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Abstract. 3D Gaussian Splatting achieves impressive novel view syn-
thesis for ground-level scenes. However, its performance degrades sig-
nificantly in aerial domains due to sparse viewpoint sampling imposed
by platform constraints. Existing sparse-view methods typically rely on
structure-from-motion reconstruction, which often yields incomplete ge-
ometry due to limited feature correspondences under repetitive textures
and sparse viewpoint overlap. We present Geometry-Propagated Gaus-
sian Splatting (GeoProp-GS), which overcomes the limitations of in-
sufficient initialization. Our approach introduces two core components:
Depth-guided Geometric Initialization (DGI) generates dense point clouds
and extends coverage to unobserved regions; Anchor-constrained Gaus-
sian Optimization (AGO) stabilizes under-supervised regions by decom-
posing proposal Gaussians into reliable anchors and learnable residuals.
Extensive experiments demonstrate that GeoProp-GS achieves state-of-
the-art performance and serves as an effective plug-and-play module that
consistently improves existing methods. Code available at GeoProp-GS .

Keywords: Aerial Photogrammetry · Aerial-view Sparse Novel View
Synthesis · 3D Gaussian Splatting

1 Introduction

3D Gaussian Splatting (3DGS) has emerged as the dominant paradigm for novel
view synthesis (NVS). It achieves real-time photorealistic rendering through ex-
plicit 3D Gaussian primitives [1, 5, 12, 13]. Its explicit, scene-specific represen-
tation is particularly well-suited for aerial mapping applications such as infras-
tructure inspection and autonomous navigation [10, 16, 50], where controllable
rendering, geometric interpretability, and on-device deployment are essential.
However, extending 3DGS to aerial domains [26, 37] exposes a structural ten-
sion. The very platform constraints that motivate aerial deployment (limited
UAV endurance, satellite orbital windows, weather dependency, and regulatory
airspace restrictions) inherently force sparse viewpoint sampling [7, 21]. This
sparsity directly conflicts with 3DGS’s need for dense multi-view observations,
causing incomplete geometry, floater artifacts, and severe rendering degradation
in under-observed regions [34,44,48].
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A. Initialization Comparison:COLMAP vs. HDD B. Pose Estimation Error: GT vs. VGGT
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Fig. 1: Analysis of the fundamental bottleneck in sparse-view aerial 3DGS. (a)
COLMAP-based initialization often yields sparse and incomplete point clouds un-
der repetitive aerial textures, while our HDD produces dense, metric-consistent point
clouds with full scene coverage. (b) Pose estimation comparison on aerial Building 0:
COLMAP initialized with ground-truth poses and refined via BA achieves near-perfect
accuracy, whereas VGGT suffers from large rotation and translation errors without BA.
This confirms that the bottleneck lies in feature matching collapse, not the optimiza-
tion strategy.

Existing sparse-view NVS methods fall into two broad paradigms. Optimization-
based methods adopt strategies including depth-based regularization [4, 15, 22,
41, 42, 53, 55], optimization regularization [8, 25, 27, 43, 51], and diffusion model
guidance [6, 17, 18, 32, 39, 49, 54], most building upon reliable point clouds pro-
duced by SfM pipelines such as COLMAP [24, 29–31] as geometric scaffolds.
Feed-forward methods [35, 36] take a different route, directly regressing scene
representations from image features.

Aerial-view scenes present a qualitatively different challenge for both paradigms.
Repetitive and low-texture patterns, such as flat rooftops, uniform roads, and
similar facades (see Fig. 1), yield few discriminative keypoints. Rotational UAV
trajectories and wide-baseline satellite passes further limit inter-view overlap.
Under these conditions, COLMAP frequently produces severely incomplete point
clouds, stripping optimization-based methods of their geometric scaffolds. Feed-
forward methods fare no better: homogeneous aerial textures substantially de-
grade joint estimation of camera poses and scene geometry, yielding degenerate
scene representations. We verify this empirically in Sec. 4.3 and 4.4: both
COLMAP-based initialization and representative feed-forward methods [35, 36]
yield substantially degraded NVS quality under sparse aerial views (Tables 3
and 4), confirming that the bottleneck lies in the collapse of feature matching
rather than the choice of optimization strategy.

To address these challenges, we present Geometry-Propagated Gaus-
sian Splatting (GeoProp-GS), a robust sparse-view aerial 3DGS framework
built around two core principles: complete geometric initialization and geometry



GeoProp-GS 3

propagation from observed to unobserved regions. We introduce two core com-
ponents. First, Depth-guided Geometric Initialization (DGI) ensures complete
scene coverage from the initialization stage. For observed regions, Hierarchi-
cal Depth-guided Densification (HDD) produces dense, metric-consistent point
clouds that replace incomplete SfM outputs. For unobserved regions, Geometry-
aware Viewpoint Augmentation (GVA) synthesizes pseudo-views and generates
geometric proposals, extending initialization coverage beyond the input view-
points. Second, Anchor-constrained Gaussian Optimization (AGO) tackles the
challenge of optimizing Gaussians in regions that lack direct photometric super-
vision. It decomposes these Gaussians into reliable anchors and learnable pro-
posals, effectively propagating geometric knowledge from well-observed regions
into under-supervised areas. Together, DGI and AGO form a cohesive pipeline
where reliable geometry is first established, then propagated, ensuring robust
reconstruction across the full scene. Extensive experiments on LEVIR-NVS [40]
and 3D-AS [33] demonstrate that GeoProp-GS achieves state-of-the-art NVS
quality under sparse aerial viewpoint constraints.

Our main contributions are summarized as follows:

– We identify the fundamental bottleneck of sparse-view aerial 3DGS: the col-
lapse of geometric initialization under repetitive textures and limited view-
point overlap. We propose GeoProp-GS to address this through complete
initialization and geometry propagation across the scene.

– To address the lack of reliable geometric initialization in aerial sparse-view
settings, we propose DGI. HDD densifies observed regions into dense, metric-
consistent point clouds, while GVA extends coverage to unobserved regions
by synthesizing pseudo-views and generating geometric proposals.

– To address the challenge of optimizing Gaussians in regions without direct
photometric supervision, we propose AGO. It decomposes proposal Gaus-
sians into geometric anchors and learnable residuals, propagating reliable
geometric knowledge from observed regions into under-supervised areas.

– Extensive experiments on LEVIR-NVS and 3D-AS demonstrate state-of-
the-art NVS quality under sparse aerial viewpoint constraints. HDD further
serves as a plug-and-play module that consistently improves existing 3DGS
methods.

2 Related Work

2.1 3DGS under Sparse Views

Sparse-view 3DGS methods fall into two broad paradigms. Optimization-based
methods further divide into three strategies. Geometry-guided methods lever-
age depth-based priors to enforce multi-view consistency [4,15,22,41,42,53,55],
effectively resolving scale ambiguities and stabilizing geometry in limited-view
scenes. Generative approaches employ diffusion models to synthesize novel view-
points and inpaint unobserved regions [6, 17, 18, 23, 32, 39, 49, 54], compensating
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for incomplete scene coverage. Optimization-centric strategies introduce cross-
view consistency constraints and selective pruning to suppress unstable Gaus-
sians without relying on external priors [8,25,27,43,51]. Almost three strategies
build upon reliable point clouds from SfM pipelines such as COLMAP as geo-
metric scaffolds. Feed-forward methods take a different route, directly regressing
Gaussian parameters from image features in a single forward pass without per-
scene optimization. MVSplat [3] constructs a cost volume via plane sweeping to
localize Gaussian centers, learning all Gaussian parameters under photometric
supervision alone. NoPoSplat [47] further removes the pose requirement by an-
choring one input view as the canonical space and predicting Gaussians for all
views within it.

Despite their effectiveness in ground-level scenes, both paradigms struggle in
aerial settings for distinct reasons. Optimization-based methods depend on SfM
pipelines for geometric scaffolds. However, repetitive structures and low-texture
surfaces yield few discriminative keypoints, causing COLMAP to collapse. Feed-
forward methods face a different obstacle as homogeneous aerial textures prevent
reliable estimation of camera poses and scene geometry. Both paradigms there-
fore leave 3DGS without the geometric foundation needed for robust sparse-view
aerial reconstruction.

2.2 Monocular Depth Estimation

The evolution of monocular depth estimation has broadly followed a trajec-
tory from early discriminative regression to large-scale foundation models and,
more recently, generative diffusion-based approaches. Early discriminative meth-
ods [2,28] formulated depth estimation as direct dense regression, achieving rea-
sonable in-domain performance while remaining less robust under cross-domain
settings and a tendency to produce over-smoothed predictions that lose fine-
grained structural details. To address the generalization bottleneck, foundation
model approaches [45, 46] adopted large-scale data engines combining millions
of labeled and unlabeled images. In detail, Depth Anything V1 leverages over
62M unlabeled images via semi-supervised training, while V2 further improves
prediction sharpness and robustness through synthetic-to-real teacher-student
distillation. The two models yield strong zero-shot relative depth estimation,
though absolute metric scale recovery remains an inherent limitation of purely
discriminative pipelines. Diffusion-based methods [11] represent a paradigm shift
by reformulating depth estimation as a conditional denoising process: Marigold,
derived from Stable Diffusion and fine-tuned solely on synthetic data, harnesses
the rich visual priors of generative image models to produce affine-invariant
depth maps with exceptional detail and zero-shot generalizability across diverse
domains.

For our pipeline, we adopt Depth Anything V2 [46] as our monocular depth
prior. This choice is motivated by its robust performance on outdoor and aerial
scenes without scene-specific finetuning, and its ability to preserve critical struc-
tural boundaries essential for Gaussian initialization. Compared to slower diffusion-



GeoProp-GS 5

D
epth-guided Geom

etric 
Initialization

Sparse-view Aerial 
Scene

Sparse-view Aerial 
Scene

D
epth 

A
nything

V
2

Relative 
Depth

Relative 
Depth

Sparse Depth 
Observation

Colmap Camera 
& Points

Dense 
Point clouds

Geometric Proposal 
Points clouds

A
nchor-constrained 

Gaussian O
ptim

ization

Dense Point 
Clouds are 

Optimized by
Photometric 

Loss

Hierarchical 
Depth-guided 
Densification

Geometry-aware 
Viewpoint Augmentation

Reliable Anchor 
Gaussians

Geometric Proposal Gaussians are 
Optimized by Learning Residuals 
from Reliable Anchor Gaussians

Residuals 
Information

Colmap
Initialization

Colmap
Initialization

Fig. 2: Overview of GeoProp-GS. DGI converts sparse aerial inputs into a dense
initialization Cinit via hierarchical depth-guided densification and geometry-aware view-
point augmentation, while AGO optimizes reliable Gaussians and anchor-constrained
proposal Gaussians for stable NVS in under-constrained regions.

based alternatives [11], it offers a practical balance between quality and efficiency
for sparse-view aerial NVS.

3 Methodology

Given a sparse set of aerial-view images, our goal is to reconstruct a photoreal-
istic 3D Gaussian representation for high-quality novel view synthesis under a
limited observation setting. As identified in Section 1, sparse-view aerial 3DGS
faces two critical challenges. First, both SfM pipelines and feed-forward methods
fail to provide reliable geometric initialization under repetitive aerial textures.
Second, limited viewpoint coverage leaves large regions of the scene unobserved.
To address these challenges, we propose GeoProp-GS as shown in Fig. 2. It es-
tablishes complete and reliable scene initialization, then propagates geometric
knowledge from observed regions into unobserved areas. It consists of two core
components. DGI (Sec. 3.2) initializes observed regions through HDD and ex-
tends scene coverage to unobserved regions via GVA. Gaussians initialized from
observed regions serve as reliable Gaussians Greliable, while those generated for
unobserved regions form proposal Gaussians Gprop requiring further stabilization.
AGO (Sec. 3.3) stabilizes Gprop by decomposing them into geometry-constrained
anchors and learnable residuals, propagating reliable geometric knowledge from
Greliable.

3.1 Preliminaries

3DGS [12] represents scenes as collections of 3D Gaussian primitives optimized
through differentiable rendering. Each Gaussian primitive is characterized by a
center position x ∈ R3, a covariance matrix parameterized by anisotropic scaling
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s ∈ R3 and rotation q ∈ R4, opacity o ∈ R, and view-dependent appearance en-
coded by spherical harmonics coefficients c. The framework relies on two critical
aspects, namely geometric initialization and photometric supervision. For initial-
ization, 3DGS employs SfM pipelines such as COLMAP [30] to generate a sparse
3D point cloud {pj}Mj=1 via keypoint matching and triangulation. These SfM
points serve as the initial Gaussian centers. During rendering, Gaussian primi-
tives are projected onto the image plane and composited via alpha-blending in
depth order, enabling fully differentiable rasterization. For supervision, all Gaus-
sian parameters are optimized by minimizing photometric loss between rendered
and training images [12]. Importantly, this supervision is only provided by pix-
els observed in the training views: gradients propagate solely from pixels with
direct photometric evidence. This makes the quality of geometric initialization
particularly critical—incomplete or inaccurate initialization can lead to floater
artifacts and degraded rendering in under-observed regions.

3.2 Depth-guided Geometric Initialization

To address the dual challenges of unreliable geometric initialization and lim-
ited viewpoint coverage, we introduce DGI, a two-stage initialization pipeline
that establishes complete scene coverage without relying on feature matching.
In the first step, HDD replaces unreliable SfM point clouds with dense, metric-
consistent geometry by integrating monocular depth priors with COLMAP re-
constructions. In the second step, GVA synthesizes pseudo-views for unobserved
regions through geometry-conditioned inpainting, generating proposal points
that extend initialization coverage beyond the input viewpoints.

Hierarchical Depth-guided Densification. The goal of HDD is to gener-
ate dense and reliable 3D point clouds from observed viewpoints by integrating
monocular depth predictions with COLMAP reconstructions. We first perform
SfM using COLMAP to extract camera extrinsics Tw←c,i = (Rwc,i, twc,i) ∈
SE(3), intrinsics Ki, and 3D points Pcolmap. To establish metric-scale supervi-
sion, we project these sparse 3D points into each view’s image plane, yielding
sparse depth observations Dsparse with a binary mask Msparse indicating valid
locations. These sparse depth observations serve as geometric reference points for
aligning monocular predictions with the metric scale of the reconstructed scene.
Then, relative depth maps D̂i are estimated using Depth Anything V2 [46].

These predictions are scale-ambiguous and require metric alignment before
lifting to 3D. To this end, we employ a hierarchical correction strategy (HCS)
that progressively refines D̂i into metrically accurate depth maps consistent with
Pcolmap. At the global level transformation, we optimize scale factor α and shift β
via repeated least-squares alignment [28] with sparse depth observations Dsparse:

(α, β) = argmin
α,β

∥∥∥Msparse ⊙
(
αD̂i + β −Dsparse

)∥∥∥2
2
, (1)

yielding the globally aligned depth Dglobal = α·D̂i+β, where ⊙ denotes element-
wise multiplication. However, a global level transformation cannot capture spa-
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tially varying geometric distortions in monocular predictions. We therefore in-
troduce a local correction field by computing residual depth deviations between
Dglobal and Dsparse at sparse SfM point locations. To propagate these corrections
to dense pixels while maintaining spatial coherence, distance-weighted nearest-
neighbor interpolation is employed, where the correction magnitude decays ex-
ponentially with distance d(u, v) to the nearest sparse point. This formulation
ensures that reconstructed 3D points near sparse reference points are closely
aligned with Pcolmap, while regions far from reference points gracefully degrade
to the globally aligned solution.

The final corrected depth map Di combines the global alignment with smoothed
local corrections, while strictly preserving the original sparse depth values at ob-
served locations where Msparse(u, v) = 1. We further apply median filtering at
image boundaries to reduce extrapolation artifacts. Each pixel (u, v) with cor-
rected depth Di(u, v) is then lifted to 3D space through standard perspective
unprojection using camera intrinsics Ki, followed by transformation to world
coordinates via the camera extrinsics Tw←c,i. This generates dense point clouds
for each view that are geometrically consistent with SfM reconstruction, which
are merged to obtain the initialized set Cdense.

Geometry-aware Viewpoint Augmentation. Limited viewpoint coverage
leaves large unobserved regions that sparse-view initialization cannot reach. GVA
addresses this by synthesizing pseudo-observations through geometry-conditioned
inpainting. Given a pseudo pose Ph, Cdense is projected into a partial RGB
image Ipartial and an occlusion mask M that reflects the underlying scene ge-
ometry. Missing regions are then completed via diffusion-based inpainting [14]:
Icomplete = Inpaint

(
Ipartial,M

)
.

Inpainted RGB appearance may be imprecise, as diffusion models hallucinate
plausible textures rather than reconstruct ground-truth appearance. Fortunately,
monocular depth estimators can infer 3D structure from visual context rather
than precise texture, and thus remain geometrically consistent when applied to
Icomplete. The same HCS is therefore applied to the Depth Anything V2 depth
predicted from Icomplete, yielding a corrected pseudo-depth map, from which
proposal points Cproposal are generated for unobserved regions. Overlaps with
Cdense are removed, yielding the final initialization Cinit = Cdense ∪ Cproposal.

Discussion: Sparse-view initialization typically suffers from two complemen-
tary issues: insufficient geometric density within observed regions and limited
coverage beyond them. HDD addresses the first by replacing sparse SfM points
with dense, metrically consistent geometry, while GVA resolves the second by
extending initialization into previously unobserved regions. The resulting Cinit
therefore provides both geometric fidelity and spatial completeness for stable
3DGS optimization. Compared with the recent method [23] that integrates gen-
erative repair or inpainting within iterative optimization pipelines, our design
focuses on constructing a complete geometric scaffold at initialization. Depth
information is used to produce metrically aligned geometry rather than to su-
pervise training, enabling reliable structure to be established before optimization
begins and reducing the risk of persistent floaters or geometric gaps.
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3.3 Anchor-constrained Gaussian Optimization

Our initialization yields two types of Gaussian points with fundamentally differ-
ent supervision characteristics. As discussed in Sec. 3.2, points from HDD (Cdense)
correspond to real observed views with ground-truth RGB supervision, forming
reliable Gaussians Greliable that can be directly optimized via photometric losses.
In contrast, points from GVA (Cproposal) originate from synthesized pseudo-views
lacking reliable appearance information, yielding proposal Gaussians Gprop that
are unsuitable for unconstrained conventional photometric supervision. For re-
liable Gaussians, standard 3DGS optimization [12] works well as they receive
dense photometric gradients from training views. Proposal Gaussians occupy re-
gions that are almost entirely unobserved by training views, resulting in sparse
supervision and thus a high risk of geometric drift or degenerate configurations.

To stabilize these under-supervised regions without explicit geometric reg-
ularization losses, we adopt an anchor–residual parameterization that embeds
geometric priors directly in the representation. Specifically, each proposal Gaus-
sian gk ∈ Gprop is expressed as a learnable deviation from its nearest reliable
anchor ga ∈ Greliable:

gk = ga +∆gk, a = arg min
j∈Greliable

∥xk − xj∥2. (2)

Concretely, we decompose all Gaussian attributes into anchor values and learn-
able residuals. Each Gaussian is characterized by position x ∈ R3, spherical
harmonics coefficients c for view-dependent appearance, covariance parameters
(scale s ∈ R3 and rotation q ∈ R4), and opacity o ∈ R. For each proposal
Gaussian k,

xk = xa +∆xk, ck = ca +∆ck,

sk = sa +∆sk, qk = qa +∆qk, ok = oa +∆ok,
(3)

where the subscript a denotes the anchor attributes and ∆(·) are the learnable
residuals. For clarity of notation, the activation functions applied to certain pa-
rameters are omitted in the formulation. In implementation, the additive decom-
position is applied in pre-activation parameter space, and standard activations
are then used to keep attributes within valid ranges.

During optimization, proposal parameters are reconstructed on-the-fly by
composing anchor values with residuals, so each proposal inherits the geometric
and appearance priors of its nearest reliable anchor. Proposal Gaussians receive
less photometric supervision, as they predominantly occupy unobserved regions.
Anchor parameters are primarily optimized by reliable photometric gradients
from observed views. This induces implicit regularization: proposals with insuf-
ficient photometric support are naturally constrained to remain close to their
anchors, while proposals with occasional valid photometric support accumulate
residuals to fit the observed appearance. Additionally, we apply a proposal color
statistical regularizer that aligns the mean and variance of proposal Gaussians’
DC color coefficients with those of all Gaussians, reducing color drift in weakly
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supervised regions. Together, these mechanisms ensure proposals remain stably
anchored to reliable geometry throughout optimization.
Discussion: The anchor–residual parameterization imposes geometric constraints
architecturally rather than through additional loss terms. Each proposal is ini-
tialized at its original position, with residuals set to capture the initial offset
from its nearest anchor. During optimization, reliable photometric supervision
from observed views primarily refines the anchor-residual parameterization rep-
resentation, providing stable geometric references for associated proposals. This
adaptive behavior emerges without dedicated proposal-photometric specific su-
pervision terms, improving robustness to varying scene coverage.

4 Experiments

Due to space limitations, additional experimental settings, experimental analy-
ses, and discussions of limitations are provided in the supplementary material.

4.1 Experimental Setup

Datasets and Evaluation Metrics. We conducted experiments on two aerial
datasets, with NVS quality measured using PSNR, SSIM [38], and LPIPS [52].
LEVIR-NVS [40] captures 16 diverse scenes from nadir (vertically downward)
perspectives. Following [7], 3 training views per scene were used for extreme
sparse-view NVS evaluation. To assess generalization across different viewing
conditions, we further evaluated on 3D-AS [33], which provides 9 scenes captured
from oblique orbital perspectives with challenging geometric complexity and
wide viewing angles, spanning “City”, “Country”, and “Port” environments. For
this dataset, 7 training views per scene were employed.

Experiment Settings. Our architecture and optimization followed FSGS [55]
without additional depth supervision. Pruning and densification were disabled.
The COLMAP points used in our baseline corresponded to the dense point
clouds adopted in FSGS. For comparative experiments (Sec. 4.2), we followed
the original experimental protocols of the baseline methods to ensure fair com-
parisons. For ablation and analysis experiments (Sec. 4.3-Sec. 4.4), we conducted
all experiments on LEVIR-NVS, as it represents a more challenging sparse-view
scenario with only three training views. Additional implementation details are
provided in the supplementary material.

4.2 Comparative Results Analysis

To evaluate our method, we conducted comparisons with baseline approaches
spanning five categories: (1) fundamental methods (3DGS [12]); (2) sparse-view
NeRF techniques (DietNeRF [9], RegNeRF [20], FreeNeRF [44], PixelNeRF [48]);
(3) sparse-view 3DGS methods (FSGS [55], DNGaussian [15], DropoutGS [43],
Guidedvd-3DGS [54]); (4) feed-forward 3DGS methods evaluated in both zero-
shot and fine-tuned settings (NoPoSplat [47], MVSplat [3]); and (5) the aerial-
specific MPNeRF [7]. Feed-forward methods were evaluated on LEVIR-NVS
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Table 1: Quantitative comparison with baseline methods on LEVIR-NVS
dataset (3 training views). The best, second-best, and third-best entries are marked
in , , and , respectively.
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DietNeRF [9] 13.44 12.20 14.86 19.34 18.67 15.27 13.73 15.78 16.68 14.21 20.66 14.73 16.73 16.55 14.97 13.61 15.71
PixelNeRF ft [48] 12.44 11.76 11.74 17.42 17.15 14.44 11.18 15.86 19.65 16.09 23.99 15.24 13.02 15.70 13.86 13.86 15.21
RegNeRF [20] 12.07 10.79 12.60 16.39 17.36 13.04 11.92 12.94 13.49 11.59 19.37 12.21 12.66 13.98 12.71 11.21 13.40
FreeNeRF [44] 13.56 11.01 13.93 20.03 19.74 15.29 13.00 16.29 15.47 13.21 21.59 13.15 18.91 18.23 13.35 11.87 15.54
MPNeRF [7] 18.81 17.93 20.71 25.50 24.92 19.56 18.64 21.59 22.08 21.20 28.57 21.41 22.61 23.57 20.71 19.73 21.72
3DGS [12] 16.22 16.13 18.73 23.84 22.54 17.56 16.69 20.23 21.37 20.89 27.50 20.78 21.95 22.30 19.18 17.35 20.20
FSGS [55] 17.94 17.59 20.00 24.29 24.13 18.12 18.11 21.06 22.12 19.84 25.67 20.22 22.99 23.82 19.64 19.30 20.93
DNGaussian [15] 15.89 13.78 16.74 19.41 19.02 15.62 16.82 18.21 17.68 16.95 20.55 17.37 20.46 17.70 17.25 16.24 17.48
DropoutGS [43] 17.54 15.37 18.44 22.11 19.96 15.62 18.17 20.55 19.86 19.88 22.55 18.18 21.69 22.83 18.45 17.84 19.31
Guidedvd-3DGS [54] 15.47 14.31 16.66 23.97 21.61 12.87 14.26 17.48 17.29 14.99 23.88 18.64 15.22 16.95 15.47 13.77 17.05
NoPoSplat [47] 13.99 13.49 15.91 19.21 20.28 16.57 15.39 15.93 19.22 13.24 19.35 14.04 14.38 15.27 15.52 13.37 15.95
NoPoSplat ft [47] 15.72 16.84 20.10 22.27 21.99 17.86 16.94 19.91 21.21 18.72 25.99 19.19 22.09 20.70 18.58 17.96 19.75
MVSplat [3] 6.74 7.17 8.27 12.84 11.39 7.67 7.05 8.34 6.92 7.09 13.49 8.04 6.39 7.90 5.55 7.06 8.24
MVSplat ft [3] 14.36 13.95 16.22 20.07 20.00 15.54 14.65 17.91 18.51 16.54 21.80 18.37 18.97 18.48 16.74 14.63 17.30
Ours 19.99 19.85 22.44 27.33 26.85 21.52 20.41 24.90 25.43 24.65 31.78 24.75 27.86 27.45 23.75 20.71 24.35

SSIM

DietNeRF [9] 0.16 0.15 0.23 0.34 0.24 0.21 0.17 0.18 0.28 0.21 0.35 0.26 0.36 0.26 0.28 0.19 0.24
PixelNeRF ft [48] 0.14 0.20 0.16 0.29 0.30 0.29 0.16 0.30 0.51 0.47 0.48 0.34 0.25 0.26 0.29 0.25 0.29
RegNeRF [20] 0.12 0.11 0.16 0.28 0.27 0.14 0.13 0.13 0.20 0.13 0.34 0.16 0.20 0.16 0.21 0.11 0.18
FreeNeRF [44] 0.24 0.11 0.21 0.37 0.33 0.26 0.17 0.28 0.27 0.23 0.38 0.21 0.51 0.42 0.24 0.14 0.27
MPNeRF [7] 0.73 0.72 0.79 0.82 0.81 0.73 0.71 0.81 0.80 0.84 0.89 0.84 0.86 0.85 0.79 0.76 0.80
3DGS [12] 0.69 0.57 0.58 0.79 0.82 0.59 0.64 0.75 0.78 0.76 0.84 0.71 0.86 0.87 0.64 0.64 0.72
FSGS [55] 0.69 0.62 0.63 0.78 0.78 0.59 0.65 0.73 0.78 0.72 0.77 0.69 0.83 0.84 0.65 0.70 0.71
DNGaussian [15] 0.54 0.30 0.44 0.48 0.44 0.38 0.53 0.53 0.49 0.47 0.45 0.53 0.70 0.52 0.53 0.51 0.49
DropoutGS [43] 0.57 0.43 0.55 0.55 0.41 0.20 0.58 0.60 0.58 0.65 0.51 0.57 0.73 0.74 0.61 0.61 0.56
Guidedvd-3DGS [54] 0.44 0.38 0.49 0.69 0.56 0.20 0.33 0.53 0.53 0.44 0.61 0.59 0.51 0.46 0.48 0.28 0.47
NoPoSplat [47] 0.17 0.17 0.26 0.33 0.36 0.30 0.22 0.20 0.41 0.17 0.34 0.23 0.25 0.19 0.31 0.13 0.25
NoPoSplat ft [47] 0.47 0.53 0.60 0.48 0.55 0.52 0.51 0.58 0.70 0.57 0.64 0.54 0.80 0.63 0.51 0.57 0.57
MVSplat [3] 0.02 0.02 0.03 0.05 0.04 0.03 0.03 0.03 0.03 0.03 0.07 0.04 0.03 0.03 0.03 0.03 0.03
MVSplat ft [3] 0.34 0.27 0.30 0.36 0.40 0.27 0.25 0.42 0.48 0.39 0.36 0.47 0.63 0.51 0.39 0.33 0.39
Ours 0.79 0.74 0.78 0.87 0.86 0.76 0.77 0.87 0.88 0.87 0.90 0.84 0.93 0.92 0.82 0.76 0.83

LPIPS

DietNeRF [9] 0.59 0.61 0.59 0.56 0.59 0.56 0.61 0.58 0.52 0.56 0.56 0.58 0.48 0.54 0.57 0.59 0.57
PixelNeRF ft [48] 0.70 0.61 0.72 0.59 0.59 0.58 0.67 0.59 0.48 0.52 0.56 0.61 0.67 0.65 0.67 0.58 0.61
RegNeRF [20] 0.65 0.65 0.67 0.61 0.62 0.63 0.63 0.62 0.63 0.64 0.59 0.65 0.58 0.62 0.64 0.66 0.63
FreeNeRF [44] 0.61 0.67 0.64 0.55 0.58 0.58 0.63 0.58 0.61 0.61 0.57 0.64 0.48 0.54 0.61 0.65 0.60
MPNeRF [7] 0.21 0.24 0.18 0.20 0.18 0.25 0.24 0.18 0.20 0.16 0.12 0.17 0.12 0.14 0.20 0.19 0.19
3DGS [12] 0.24 0.33 0.33 0.20 0.17 0.30 0.28 0.21 0.19 0.21 0.17 0.25 0.12 0.13 0.30 0.30 0.23
FSGS [55] 0.27 0.30 0.33 0.27 0.29 0.33 0.29 0.24 0.22 0.26 0.32 0.28 0.20 0.19 0.32 0.27 0.27
DNGaussian [15] 0.39 0.51 0.47 0.52 0.54 0.54 0.39 0.37 0.42 0.44 0.56 0.41 0.30 0.41 0.42 0.41 0.44
DropoutGS [43] 0.42 0.45 0.43 0.56 0.46 0.66 0.38 0.36 0.42 0.36 0.62 0.41 0.31 0.35 0.41 0.37 0.43
Guidedvd-3DGS [54] 0.49 0.53 0.47 0.28 0.42 0.67 0.61 0.39 0.49 0.54 0.36 0.39 0.49 0.51 0.54 0.62 0.49
NoPoSplat [47] 0.67 0.57 0.55 0.53 0.44 0.46 0.50 0.60 0.31 0.70 0.64 0.70 0.57 0.72 0.52 0.64 0.57
NoPoSplat ft [47] 0.30 0.28 0.24 0.28 0.24 0.28 0.27 0.22 0.16 0.23 0.20 0.24 0.13 0.19 0.25 0.26 0.24
MVSplat [3] 0.78 0.76 0.80 0.78 0.80 0.79 0.77 0.78 0.77 0.78 0.79 0.77 0.79 0.79 0.80 0.76 0.78
MVSplat ft [3] 0.46 0.48 0.48 0.48 0.45 0.49 0.49 0.37 0.34 0.43 0.50 0.38 0.30 0.35 0.44 0.47 0.43
Ours 0.17 0.22 0.19 0.13 0.14 0.19 0.19 0.12 0.11 0.13 0.11 0.14 0.07 0.08 0.17 0.22 0.15

only, as their architectures are designed for a small number of input views. All
other methods were evaluated on both datasets for comprehensive comparison.

Tables 1 and 2 demonstrated that GeoProp-GS achieved state-of-the-art re-
sults across both datasets, substantially outperforming the second-best methods
on all metrics. These improvements spanned diverse environments from urban
buildings and stadiums to natural mountains and port scenes, demonstrating
robustness across varying geometric complexity, texture patterns, and view-
point sparsity levels. Fig. 3 and Fig. 4 presented visualization comparisons.
NeRF-based methods produced severely blurred NVS, reflecting their struggle
with implicit representation under extreme sparsity. Sparse-view 3DGS meth-
ods exhibited varying degradation: vanilla 3DGS suffered from floating artifacts
and incomplete geometry due to failed SfM initialization; FSGS and DNGaus-
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Table 2: Quantitative comparison with baseline methods on 3D-AS dataset
(7 training views). The best, second-best, and third-best entries are marked in ,

, and , respectively.

Method City Country Port

Scene 0 Scene 1 Scene 2 Scene 0 Scene 1 Scene 2 Scene 0 Scene 1 Scene 2
PSNR SSIM LPIPS PSNR SSIM LPIPS PSNR SSIM LPIPS PSNR SSIM LPIPS PSNR SSIM LPIPS PSNR SSIM LPIPS PSNR SSIM LPIPS PSNR SSIM LPIPS PSNR SSIM LPIPS

NeRF [19] 13.26 0.15 0.65 14.85 0.20 0.64 15.11 0.23 0.72 15.46 0.33 0.71 17.52 0.47 0.64 16.42 0.42 0.70 15.63 0.47 0.50 14.84 0.22 0.65 15.49 0.32 0.61
FreeNeRF [44] 13.52 0.12 0.58 14.28 0.15 0.56 14.31 0.17 0.61 15.52 0.27 0.58 18.30 0.42 0.52 15.78 0.32 0.55 18.98 0.59 0.31 15.04 0.23 0.54 15.89 0.35 0.48
RegNeRF [20] 13.41 0.08 0.62 15.46 0.16 0.57 15.54 0.18 0.59 16.31 0.25 0.58 18.43 0.37 0.55 16.83 0.33 0.58 17.74 0.54 0.37 15.45 0.20 0.60 16.27 0.31 0.54
3DGS [12] 20.66 0.67 0.24 20.62 0.52 0.37 19.43 0.41 0.45 19.89 0.42 0.45 24.35 0.65 0.32 19.43 0.42 0.45 23.67 0.88 0.21 24.03 0.84 0.13 24.41 0.87 0.12
FSGS [55] 19.67 0.64 0.26 18.37 0.47 0.38 14.93 0.23 0.59 16.88 0.36 0.55 22.87 0.66 0.35 22.86 0.69 0.35 23.81 0.87 0.15 24.02 0.84 0.14 24.07 0.86 0.14
DNGaussian [15] 17.59 0.49 0.38 14.62 0.19 0.59 13.33 0.22 0.68 15.31 0.34 0.65 16.95 0.48 0.58 19.98 0.60 0.57 21.62 0.80 0.20 19.31 0.61 0.30 20.86 0.75 0.22
DropoutGS [43] 19.18 0.58 0.33 18.37 0.47 0.38 14.79 0.24 0.62 15.86 0.34 0.60 17.93 0.47 0.52 16.55 0.43 0.61 21.92 0.81 0.19 21.55 0.72 0.21 22.28 0.78 0.19
Guidedvd-3DGS [54] 14.60 0.25 0.59 16.49 0.28 0.53 16.63 0.29 0.57 17.59 0.37 0.51 19.94 0.55 0.47 17.61 0.45 0.54 21.88 0.81 0.16 17.28 0.43 0.50 21.89 0.73 0.22
Ours 22.20 0.75 0.18 21.98 0.66 0.25 20.81 0.56 0.32 21.71 0.54 0.37 25.55 0.69 0.25 26.16 0.74 0.25 25.36 0.89 0.10 25.09 0.85 0.13 26.49 0.89 0.10

DietNeRFDietNeRF RegNeRFRegNeRF FreeNeRFFreeNeRF MPNeRFMPNeRF 3DGS3DGS FSGSFSGS DNGaussianDNGaussian DropoutGSDropoutGS
Guidedvd-

3DGS

Guidedvd-

3DGS
OursOurs Ground TruthGround Truth

Fig. 3: Qualitative comparisons on LEVIR-NVS dataset (3 training views).

sian showed distorted structures despite depth regularization; DropoutGS and
Guidedvd-3DGS achieved moderate but inconsistent quality. Even aerial-specific
MPNeRF exhibited noticeable artifacts in complex regions.

In contrast, GeoProp-GS tackled this bottleneck through three complemen-
tary components. HDD established complete geometric coverage of observed re-
gions. GVA then propagated structure into unobserved areas beyond the photo-
metric supervision boundary. AGO further stabilized optimization where direct
supervision was absent.

4.3 Ablation Studies

Table 3: Progressive Component Ablation
study on LEVIR-NVS dataset (3-views).

Region Handling Strategy Metrics

Observed
(w/ supervision)

Unobserved
(w/o supervision) PSNR↑ SSIM↑ LPIPS↓

COLMAP - 21.10 0.75 0.23
HDD - 21.57 0.82 0.15
HDD GVA+AGO 24.35 0.83 0.15

To validate the effectiveness of each
component in our GeoProp-GS frame-
work, we conducted ablation stud-
ies on the LEVIR-NVS dataset by
progressively adding our proposed
modules. Table 3 presented quanti-
tative results across three configura-
tions, organized by strategies for han-
dling observed regions (with photo-
metric supervision) and unobserved
regions (lacking direct supervision).
Since GVA and AGO were co-designed as a unified solution, they were ablated



12 Y. Wang et al.

FreeNeRFFreeNeRF 3DGS3DGS FSGSFSGS DNGaussianDNGaussian DropoutGSDropoutGS Guidedvd-3DGSGuidedvd-3DGS Ours Ground TruthFreeNeRF 3DGS FSGS DNGaussian DropoutGS Guidedvd-3DGS Ours Ground Truth

Fig. 4: Qualitative comparisons on 3D-AS dataset (7 training views).

together: GVA generated proposal points for unobserved regions, while AGO
stabilized them via anchor-residual parameterization to provide optimization
signals where direct photometric supervision was absent.

Progressive Component Analysis. Using standard COLMAP initializa-
tion within FSGS (without depth supervision) established the baseline, con-
firming that COLMAP struggled with repetitive aerial textures and produced
incomplete initialization. Adding HDD improved all metrics, demonstrating that
densifying SfM points with metric-aligned monocular depth provided more com-
plete geometric coverage. The substantial LPIPS improvement indicated bet-
ter perceptual quality, though the modest PSNR gain revealed that handling
observed regions alone could not address unobserved areas. The full model in-
corporating GVA and AGO achieved dramatic improvements across all metrics.
This validated the critical importance of addressing unobserved regions: GVA
generated geometrically plausible proposals through depth-conditioned inpaint-
ing, while AGO stabilized them via anchor-residual parameterization, enabling
stable NVS beyond direct photometric supervision. Fig. 5 (left) provided visu-
alization results across three representative scenes. The COLMAP baseline pro-
duced artifacts and incomplete structures. Adding HDD dramatically improved
rendering quality. Full GeoProp-GS achieved photorealistic synthesis matching
ground truth.

Summary. The ablation results validated our two-stage design philosophy:
HDD established robust initialization for observed regions with photometric su-
pervision, while GVA+AGO enabled stable NVS optimization in unobserved
regions lacking direct supervision. Together, these components addressed both
failure modes identified in Section 1.

4.4 Analysis Experiments

To further validate the design choices and generalization capability of GeoProp-
GS, we conducted a series of analysis experiments. We compared HDD against
alternative initialization strategies to demonstrate its superiority in establish-
ing dense geometric priors. We then integrated HDD with existing 3DGS-based
methods to evaluate its effectiveness as a plug-and-play module. Additional ex-
periments examined the impact of depth estimator choice on overall performance,
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Fig. 5: Ablation and analysis visualizations for sparse-view aerial 3DGS.
Left : Progressive ablation showing rendering quality improvements. Middle : Com-
parison of different initialization methods (VGGT, DUSt3R, and our HDD) and their
impact on 3DGS quality. Right : HDD as a plug-and-play module consistently improves
3DGS quality for both vanilla 3DGS and FSGS.

Table 4: Comparison of different initial-
ization methods.

Method PSNR ↑ SSIM ↑ LPIPS ↓

VGGT [35] 16.43 0.30 0.46
DUSt3R [36] 18.65 0.56 0.34
HDD (Ours) 21.57 0.82 0.15

Table 5: Performance improvement by
integrating our HDD.

Method PSNR ↑ SSIM ↑ LPIPS ↓

3DGS [12] 20.20 0.72 0.23
+ HDD 21.80 (+1.60) 0.83 (+0.11) 0.14 (-0.09)

FSGS [55] 20.93 0.71 0.27
+ HDD 21.75 (+0.82) 0.80 (+0.09) 0.19 (-0.08)

and we assessed the time and memory efficiency of the full pipeline to confirm
its practical applicability.

Comparison of Initialization Strategies. Tab. 4 compared our HDD
against two alternative initialization methods: VGGT [35] and DUSt3R [36].
Our method consistently outperformed both baselines across all metrics. VGGT3

suffered from point cloud-pose misalignment. DUSt3R employed learning-based
feature matching but remained fundamentally limited by correspondence estab-
lishment. In repetitive aerial textures with sparse discriminative features, both
methods produced incomplete point clouds with geometric inconsistencies. Our
HDD bypassed these limitations by leveraging monocular depth priors with hier-
archical refinement, ensuring both metric consistency and fine-grained geometric
accuracy. Fig. 5 (middle) visualized the learned 3DGS point clouds. VGGT pro-
duced degenerate Gaussians with massive scales, while DUSt3R exhibited over-
sized Gaussians in incomplete regions. Our HDD generated well-behaved 3DGS
points with uniformly-scaled Gaussians throughout the scene.

Generalization to Existing Methods. To demonstrate HDD’s general-
izability, we integrated it with existing 3DGS methods by replacing their SfM
initialization with our Cdense generated by HDD. Table 5 showed that both

3 We ran VGGT without bundle adjustment (BA) due to memory limits.
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Table 6: Performance comparison across
different monocular depth estimators on
LEVIR-NVS (3-views).

MiDas Marigold Depth
Anything V2

H
D

D
O

n
ly PSNR ↑ 21.18 21.26 21.57

SSIM ↑ 0.80 0.81 0.82
LPIPS ↓ 0.17 0.16 0.15

F
u
ll

M
o
d
el PSNR ↑ 23.79 23.93 24.35

SSIM ↑ 0.81 0.82 0.83
LPIPS ↓ 0.17 0.16 0.15

Table 7: Training time comparison and
GPU cost on LEVIR-NVS dataset. “m”
denotes minutes, “h” denotes hours with
an RTX 3090.

Method Iterations Training
Time

GPU Memory
(GB)

DNGaussian 6K 3.5 m 0.88
DropoutGS 6K 4.5 m 0.93
FSGS 10K 6.1 m 2.64
Guidedvd-3DGS 10K 2.5 h 21.30

GeoProp-GS (Ours) 10K 6.1 m 2.73

vanilla 3DGS [12] and FSGS [55] achieved consistent improvements across all
metrics when equipped with HDD. These results validated that HDD addressed
a fundamental bottleneck shared by existing methods: dependence on sparse and
incomplete SfM point clouds for observed regions. By providing dense and ge-
ometrically consistent initialization in observed areas, HDD effectively compen-
sated for insufficient geometric coverage that limited existing methods in sparse
aerial NVS scenarios. Fig. 5 (right) demonstrated substantial 3DGS quality
improvements for both methods, validating HDD as an effective plug-and-play
module that enhanced sparse-view aerial NVS.

Impact of Depth Estimator Choice. To assess the sensitivity of HDD to
the choice of monocular depth estimator, we replaced Depth Anything V2 with
MiDas [28] and Marigold [11] while keeping all other components unchanged.
As shown in Tab. 6, all three variants consistently outperformed all baselines
in Table 1, including sparse-view 3DGS methods. This finding confirmed that
the performance gains of GeoProp-GS were not contingent on a specific depth
model. Performance scaled with depth estimation quality: higher-quality depth
estimates produced more accurate dense point clouds within HDD, which in turn
provided more reliable geometric scaffolds for optimization. Depth Anything V2
achieved the best results across all metrics and was therefore adopted as the
default estimator in all other experiments.

Time and Memory Efficiency. GeoProp-GS required a one-time initial-
ization before training: HDD generated Cdense in 3 seconds, and GVA generated
Cproposal in approximately 15 minutes (a local RTX 4090) or 8 minutes (cloud
API). As shown in Tab. 7, subsequent training took 6.1 minutes for 10K itera-
tions, matching FSGS and substantially faster than Guidedvd-3DGS, as anchor-
constrained optimization replaced expensive per-iteration regularization with
implicit architectural constraints. In terms of GPU memory, GeoProp-GS (2.73
GB) remained comparable to FSGS while achieving substantially higher qual-
ity. The one-time initialization overhead was therefore a worthwhile investment,
making GeoProp-GS practical for real-world aerial reconstruction.
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5 Conclusion

We present GeoProp-GS to address the fundamental failure of sparse-view 3DGS
in aerial domains, where repetitive textures preclude reliable SfM initialization.
Our method introduces HDD to establish dense geometric coverage, GVA to
propagate structure into unobserved regions, and AGO to stabilize optimiza-
tion through anchor-residual decomposition. Extensive experiments demonstrate
state-of-the-art performance on two aerial benchmarks, with consistent and sub-
stantial improvements over existing methods across diverse scene types. Abla-
tion studies validate the necessity of each component, and generalization ex-
periments confirm HDD as an effective plug-and-play module compatible with
existing 3DGS pipelines. We believe this work establishes a strong foundation for
bridging the gap between ground-level and aerial-view 3D scene representation,
enabling robust novel view synthesis in challenging sparse-view scenarios.
Acknowledgments. This work was supported in part by the National Natural
Science Foundation of China under Grant 62571387 and by the Program of China
Scholarship Council.
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