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Abstract

In combination with the ease of use and flexibility of unmanned aerial vehicles (UAVs), 3D reconstruction techniques are
used to recreate environments across a broad range of domains, including urban monitoring, industrial inspection, and the
entertainment industry. The introduction of 3D Gaussian Splatting (3DGS) has enabled high-quality novel view synthesis
(NVS) with fast training times. However, existing 3DGS methods either rely on accurate prior camera poses, or struggle to
converge on long or complex camera trajectories that are typical for UAV footage. To overcome this, we propose two
methods that leverage priors commonly available from drone sensors or simultaneous localisation and mapping (SLAM)
systems to efficiently recover camera trajectories from UAV videos. We evaluate these methods against both the original
3DGS using COLMARP poses and subsequent approaches like NoposeGS and CF-3DGS that jointly estimate camera poses
and reconstruct the scene. Our results show that both of our proposed methods achieve competitive NVS quality while being

significantly faster than existing approaches.
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1 Introduction

Creating an explorable, three-dimensional environment
from a set of images is a task with applications in several
fields, such as 3D reconstruction, visualisation and novel-
view synthesis (NVS). The resulting images and geometry
can be used in search and rescue missions, when maintaining
industrial complexes or for the mapping of large-scale
scenes. Other applications include the entertainment
industry, where digital environments are used for special
effects in movies or as building blocks for the virtual worlds
of computer games.

The  classical  photogrammetry  pipeline  for
reconstructing scenes from a set of images produces textured
triangle meshes. In a first step, the relative poses of the
images in the scene are reconstructed using Structure-from-
Motion (SfM). SfM takes as input a set of images and
outputs their position in the scene, a 3D point cloud and
parameters of the cameras used to take them (Schonberger
& Frahm, 2016). The refined extrinsic and intrinsic
parameters can then be used to generate dense meshes, e.g.
by using multi-view stereo (Schonberger et al., 2016). Many
conventional approaches lack the ability to accurately
represent reflections or translucent objects.

Because classical photogrammetry often produces
meshes, it is useful in scenarios where the underlying
geometry is needed, such as for collision checks or accurate
depth. Newer approaches trade this geometric consistency
for increased photorealism. Neural Radiance Fields (NeRFs)
(Mildenhall et al., 2021) employ a Multilayer Perceptron
(MLP) which learns to represent scenes as volumes. While
the approach provides excellent NVS results, the use of a
large MLP results in slow training and rendering times.

This motivates the introduction of 3DGS (Kerbl et al.,
2023). The approach uses anisotropic Gaussians to
approximate a volume efficiently. It combines the visual
quality of NeRF (Mildenhall et al., 2021) with fast training
times.

However, 3DGS (Kerbl et al., 2023) still has limitations,
one of those being the time it takes to process the input data.
The approach needs accurately estimated intrinsic and
extrinsic camera parameters to converge. A prominent
approach for reconstructing the camera poses, COLMAP
(Schonberger & Frahm, 2016), has a high runtime with
respect to the number of input images. Thus, very large 3D
reconstructions can still take hours or even days to complete.
This makes current approaches infeasible for time-critical
applications. Even applications with soft deadlines can profit
from faster reconstruction times. For example, reducing the
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time it takes to identify a problem in an industrial complex
monitored with drones or robots is going to reduce the time
it takes until problems can be identified. This opens a
potential for saving resources, freeing them up for other
tasks.

All the aforementioned approaches work on image-based
data. While early approaches were designed for internet
photo collections (Snavely et al., 2006), some newer pose
estimation approaches such as ORB-SLAM 1-3 (Mur-Artal
etal.,2015; Mur-Artal & Tardds, 2017; Campos et al., 2021)
use video streams as their input.

The low costs of drones and their ability to capture
footage from many angles and altitudes easily, combined
with the high end-to-end reconstruction time of 3DGS
(Kerbl et al., 2023), lead to a need for approaches which can
reconstruct Gaussian Splatting scenes from aerial imagery at
a lower computational cost. This poses the following
research question:

RQ: How can the end-to-end reconstruction times of 3D
Gaussian Splatting from aerial imagery be improved upon?

This article aims to answer the research question by
proposing two approaches for accelerating the construction
of Gaussian Splatting. The approaches focus on accelerating
the camera pose reconstruction step by replacing COLMAP
with less resource intensive, but in turn also less accurate
alternatives. The first approach uses trajectories
reconstructed using ORB-SLAM3 (Campos et al., 2021),
whereas the second approach uses trajectories reconstructed
from UAYV sensor data.

2 Related Work

The classical 3D reconstruction process consists of two
steps: SfM, as introduced by Snavely et al. (2006), recovers
camera poses and a sparse representation of the scene.
Modern approaches like COLMAP (Schonberger & Frahm,
2016) make multiple improvements to the state-of-the-art in
SfM and are widely used as a baseline for pose estimation in
research.

In a second step, a dense scene representation is formed.
This can be done with e.g. MVS, such as the approach
presented by Schonberger et al. (2016). Many classical
techniques closely follow the underlying geometry, e.g. by
generating triangle meshes, but lack photorealism and
handling of non-diffuse or low-texture areas.

To address these restrictions, Mildenhall et al. (2021)
introduced Neural Radiance Fields (NeRFs). They propose
an implicit volumetric scene representation encoded in an

MLP which is trained on images depicting the scene. To
render novel views, ray marching is used. Because the neural
network encodes view-dependent colours, the approach can
correctly handle specular reflections. This however comes at
the cost of long training and rendering times.

NeRFs have also been used for pose estimation as well
as joint pose estimation and scene reconstruction. In iNeRF
(Yen-Chen et al., 2021), pose estimation and refinement are
performed by rendering an image and propagating the image
loss back to the camera transform. MonoNeRF (Fu et al.,
2023) uses two encoders to estimate relative camera poses
and monocular depth for a video input. NeRFmm (Wang et
al., 2022) jointly optimises the scene representation and
camera parameters, both intrinsic and extrinsic, on forward
facing scenes. BARF (Lin et al., 2021) uses a coarse-to-fine
training approach for joint optimisation of scene geometry
and extrinsic camera parameters. Last, NoPe-NeRF (Bian et
al., 2023) integrates the optimisation of the relative camera
transforms between adjacent frames into the scene
reconstruction.

To overcome the performance limitations of NeRFs,
Kerbl et al. (2023) propose using a set of anisotropic 3D
Gaussians to explicitly represent the scene. Compared to
previous works, training and rendering 3D Gaussian
Splatting (3DGS) scenes is considerably faster, enabling
novel applications of the technology. Several approaches
follow up on 3DGS to improve scene reconstruction times
and handling of large-scale scenes.

For more complex scenes, 3DGS generates millions of
Gaussians, leading to large file sizes and high memory
consumption during training and rendering. Lee et al.
(2024), Papantonakis et al. (2024), Fan et al. (2024) and
Girish et al. (2024) propose pruning strategies to reduce the
number of Gaussians without sacrificing image quality.

Improving the Gaussian Splatting renderer can lead to
major improvements in training times as in each iteration, a
forward and a backward pass of a frame is rendered using a
differentiable renderer. Diels et al. (2025) present four
improvements to the 3DGS rendering pipeline. Mallick et al.
(2024)  propose equations gradient
backpropagation as well as updating Spherical Harmonics
parameters less frequently. Armagan et al. (2025) combine
multiple pruning and progressive training approaches to cut
both rendering and training times in half. Last, Durvasula et
al. (2023) point out a bottleneck in the differentiable
renderer. They leverage the structure of GPU architectures
to speed up rendering.

Another area of interest in 3DGS research is inverse
rendering, i.e. reconstructing the underlying geometry from

faster for
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scenes reconstructed with 3DGS. Huang et al. (2024) use
rotated 2D Gaussians instead of 3D Gaussians in their scene
representation to more closely follow the underlying
geometry. In a similar manner, Guédon & Lepetit (2024)
introduce a regularisation term which encourages 3D
Gaussians to shrink along one axis, making them flatter. In
addition, Chen et al. (2024) introduce another regularisation
term which enforces consistent geometry from multiple
views. Lyu et al. (2024) learn a signed distance field of the
scene surface alongside the training of the 3DGS
representation.

Large scenes typically have higher computational and
spatial demands, which need to be addressed when using
3DGS to reconstruct them. Lin et al. (2024) partition the
scene into multiple cells, which are reconstructed in parallel
and merged to create one large scene. In addition to this, Liu
et al. (2024) also introduce a Level-of-Detail system for
efficient rendering of large-scale scenes. Opting for a
different approach, Ham et al. (2024) reconstruct buildings
with drone and ground footage by adding generated views
from intermediary elevations to the training set.

While all these approaches optimise or improve upon
3DGS in some way, they all require accurate camera poses,
usually computed with an offline SfM approach. Even
without additional optimisations to the 3DGS training step,
a significant amount of the total reconstruction time is spent
on SfM. On the other hand, faster pose reconstruction
methods, such as SLAM approaches, produce less accurate
poses, making them infeasible for use in the 3DGS
reconstruction pipeline.

This is where NoposeGS (Schmidt et al., 2024) and CF-
3DGS (Fu et al., 2024) step in. These approaches perform
joint pose estimation and scene reconstruction by estimating
the relative poses between subsequent camera frames. CF-
3DGS (Fu et al., 2024) performs this step on a local scene
initialised using monocular depth estimation before adding
the camera to a global scene, which is progressively grown
as more camera frames are added. NoposeGS (Schmidt et
al., 2024) integrates the optimisation of extrinsic camera
parameters directly into the backpropagation step by
encoding the position and orientation of each camera in a
differentiable space of transforms. Moreover, they introduce
an anisotropy loss term and add additional regularisation to
the pruning algorithm to ensure that Gaussians better follow
scene geometry. This enables them to not only perform joint
pose estimation and scene reconstruction, but also joint pose
refinement and reconstruction. A newer approach, TrackGS
(Shi et al., 2025), jointly estimates both extrinsic and

intrinsic camera parameters during reconstruction. The
approach is limited to pinhole cameras.

However, NoposeGS and CF-3DGS struggle with
reconstructing longer and more complex trajectories, as
often produced by UAVs. We thus propose to leverage
additional priors to estimate poses quickly for use with
3DGS.

For this, one of our approaches uses trajectories
generated with ORB-SLAM3 (Campos et al., 2021), a
keyframe-based SLAM approach which uses ORB features
(Rublee et al., 2011). ORB-SLAM3 builds upon ORB-
SLAM (Mur-Artal et al., 2015) and ORB-SLAM2 (Mur-
Artal & Tardds, 2017). On top of its predecessors, it
introduces additional handling for arbitrary camera models
and multiple maps.

3 Methods

Although poses reconstructed by COLMARP are accurate, the
approach is slow especially on larger scenes, taking
approximately 50% of the total 3DGS reconstruction time in
our experiments. Thus, replacing COLMAP with a faster
method for computing camera poses will result in an overall
speed-up if the 3DGS reconstruction of the scene is not
slower than in the original approach.

The downside is that faster pose reconstruction methods
often trade accuracy for speed. Because accurate poses are
needed for the original 3DGS to converge, poses calculated
by these faster approaches often require additional
refinement.

3.1 Joint Pose Refinement and Scene
Reconstruction

Instead of first refining the poses and then reconstructing the
scene with the original 3DGS (Kerbl et al., 2023), this work
employs NoposeGS (Schmidt et al., 2024) to jointly refine
the camera poses and reconstruct the scene.

NoposeGS integrates the pose refinement directly into
the differential CUDA renderer by Kerbl et al. (2023). The
integration into the differential renderer enables joint pose
refinement at no significant additional computational cost.
In fact, on most scenes, NoposeGS is faster than 3DGS,
likely caused by two additional regularisation terms
introduced to improve pose convergence by improving
geometric convergence.

Without additional regularisation, Gaussians do not
necessarily follow the underlying geometry of the scene
closely. As this is needed for the poses to converge, the
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regularisation terms aim to improve the geometric properties
of the reconstructed scene.

The first regularisation term limits the maximum
anisotropy of the Gaussians. The goal of this term is to
prevent the scene from converging to a local minimum too
quickly. The second term introduces an additional pruning
strategy, capping the number of Gaussians during the first
10,000 iterations of training. While this leads to better poses
and lower training times, it has a negative impact on the
NVS results.

As CF-3DGS (Fu et al., 2024) cannot perform joint pose
refinement and scene reconstruction, we chose NoposeGS as
the 3DGS reconstruction approach.

3.2 Faster Camera Pose Reconstruction

We propose two different approaches for quickly obtaining
estimated camera poses from UAVs. The first approach,
ORBSLAM-NoposeGS, uses poses obtained from monocular
SLAM. The second, Sensor-DPT, uses GPS and north-
aligned orientation data provided by the UAV to initialize
the camera poses.

3.2.1 Camera Poses from Monocular SLAM

SLAM approaches reconstruct camera poses in real-time,
while simultaneously constructing a map of the
surroundings. We use ORB-SLAM3 (Campos et al., 2021)
to estimate the camera trajectories. ORB-SLAM3 takes as
inputs the ordered set of images of the video along with the
intrinsic calibration of the camera used to capture it.
ORB-SLAMS3 is a keyframe-based approach. Instead of
registering every frame into the camera trajectory, it selects
keyframes from the input stream and only estimates their
trajectory. For a frame to be selected as keyframe, the
following criteria must be met (Mur-Artal et al., 2015):

e 20 frames have passed since the last keyframe

e Frame must contain at least 50 features

e Less than 90% of features must be shared
between frame and last keyframe

The approach outputs the extrinsic calibration of the
selected keyframes and a sparse point cloud which follows
the 3D geometry of the scene. The intrinsic camera
calibration was estimated using COLMAP.

Because the intrinsic calibration of the camera is neither
estimated by ORB-SLAM3 nor provided by the drone, it
needs to be estimated separately.

The intrinsic and extrinsic calibration along with the
point cloud are then passed to NoposeGS (Schmidt et al.,

2024) for scene reconstruction. NoposeGS provides two
modes of operation. The first integrates pose refinement into
the 3DGS approach by Kerbl et al. (2023). The second
prepends joint pose estimation to the scene reconstruction by
estimating the relative poses between adjacent images. The
relative poses are then combined to an initial trajectory
which is used for the joint pose refinement and scene
reconstruction step.

For this approach, the joint scene reconstruction and pose
refinement is used without refining the pose separately first.
The results of this step are the reconstructed scene and the
refined trajectory.

3.2.2 Camera Poses from UAYV Sensor Data

UAVs often provide additional geospatial sensor data along
with the footage. The first approach uses GPS, altitude and
orientation data provided by the UAV.

For the chosen input frames, the data is read and
converted into the COLMAP (Schonberger & Frahm, 2016)
format. To avoid floating point precision issues, the images
are placed into a local metric coordinate system whose
origin lies at the centre of the trajectory. As in the previous
approach, camera intrinsics are provided separately and are
not computed as part of the reconstruction process.

The scene is then reconstructed using NoposeGS
(Schmidt et al., 2024). Contrary to the previous approach, no
point cloud is available to initialize the Gaussians in the
scene. To circumvent this, we generate a point cloud by
unprojecting monocular depth generated with DPT (Ranftl
et al., 2021) into the scene.

4 Results

4.1 Experimental Setup

The proposed approaches are tested and compared against
other approaches on videos from the following three
datasets: JB3D, Nordic and TMB-IPF. The datasets were
captured using different UAVs and consist mainly of orbital
flights in oblique view at flight altitudes of 2m — 60m. The
three datasets contain challenging elements such as fine
structures or reflective surfaces. Only JB3D has sensor
metadata for all videos. A 30-fps reference trajectory was
created for all videos of the three datasets using COLMAP.
Table 1 contains the videos selected from each dataset.

For the experiment, all high-resolution images were
scaled down to a resolution of 1920x 1080 pixels. Due to the
high memory and computational demands of CF-3DGS (Fu
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et al., 2024), the approach was evaluated using a quarter of
that resolution, i.e. 960x540 pixels.

Table 1 Scenes selected for evaluation

Dataset Name Length [mm:ss]
JB3D Main Stage | 01:04
Main Stage I1 01:24
Entrance I 03:06
TV Tower 01:25
Gardens I1 00:43
Nordic Ruin Roof 01:50
Ruin 00:59
Silo 03:50
TMB-IPF Container 2m 01:06
Area 10m 01:42

The train/test split follows the methodology used in
3DGS (Kerbl et al., 2023). Thus, every eighth image is used
as a test image.

To ensure a fair comparison regarding image quality and
reconstruction speed, all methods are evaluated on the
keyframes selected by ORB-SLAM3 (Campos et al., 2021).
This enables all approaches to use the same train and test
image set. One of the baseline approaches, CF-3DGS (Fu et
al., 2024), uses a slightly different metric for splitting the
images into a train and a test set, but the size of each set
remains the same. Since no orientation data is available for
the Nordic and TMB-IPF datasets, they will not be evaluated
with Sensor-DPT.

ORBSLAM-NoposeGS uses the parameters given in
Table 2. Sensor-DPT uses a lower initial camera learning
rate of 1.5e — 3 and a lower position learning rate going
from 1.6e — 4 to 1.6e — 5.

Table 2 Parameters for ORBSLAM-NoposeGS

Parameter Value
Iterations 30,000
Densify until iteration 30,000
Initial le—3
Camera LR End le—5
Max Steps 30,000
Position LR Initial le =3
End 1.6e — 5
Opacity Loss Weight 0.01
Anisotropy Max Ratio 10
Initial Max Gaussian Count 256,000

4.1.1 Metrics

To compare the image quality, Structural Similarity Index

Measure (SSIM) (Wang et al. 2004), Peak Signal-to-Noise

Ratio (PSNR) and Learned Perceptual Image Patch

Similarity (LPIPS) (Zhang et al., 2018) are used. The PSNR
is defined as

MAX, (x, y)?

PSNR(X, y) =10- 10g10 (m)

The total reconstruction time is measured as the sum of
the pose reconstruction and scene reconstruction time.
Where possible, the pose reconstruction and scene
reconstruction times were also recorded separately, though
this was not possible for joint reconstruction approaches
where the poses are constructed alongside the scene. Pose
reconstruction time includes the time it takes to generate the
point cloud where the initial Gaussians are placed. This is
important for Sensor-DPT, where DPT accounts for nearly
the whole pose reconstruction time.

The quality of the trajectory is evaluated using the
Absolute Trajectory Error (ATE), Absolute Position Error
(POS) and Absolute Rotation Error (ROT) metrics.

Given a ground truth trajectory C; = (t;,R;);=1,. ., and
an aligned estimated trajectory C; = (fi,ﬁi)izlmn with
t;,t; € R® and R;,R; € SO(3), the trajectory metrics are
computed as follows:

ATE = IZHt AL
- nZ i ill2
1A

POS = mean{llt; — &ll,}
Let 0; be the angle, in degrees, between the orientation
of cameras C; and C;.
ROT = mean{6;}
The trajectories are aligned and evaluated using the evo
Python library (Grupp, 2017). All distance metrics are
measured in meters, all angular metrics in degrees.

4.1.2 Hardware

All results were computed on an Nvidia L40 GPU with
48GB VRAM. The total amount of CPU cores available to
the approaches was limited to 40. Due to the large amounts
of data handled, the data was stored on a network filesystem.
This may affect the time it took to load the images into
memory.

4.2 Evaluation

Our experiment evaluation reveals that both of our proposed
approaches are consistently faster than existing approaches.
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Table 3 Quantitative Results on the JB3D Dataset. The results for CF-3DGS are only averaged over three scenes, as the

approach does not converge on the other videos.

Image Quality Pose Quality Time [hh:mm:ss]
Method PSNR1 POS| ROT| ATE]
SSIM LPIPS Poses Scene Total
[dB] ! Pml @ ) ! ! !
COLMAP +
31.219 0916 0.122 - - - 00:29:10  00:30:30  00:59:41
3DGS
F-3D
CE-3DGS 22.536  0.610 0.253 4.732 12.283  5.567 - - 02:20:10
(540p)
NoposeGS 20.801  0.522 0.546 33.365 51.551 35794 - - 00:35:48
ORBSLAM-
26.735  0.785 0.290 0.318 1.148 0.344 00:05:20  00:19:38  00:24:58
NoposeGS
Sensor-DPT ~ 24.710  0.698 0.372 0.615 0.856 0.666 00:00:31  00:17:12  00:17:43
While no other approach can match the quantitative results 4,22 Trajectories
of the original 3DGS (Kerbl et al., 2023) with COLMAP
(Schoénberger & Frahm, 2016) poses in NVS, ORBSLAM- — Reference
NoposeGS and Sensor-DPT follow closely. They produce Bl el tiiopo=cts
.. . . .. --= NoposeGS
competitive results while being faster than all other existing
approaches.
Table 3 contains averaged quantitative results for the =200
JB3D dataset. =150
=100 'é
4.2.1 Scene Quality J =50 N
4 ~0
COLMAP+3DGS (Kerbl et al., 2023) produces the highest L o
quality results. From the set of approaches using no or noisy
initial trajectories, ORBSLAM-NoposeGS produces the < 350
most competitive results compared to the original 3DGS by . ~ 300
Kerbl et al. (2023). Sensor-DPT fails to pick up some details =250 , 00, = 2530\
which ORBSLAM-NoposeGS manages to capture but 150,00 W ~ 153 00*\
comes out ahead of CF-3DGS and NoposeGS. The approach X (myy =50 0 “ 100
50

is presumably held back by the lack of a good point cloud
for initialising the Gaussians and noise in the GPS data.
Figures 2 and 3 contain renderings comparing the different
approaches on the set of evaluated scenes.

For the other evaluated baseline approaches, the quality
of the reconstructed scenes heavily depends on the
complexity and length of the trajectory. While both
approaches converge on simple scenes such as Main Stage
1, NoposeGS (Schmidt et al., 2024) does not converge on
Main Stage II, where the drone flies in an outwards spiral.
CF-3DGS (Fu et al., 2024) on the other hand does not finish
reconstructing the scene on longer scenes like Main Stage 11
or Entrance I. This is caused by the high computational
requirements of CF-3DGS. The Nvidia L40 GPU on which
the experiment was run does not have enough VRAM for
CF-3DGS on long scenes.

Figure 1 Comparison of the Trajectories of ORBSLAM-
NoposeGS and NoposeGS on Entrance 1

The quality of the trajectories is evaluated by aligning
them to and comparing them with metric COLMAP
trajectories.

Of the evaluated approaches, ORBSLAM-NoposeGS
has the most accurate trajectory after pose refinement. While
the trajectory reconstructed using sensor data has a lower
absolute position error, the relative error between adjacent
camera frames is higher. This indicates that the sensor data
varies more between images but does not suffer from drift as
ORB-SLAM3 (Campos et al., 2021) does. The drift in turn
leads to a higher absolute error, because it leads to less

177



C. Schierig, M. Weinmann & M. Hermann

ORBSLAM-
NoposeGS NoposeGS CF-3DGS COLMAP+3DGS Ground Truth

Sensor-DPT

Figure 2 Renderings of test cameras. From left to right: Main Stage I, Main Stage II, Entrance I, TV Tower, Gardens
1. Some images are missing due to CF-3DGS running out of resources during scene reconstruction.

overlap between the estimated trajectory and the reference =~ ORBSLAM-NoposeGS and Reference (COLMAP by
trajectory. Schonberger & Frahm (2016)) trajectories.

On all scenes, trajectories estimated by CF-3DGS and On the Silo and Area 10m scenes, ORB-SLAM3 loses
NoposeGS have significantly worse quality. Figure 1 plotsa  tracking. This is an unavoidable drawback when dealing
trajectory estimated by NoposeGS against the refined with SLAM approaches. We are therefore only able to
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reconstruct the scenes using the keyframes from the second
part of the videos.

4.2.3 Speed-Up

As mentioned above, both approaches presented in this
article are consistently faster than the baseline approaches.
Between these, Sensor-DPT is often faster than ORBSLAM-
NoposeGS. The differences in speed between our
approaches is mostly caused by the differences in pose and
point cloud reconstruction time. Thus, the magnitude of the
speed-up depends on the length of the scene, with longer
scenes seeing a larger difference.

NoposeGS is the next-fastest approach. Notably, 3DGS
using COLMAP poses is still faster on long scenes than CF-
3DGS on short ones.

5 Discussion

The two presented approaches introduce novel initialisations
of both camera poses and Gaussians for use in 3DGS scene
reconstruction. The evaluation shows that both ORB-
SLAM3 (Campos et al., 2021) and the use of sensor data is
promising for initialising 3DGS reconstruction at a lower
computational cost than COLMAP (Schonberger & Frahm,
2016). While using sensor data currently leads to lower
quality results, the approach still outperforms several prior
works and highlights the possible time savings.

This section aims to discuss different aspects of the
results as well as potential limitations.

5.1 Scene Initialisation for Sensor Trajectory

Both the original 3DGS (Kerbl et al., 2023) and NoposeGS
(Schmidt et al.,, 2024) initialise the Gaussian scene by
placing a Gaussian at each point in a point cloud. When
reconstructing the camera trajectory from sensor data, no
point cloud is available. Thus, an additional approach must
be used to create the point cloud from which the Gaussians
are initialised.

Sensor-DPT uses DPT (Ranftl et al., 2021) for
unprojecting monocular depth into the scene. While this
enables us to quickly generate an initialisation for scene
reconstruction with NoposeGS, monocular depth is not
multi-view consistent. Moreover, as no exact scene bounds
are known, learning rates cannot be scaled with the scene
size. Instead, the initial camera trajectory is scaled to fit
inside the unit cube. This could possibly be solved with
newer monocular depth estimators such as MoGe (Wang et
al. 2025b) or Video Depth Anything (Chen et al., 2025).

Together with the local noise in the sensor data, this
results in Sensor-DPT producing slightly worse results than
ORBSLAM-NoposeGS. Nonetheless, the approach remains
promising as it is not prone to losing tracking or camera drift
as is the case for trajectories reconstructed with ORB-
SLAM3 (Campos et al., 2021).

5.2 Choice of Input Images

For the evaluation, all scenes were reconstructed using the
keyframes chosen by ORB-SLAM3 (Campos et al., 2021).

The downside of this is that it shares information
gathered by ORB-SLAM3 with other approaches. If the
algorithm used by ORB-SLAM3 to select keyframes
discards frames without new 3D information, less frames are
selected when the camera is not moving. In such scenarios,
using only the keyframes would result in lower end-to-end
reconstruction times for other approaches compared to a
naive implementation, e.g. selecting every 10th frame.

On the other hand, if the camera moves rapidly in low-
texture environments, ORB-SLAM3 might not be able to
track the camera accurately, selecting more keyframes to
account for the rapid camera movement. In this scenario, a
naive metric might choose fewer images, leading to slower
reconstruction times in the evaluation.

In the end, using the same images for all approaches was
deemed superior as it results in a better comparability of the
quantitative results. It enables all approaches to use the same
set of training and testing images, enabling direct
comparison of image metrics such as SSIM or PSNR.
Moreover, it provides a comparison on the runtime of the
different approaches in relation to the number of images
used.

5.3 Precomputation of Camera Intrinsics

Current approaches for joint pose refinement and scene
reconstruction require estimated camera intrinsics. This
includes NoposeGS, which is used to reconstruct scenes in
this article, and ORB-SLAM3, which is used to reconstruct
the camera poses in the first approach.
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Ground Truth

COLMAP+3DGS

CF-3DGS

NoposeGS

opgpitily

ORBSLAM-
NoposeGS

Figure 3 Renderings of test cameras. From left to right: Ruin Roof, Ruin, Silo, Area 10m, Container 2m. Some images
are missing due to CF-3DGS running out of resources during scene reconstruction

The camera intrinsics for the evaluation were estimated
using COLMAP. The time this takes is not included in the
measurements (see Table 3). The decision to not include the
camera intrinsics computation in the timings was made to
emphasize the the parts of the
reconstruction pipeline which were modified in our
proposed approaches.

Nonetheless, faster estimation of camera intrinsics
would have a positive impact on the feasibility of fast
reconstruction of scenes using 3DGS. Until then, a solution

improvement in

is to estimate the intrinsic camera parameters only once for
each UAV.

All in all, estimating camera intrinsics remains a difficult
problem, especially when using camera models with
additional distortion parameters. In the future, approaches
such as VGGT (Wang et al., 2025a) or Depth Anything 3 (H.
Lin et al., 2025) might address this, but as of now, they are
not accurate enough to be used with 3DGS.
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5.4 Limitations

The applicability of ORBSLAM-NoposeGS is limited
mainly by the robustness of ORB-SLAM3. Complex or fast
camera movements as well as flights over low texture or
highly reflective areas might have a negative impact on the
quality on the output of ORB-SLAM3, which would in turn
reduce the quality of the reconstructed scene. This can be
seen in the evaluation of the Area 10m and Silo scenes,
where ORB-SLAM3 lost tracking and constructed multiple
trajectories. Only the last trajectory was used for scene
reconstruction in the evaluation.

6 Conclusion

While 3DGS (Kerbl et al., 2023) provides high quality NVS
results together with low training times, the requirement for
accurately initialised camera poses leads to long end-to-end
scene reconstruction times. Together with the increased
adoption of UAVs for 3D reconstruction tasks, this
introduces a need for fast end-to-end reconstruction of
environments captured using UAVs. This article proposes to
address this by introducing two novel fast approaches for
initialising camera poses when reconstructing scenes from
aerial imagery using 3DGS.

The first approach, ORBSLAM-NoposeGS, reconstructs
camera poses and point clouds using ORB-SLAMS3
(Campos et al., 2021). It produces competitive NVS results
and accurate trajectories in a fraction of the time needed by
the original 3DGS (Kerbl et al., 2023) and other approaches
(Schmidt et al., 2024; Fu et al., 2024).

The second approach, Sensor-DPT, uses sensor data
commonly provided by UAVs to initialise the trajectory at
no computational cost. To initialise the Gaussian scene
representation, the approach uses monocular depth
estimated using DPT (Ranftl et al., 2021). The trajectories
reconstructed from sensor data are not prone to drift or loss
of tracking, but suffer from increased local noise, leading to
slightly worse overall results when compared to
ORBSLAM-NoposeGS. Nonetheless, the potential time
savings and other benefits of the sensor data make it a
promising approach once the remaining issues with it have
been addressed.

For the best performance, it is advised to combine the
fast initialisation with other works aiming to improve
reconstruction times of 3DGS.

7 Outlook

Apart from addressing the limitations raised in the
discussion, future work aiming to improve reconstruction
times for 3DGS further by addressing the initialisation could
work on producing better results with sensor data obtained
from UAVs, such as GPS and orientation data. Although it
proved to be less precise than ORB-SLAM3 during the
evaluation, it has some inherent advantages, such as not
being prone to camera drift in longer scenes. Moreover,
experimenting with different SLAM approaches could also
provide better quality or faster results.

Another promising idea would be to combine the
benefits of SLAM approaches and sensor data by using the
sensor data during SLAM reconstruction.

Last, more robust pose refinement during 3DGS
optimisation would enable the use of even more pose
reconstruction methods for initialising Gaussian Splatting.
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