat makes significant
progress toward efficient satellite-based 3D reconstruction.
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