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Figure 1. Given a set of drone imagery, our method effectively eliminates the impact of dynamic distractors on the static scenes (e.g.,
vehicles driving on the road). The right side of the figure shows the rendering results of our method compared to 3DGS under input view
and novel view. Our method eliminates distractors while 3DGS generates artifacts in the corresponding regions. Moreover, our method
reconstructs scenes with accurate geometry under limited viewpoints, demonstrating robustness to significant view variation (novel view).

Abstract

Drones have become essential tools for reconstruct-
ing wild scenes due to their outstanding maneuverabil-
ity. Recent advances in radiance field methods have
achieved remarkable rendering quality, providing a new
avenue for 3D reconstruction from drone imagery. How-
ever, dynamic distractors in wild environments challenge
the static scene assumption in radiance fields, while lim-
ited view constraints hinder the accurate capture of un-
derlying scene geometry. To address these challenges,
we introduce DroneSplat, a novel framework designed for
robust 3D reconstruction from in-the-wild drone imagery.
Our method adaptively adjusts masking thresholds by in-
tegrating local-global segmentation heuristics with statis-
tical approaches, enabling precise identification and elim-
ination of dynamic distractors in static scenes. We en-
hance 3D Gaussian Splatting with multi-view stereo predic-
tions and a voxel-guided optimization strategy, supporting
high-quality rendering under limited view constraints. For
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comprehensive evaluation, we provide a drone-captured
3D reconstruction dataset encompassing both dynamic and
static scenes. Extensive experiments demonstrate that
DroneSplat outperforms both 3DGS and NeRF baselines
in handling in-the-wild drone imagery. Project page:
https://bityia.github.io/DroneSplat/.

1. Introduction
3D reconstruction is pivotal in fields such as cultural her-
itage preservation [6], geological investigation [8] and ur-
ban surveying [19, 33]. In this context, drones have become
valuable for these tasks due to their outstanding maneuver-
ability. Capable of traversing obstacles like water and dif-
ficult terrain, drones enable extensive data acquisition from
varied altitudes and angles.

Recently, radiance field methods, such as NeRF [23] and
3D Gaussian Splatting (3DGS) [11], have shown remark-
able potential in 3D representation and novel view synthe-
sis. Compared to traditional drone-based 3D reconstruction
methods like oblique photogrammetry, NeRF and 3DGS
can capture more realistic surface while reducing the train-
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Figure 2. The challenges within in-the-wild drone imagery.
Certain regions within the entire scene will face the challenge of
dynamic distractors and limited view constraints.

ing time. However, applying NeRF or 3DGS to in-the-wild
drone imagery presents several challenges for high-quality
3D reconstruction (Figure 2).

The primary challenge is scene dynamics. Drone-
captured images in wild scenes often contain moving ob-
jects, or distractors, which violate the assumption of multi-
view consistency in NeRF or 3DGS. To eliminate the im-
pact of distractors, some works [28, 31–33] attempt to iden-
tify and mask specific moving objects by pre-trained seman-
tic segmentation models. However, these methods rely on
predefined categories of potential distractors and fail to dis-
tinguish static and dynamic objects of the same category,
limiting their effectiveness in uncontrolled wild scenes.
Other methods [1, 2, 12, 14, 16, 21, 29, 30, 45] utilize recon-
struction residuals to predict distractors, which work well
on controlled datasets, but struggle with smaller distractors
in drone imagery, making accurate pixel-level mask predic-
tion challenging. Additionally, existing approaches tend to
apply hard thresholding to distinguish dynamic distractors,
overlooking its limitations in adapting to variations across
different scenes and training stages.

The second challenge is viewpoint sparsity. In a sin-
gle flight, drone imagery oftens lacks comprehensive cov-
erage of all viewpoints. For example, when flying over a
street, the entire scene may include numerous images, but
the viewpoints of certain regions remain limited (the black
dashed box in Figure 2 is covered by only three views).
Similar to challenges faced in sparse-view 3D reconstruc-
tion [15, 48], radiance fields may overfit to the inputs in lim-
ited view constraints, leading to poor rendering quality for
novel views. Previous approaches attempt to address this
by incorporating additional priors [4, 34, 37, 38, 47] or de-
signing hand-crafted heuristics [24, 40, 41]. More recently,
InstantSplat [5] propose a novel paradigm that initializes
Gaussian primitives from multi-view stereo predictions to
overcome sparsity. However, despite incorporating geomet-
ric priors, InstantSplat lacks corresponding optimization in

3DGS, undermining the abundant priors.
To address these challenges, we introduce DroneSplat,

a robust 3D gaussian splatting framework tailored for in-
the-wild drone imagery. For the issue of scene dynam-
ics, we propose Adaptive Local-Global Masking, which in-
tegrates the strengths of segmentation heuristics and sta-
tistical approaches to enhance distractor identification and
elimination. It can autonomously adjust the local masking
threshold based on real-time residuals and pixel-level seg-
mentation results, while tracking high residual candidates
within the scene context as global masking. For the issue
of viewpoint sparsity, our framework employs a multi-view
stereo model to provide rich geometric priors by predicting
dense 3D points. Based on these points, we implement a
geometric-aware point sampling alongside a voxel-guided
optimization strategy to effectively constrain 3DGS opti-
mization.

Furthermore, to rigorously evaluate our approach in
wild scenes, we provide a dataset of 24 drone-captured
sequences, encompassing both dynamic and static scenes.
The dynamic scenes are further categorized into three lev-
els based on the number of dynamic distractors.

Our contributions are the following:
• We introduce a robust 3D Gaussian splatting framework

tailored for in-the-wild drone imagery, which eliminates
the impact of dynamic distractors on static scene recon-
struction and addresses the issue of unconstrained opti-
mization in 3DGS under limited viewpoints.

• We propose Adaptive Local-Global Masking that har-
moniously integrates local-global segmentation heuristics
and statistical approaches, combining local and global
masking as collaborators to deliver robust and superior
performance in dynamic distractor elimination.

• We enhance 3DGS with a geometric-aware point sam-
pling method and a voxel-guided optimization strat-
egy, effectively leveraging multi-view stereo’s rich priors
alongside 3DGS’s powerful representational capacity.

• We provide a drone-captured 3D reconstruction dataset
of 24 in-the-wild sequences, encompassing both dynamic
and static scenes.

2. Related Work
Drone based 3D reconstruction. A typical method for 3D
reconstruction with drones is oblique photography, where
drones equipped with multiple cameras capture images
from elevated angles. In traditional oblique photography,
camera poses are estimated using a Structure-from-Motion
(SfM) pipeline, followed by surface reconstruction through
dense multi-view stereo [44]. Recently, radiance field meth-
ods [11, 23] have achieved realistic renderings. Several
works [10, 22, 33, 44] utilize NeRF [23] to reconstruct
scene from drone-captured images, and most prioritize the
challenges associated with large-scale scene reconstruction.
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DRAGON [7] optimizes a 3D Gaussian model [11] with
drone imagery and ground building images. While previous
work in radiance fields have advanced static scene recon-
struction, these approaches encounter substantial challenges
in Non-static environments.
Radiance fields in Non-static Scenes. There are roughly
two approaches for reconstructing dynamic scenes: one
aims to reconstruct the complete process of the scene
changes from video sequences [9, 17, 42], while the other
attempts to eliminate the influence of dynamic distractors
to achieve static scene reconstruction. Our work aligns with
the latter. Previous works in this realm have focused on how
to accurately identify dynamic objects, or distractors, which
can be roughly classified into two paradigms:
• Segmentation-based methods [1, 26, 28, 31–33] rely on

pretrained semantic segmentation model to mask com-
mon dynamic objects like pedestrians. They require pre-
defined classes for distractors, limiting their adaptabil-
ity in real-world scenarios. Moreover, solely depend-
ing on semantic segmentation may lead to misclassifica-
tion static objects as dynamic ones, such as parked cars
along the roadside. Recent work NeRF-HuGS [1] en-
hances the traditional heuristic design by integrating the
strengths of structure-from-motion and color residuals to
obtain prompt points for SAM [13], thereby improving
dynamic distractor segmentation. However, this approach
requires manually tuning thresholds for each scene, and
these threshold remain fixed during training, overlooking
the residual variance at different training stages.

• Uncertainty-based methods [2, 12, 14, 16, 21, 29, 30, 45]
employ color residuals and image feature to predict un-
certainty (distractors), making them more adaptable in
uncontrolled environments as they do not rely on priors
of the scene. NeRF On-the-go [29] and WildGaussians
[14] utilize DINOv2 [25] to extract features and design a
network to predict the uncertainty. However, predicting
pixel-level masks from low-resolution features results in
blurred edge details and omission of small objects, pos-
ing challenges for accurately identification, especially in
drone imagery where the distractors tend to be small.

Radiance fields under limited views. The performance of
radiance fields substantially degrades when the input views
become sparse. NeRF-based apporaches focus on incorpo-
rate regularization constraints [24, 40, 41] or introduce extra
priors, such as depth estimation model [4, 34] and diffu-
sion model [37, 38, 47]. 3DGS-based work [3, 15, 39, 48]
typically integrate depth priors with hand-crafted heuris-
tics. Recently, InstantSplat [5] has demonstrated notable
achievement by leveraging the dense points predicted by
DUSt3R [35] as geometric priors to initialize Gaussian
primitives. However, Instantsplat lacks constraints for sub-
sequent Gaussian optimization, leading to suboptimal per-
formance despite the presence of rich priors.

3. Method
3.1. Preliminaries

We build our work upon 3DGS [11], which represents a
3D scene explicitly through a collection of 3D anisotropic
Gaussian primitives. Specifically, a Gaussian primitive can
be defined by the following set of parameters: a center point
µ, a scaling matrix S, a rotation matrix R, an opacity param-
eter α and a color feature f . The influence of each Gaussian
on a 3D point x can be described:

G(x) = e−
1
2 (x−µ)TΣ−1(x−µ) (1)

where Σ is a positive semi-definite covariance matrix which
can be calculated from the scale matrix S and the rotation
matrix R. To render 2D image, 3DGS first project Gaussian
primitives onto the 2D plane, and then blending N ordered
Gaussians overlapping each pixel to compute the color:

c =

N∑
i=1

ciα̃i

i−1∏
j=1

(1− α̃j) (2)

where ci is the decoded color of feature f , α̃i represents the
opacity of the projected 2D Gaussians.

3DGS is optimized by a combination of D-SSIM [36]
and L1 loss computed from the rendered color and the
ground truth color:

L = (1− λdssim)LL1 + λdssimLD-SSIM (3)

where λdssim is a weighting factor.

3.2. Adaptive Local-Global Masking

The predominant approach for eliminating distractors in
static scene reconstruction is to identify masks M for dy-
namic distractors and incorporate them to Eq. 3. The train-
ing loss can be defined as follows:

L = (1− λdssim)MLL1 + λdssimMLD-SSIM (4)

The training loss (Eq. 4) indicates that higher mask ac-
curacy leads to fewer artifacts and improved reconstruction
quality.
Object-wise Average of Normalized Residuals. Inspired
by RobustNeRF [30], we start with the residuals between
the rendered image and the ground truth. Note that all resid-
uals mentioned later are calculated independently and are
not involved in the loss function. We normalize the DSSIM
residual RD-SSIM and L1 residual RL1 to R̃D-SSIM and R̃L1,
respectively, mitigating the impact of residual variations
that could affect distractor identification. Then we can ob-
tain the combined residuals R̃ as:

R̃ = (1− λdssim)R̃L1 + λdssimR̃D-SSIM (5)
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Figure 3. The framework of DroneSplat. Given a few posed drone imagery of a wild scene, our goal is to identify and eliminate dynamic
distractors. We first predict a dense point cloud through a learning-based multi-view stereo method, followed by point sampling based
on confidence and geometric features. The sampled point cloud is used to initialize Gaussian primitives, which is then optimized using a
voxel-guided strategy. At iteration t = n, we calculate the normalized residual of the rendered image and combine it with the segmentation
results to obtain the object-wise residuals. We adaptively adjust the threshold based on the object-wise residuals and statistical approaches
to obtain local masks. Meanwhile, we mark objects with high residuals as tracking candidates, deriving the global set at t = n by
combining the global set at t = n − 1 with the tracking outcomes at t = n. After merging the local mask and the global mask retrieved
from the global set, we can obtain the final mask at time t = n. The mask set illustrates the dynamic distractors we predicted.

To achieve pixel-level mask precision without reliance
on predefined classes, we employ the latest Segment Any-
thing Model v2 [27]. For each image Ii in the training set
I , we use the segmentation model S to obtain S(Ii) =
{m1

i ,m
2
i , · · · ,m

Ni
i }, where mj

i represents the segmenta-
tion mask of the j-th object in image Ii and Ni denotes the
number of masks of image Ii.

We assume that all pixels of the same object are treated
jointly, sharing a unified residual value. The object-wise
average residual Rj

i for a mask mj
i can be calculated as:

Rj
i (t) =

∑
p∈mj

i
R̃(p, t)

|mj
i |

(6)

where p ∈ mj
i indicates that p is one of the pixel posi-

tions contained within the mask mj
i , t is the current iteration

and |mj
i | is the area (number of pixels) of mask mj

i .
Adaptive Local Masking. Since dynamic objects are more
difficult to fit and often exhibit higher residuals, a straight-
forward approach is to set a threshold to identify distractors.
However, this process can be tedious: a higher threshold
may fail to remove large dynamic objects, while a lower
threshold risks misclassifying static objects as distractors
[1]. Previous studies [1, 26, 30] have not fully addressed
this issue, instead applying a fixed threshold throughout
training.

To establish an accurate and appropriate threshold across
different scenarios and training stages, we propose an adap-
tive method to adjust threshold based on real-time residuals
and statistical approaches. For the current training frame,

we calculate the mathematical expectation and variance of
the pixel-wise average residual:

E[Ri](t) =

N∑
k=1

pk · rk(t) (7)

Var[Ri](t) =
1

N

N∑
k=1

(rk(t)− E[Ri](t))
2 (8)

where N denotes the number of pixels in the current
frame, t is the current iteration, rk(t) ∈ Ri(t) is residual of
the k-th pixel, and pk represents the probability of the k-th
pixel, typically pk = 1

N if all pixels are equally weighted.
It can be observed that, across various scenes and train-

ing stages, nearly all static objects fall within one standard
deviation of the expectation. In other words, pixels with
residuals exceeding the expectation plus the variance can
be regarded as distractors. Considering the varying conver-
gence rates of residuals across objects in the early stage of
training, we relax the upper limit of the threshold. We set
T L
i as local threshold for image Ii:

T L
i (t) = E[Ri](t) + Var[Ri](t)(1 + λL

Tmax − t

Tmax
) (9)

where Tmax is the maximum iteration, t is the current
iteration and λL is a weighting factor.

Let ML
i (t) denote the set of local masks mj

i in image
Ii at iteration t whose object-wise average residual Rj

i (t)
exceeds the threshold T L

i (t):

ML
i (t) =

{
mj

i | R
j
i (t) > T L

i (t), j ∈ Ni

}
(10)
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Figure 4. The effect of Adaptive Local Masking. (a) repre-
sent the renderings of the same frame across different iterations
t, and (b) show the corresponding object-wise residuals. (c) are
the masks obtained using a hard threshold, while (d) are the masks
obtained by Adaptive Local Masking.

where Ni is the total number of masks (objects) in image
Ii, and Rj

i (t) represents the object-wise average residual
for mask mj

i at iteration t. Figure 4 illustrates the effect of
Adaptive Local Masking.
Complement Global Masking. While Adaptive Local
Masking is effective in identifying distractors in each frame,
it still has certain limitations when handling some specific
scenes. For example, an object may remain stationary in
several frames but still should be considered a distractor in
the overall context, such as a moving vehicle stops at a red
light at an intersection (Figure 5).

To address this, we employ the video segmentation ca-
pabilities of Segment Anything Model v2 [27]. We set T G

i

as global threshold for image Ii:

T G
i = E[Ri](t) + λGVar[Ri](t) (11)

where λG is a weighting factor which is larger than 1+ λL.
The set of global masks MG

i of image Ii is empty at start:

MG
i (0) = {∅} (12)

Once the residual Rj
k(t) of mj

k exceeding the thresh-
old TG

k , we mark it as a tracking candidate. Specifically,
we select a center point and four edge points of mj

k as
point prompts, which are then input into Segment Anything
Model v2 to initiate tracking. This allows us to obtain the
corresponding masks of mj

k in each frame:

MG
i (t) = MG

i (t− 1) ∪ m̂j
i (13)

Figure 5. The effect of Complement Global Masking. At t = n,
the white car waiting at a red light is not identified by the Adap-
tive Local Masking, but it is tracked through Complement Global
Masking in other frames.

where m̂j
i denotes the tracking results of mj

k in frame Ii.
The final mask of image Ii at iteration t is:

Mi(t) = ML
i (t) ∪MG

i (t) (14)

3.3. Voxel-guided Gaussian Splatting

To reconstruct a 3D model with accurate geometry in re-
gions with limited view constraints, we utilize a learning-
based multi-view stereo method, DUSt3R [35], to obtain
rich geometric priors. To integrate these priors within
the 3DGS, we design a geometric-aware point sampling
method and a voxel-guided Gaussian optimization strategy.
Geometric-aware Point Sampling. Given two unposed
images, DUSt3R excels at predicting pairwise point maps
and confidence maps, as well as recovering camera param-
eters. When processing more than two images, DUSt3R
applies a point cloud alignment as post-processing to gen-
erate a dense point cloud. An intuitive idea is to use these
dense points to initialize Gaussian primitives. However, the
over-parameterized primitives, some of which exhibit posi-
tional deviations, make it challenging for 3DGS to achieve
effective optimization. To address this issue, we sample
dense points based on both confidence and geometric fea-
tures, ensuring that the sampled points are well-suited for
3DGS initialization while preserving geometric priors.

We employ the Fast Point Feature Histogram(FPFH) De-
scriptor to extract geometric features from the dense points:

FPFH(p) = SPFH(p)+
1

K

∑
q∈N (p)

1

d(p, q)
·SPFH(q) (15)
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where SPFH(p) denotes the Simplified Point Feature His-
togram for point p, N (p) is the set of neighboring points
surrounding point p while q is a neighbor point within the
N (p). d(p, q) is the Euclidean distance between points p
and q and K is the number of neighbors considered.

The space occupied by the dense points is then divided
into N voxels, with the voxel size adaptively determined by
the scene’s dimensions. In particular,the scene is enclosed
within a rectangular cuboid, and the shortest edge of this
cuboid is divided into N voxels. For each voxel, we calcu-
late the scores for all points within it:

Score(p) = Conf(p) · ˜FPFH(p) (16)

where Conf(p) denotes the confidence of the point p and
˜FPFH(p) is the normalized FPFH feature of the point p.
In each voxel, the top k points with the highest scores

are retained to initialize Gaussian primitives.
Voxel-guided Optimization. Although these sampled
points provide valuable geometric priors for 3DGS, the
original optimization strategy could undermine these ad-
vantages. Therefore, we additionally incorporate a voxel-
guided optimization strategy to direct the optimization of
3DGS under limited view constraints.

For each initialized Gaussian within a voxel, as well as
those split or cloned from it, strict constraints are imposed
to keep them within the defined bounds of the voxel. Specif-
ically, if a Gaussian gji belonging to voxel Vi has its center
or scale exceed defined limit, typically set to τ times the
voxel length, it will be flagged as an unconstrained Gaus-
sian. The gradient for such Gaussians decays exponentially
with increasing distance from the voxel center. If the ac-
cumulated gradient of an unconstrained Gaussian reaches a
preset threshold γ1 and directs toward an empty voxel, it
will be split or cloned, and the newly generated Gaussian
will be assigned to that empty voxel.

To eliminate trivial voxels, we remove a voxel if it con-
tains fewer Gaussians than a specified threshold γ2 or if the
average opacity falls below an acceptable level γ3.

4. Experiments

4.1. Setups

DroneSplat Dataset. To rigorously evaluate our method
in wild scenes, we introduce a novel drone-captured 3D re-
construction dataset. The dataset includes 24 in-the-wild se-
quences encompassing both dynamic and static scenes, and
dynamic scenes containing varying numbers of dynamic
distractors. For the experiments of dynamic distractor elim-
ination, we select 6 scenes representing different levels of
dynamics, each containing sufficient images to avoid the is-
sue of sparsity; for limited view reconstruction, we select 2
static scenes with only 6 input views.

On-the-go Dataset. The On-the-go dataset [29] includes
multiple casually captured scenes with varying ratios of oc-
clusions. Following the baseline settings, we select 6 repre-
sentative scenes for the distractor elimination experiments.
UrbanScene3D Dataset. UrbanScene3D [18] is a large-
scale dataset designed for urban scene perception and re-
construction, including both synthetic data and real scenes
captured by drones. We select two real scenes with six input
views for limited view reconstruction experiments.
Baselines. For the experiments of distractor elimination, we
compare our approach to three NeRF-based methods (Ro-
bustNeRF [30], NeRF-HuGS [1] and NeRF On-the-go [29])
and two 3DGS-based methods (GS-W [45] and WildGaus-
sians [14]). In addition, we also include two well-known
baselines, the vanilla 3DGS [11] and Mip-Splatting [43].

For the experiments of limited view reconstruction, we
compare two NeRF-based methods (FreeNeRF [40] and
DiffusioNeRF [38]) and three 3DGS-based methods (FSGS
[48], DNGaussian [15] and InstantSplat [5]). Moreover,
vanilla 3DGS [11] and a view-adaptive method, Scaffold-
GS [20], are also included for comparison.
Implementations. All baselines are trained following their
own default settings. For our method, we train the model
with 7,000 iterations and all results are obtained using a
NVIDIA A100 GPU. In the experiments of dynamic dis-
tractors elimination, we activate Adaptive Local-Global
Masking at 500 iterations, and we set λL to 0.4 while λG

to 2.8. For geometric-aware point sampling, a resolution of
512 is used for DUSt3R to predict dense points and we set
N to 80 with k to 3. In Voxel-guided optimization, we set τ
to 3.5, γ1 to 0.003, γ1 to 2 and γ3 to 0.075.
Metrics. We adopt the widely used PSNR, SSIM [36] and
LPIPS [46] to evaluate the novel view synthesis qualities.

4.2. Comparison

Distractor Elimination. Both the baselines and our
method are trained on images with dynamic distractors and
evaluated on images without distractors.

To further validate the effectiveness of Adaptive Local-
Global Masking, we introduce a control group, denoted as
Ours (COLMAP). This group utilizes sparse point clouds
generated by COLMAP for Gaussian initialization, ensur-
ing consistency with other baseline methods, and employs
the vanilla 3DGS for subsequent optimization.

As shown in Figure 6 and Figure 7, our approach out-
performs all baseline method on both DroneSplat(dynamic)
datatset and NeRF On-the-go dataset. In comparison, GS-
W and WildGaussians struggle to eliminate the impact of
distractors, leading to artifacts and floaters. While Robust-
NeRF and NeRF On-the-go successfully remove distrac-
tors, they fail to retain fine details. Our method achieves
the highest quantitative results, effectively eliminating dy-
namic distractors while preserving static details.



Method
Low Dynamic Medium Dynamic High Dynamic

Cultural Center TangTian Pavilion Simingshan Intersection Sculpture
PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓

RobustNeRF [CVPR’23] 16.63 0.538 0.541 16.46 0.335 0.589 15.67 0.317 0.496 18.716 0.549 0.441 16.42 0.589 0.444 17.01 0.243 0.602
NeRF-HuGS [CVPR’24] 22.02 0.732 0.159 18.01 0.399 0.448 15.90 0.357 0.361 22.64 0.727 0.187 16.98 0.556 0.407 16.88 0.251 0.459
NeRF On-the-go [CVPR’24] 19.53 0.658 0.331 17.59 0.359 0.527 15.58 0.318 0.471 18.128 0.488 0.487 15.76 0.535 0.479 17.04 0.228 0.606

3DGS [SIGGRAPH’23] 22.43 0.730 0.152 17.31 0.430 0.384 17.04 0.438 0.228 22.14 0.749 0.127 18.11 0.570 0.317 17.11 0.396 0.256
Mip-Splatting [CVPR’24] 22.11 0.727 0.175 16.87 0.436 0.387 17.26 0.441 0.210 21.78 0.742 0.137 17.49 0.553 0.346 17.22 0.404 0.249
GS-W [ECCV’24] 23.29 0.759 0.151 18.55 0.419 0.528 17.44 0.416 0.424 22.41 0.706 0.243 19.06 0.624 0.382 17.09 0.414 0.270
WildGaussians [NIPS’24] 22.41 0.734 0.190 17.45 0.395 0.533 16.96 0.388 0.379 22.63 0.707 0.239 17.22 0.551 0.421 17.15 0.371 0.383
Ours(COLMAP) 24.56 0.773 0.142 19.53 0.459 0.365 17.89 0.462 0.217 23.91 0.792 0.098 19.47 0.681 0.304 19.51 0.528 0.197
Ours 24.53 0.785 0.149 19.68 0.472 0.331 17.79 0.469 0.214 24.17 0.808 0.093 19.86 0.657 0.322 19.64 0.517 0.192

Figure 6. Quantitative and qualitative results on DronSplat dataset (dynamic). The 1st , 2nd and 3rd best results are highlighted.
Our method outperforms baseline methods on scenes with various numbers of dynamic distractors, while Ours(COLMAP) leading the rest.
Note that all scenes have a sufficient number of viewpoints, avoiding the issue of sparsity.

Method
Low Occlusion Medium Occlusion High Occlusion

Mountain Fountain Corner Patio Spot Patio-High
PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓

RobustNeRF [CVPR’23] 17.38 0.402 0.523 15.64 0.322 0.561 23.12 0.741 0.186 20.41 0.685 0.197 20.46 0.488 0.458 20.55 0.426 0.407
NeRF-HuGS [CVPR’24] 20.21 0.659 0.160 20.45 0.663 0.167 23.07 0.748 0.191 17.56 0.611 0.261 20.33 0.540 0.361 16.65 0.479 0.397
NeRF On-the-go [CVPR’24] 20.07 0.635 0.286 20.23 0.624 0.297 24.02 0.803 0.184 20.65 0.723 0.224 23.31 0.762 0.198 21.44 0.709 0.258

3DGS [SIGGRAPH’23] 19.17 0.637 0.176 19.94 0.675 0.172 20.80 0.697 0.211 16.74 0.649 0.201 17.38 0.573 0.426 16.78 0.564 0.346
Mip-Splatting [CVPR’24] 18.83 0.616 0.195 19.92 0.677 0.169 20.26 0.657 0.238 16.19 0.635 0.232 15.59 0.499 0.535 16.47 0.539 0.397
GS-W [ECCV’24] 19.92 0.560 0.291 20.19 0.589 0.279 23.72 0.785 0.132 19.10 0.691 0.163 22.42 0.635 0.309 21.21 0.649 0.260
WildGaussians [NIPS’24] 20.43 0.652 0.213 20.83 0.671 0.185 24.19 0.816 0.105 21.48 0.806 0.111 23.76 0.794 0.081 22.27 0.732 0.165
Ours(COLMAP) 21.23 0.687 0.162 21.54 0.705 0.168 24.77 0.823 0.106 21.85 0.816 0.107 24.37 0.821 0.095 22.53 0.778 0.181
Ours 21.45 0.694 0.158 21.60 0.699 0.165 24.65 0.814 0.098 21.88 0.812 0.106 24.44 0.827 0.094 22.60 0.792 0.177

Figure 7. Quantitative and qualitative results on NeRF On-the-go dataset. The 1st , 2nd and 3rd best results are highlighted. Our
method not only effectively eliminates dynamic distractors but also reconstructs fine details in the scene.

Limited-view Reconstruction. As shown in Figure 8 and
Figure 9, our method demonstrates competitive results on
both DroneSplat(static) dataset and UrbanScene3D dataset.
NeRF-based methods struggle to recover accurate scene
geometry. While 3DGS-based methods capture the over-
all shape, they still generate artifacts due to unconstrained

optimization in areas with limited viewpoint overlap (the
patches in orange frames). Despite not specifically designed
to address the issue of limited view, Scaffold-GS demon-
strates robustness due to its view-adaptive capability. How-
ever, when the novel view significantly differs from the in-
put views, the results are still suboptimal.



Method
Exhibition Hall Plaza

PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓

FreeNeRF [CVPR’23] 11.53 0.244 0.683 12.30 0.273 0.706
DiffusioNeRF [CVPR’23] 11.82 0.267 0.656 12.41 0.308 0.695
3DGS [SIGGRAPH’23] 15.64 0.404 0.374 16.45 0.438 0.343
Scaffold-GS [CVPR’24] 16.55 0.445 0.343 17.01 0.461 0.323
FSGS [ECCV’24] 15.92 0.424 0.411 16.41 0.469 0.378
DNGaussian [CVPR’24] 12.61 0.281 0.558 12.41 0.222 0.595
InstantSplat 17.37 0.393 0.398 16.61 0.384 0.410
Ours 18.09 0.496 0.352 18.17 0.534 0.335

Figure 8. Quantitative and qualitative results on DroneSplat
dataset(static). The 1st , 2nd and 3rd best results are high-
lighted. Our method reconstructs the static scenes with correct
geometry even under limited view constraints.

Method
PolyTech ArtSci

PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓

FreeNeRF [CVPR’23] 11.56 0.165 0.692 13.42 0.264 0.578
DiffusioNeRF [CVPR’23] 10.97 0.142 0.769 18.23 0.627 0.235
3DGS [SIGGRAPH’23] 14.05 0.424 0.279 19.01 0.595 0.201
Scaffold-GS [CVPR’24] 14.61 0.479 0.253 19.69 0.618 0.183
FSGS [ECCV’24] 14.82 0.473 0.307 20.32 0.651 0.240
DNGaussian [CVPR’24] 12.99 0.347 0.297 15.43 0.439 0.382
InstantSplat 14.51 0.365 0.337 16.16 0.325 0.364
Ours 15.62 0.516 0.288 20.47 0.639 0.215

Figure 9. Quantitative and qualitative results on Urban-
Scene3D dataset. The 1st , 2nd and 3rd best results are
highlighted. Our approach shows competitive results compared
to state-of-the-art sparse-view reconstruction methods.

4.3. Ablation Study

We divide our method into three modules to analyze their
contributions. As shown in Figure 10, Adaptive Local
Masking effectively identifies and eliminates distractors in
dynamic scenes (b) while Complementary Global Masking
serves as an additional check for any missed distractors (c).
Incorporating Voxel-guided 3DGS further enhances perfor-
mance (d). This improvement is attributed to our voxel-
guided optimization, which constrains the spread of distrac-
tors and removes voxels with a high proportion of distrac-
tors by calculating the average opacity within each voxel.

To further study the Voxel-guided 3DGS, we remove dif-
ferent components to verify their effect. As shown in Figure

Local Global Voxel-guided DroneSplat(dynamic) NeRF On-the-go
Masking Masking 3DGS PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓

(a) ✗ ✗ ✗ 19.02 0.552 0.244 18.46 0.632 0.255
(b) ✓ ✗ ✗ 20.71 0.609 0.223 22.64 0.764 0.140
(c) ✓ ✓ ✗ 20.74 0.616 0.221 22.71 0.772 0.136
(d) ✓ ✓ ✓ 20.86 0.618 0.217 22.77 0.773 0.133

Figure 10. The ablations of our method on the DroneS-
plat(dynamic) and NeRF On-the-go dataset. The 1st , 2nd
and 3rd best results are highlighted.

Geometric Point Gaussian DroneSplat(static) UrbanScene3D
Priors Sampling Optimization PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓

(a) ✗ ✗ ✗ 16.01 0.421 0.358 16.53 0.510 0.241
(b) ✓ ✗ ✗ 16.99 0.388 0.404 15.33 0.345 0.351
(c) ✓ ✓ ✗ 17.46 0.432 0.359 16.97 0.536 0.289
(d) ✓ ✓ ✓ 18.13 0.515 0.343 18.05 0.578 0.252

Figure 11. The ablations of Voxel-guided 3DGS on the Drone-
splat(static) and UrbanScene3D dataset. The 1st , 2nd and
3rd best results are highlighted.

11, each component plays a critical role. Notably, despite
leveraging geometric priors from multi-view stereo, the re-
construction quality does not improve as expected when
using vanilla 3DGS, indicating the vanilla 3DGS struggles
to optimize the over-parameterization initial primitives (b).
The sampled points retain the prior of scene geometry, yet
subsequent Gaussian optimization undermines the prior (c).
The complete method that combines the prior and voxel-
guided optimization strategy achieves the best results (d).

5. Conclusions

We present DroneSplat, a novel framework for robust 3D
reconstruction from in-the-wild drone imagery. We inte-
grate local-global segmentation heuristics and statistical ap-
proaches to precisely identify and eliminate dynamic dis-
tractors. Furthermore, We enhance 3D Gaussian Splatting
through multi-view stereo predictions and a voxel-guided
optimization strategy, enabling accurate scene reconstruc-
tion under limited view constraints. Experimental evalua-
tions across diverse datasets demonstrate the superiority and
robustness of our approach over previous methods.
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