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Abstract. Open-vocabulary scene understanding aims to recognize ar-
bitrary semantic concepts in 3D beyond a fixed set of categories. Re-
cent methods built upon 3D Gaussian Splatting (3DGS) enable scene
understanding by distilling features from vision–language models, but
most rely on per-scene optimization and dense observations, which limit
scalability. More recent generalizable 3DGS methods show promise, but
they perform poorly on sparse-view satellite imagery due to the unique
pushbroom imaging mode, limited geometric constraints, and extreme
scale variations. To address these limitations, we propose SkySplat-OV,
a feed-forward framework that integrates the rational polynomial co-
efficient (RPC) model into a generalizable language 3DGS pipeline. A
Geometry–Radiance–Semantics Fusion module, together with monoc-
ular relative height supervision, improves Gaussian parameter predic-
tion under limited geometric constraints. Moreover, SkySplat-OV em-
ploys single-stage SAM3 distillation to handle extreme scale variations
in satellite imagery for accurate segmentation. Compared to per-scene
optimization methods, SkySplat-OV achieves up to 1070 times speedup
over LangSplatV2 with higher accuracy. It also outperforms generaliz-
able 3DGS baselines, achieving 12.91%–25.75% mIoU improvements on
two benchmarks, and demonstrates strong cross-dataset generalization
on the MVS3D test set. Additional qualitative results are available at
https://skysplat-ov.github.io/.
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1 Introduction

Open-vocabulary scene understanding from sparse satellite views is a fundamen-
tal yet challenging problem. This technique is critical for applications such as
urban planning [23], robot navigation [10], and SLAM [27].

Most existing scene understanding methods rely on fully supervised learning,
requiring dense ground-truth annotations for geometry and semantics. Moreover,
they are typically restricted to predefined label sets and have difficulty general-
izing to arbitrary categories [8,16,28]. In contrast, NeRF-based methods [19,44]
achieve scene understanding by distilling 2D vision–language features into radi-
ance fields, without requiring ground-truth supervision. However, these methods
rely on per-scene optimization and dense input views, making them computa-
tionally expensive and ill-suited for sparse-view satellite imagery.

Fig. 1: Comparison with existing methods. (a) Generalization results on the
DFC19 dataset [4, 22]. SkySplat-OV achieves the best performance among all com-
peting methods. (b) Per-scene optimization results. SkySplat-OV reaches optimal per-
formance within only 9.82 seconds. (c) DSM reconstruction and semantic segmentation
results on a representative area of interest (OMA315). We report the MAE, mIoU, and
reconstruction time of SkySplat-OV and Uni3R [36].

To improve efficiency, methods based on 3D Gaussian Splatting (3DGS [18])
have been proposed for open-vocabulary scene understanding. For example,
Feature-3DGS [49] and LangSplatV2 [26] distill semantic features into the 3D
Gaussian field, enabling promptable 3D segmentation. However, they still require
per-scene optimization and dense observations, which limits their scalability.

More recently, generalizable 3DGS methods [13,25,36] directly predict Gaus-
sian parameters and lift features into 3D in a single pass, improving both trans-
ferability and reconstruction speed. Despite these advances, existing methods re-
main unsuitable for sparse-view satellite imagery due to three challenges: (1) the
pushbroom imaging mode differs from the standard pinhole imaging mode; (2)
inaccurate Gaussian parameter prediction under limited geometric constraints;
and (3) complex multi-stage distillation is often required to handle extreme scale
variations for accurate segmentation.
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To address these limitations, we propose SkySplat-OV, a generalizable frame-
work for open-vocabulary scene understanding from sparse satellite views. It inte-
grates the rational polynomial coefficient (RPC) model into a 3DGS pipeline, lifts
language features via feature distillation into the 3D Gaussian field. Gaussian
parameter predictions are then refined under limited geometric constraints via
a Geometry–Radiance–Semantics Fusion module and monocular relative height
supervision. Single-stage SAM3 feature distillation further handles extreme scale
variations in satellite imagery, enabling accurate and view-consistent segmenta-
tion. The framework is fully self-supervised, requiring no ground-truth annota-
tions. Extensive experiments demonstrate that SkySplat-OV significantly out-
performs prior generalizable methods and achieves up to 1070× speedup over
state-of-the-art (SOTA) per-scene optimization methods (see Figure 1). Our
main contributions are summarized as follows:
– We propose SkySplat-OV, the first self-supervised framework for scene un-

derstanding from sparse-view satellite imagery, explicitly integrating the
RPC model into the language 3DGS pipeline.

– We introduce a Geometry–Radiance–Semantics Fusion (GRS-Fusion) mod-
ule and incorporate monocular relative height supervision to refine Gaussian
parameter predictions.

– We distill SAM3 features in a single-stage process for accurate and view-
consistent segmentation, achieving 1070× faster inference than per-scene
optimization methods while maintaining strong cross-dataset generalization.

2 Related Works

2.1 Open-Vocabulary Semantic Segmentation

Open-vocabulary semantic segmentation (OVSS) enables segmentation of al-
most any category in an image through a prompt vocabulary. In natural im-
agery, training-based methods often require annotated datasets to adapt vision-
language models (VLMs) [30, 43], while training-free methods like ProxyCLIP
[21] and Trident [35] use foundation model [20, 33] to guide segmentation with-
out extra training. However, extending OVSS methods to satellite imagery is
challenging due to extreme scale variations, arbitrary object orientations, and
dense layouts [24]. SegEarth-OV [24] addresses these challenges by adapting fea-
ture representations for satellite imagery, achieving strong performance. Recent
SAM-based methods further introduce feature or mask guidance to improve lo-
calization, but they generally rely on complex pipelines [12, 47]. Despite the
success of SAM in 2D segmentation [6, 20], its potential for open-vocabulary
scene understanding from sparse satellite views remains largely unexplored. To
bridge this gap, we distill SAM3 [6] features into the language embedded 3DGS
field in a single-stage process, enhancing scene understanding.

2.2 Scene Reconstruction from Satellite Imagery

Scene reconstruction from satellite imagery has traditionally relied on stereo-
based and multi-view stereo (MVS) reconstruction methods [14, 15, 48], which
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typically require dense ground-truth supervision. To reduce this dependence,
NeRF-based approaches have been introduced and adapted to satellite imagery
[11,31,32]. However, these methods typically involve per-scene optimization and
multiple input views, limiting their applicability under sparse-view settings [7].

Recently, 3DGS has emerged as an efficient scene representation, offering fast
rendering and high-quality reconstruction [18]. Several works, such as SatGS [3]
and EOGS [2], have adapted 3DGS to satellite imagery, but they still rely on
per-scene optimization and dense observations. More recent generalizable 3DGS
methods, including MVSplat [9], DepthSplat [42], HiSplat [37] and SkySplat [17],
further improve efficiency and generalization by directly predicting Gaussian pa-
rameters in a single pass, enabling fast reconstruction from sparse views. How-
ever, these methods focus mainly on appearance and lack semantic understand-
ing. In contrast, SkySplat-OV augments each 3D Gaussian with language em-
beddings, enabling open-vocabulary scene understanding.

2.3 Open-Vocabulary Scene Understanding

Open-vocabulary scene understanding aims to recognize arbitrary concepts in
3D beyond a fixed, annotated label space. In computer vision, early NeRF-based
methods embed 2D CLIP [34] or DINO [33] features into radiance fields [19,44],
enabling flexible open-vocabulary queries but requiring per-scene optimization.
To improve efficiency, 3DGS-based methods, such as Feature-3DGS [49] and
LangSplatV2 [26], directly encode semantic or instance-level features within the
Gaussians, supporting promptable segmentation and semantic editing while still
relying on per-scene optimization.

More recently, generalizable methods lift vision-language features into 3D in
a single pass. For example, LSM [13] builds upon the DUSt3R [39] for spatial
lifting, while Uni3R [36] leverages VGGT [38] to produce consistent 3D rep-
resentations. SemanticSplat [25] further achieves accurate segmentation via a
complex multi-stage distillation process. However, these generalizable methods
are designed for standard pinhole camera models and do not directly support
RPC-based satellite imagery. By integrating the RPC model into the language
3DGS pipeline, we enable accurate and view-consistent scene understanding.

3 Method

Given N sparse-view satellite images {Ii}Ni=1, where Ii ∈ RH×W×3 with height
H and width W , along with their corresponding RPCs, our goal is to learn a
generalizable model capable of accurate open-vocabulary scene understanding
without ground-truth supervision.

To this end, we propose a generalizable framework, SkySplat-OV, which
avoids per-scene optimization. SkySplat-OV first extracts deep features from
sparse views and constructs a cost volume via RPC warping for regularization
and height regression, achieving geometry reconstruction (Sec. 3.1). It then em-
ploys a GRS-Fusion module to accurately predict Gaussian parameters (Sec. 3.2).
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Fig. 2: Overview of the proposed SkySplat-OV. The Image Encoder, Text En-
coder, and OVSeg are adopted from the frozen SAM3 [6].

Additionally, monocular relative height and language feature extracted from pre-
trained 2D vision foundation models (VFMs) are incorporated as auxiliary su-
pervision, combined with radiance supervision for self-supervised learning (Sec.
3.3). Finally, the distilled language features are fed into the Feature Pyramid
Network (FPN) and decoder of SAM3 to obtain open-vocabulary segmentation
results (Sec. 3.4). An overview of the SkySplat-OV framework is illustrated in
Figure 2.

3.1 RPC-Based Geometry Reconstruction

To enable open-vocabulary scene understanding, SkySplat-OV first infers the
scene geometry from sparse-view images.

Multi-View Feature Extraction. To extract deep features from sparse-view
images, each input image is first encoded by a lightweight CNN to produce
initial features {Fcnn

i }Ni=1. Features are then aggregated using the multi-view
Transformer, yielding the final feature maps {Fi}Ni=1.

RPC-Based Cost Volume Construction and Height Regression. Next,
cost volumes are constructed to encode cross-view geometric consistency. Specif-
ically, for each reference feature map pixel coordinates (ui, vi) and candidate
height hm, the corresponding coordinates (uhm

j , vhm
j ) on the source feature map

Fj are obtained by RPC warping:(
uhm
j , vhm

j

)
= RPCsrc

(
RPC−1

ref (ui, vi, hm)
)

(1)
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The source feature map is then sampled at these locations to obtain warped
features:

Fhm
j→i = Inter

(
Fj ,

(
uhm
j , vhm

j

))
∈ R

H
s ×W

s ×C (2)

The warped features are aggregated with the reference feature to construct
the initial cost volumes. These volumes are then regularized along the height di-
mension to obtain cost volumes {Ci}Ni=1, which are subsequently normalized into
probability volumes {Pi}Ni=1. Finally, the initial height for each pixel {Hi}Ni=1,
where Hi ∈ RH×W , is obtained by computing the weighted sum of all candidate
heights using the probability volume.

3.2 Gaussian Parameter Prediction via GRS-Fusion

Building upon previous works [13,49], we introduce a language-aligned semantic
feature parameter f into conventional 3DGS, resulting in a unified representation
that jointly models geometry, radiometry, and semantics. This enables consis-
tent and coherent reconstruction of a language-embedded 3DGS field {Gm}Mm=1,
where M = H ×W ×N . Each 3D Gaussian is represented as:

Gm = {µm, Σm, Cm, αm, fm} (3)

where µm denotes the Gaussian center, Σm denotes the covariance matrix, Cm

denotes the color, and αm denotes the opacity.

Geometry-Radiance-Semantics Fusion. To achieve accurate Gaussian pa-
rameter prediction, we design a Geometry-Radiance-Semantics Fusion (GRS-
Fusion) module to integrate geometric information (cost volume Ci, predicted
height Hi, and confidence maps derived from the maximum values of Pi), ra-
diometric information (multi-view images), and semantic feature information
(language features Fsam

i from SAM3 and the concatenated image features from
Fcnn

i and Fi). These features are concatenated along the channel dimension
and processed by a lightweight 2D U-Net to generate unified fusion features
{Fgrs

i }Ni=1, where Fgrs
i ∈ RH

s ×W
s ×Cgrs , which serve as the shared representation

for Gaussian parameter prediction. Our pipeline proceeds as follows:

Initialization. The predicted height maps Hi are unprojected via the RPC model
to obtain the Gaussian centers µm.

Language-Aligned Semantic Parameter Prediction. The fusion feature Fgrs
i and

additional feature information are concatenated and processed by a feature head
to predict the language-aligned semantic parameter. Following previous methods
[13, 36], the language features Fsam

i are incorporated via a residual connection
to refine the prediction, yielding the final semantic parameter fm.
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Remaining Parameters Prediction. The fusion feature Fgrs
i , radiometric informa-

tion, and feature information are concatenated and passed through a Gaussian
parameter head to estimate the covariance Σm and color Cm, where the co-
variance matrix is parameterized as Σm = R(θm)T diag(sm)R(θm), with sm
denoting the scaling factor and R(θm) denoting the rotation matrix parameter-
ized by a quaternion. Meanwhile, following MVSplat [9], the fusion feature Fgrs

i

and geometric information are concatenated and processed by convolution layers
to predict the opacity αm.

3.3 VFM-Aligned Self-Supervised Learning

We distill 2D VFMs, including DA3 [29] and SAM3 [6], into the language-
embedded 3DGS field. To achieve this, we introduce three complementary self-
supervision signals: (1) RGB reconstruction, (2) language feature alignment, and
(3) relative height alignment.

Specifically, the rendered image Irender and the corresponding feature Frender

are obtained via standard 3DGS rendering, with the RPC model approximated
as a pinhole camera [45]:

Irender =

M∑
m=1

Cm αm

m−1∏
n=1

(1− αn)

Frender =

M∑
m=1

fm αm

m−1∏
n=1

(1− αn)

(4)

For RGB reconstruction, appearance consistency is enforced by supervising
the rendered RGB image with the ground-truth image using MSE and LPIPS
losses:

Lrgb = MSE(Igt, Irender) + LPIPS(Igt, Irender) (5)

For language feature alignment, the rendered feature map Frender is passed
through two dedicated MLP heads to produce predicted language features F̂lang

aligned with SAM3. MSE loss and cosine similarity loss are applied to align the
predicted features with the ground-truth features Flang:

Llang = MSE(Flang, F̂lang) + 1− cos(Flang, F̂lang) (6)

To further improve geometric accuracy, the reconstructed height maps Hi are
supervised using the relative height maps hei from DA3 via a Pearson correlation
loss [50]:

Lhei =
Cov(hei,Hi)√

Var(hei),Var(Hi)
(7)

The overall self-supervised objective is defined as:

L = Lrgb + Llang + Lhei (8)
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This self-supervision strategy aligns appearance, language features, and ge-
ometry within the unified 3D scene representation, enabling more coherent lan-
guage 3DGS.

3.4 Open-Vocabulary Scene Understanding

After obtaining distilled features F̂lang, SkySplat-OV performs open-vocabulary
scene understanding by leveraging the SAM3. Specifically, the aligned features
F̂lang are used in place of the image encoder’s output and fed into SAM3’s FPN
for subsequent prediction.:

x
(m)
i = Convm(F̂lang

i ), m = 1, . . . , L (9)

p
(m)
i = PE(x

(m)
i ), m = 1, . . . , L (10)

where each x
(m)
i is the FPN feature at scale m, and p

(m)
i is its positional

encoding. A text query is encoded into F̂text by the SAM3 text encoder and used
by the cross-modal head to produce the segmentation mask Mi and probability
map Pi.

(Mi,Pi) = OVSeg(xi, F̂
text) (11)

where OVSeg follows the original SAM3 detector design and is used to per-
form open-vocabulary segmentation. To achieve object-space (digital surface
model, DSM–level) segmentation and reconstruction, the per-class probability
maps Pi and height maps Hi are first projected using the RPC model. For each
grid cell, the maximum height and semantic probability are selected, and an
argmax over classes is applied to produce the final 3D semantic reconstruction.

4 EXPERIMENTS

4.1 Experimental Setup

Datasets. We evaluate SkySplat-OV on three datasets: DFC19 [4,22], SpaceNet4
[41], and MVS3D [5]. DFC19 has a 0.3 m ground sampling distance (GSD) and
includes 11,648 training scenes and 1,472 test scenes. Following MVSplat [9], im-
ages are cropped to 256×256, and each scene uses three reference and two target
views, with five semantic categories: ground, foliage, building, water, and ele-
vated roadway. SpaceNet4 has a 0.5m GSD and contains 16,896 training scenes
and 2,112 test scenes. Images are cropped to 256×256 in the same manner, and
each scene uses two reference and two target views for testing, with three seman-
tic categories: ground, foliage, and building. For cross-dataset evaluation, three
areas of interest (AOIs) from MVS3D with a 0.3 m GSD are used. They provide
four semantic categories (ground, foliage, building, and water) and are resized
to 768×768 with adjusted RPC models. For all three datasets, RPC models are
refined via bundle adjustment.
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Table 1: Quantitative comparison with generalizable methods on the DFC19
and SpaceNet4 datasets. For 2D open-vocabulary baselines (ProxyCLIP, Trident,
and SegEarth-OV), novel-view images are first rendered using HiSplat and then seg-
mented in 2D. (Bold indicates best, underline indicates second best.)

Methods DFC19 SpaceNet4

mF1↑ mIoU↑ PSNR↑ SSIM↑ LPIPS↓ mF1↑ mIoU↑ PSNR↑ SSIM↑ LPIPS↓

ProxyCLIP 29.12 20.07 16.88 0.381 0.564 53.07 37.64 16.46 0.321 0.488
Trident 29.93 20.79 16.88 0.381 0.564 47.86 34.08 16.46 0.321 0.488
SegEarth-OV 31.80 22.37 16.88 0.381 0.564 53.66 38.11 16.46 0.321 0.488

LSM-2V 31.42 19.95 15.71 0.402 0.603 46.76 31.22 17.05 0.257 0.655
LSM-3V 32.19 20.58 16.52 0.431 0.600 – – – – –
Uni3R 34.18 22.20 16.56 0.450 0.604 43.08 28.58 16.54 0.258 0.654
SkySplat-OV 62.42 48.12 17.63 0.531 0.443 67.40 51.02 18.49 0.377 0.400

Table 2: Cross-dataset generalization. Models trained on DFC19 and SpaceNet4
are directly evaluated on MVS3D. For 2D open-vocabulary baselines, reference-view
predictions are projected to the object space using HiSplat. (Bold indicates best,
underline indicates second best.)

Methods DFC19 → MVS3D SpaceNet4 → MVS3D

mF1↑ mIoU↑ MAE↓ PAG2.5↑ mF1↑ mIoU↑ MAE↓ PAG2.5↑

ProxyCLIP 51.96 36.06 18.01 9.16 50.36 34.64 16.72 9.87
Trident 51.94 36.17 18.01 9.16 50.58 34.96 16.72 9.87
SegEarth-OV 49.98 34.08 18.01 9.16 48.80 33.03 16.72 9.87

LSM-2V 41.74 30.04 11.37 16.19 38.79 27.97 11.37 16.19
LSM-3V 38.04 26.52 16.55 9.60 32.14 23.07 16.55 9.60
Uni3R 26.32 17.14 11.92 14.95 29.21 18.17 11.92 14.95
SkySplat-OV 58.79 43.22 4.28 38.04 60.17 45.26 4.37 41.48

Evaluation Metrics. We report standard image quality metrics for photo-
metric fidelity, including pixel-level PSNR, patch-level SSIM [40], and feature-
level LPIPS [46]. Semantic segmentation performance is evaluated using mean
Intersection-over-Union (mIoU) and mean F1 score (mF1), following MVSR3D
[16]. Geometric reconstruction quality on the eight AOIs is assessed using mean
absolute error (MAE) and and the percentage of accurate grids PAG2.5, defined
with a 2.5m error threshold [15].

Implementation Details. All experiments are conducted on a server equipped
with eight NVIDIA GeForce RTX 4090 GPUs (24 GB memory each), running
Ubuntu 22.04. The model is trained using the AdamW optimizer with a learn-
ing rate of 2 × 10−4. In all experiments, we sample 64 height candidates when
constructing the cost volume.
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Fig. 3: Qualitative comparison of novel view synthesis on the DFC19 test
set with 3 input images.

Fig. 4: Qualitative comparison of open-vocabulary novel view segmentation
on the DFC19 test set with three input images.

4.2 Generalization Results

We first visualize the 3D Gaussian fields by concatenating 64 non-overlapping
outputs, each reconstructed from three 256×256 images, into a large-scale scene.
As shown in Figure 5, SkySplat-OV produces more coherent radiance and lan-
guage fields than Uni3R, along with more accurate segmentation, highlighting
the effectiveness of the RPC-based framework for scene understanding.

Evaluation of Novel View Synthesis. We compare SkySplat-OV with the
SOTA method HiSplat [37] on two datasets. In addition, comparisons are made
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Fig. 5: Comparisons of 3D Gaussian field representations (top) and segmen-
tation results (bottom). For each method, the 3D Gaussian visualization shows the
radiance field on the left half and the language field on the right half, where PCA [1] is
used for visualization. The dashed line separates JAX072 (left) and OMA315 (right).

Fig. 6: Language field visualization. Multi-view rendered features show strong view
consistency, demonstrating the lifting of 2D features into a 3D language field. PCA [1]
is used for visualization.

with LSM [13] and Uni3R [36], both of which can perform novel view synthesis
and novel view segmentation. HiSplat is used to render novel views for the open-
vocabulary baselines, and its synthesis quality is reported jointly in Table 1.

As shown in Table 1, SkySplat-OV consistently outperforms all baselines
across all metrics. On the DFC19 dataset, SkySplat-OV achieves a PSNR of
17.63 dB, SSIM of 0.531, and LPIPS of 0.443, compared to 16.88 dB, 0.381,
and 0.564 for HiSplat, respectively. On the SpaceNet4 dataset, SkySplat-OV
achieves a PSNR of 18.49 dB, SSIM of 0.377, and LPIPS of 0.400, compared
to 16.46 dB, 0.321, and 0.488 for HiSplat, respectively. Figure 3 demonstrates
that SkySplat-OV synthesizes sharper novel views with fewer artifacts than the
baselines.

Evaluation of Open-vocabulary Novel View Segmentation. We compare
SkySplat-OV with LSM and Uni3R. In addition, we include comparisons with
2D open-vocabulary SOTA methods (ProxyCLIP [21], Trident [35], SegEarth-
OV [24], which perform open-vocabulary segmentation on novel views rendered
by HiSplat.

Quantitative results on the DFC19 and SpaceNet4 datasets are reported in
Table 1. SkySplat-OV consistently outperforms all compared methods, includ-
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Table 3: Quantitative comparison with per-scene optimization methods
across eight AOIs. Results marked with * are taken from prior work [17]. Each
cell reports MAE (meters)/mIoU (%). (Bold indicates best, underline indicates sec-
ond best.)

Methods JAX004 JAX068 JAX260 OMA212 OMA315 IARPA001 IARPA002 IARPA003 Time

S-NeRF* 3.28/– 7.47/– 4.88/– 3.24/– 2.98/– 4.97/– 9.71/– 6.55/– 6.62h
Sat-NeRF* 3.27/– 6.53/– 5.28/– 3.16/– 2.99/– 4.63/– 6.65/– 4.92/– 7.39h
EOGS* 3.31/– 6.67/– 6.41/– 9.08/– 6.38/– 5.90/– 13.79/– 14.83/– 4.60min

Feature-3DGS 3.30/34.78 7.77/29.32 3.86/22.01 8.25/20.01 7.79/22.99 3.33/13.08 6.09/19.81 5.50/19.64 3.82h
LangSplatV2 4.79/11.74 9.59/22.41 5.41/15.92 10.02/1.47 7.94/13.45 3.60/12.66 6.75/18.01 5.87/17.15 2.92h
SkySplat-OV 1.73/47.85 3.71/37.50 2.48/49.28 1.13/28.70 2.04/55.50 3.13/37.76 3.94/41.92 4.01/38.66 9.82s

Fig. 7: Predicted DSMs and corresponding OVSS results for eight AOIs.
From top to bottom: JAX004, JAX068, JAX260, OMA212, OMA315, IARPA001,
IARPA002, and IARPA003.

ing the 2D open-vocabulary SOTA methods. As shown in Figure 4, SkySplat-OV
generates semantic segmentation results that are both sharp and well-defined.
This improvement can be attributed to distilling SAM3 features into a uni-
fied language-embedded 3DGS field, enabling more effective semantic learning
and sharper boundaries. Importantly, whereas 2D open-vocabulary methods fre-
quently exhibit inconsistencies across views, SkySplat-OV preserves high consis-
tency across multiple perspectives. To further demonstrate this, we visualize the
language field using PCA [1] in Figure 6.
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Table 4: Ablation study on the DFC19 dataset. We evaluate the contributions
of GRS-Fusion (Geometry-Radiance-Semantics Fusion), R.H.S. (Relative Height Su-
pervision), and F.D. (Feature Distillation). (Bold indicates best.)

GRS-Fusion R.H.S. F.D. mF1↑ mIoU↑ PSNR↑ SSIM↑

– – 15.90 0.425
✓ 50.20 37.28 15.68 0.420

✓ ✓ 57.31 43.12 17.64 0.496
✓ ✓ 60.65 46.38 17.23 0.526

✓ ✓ ✓ 62.42 48.12 17.63 0.531

Table 5: Ablation of Feature Distillation on the DFC19 dataset. Methods
with “+ SAM3” denote applying SAM3 for segmentation on rendered novel views.

Methods mF1↑ mIoU↑ PSNR↑ SSIM↑

HiSplat + SAM3 29.47 19.34 16.88 0.381
SkySplat + SAM3 34.03 22.44 17.53 0.546
SkySplat-OV + SAM3 43.45 31.97 17.63 0.531
SkySplat-OV 62.42 48.12 17.63 0.531

Evaluation of Cross-Dataset Generalization. To assess the generalization
capability of SkySplat-OV, we conduct two cross-dataset evaluations. Specifi-
cally, we train models on DFC19 (Jacksonville and Omaha, US) or SpaceNet4
(Atlanta, US), and directly test them on MVS3D (San Fernando, Argentina). As
shown in Table 2, despite the test dataset exhibiting significantly different view-
point distributions and image appearances from the training datasets, SkySplat-
OV achieves accurate geometric reconstruction and precise semantic segmenta-
tion. Notably, the geometric accuracy improves substantially, with MAE reduced
from 18.01 m and 16.72 m for HiSplat to 4.28m and 4.37m for SkySplat-OV.

4.3 Per-Scene Optimization Results

Table 3 reports quantitative comparisons between SkySplat-OV and the SOTA
per-optimization methods, including geometry-only reconstruction methods (S-
NeRF [11], Sat-NeRF [31], and EOGS [2] as well as open-vocabulary scene under-
standing methods (LangSplatV2 [26] and Feature-3DGS [49]). Benefiting from
its strong generalization capability, SkySplat-OV achieves the best overall per-
formance while dramatically reducing the time required for scene understanding.

Specifically, SkySplat-OV reduces the average reconstruction time from sev-
eral minutes (e.g., 4.60 minutes for EOGS) or even several hours (e.g., 6–8 hours
for NeRF-based methods) to only 9.82 seconds. Meanwhile, the scene under-
standing time is shortened from several hours for LangSplatV2 (2.92 hours)
and Feature-3DGS (3.82 hours) to 9.82 seconds with a single feed-forward pass.
Notably, despite being nearly 1070× faster than LangSplatV2, SkySplat-OV
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Table 6: Ablation of camera model under the pinhole setting. (Bold indicates
best.)

Methods DFC19 SpaceNet4

mF1↑ mIoU↑ LPIPS↓ mF1↑ mIoU↑ LPIPS↓
LSM (pinhole) 31.42 19.95 0.603 46.76 31.22 0.655
Uni3R (pinhole) 34.18 22.20 0.604 43.08 28.58 0.654
SkySplat-OV (pinhole) 52.75 38.45 0.530 64.78 48.13 0.551

achieves substantially higher geometric reconstruction quality across all AOIs, re-
ducing the mean MAE averaged over eight AOIs from 4.68 m (the best-performing
baseline, Sat-NeRF) to 2.77 m. In addition, SkySplat-OV significantly improves
scene understanding performance, increasing the mean mIoU averaged over eight
AOIs from 22.71% (Feature-3DGS) to 42.15%. Figure 7 further highlights the
advantages of SkySplat-OV in preserving fine structural details and achieving
more accurate scene understanding.

4.4 Ablation Study

To evaluate the effectiveness of each component, we conduct comprehensive ab-
lation studies. Results show that all proposed modules contribute to improved
performance.

Ablation of Geometry-Radiance-Semantics Fusion Module. The GRS-
Fusion module is designed to refine Gaussian parameter predictions by jointly
integrating geometric, radiometric, and semantic information. As shown in Table
4, the effectiveness of GRS-Fusion is consistently validated under both settings:
without relative height supervision (comparing Rows 2 and 3) and with rela-
tive height supervision (comparing Rows 4 and 5). In all cases, incorporating
the GRS-Fusion module leads to consistent improvements across all evaluation
metrics, demonstrating its robustness and general applicability.

Ablation of Relative Height Supervision. We further investigate the im-
pact of relative height supervision derived from DA3, which is introduced as an
auxiliary signal to facilitate scene understanding. To evaluate its necessity, we
compare models trained with and without relative height supervision (Rows 3
and 5 in Table 4). The results clearly indicate that relative height supervision
plays a crucial role in improving scene understanding performance.

Ablation of Feature Distillation on Scene Understanding. To evaluate
the effectiveness of feature distillation on scene understanding, we compare two
paradigms: (1) direct SAM3 segmentation on novel views rendered by HiSplat
and SkySplat-OV, and (2) SkySplat-OV, which distills SAM3 features into a
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language-embedded 3DGS field. As shown in Table 5, SkySplat-OV consistently
achieves the best performance, indicating that the distilled features not only
enhance multi-view consistency but also improve scene understanding accuracy
through joint geometric, radiometric, and semantic learning.

Ablation of Feature Distillation. To assess whether feature distillation af-
fects the photometric fidelity, we compare novel view rendering quality between
SkySplat-OV and SkySplat. As shown in Table 5, SkySplat-OV achieves a higher
PSNR (17.63 vs 17.53), indicating that rendering quality is well preserved. Mean-
while, feature distillation yields large gains in open-vocabulary segmentation:
SkySplat-OV improves mF1 (34.03 → 62.42) and mIoU (22.44 → 48.12) over
SkySplat with SAM3.

Ablation of Camera Model. To assess the impact of the camera model, we
evaluate all baseline methods under a unified pinhole camera setting by convert-
ing RPC cameras to pinhole models using a standard fitting procedure.

As shown in Table 6, we further evaluate a pinhole-camera variant of SkySplat-
OV. Although removing explicit RPC modeling degrades performance, SkySplat-
OV still consistently outperforms LSM and Uni3R on both DFC19 and SpaceNet4,
indicating that the performance gap is not caused by camera model mismatch.

5 Conclusion

We propose SkySplat-OV, a self-supervised framework for open-vocabulary scene
understanding from sparse-view satellite imagery. It explicitly integrates the
RPC model into the language 3DGS pipeline, refines Gaussian parameters via
GRS-Fusion module and relative height supervision, and employs single-stage
SAM3 feature distillation, collectively improving scene understanding. SkySplat-
OV achieves 1070× faster inference than per-scene optimization methods while
maintaining strong cross-dataset generalization.

Limitations. Open-vocabulary segmentation relies on SAM3 and struggles with
visually ambiguous categories in satellite imagery. In addition, height estimation
depends on MVS and degrades in highly reflective regions. Future work will
explore more robust segmentation models and improved geometry estimation.
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