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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 fIigNi=1, where Ii 2 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 fFcnn

i gNi=1. Features are then aggregated using the multi-view
Transformer, yielding the final feature maps fFigNi=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�1ref (ui; vi; hm)

�
(1)
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