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Abstract. 3D Gaussian Splatting has revolutionized novel view synthe-
sis with real-time rendering and photorealistic quality. However, standard
3DGS methods fail in aerial scenes due to sparse anisotropic UAV captures.
Two critical issues emerge: incomplete triangulated points in textureless
regions that destabilizes Gaussian initialization and view-aligned degen-
eracies where Gaussians overfit limited observations rather than respect
true geometry. We present StratoSplat, a framework that exploits the in-
herent layered structure of aerial scenes for robust sparse-view 3DGS. Our
key insight is that buildings, terrain, and roads naturally stratify along
gravity, providing strong geometric priors to regularize this problem. We
address point sparsity through layered memory guided initialization that
enforces multi-view consistency. To prevent optimization degeneracies, we
introduce neural multi-plane Gaussians where virtual primitives anchor to
learned parallel planes for geometric regularization. Extensive experiments
demonstrate state-of-the-art performance, surpassing the best baseline by
over 3dB. Code available at https://github.com/keloee/StratoSplatl

Keywords: Aerial Photogrammetry - Sparse Aerial View Synthesis -
Gaussian Splatting

1 Introduction

3D Gaussian Splatting (3DGS) [25]| has emerged as one of the most promising
solutions for novel view synthesis. It has drawn wide attention in aerial scenes
due to its real-time rendering speed and ability to capture fine-grained scene
details [13}[47]. Building upon 3DGS, numerous applications in aerial scenes have
been developed, including urban planning, environmental monitoring, autonomous
navigation, and large-scale 3D mapping [4}21}/28,61].

However, unmanned aerial vehicles (UAVs) may face constraints on flight time,
viewing geometry, or weather, which hinder dense multi-view capture [18}[19}/48].
3DGS, similar to other radiance field representations, suffers from degradation
when trained with sparse input views [29,/64]. This vulnerability limits its use in
real-world aerial scenes where dense acquisition maybe costly or infeasible, and
motivates methods that remain reliable under sparse and anisotropic observations.
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Fig. 1: Sparse aerial imagery poses two key challenges: incomplete sparse reconstruction
/ triangulation in textureless regions (left), and view-aligned minima from anisotropic
observations (right). We introduce StratoSplat, which densifies geometry via LDI-
guided completion and regularizes optimization with multi-plane priors, enabling robust
reconstruction from sparse inputs.

Most existing sparse-view 3DGS studies focus on controlled indoor
or synthetic settings . Their approaches can be grouped into three categories.
Depth-based methods @7 use pre-trained monocular depth networks
to provide geometric supervision, but these models often fail to generalize to
aerial viewpoints due to domain gaps. Regularization-based methods [6l[20.[51}[59]
introduce self-supervised constraints to stabilize optimization, yet they offer
little guidance when the inputs are extremely sparse. Data-driven approaches
exploit learned priors from large-scale training, either through feed-forward
prediction or generative guidance , but both struggle in
aerial scenes, where large-scale annotated training data is scarce and domain shift
from ground-level datasets is severe. These limitations motivate a key question:
Can we achieve robust reconstruction by leveraging the geometric regularities of
aerial scenes?

To answer this question, we begin by analyzing the failure modes of 3DGS
in aerial scenes. As illustrated in Fig. [I| sparse aerial inputs trigger two critical
failure modes. First, extensive textureless regions cause the triangulation stage
of SfM to produce incomplete point clouds with large holes that destabilize
Gaussian initialization (Fig. |1} left). Note that this failure is specific to geometric
triangulation, not pose estimation: UAV poses are typically available from onboard
GNSS/IMU and can be assumed accurate. The challenge lies in the sparsity and
incompleteness of triangulated geometry. Second, sparse anisotropic observations
dominated by oblique views induce view-aligned degeneracies. Here Gaussians
overfit the 2D appearance of training views by aligning with their view directions.
They fit limited viewpoints rather than respect true scene geometry, producing
floaters under novel views (Fig. [1} right).

These failures occur at different stages but share a common root cause:
standard 3DGS ignores the strong layered regularities inherent in
aerial scenes. While aerial inputs are sparse, the underlying scene geometry
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is not arbitrary. Buildings, terrain, and roads stratify along gravity, forming
distinct parallel depth layers that remain consistent across viewpoints. This
inherent layered structure distinguishes aerial scenes from generic indoor or
object-centric scenarios. Leveraging such regularities offers a promising path to
stabilize optimization under limited views.

Building upon this insight, we propose StratoSplat, a framework that system-
atically exploits layered regularities in sparse aerial 3DGS. To tackle incomplete
initialization from textureless regions, we perform test-time adaptation of a depth
diffusion model guided by a layered memory implemented with Layered Depth
Images (LDI). This memory-based guidance accumulates geometry across views
with explicit depth ordering, enforcing multi-view constraints that drive diffusion
toward dense and consistent depth predictions. To prevent view-aligned degen-
eracies during optimization, we introduce a hybrid representation combining
explicit Gaussians for fine details with neural multi-plane Gaussians for geometric
regularization. Virtual Gaussians anchor to learned parallel planes aligned with
the stratification direction, imposing explicit geometric constraints that prevent
collapse into view-aligned configurations. Crucially, the aerial-specific geometric
prior stems purely from the structural regularity of aerial scenes and needs no
large-scale aerial data. We adopt a generic pretrained depth model only as a
backbone on which this prior operates. This makes StratoSplat particularly prac-
tical for real-world UAV deployments. The main contributions are summarized
as follows:

1. We identify and analyze two critical failure modes of 3DGS in aerial scenes:
incomplete triangulated sparse-point initialization from textureless regions
and view-aligned degeneracies arising from sparse anisotropic observations.

2. We introduce a layered memory guided initialization scheme that performs
sequential test-time depth adaptation with multi-view constraints, producing
dense point clouds from incomplete sparse triangulation geometry.

3. We propose a hybrid neural multi-plane Gaussian representation that com-
bines explicit Gaussians for fine detail with virtual Gaussians anchored to
learned parallel planes, exploiting the inherent stratified structure of aerial
scenes for geometric regularization.

4. We achieve state-of-the-art performance on LEVIR-NVS and a newly con-
structed 7-view benchmark based on 3DAS, with consistent improvements of
over 3dB across varying scene types and view counts.

2 Related Work

2.1 Representations for View Synthesis

Early image-based rendering adopted Layered Depth Images (LDIs) [37], which
store multiple depth and color samples per pixel with explicit depth ordering to
handle occlusions across viewpoint changes. LDIs enabled early free-viewpoint
navigation and real-time rendering systems [11}/32,|38L|65]. Building on layered
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representations, Multi-Plane Images (MPIs) [63] organize scenes as stacked fronto-
parallel RGBA planes for efficient view interpolation under narrow baselines,
powering practical VR/AR applications [1422,/33}|42]. Neural Radiance Fields
(NeRF) [34] shifted to continuous volumetric representations learned via dif-
ferentiable volume rendering, achieving photorealistic quality. Follow-up work
improved scene coverage and rendering speed through better sampling strate-
gies |2,)3] and discrete acceleration structures including hash grids [35], tensor
decompositions [5], voxels [16], octrees |54], and factorized planes [15]. More
recently, 3D Gaussian Splatting (3DGS) [25| represents scenes with explicit
anisotropic Gaussians rasterized via differentiable splatting for real-time ren-
dering. Extensions handle aliasing [57], dynamic content [30L46], and surface
extraction |17], establishing 3DGS as a versatile framework for interactive graphics
and robotics applications.

2.2 Sparse-view 3D Gaussian Splatting

Recent advances in sparse-view 3DGS explore diverse strategies to mitigate
limited observations. Depth-based methods [9}/29L/49|64] incorporate priors from
pre-trained monocular estimators to regularize geometry during optimization.
However, these approaches suffer from severe domain gaps in aerial imagery, as
depth models trained on ground-level datasets fail to generalize to bird’s-eye
perspectives. Regularization-based methods [6,[20,/51,[59] impose constraints such
as opacity decay, dropout, or co-adaptation suppression to prevent overfitting and
encourage geometric consistency. While effective in moderately sparse settings,
these generic priors offer limited guidance when observations are extremely sparse
relative to scene complexity. Data-driven approaches [7,8.[40,53L58] train feed-
forward predictors on large-scale datasets to directly infer 3DGS from sparse
inputs, but the scarcity of diverse aerial training data limits their practicality. Most
existing methods focus on indoor or object-centric settings, leaving opportunities
for aerial-specific solutions.

A few recent works address sparse-view synthesis in aerial contexts. MPNeRF
|18] leverages multiplane priors to capture the layered structure of aerial scenes,
while UPNeRF [19] introduces uncertainty-guided perceptual learning to mitigate
overfitting under sparse supervision. Although these NeRF-based methods exploit
aerial scene characteristics, they inherit NeRF’s limitations in rendering speed
and optimization cost, motivating aerial-specific 3DGS solutions.

3 Method

Given a sparse set of aerial images with camera poses assumed known from
onboard GNSS/IMU, the goal is to reconstruct a photorealistic and geometrically
consistent 3D scene for stable novel view synthesis. As analyzed in Sec. [T} aerial
3DGS faces two key challenges. First, SfM point clouds are sparse and uneven
with large holes in textureless regions. Second, anisotropic viewpoints cause view-
aligned minima during optimization. To address these issues, StratoSplat exploits
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Fig. 2: Overview of StratoSplat. Left: Layered memory guided geometry initializa-
tion performs test-time adapted depth completion with layered depth images, transform-
ing sparse COLMAP points into a dense, occlusion-aware colored point cloud. Right:
neural multi-plane Gaussian representation augments explicit Gaussians with virtual
Gaussians anchored on learned parallel planes via ray—plane intersections, enabling
joint rendering and cross-view consistency that suppresses view-aligned degeneracies
under sparse aerial views.

the inherent layered organization of aerial scenes through two components. Our
Layered memory guided initialization (Sec. sequentially adapts multi-view
depths with a compact layered memory. This converts incomplete SfM geometry
into a robust dense initialization Pgense. Our hybrid Gaussian representation
(Sec. then couples explicit Gaussians from Pgyense With virtual Gaussians
anchored on learned parallel planes. This preserves geometry while regularizing
against view-aligned collapse.

3.1 Preliminaries

3D Gaussian Splatting (3DGS) represents a scene using N anisotropic 3D
Gaussians G = {(py, Xk, ak, @1) }o—y- Each Gaussian is parameterized by its
center p, € R3, covariance matrix X, = Rydiag(s?)R, (decomposed into
rotation Ry and scale si), opacity oy € (0, 1), and spherical harmonic coefficients
¢y, for view-dependent color. For rendering from viewpoint ¢, each Gaussian is
projected into screen space as a 2D Gaussian with center p,'® and covariance S;y.
Let N, denote the set of Gaussians overlapping pixel p, ordered front-to-back

by depth (j < k). To compute the pixel color, we apply a-compositing:

Lp)= > [0 —aip) iy Cley, ¥i), (1)

kENp j<k

Tikp

where a;j, = arN(p; u;?g,sik) is the pixel-wise opacity modulated by the
Gaussian’s 2D footprint, Tjj, the accumulated transmittance from front layers,
and C(¢y,, V;) the view-dependent color. The model is trained by minimizing
photometric loss between rendered and observed images. Gaussians are initialized
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from sparse triangulated points, with centers placed at point locations, covariances
estimated from local neighborhoods, and opacities set to small values with colors
sampled from input views.

3.2 Layered Memory Guided Initialization

Sparse triangulated point clouds from aerial imagery suffer from large holes in
extensive textureless regions such as rooftops and roads, destabilizing Gaussian
initialization. While pre-trained monocular depth estimators could potentially
densify such geometry, they exhibit severe domain gaps under bird’s-eye view-
points. Models trained on ground-level datasets learn priors incompatible with
aerial scenes, producing unreliable predictions.

To obtain stable initialization, we sequentially adapt a depth diffusion model
at test time inspired by recent advances in controlled diffusion models [1,43.[55].
Each view is conditioned on geometry accumulated from previously processed
views. This requires a memory structure with three key properties: (1) efficient
conversion from depth maps, (2) compact geometric storage, and (3) support
for continuous updates as new views are processed. As each view is processed,
the layered memory is incrementally densified and provides multi-view geometric
constraints that guide the diffusion model toward consistent predictions. After all
views are processed, we back-project the refined depth maps into 3D to produce
a dense initialization Pgense for 3D Gaussians.
Layered Memory. We adopt Layered Depth Images (LDI) [37] to store geometry
in our layered memory. LDI encodes multiple depth samples per pixel with explicit
front-to-back ordering, naturally fulfilling the above requirements. This design
aligns well with aerial scenes where buildings, terrain, and roads stratify into
distinct depth layers perpendicular to the ground plane. Anchored to a reference
camera Cyef, each pixel coordinate (u,v) maps to an ordered sequence of layers:

LDI: (u,v) — {Zk}kK;‘f, i = (di, Pk C), (2)

where each layer ¢}, stores depth dj,, world position py € R?, color ¢;, € R3. Layers
are strictly ordered by increasing depth (d1 < dy < --- < dk, ), enabling efficient
front-to-back rendering and explicit modeling of occlusions during adaptation.
The memory is initialized with sparse points and updated incrementally as
each view is processed. For each new view, we first render the current state to
produce guidance maps. After depth adaptation, we project the refined depth
back into the LDI coordinate system. New depth samples are inserted into the
ordered layer sequence at their corresponding depth positions. When a new sample
falls within threshold €4 of an existing layer, we merge them by averaging depth,
position, and color. This update strategy progressively densifies the memory
while preserving its stratified structure across views.
Sequential Depth Adaptation. Iterative refinement is performed at each
denoising timestep. At timestep ¢, we obtain an intermediate depth prediction
D; € [0,1] by estimating the clean latent via the diffusion posterior [12| and
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decoding through the pre-trained network. This prediction is aligned to scene
scale via learnable scale-shift parameters: ﬁl(m) =D;-a+b.

We enforce two complementary multi-view constraints. The sparse loss anchors
predictions at triangulated SfM points, while the visibility loss enforces cross-view
consistency in regions with prior memory coverage:

Esparse = g
(u,v)ePPM

Evis _ ‘ (Dl(m) _ Dlguidc) o MiViS
1

D™ (u,v) — d5

: 3)

1

(4)

The combined objective £ = Lgparse + AvisLvis guides backpropagation through
the decoder to update both the latent representation and scale-shift parameters
&,13 at each timestep. After sequentially processing all N views through the
complete denoising process, we unproject the predicted depths into world space
to obtain a dense colored point cloud Pyense for 3DGS initialization.
Discussion. Our approach differs from prior depth-based methods in two aspects.
Unlike DNGaussian [29] and FSGS [64] that enforce depth as hard training
constraints, we use depth priors only for initialization, reducing sensitivity to
prediction errors (refer to Sec. 4| for results). Our sequential adaptation further
promotes multi-view consistency through explicit geometric guidance from the
layered memory. A natural question arises: why use LDI rather than directly
accumulating a 3D point cloud across views? The key difference lies in how new
geometry is integrated. Direct point cloud accumulation naively stacks points
from multiple views together, causing the representation to grow uncontrollably
dense. In contrast, LDI’s depth-based merging mechanism intrinsically controls
memory growth while preserving geometric detail. For aerial scenes captured from
downward-looking viewpoints, buildings, terrain, and roads naturally stratify
along depth due to gravity-aligned structure. This depth-stratified organization
makes LDI particularly well-suited, as its merging naturally aligns with scene
geometry, whereas unstructured point clouds fail to exploit this regularity.

3.3 Neural Multi-Plane Gaussian Representation

While our initialization approach provides robust dense geometry, explicit 3D
Gaussians alone remain vulnerable to view-aligned degeneracies under extreme
sparsity. Insufficient multi-view supervision causes Gaussians to overfit limited
viewpoints rather than respect true geometry. To address this, we introduce a hy-
brid representation combining explicit Gaussians G*P and virtual Gaussians G¥*
that exploits the inherent layered structure of aerial scenes. Explicit Gaussians,
initialized from Pgense, adapt freely through standard densification and pruning
to capture local surface variations. Virtual Gaussians are neural multi-plane
primitives anchored to learned parallel planes aligned with the dominant stratifi-
cation direction. This planar anchoring imposes explicit geometric constraints
that prevent view-aligned collapse, regularizing scene geometry to respect the
layered structure characteristic of aerial scenes.
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Plane-Based Gaussian Generation. We extract the dominant stratification
direction from Pgense via SVD. Specifically, we select the direction with min-
imal singular value as plane normal n = V:,argmin; ¥;;] where Uxv? =
SVD(P4ense — P)- This minimal variance direction corresponds to the stratifica-
tion axis perpendicular to the ground plane. We uniformly distribute K parallel
planes, each parameterized by (n,d},) and defined as n'p + dj, = 0, covering the
depth range [dmin, dmax] Of Pdense- Although virtual Gaussians are generated per
view through ray—plane intersection, the underlying planes are globally shared
and fixed across views, so the plane set does not grow with the number of input
views.

To enable efficient generation of virtual Gaussians, we parameterize their
attributes via a compact neural field. We define @ : R? — (R3, R, R, R*) that
maps 3D positions to RGB color, opacity logit, scale, and rotation quaternion.
Unlike discrete per-Gaussian parameters, this continuous neural parameterization
provides inherent spatial smoothness, encouraging virtual Gaussians to capture
low-frequency geometric regularities.

At each training iteration, we generate virtual Gaussians by intersecting

camera rays with the plane stack. For each pixel, the ray from camera center o with
o nToer;c

n'd, °
The neural field is queried to obtain attributes (cg, ax, sk, qr) = ®(px) for RGB
color, opacity logit, scale, and rotation. To prevent alpha compositing’s early
termination from large opacity near the camera and collapsing the multi-layer
structure, we apply a opacity bias a = o(a&y + b(tx)) where bias function b(tx)
encourages farther planes to maintain higher opacity.

direction d,, intersects plane m;, at position py = o+ t;d,, where t;, =

Joint Training with Geometric Regularization. During training, explicit
Gaussians G initialized from Pgense and virtual Gaussians GV generated from
plane intersections are rasterized jointly via alpha compositing. The photometric
loss applies to both representations, but they follow distinct optimization strate-
gies. Explicit Gaussians undergo standard adaptive densification and pruning to
capture fine geometric details with view-dependent appearance. Virtual Gaussians
remain anchored to their plane intersections as only the neural field ¢ adapts to
observations. Constrained by fixed planar positions and view-independent colors,
virtual Gaussians naturally capture smooth low-frequency structure rather than
overfitting to sparse observations. This asymmetric treatment establishes a clear
distinction: explicit Gaussians provide flexibility for modeling high-frequency
local variations, while virtual Gaussians enforce global geometric constraints
through planar anchoring.

Discussion. Our neural multi-plane Gaussians provide geometric regulariza-
tion through fixed planar constraints. Virtual Gaussians differ from explicit
Gaussians in two key aspects: view-independent colors prevent overfitting sparse
observations, and neural field prediction enforces spatial smoothness. Crucially,
their 3D positions are determined by ray-plane intersections with fixed paral-
lel planes, preventing them from freely moving to fit arbitrary view-dependent
configurations. This forces the representation to explain observations through
consistent cross-view geometry rather than overfitting individual viewpoints. The
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effectiveness relies on aerial scene structure. Buildings, terrain, and roads stratify
into horizontal layers, naturally aligning with parallel planes. Downward-looking
camera poses ensure these planes consistently intersect viewing rays across views.
When scene geometry matches this planar assumption, fixed plane constraints
effectively prevent view-aligned collapse by enforcing geometric consistency.

4 Experiment

4.1 Experimental Setups

Datasets and Setups. Following prior work [18], we evaluate on LEVIR-
NVS [48|, which provides diverse aerial scenes (urban buildings, mountains,
stadiums, parks) captured by UAVs, using 3 training views per scene. To broaden
the evaluation scope, we additionally construct a 7-view benchmark based on
the 3DAS [41] dataset, covering 9 large-scale scenes across city, countryside,
and port environments. While LEVIR-NVS offers scene diversity, its relatively
small-scale captures and narrow baselines are complemented by 3DAS’s wider
viewing conditions and geometric complexity. We do not rely on COLMAP for
pose estimation; instead, COLMAP is used only to obtain sparse triangulated
points for initialization under these provided poses. This choice matches common
UAV mapping workflows where camera poses are available from onboard GNSS
and IMU. We report PSNR, SSIM, and LPIPS [60].

Baseline Methods. We compare against methods representing the spectrum of
sparse-view radiance fields. For NeRF-based approaches, we evaluate dense-view
NeRF [34], sparse-view variants DietNeRF [23], RegNeRF [36], and FreeNeRF [52],
as well as the aerial-specific MPNeRF [18]. For 3DGS-based approaches, we eval-
uate vanilla 3DGS [25] and sparse-view extensions FSGS [64], DNGaussian [29],
DropoutGS [51], and Guidedvd-3DGS [62]. We additionally include feed-forward
methods NoPoSplat [53], MVSplat [7], DepthSplat [50], and TranSplat [58].
Among them, NoPoSplat operates in a pose-free setting and MVSplat is designed
for two-view inputs. These are inherent design choices of the methods rather
than controllable variables, and may confer trade-offs our method does not share.
To compare as fairly as possible and reduce the influence of domain gap and
pretraining, we evaluate these methods under a fine-tuned (ft) setting that jointly
fine-tunes the predictor on the training views of all scenes. We further analyze
feed-forward predictors under additional settings in Sec. [£-3] For LEVIR-NVS,
we adopt results from the benchmark established in MPNeRF [18]. On 3DAS, we
reproduce all baselines using official implementations to ensure fair evaluation.

Implementation Details. All experiments are conducted on a single NVIDIA
4090 GPU. All baselines are initialized from COLMAP sparse points reconstructed
using poses provided by the dataset. The only exception is Guidedvd-3DGS,
which uses DUSt3R [45] initialization. For ablation studies involving DUSt3R
variants, we adopt Guidedvd-3DGS’s initialization procedure for fair comparison.
The layered memory initialization processes views sequentially in coverage-based
order with approximately 12 seconds per view. The cross-view consistency weight
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Avis = 0.1 and layer merging threshold ¢4 = 0.02 for 3DAS and 0.55 for LEVIR-
NVS. Depth-dependent opacity bias b(tx) is normalized by ray distance with
logits in [—4.6, 1.4]. Training converges in approximately 9 minutes. All other hy-
perparameters follow FSGS More details can be found in the supplementary.

4.2 Comparative Results

Table 1: Quantitative comparison with different baseline methods in 3 views
in LEVIR-NVS dataset. The best, second-best, and third-best entries are marked in

, , and , respectively.
] . g S 558 . 5.5 .. $
& s 5 & S sy § Y f $

- ¥ ¥ ¢ &Yy ¥ §F 9 & F &5 & T F TS
NeRF 13.64 12.06 14.45 18.60 18.40 14.56 14.10 14.98 15.02 13.18 20.88 14.11 14.28 15.44 14.68 13.67 15.13
DietNeR! 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
RegNeRF 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 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 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 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 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 15.89 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
PSNR DropoutGS 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-3DG: 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 ft 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 ft 14.36 13.9516.22 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
DepthSplat ft 12.38 12.28 13.53 19.45 18.51 14.79 12.78 15.96 16.30 15.43 22.35 15.29 17.24 14.80 14.01 14.95 15.75
TranSplat ft 14.27 13.80 15.94 20.27 19.29 16.14 15.26 17.76 16.42 16.55 21.74 15.39 17.08 16.84 16.95 16.83 16.79
Ours 20.37 19.88 22.21 29.35 27.58 21.14 21.77 24.22 23.25 24.72 33.15 24.43 27.33 27.64 23.22 21.40 24.48
NeRF 0.16 0.12 0.17 0.30 0.24 0.16 0.15 0.14 0.20 0.17 0.34 0.22 0.22 0.20 0.23 0.22 0.20
DietNeR: 0.16 0.15 0.23 0.34 0.24 0.21 0.17 0.18 0.28 021 0.35 0.26 0.36 0.26 0.28 0.19 0.24
RegNeRF |3 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 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 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 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 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 0.54 0.30 0.44 048 0.44 0.38 0.53 0.53 0.49 047 045 0.53 0.70 0.52 0.53 0.51 0.49
SSIM DropoutGS 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-3DG 0.44 0.38 049 0.69 0.56 0.20 0.33 0.53 0.53 0.44 0.61 0.59 0.51 0.46 0.48 0.28 047
NoPoSplat ft 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 ft 0.34  0.27 0.30 0.36  0.40 0.27 0.25 0.42 048 039 0.36 047 0.63 0.51 0.39 0.33 0.39
DepthSplat ft 0.18 0.19 0.23 0.36 0.30 0.26 0.18 0.28 0.32 0.32 044 0.35 047 0.30 0.30 0.30 0.30
TranSplat ft 0.19 0.19 0.26 0.34 0.30 0.24 023 0.33 024 032 035 0.23 039 0.37 0.32 0.32 0.29
Ours 0.78 0.74 0.76 0.88 0.86 0.74 0.79 0.84 0.83 086 0.92 0.84 0.92 091 0.78 0.78 0.83
NeRF |34 0.59 0.62 0.60 0.56 0.58 0.58 0.61 059 0.60 0.59 0.53 0.59 0.53 0.57 0.55 0.66 0.58
DietNeR! 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
RegNeRF 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 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 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 024 033 033 020 017 030 0.28 0.21 019 021 0.17 0.25 0.12 0.13 0.30 0.30 0.23
FSGS 0.27 0.30 0.33 0.27 0.29 0.33 0.29 0.24 0.22 026 0.32 0.28 0.20 0.19 0.32 0.27 0.27
DNGaussian 0.39 0.51 0.47 0.52 0.54 0.54 0.39 0.37 042 044 0.56 0.41 0.30 0.41 042 041 0.44
LPIPS| DropoutGS 0.42 045 0.43 0.56 0.46 0.66 0.38 0.36 0.42 0.36 0.62 0.41 0.31 0.35 041 0.37 0.43
Guidedvd-3DGS 0.49 0.53 0.47 0.28 0.42 0.67 0.61 0.39 049 054 0.36 0.39 0.49 0.51 0.54 0.62 0.49
NoPoSplat ft 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 ft 0.46 0.48 0.48 0.48 045 049 049 0.37 0.34 043 0.50 0.38 0.30 0.35 0.44 0.47 0.43
DepthSplat ft 0.64 0.60 0.64 0.51 0.52 0.53 0.61 0.52 0.52 0.45 045 0.52 0.39 0.55 0.54 0.54 0.53
TranSplat ft 0.61 0.59 0.57 0.56 0.57 0.56 0.58 0.51 0.58 0.54 0.54 0.59 0.48 0.57 0.57 0.54 0.56
Ours 0.17 0.20 0.19 0.12 0.14 0.21 0.16 0.14 0.15 0.13 0.09 0.14 0.08 0.09 0.20 0.19 0.15

Tab. [I] demonstrates StratoSplat’s consistent superiority across all metrics on

the LEVIR-NVS benchmark. StratoSplat achieves 24.48dB PSNR from only 3
training views, surpassing the strongest 3DGS baseline FSGS by 3.5dB and the
previous best MPNeRF by 2.76dB. Similar improvements hold on the larger-scale



StratoSplat 11

Table 2: Quantitative comparison with different baseline methods in 7 views
in 3DAS dataset. The best, second-best, and third-best entries are marked in
, and , respectively.

I

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
1326 005 0.65 [ 1485 020 064 [1511 023 072 [1546 0.33 071 [17.52 047 064 [16.42 0.42 070 | 1563 047 050 [14.81 022 0.65 [ 1549 032 0.61
FreeNeRFB2l 1352 012 058 |1428 015 056 [14.31 007 061 [1552 027 058 [1830 042 052 |15.78 032 055 | 1898 059 031 [1504 023 054 |1589 035 048
RegNeRF [36] | 1341 008 062 [15.46 016 057 [1554 018 059 1631 025 058 [1843 037 055 1683 033 058 [17.74 054 037 |1545 020 060 [1627 031 0.54

3 2] 20.66 0.67 024 2062 052 037 1943 041 045 |19.89 042 045 2435 065 032 [1943 042 045 |23.67 088 021 2403 084 013 2441 087 012

19.67 064 026 1837 047 038

o) 1493 023 059 [1688 036 055 2287 066 035 2286 0.69 035 [2381 087 015 2402 084 0.4 2407 086 0.14
DNGaussian 1759 049 038

1462 019 059 2086 0.75  0.22

DropoutGS [51T_[19.18 0.58 033 1837 047 038 [ 1479 024 062 | 1586 034 060 [17.93 047 052 | 1655 043 061 |21.92 081 019 |21.55 0.72 021 [2228 078 019
Guidedvd-3DGS (62| 1460 0.25 059 [16.49 0.28 053 1663 029 057 [17.59 037 051 [1994 055 047 [17.6] 045 054 |21.88 081 016 [1728 043 050 [21.89 0.73 022
Ours 2321 079 015 2368 074 020 2102 056 020 [2137 053 035 2748 076 020 2571 080 018 |2428 090 009 2525 0.89 009 2519 090 0.09

1333 022 068 1531 031 0.65 ‘1695 048 058 19.98 0.60 057 |21.62 080 0.20 ‘1931 061 0.30

DietNeRF RegNeRF FreeNeRF MPNeRF 3DGS FSGS DNGaussian DropoutGS Guidedvd-3DGS Ours Ground Truth

Fig. 3: Visual comparisons on three representative scenes in LEVIR dataset.
StratoSplat achieves sharper textures, more complete geometry, and fewer artifacts
than existing sparse-view baselines.

3DAS dataset (Tab. , where StratoSplat maintains state-of-the-art performance
across diverse environments. Qualitative results in Figs. 3] and [4] confirm these
gains, showing sharper textures and more complete geometry. This consistent
advantage across different scene types, datasets, and sparsity levels validates
that exploiting inherent geometric structure provides more robust guidance than
generic regularization or misaligned external priors.

Methods without sparse-view adaptations such as NeRF and vanilla 3DGS,
lack mechanisms to handle limited supervision. Depth-based methods provide
stronger baselines by incorporating geometric priors, but their effectiveness de-
pends critically on prior quality. DNGaussian imposes hard depth constraints
from pretrained monocular estimators, making it highly sensitive to prediction
errors and frequently underperforming vanilla 3DGS. FSGS improves robustness

FreeNeRF 3DGS FSGS DNGaussian DropoutGS Guidedvd-3DGS Ours Ground Truth

Fig. 4: Visual comparisons on three representative scenes in 3DAS dataset.
Compared to state-of-the-art baselines, StratoSplat preserves fine-scale structures and
removes view-aligned artifacts, yielding sharper and more consistent renderings



12 Z. Gao et al.

through Pearson-correlation-based soft supervision, achieving the strongest 3DGS
baseline. DropoutGS adds regularization via Gaussian dropout but fails to exploit
aerial-specific structure. Guidedvd-3DGS combines video diffusion priors from
ViewCrafter [56] with DUSt3R [45] initialization, but both components trained
on non-aerial data lead to poor generalization, producing floating Gaussians that
occlude content (Fig. . Similarly, feed-forward methods including NoPoSplat
and MVSplat struggle to generalize to aerial scenes in the zero-shot setting, and
fine-tuning provides only marginal improvement due to the scarcity of large-scale
in-domain aerial training data. MPNeRF leverages multiplane representations to
encode planar structure and achieves strong results among NeRF-based methods.
However, its implicit volumetric field remains harder to constrain under sparse
observations than our explicit Gaussians with fixed planar anchoring. Our ap-
proach directly embeds aerial scene structure through layered initialization and
planar constraints, providing more effective regularization than generic priors or
domain-shifted external models.

4.3 Ablation Studies and Further Analyses

We conduct systematic ablation Table 3: Ablation study. We progressively
studies to validate each component examine initialization, representation, and key
of StratoSplat. All experiments are components.

performed on LEVIR-NVS with 3 Method PSNRT SSIM? LPIPS|
training views, reporting average  Vanilla 3DGS (SfM, Explicit) 20.20 072 0.23
metrics across 16 scenes. Results  mitialization variants
are summarized in Tab. Bl More  DUSt3R init 18.65 0.56  0.34

. d di . + VGGT init 1643 030  0.46
experiments and discussions can | pas i 2049 071 023
be found in supplementary. + COLMAP MVS init 2045 075  0.21
Initialization Methods. To iso-  Marigold init 2031073 0.23

+ Layered Memory guided init 21.00 0.77 0.18

late initialization effects, all vari- : :
Representation variants

ants adopt explicit Gaussians with  gxplicit 3DGS 21.00 077 018
identical training_ DUSt3R l45| Fixed multi-plane GS 21.81 0.79 0.16
yields dense stereo but degrades w/o depth-dependent opacity bias 23.64 0.79  0.18

StratoSplat (Full) 24.48 0.83 0.15

performance, highlighting severe
domain gaps when ground-level priors are transferred to aerial views. Native
multi-view predictors VGGT [44] and DA3 [31] avoid such pairwise stitching
yet still fall below our init (16.43 and 20.49 dB), confirming that the bottleneck
is the aerial domain gap rather than stitching. COLMAP MVS offers a slight
improvement yet remains unreliable in textureless regions. Marigold-based monoc-
ular depth reaches 20.31 dB, indicating that independent per-view priors cannot
resolve multi-view ambiguity under sparse coverage. In contrast, our initialization
attains 21.00 dB by enforcing a layered structure and occlusion-aware multi-view
consistency aligned with aerial stratification, providing more stable geometry
than both generic learned priors and traditional stereo.

Representation Designs. Two representation strategies are evaluated under
identical initialization. Fixed multi-plane arranges Gaussians on parallel planes
but lacks spatial continuity due to discrete parameterization, with each Gaussian
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Table 4: View ordering sensitivity Table 5: Ablation on memory struc-
analysis. We assess sensitivity to view pro- ture design. We compare point cloud ac-

cessing order across different strategies.  cumulation against our layered memory.
Ordering Strategy PSNR1 SSIMtT  LPIPS| Memory Structure ‘ Final Quality ‘ Efficiency
Random ordering (5 trials) 21.10£0.15 0.73+0.01 0.21+0.01 ‘PSNRT SSIMT‘POints 1 Time(s)]
Order by distance 21.00 0.73 0.21 Point Cloud Accum. 22.99 0.76 | 778646 98
Order by coverage (Ours) 21.14 0.74 0.21 Layered Memory (Ours)| 23.21 0.79 |215607 84
@  StratoSplat (Ours) (]

W FSGS

& Vanilla 3DGS 34 L]
'/-é' Table 6: Pose perturbation study

=2

2o >

. 77 (PSNR1).

20.0 2

175 g/ Noise Level Completion-only Train-only All

: NSumber of Training Vi7ews ’ Clea’n 2448
L1 24.01 24.32  24.00

Fig.5: Scalability to view count. L2 23.21 23.76  22.45
StratoSplat consistently outperforms base- L3 21.88 21.19  19.11

lines across 3-9 training views.

optimized independently without inter-primitive coupling. Neural multi-plane
without depth-dependent bias achieves 23.64 dB through continuous field rep-
resentation, where shared network parameters enforce spatial coherence across
virtual Gaussians. Full StratoSplat reaches 24.48 dB, where the depth-dependent
opacity bias prevents multi-layer collapse.

View Ordering Sensitivity. To assess the robustness of sequential depth
adaptation to view order, we conduct experiments on the LEVIR-NVS Observa-
tion scene with 3 views, comparing random orderings against two deterministic
strategies: order by distance, from nearest to farthest from the scene center,
and order by coverage, from highest to lowest SfM point density. Tab. [4] shows
all orderings achieve similar performance. This indicates the layered memory
integrates multi-view geometry reliably regardless of sequence. Coverage-based
order yields slightly better metrics. This suggests that initializing the memory
with geometry-rich views offers stronger guidance. The small gap reflects the
broad spatial coverage typical of aerial captures.

Memory Structure. We compare layered memory against point cloud accumu-
lation on 3DAS City Scene 0. As shown in Tab. [B] our layered memory achieves
0.32 dB PSNR gain with 3.6x fewer points and 14% less computation time.
View-aligned layering enables efficient conflict resolution through depth ordering,
avoiding uncontrolled growth from unstructured accumulation.

Scalability to View Count. To evaluate performance across varying views, we
test StratoSplat with 3, 5, 7, and 9 training views on the LEVIR-NVS Building-1
scene. Fig. [5| shows that our method consistently outperforms baselines across all
view counts, maintaining advantage even as observations increase, demonstrating
that our layered geometric priors remain beneficial across different sparsity.
Pose Sensitivity. We inject controlled SE(3) perturbations at three levels—L1
(rot=0.5°, trans=0.001-extent), L2 (rot=1.0°, trans=0.002-extent), L3 (rot=2.0°,
trans=0.005-extent)—into the completion stage, training, or both. Performance
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Explict Only Virtual Only Full GT
SfM Sparse Colmap Stereo Dust3r Ours
W S : e
: “B TN 2

4 4
o 4 b o
ﬁ e
= i

Fig. 6: Point cloud initialization compar- Fig.7: Rendering contribution

ison. From left to right: COLMAP sparse, visualization. Columns (left to

COLMAP MVS, DUSt3R, and ours. right): Explicit Only, Virtual Only,
Full (Ours), Ground Truth.

degrades with noise strength (Tab. @ Completion-only noise causes larger drops
than Train-only, since pose errors degrade cross-view consistency during initializa-
tion and subsequently destabilize optimization. Overall, the results demonstrate
that our pipeline remains stable under mild-to-moderate perturbations. In prac-
tice, UAV onboard GNSS/IMU typically provides accurate pose, making this a
manageable limitation. Joint pose refinement remains an avenue for future work.
Initialization Method Comparison. Fig. [6] compares point clouds from
different initialization methods. SfM sparse points leave severe holes in textureless
regions, while COLMAP MVS improves density but remains unreliable in texture-
poor areas. DUSt3R generates dense predictions but suffers from domain gap
at aerial viewpoints, producing geometrically inconsistent artifacts. In contrast,
our LDI-guided initialization achieves both density and multi-view consistency
through sequential depth adaptation, yielding complete and coherent point clouds
for robust 3DGS initialization.

Rendering Contribution Visualization. Fig. [7] visualizes rendering contri-
butions of explicit and virtual Gaussians. Virtual Gaussians provide geometric
regularization through plane-based anchoring but lack high-frequency details
due to view-independent colors and neural field smoothness. Explicit Gaussians
compensate with fine surface variations. The full hybrid combines both, achieving
complete coverage with accurate geometry. This validates our design: virtual
Gaussians enforce stratified structure while explicit Gaussians preserve local
detail.

Feed-forward overfitting analysis. We further analyze why feed-forward
predictors underperform on aerial scenes. We evaluate DepthSplat and TranSplat
under zero-shot, ft, and ft+opt settings (Tab. E[) Across all settings, their novel-
view quality stays far below ours, and per-scene 3DGS optimization does not
close the gap. Notably, TranSplat reaches 49.76 dB on training views but only
17.31 dB on novel views. This large train—novel gap is exactly the view-aligned
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Table 7: Feed-forward baselines under different settings on LEVIR-NVS (3
views, 16-scene mean). f¢ jointly fine-tunes the predictor on the training views of all
scenes; ft+opt additionally runs per-scene 3DGS optimization on top.

e Novel View Train View
Method Setting ‘PSNRT SSIMt LPIPS)| PSNR
zero-shot| 7.24  0.01 0.74 -
DepthSplat [50]|ft 1575 0.30  0.53 17.58
ft4opt | 15.60 0.33  0.51 32.03
zero-shot| 7.82  0.02 0.79 -
TranSplat (58] |ft 16.79  0.29  0.56 18.81
ft4opt | 17.31 0.41  0.47 49.76
Ours - 2448 083 015 | -

overfitting our method targets, where Gaussians fit the few observed views rather
than recover consistent geometry, reinforcing the need for aerial-specific priors.

5 Conclusion

We present StratoSplat, a framework for robust sparse-view aerial 3DGS that
exploits the layered regularities of aerial scenes. Standard 3DGS methods fail
under sparse aerial captures due to incomplete SfM initialization from texture-
less regions and view-aligned degeneracies from anisotropic observations. We
address these challenges by embedding layered geometric priors tailored to aerial
scene structure. Our layered memory guided initialization accumulates multi-
view geometry in ordered layers, providing occlusion-aware constraints for dense
and consistent initialization. Our neural multi-plane Gaussians anchor virtual
Gaussians to learned parallel planes, enforcing geometric regularization that
prevents view-aligned collapse. Experiments demonstrate state-of-the-art perfor-
mance, surpassing the best baseline by 3 dB. Our work validates that exploiting
scene-specific geometric structure provides robust guidance for sparse aerial
3DGS.
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