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Abstract
Accurate Three-Dimensional Gaussian Splatting (3DGS) reconstruction depends
strongly on the acquired images — including their viewpoints, overlap, image qual-
ity, and estimated camera poses — making image acquisition a key factor in 3DGS
reconstruction quality and visual completeness. This thesis investigates an adap-
tive Next-Best-View (NBV)-guided image acquisition strategy for object-centred
3DGS reconstruction. The aim is to determine whether the NBV strategy improves
reconstruction quality, density, and visual completeness for object-centred 3DGS
compared to a predefined image acquisition strategy.
A quadrotor-based proof of concept (PoC) was implemented, combining onboard
ArUco-based pose estimation and image acquisition with off-board Structure-from-
Motion (SfM), 3DGS training, and NBV planning. During testing, several practical
limitations — pose-estimation robustness, marker visibility, indoor flight reliability,
image quality, and the computational cost of training — prevented the quadrotor
from reliably completing the full autonomous workflow. The quadrotor is therefore
evaluated as a PoC, while the final comparison between the predefined strategy
and the NBV strategy is conducted in a controlled proxy setup using the same
reconstruction pipeline and identical 3DGS training settings.
The two strategies are assessed using image registration rate, PSNR, SSIM, and
LPIPS on held-out evaluation views, together with reconstruction density, compu-
tational cost, and qualitative visual inspection.
The results show that the NBV strategy improves some reconstruction metrics, but
not consistently across all comparisons. For the first test object, the NBV strategy
achieved higher PSNR and lower LPIPS than the predefined strategy, while the pre-
defined strategy achieved higher SSIM. The NBV-guided reconstructions were also
denser, with a greater number of sparse COLMAP points and optimized Gaussians,
but required higher computational cost and produced larger models. For the second
test object, the predefined strategy outperformed the NBV strategy in most recon-
struction metrics, although the NBV strategy again produced denser reconstructions
at the cost of higher computational requirements and larger models.
Overall, the results suggest that the NBV strategy has potential as an approach for
object-centred 3DGS reconstruction. However, a fully autonomous quadrotor imple-
mentation requires more robust pose estimation, flight control, image acquisition,
and computational integration before reliable indoor deployment is feasible.

Keywords: 3D Gaussian Splatting, Structure-from-Motion, Next-Best-View, 3D re-
construction, quadrotor, pose estimation, image acquisition
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1
Introduction

This thesis investigates adaptive image acquisition for object-centred 3D Gaussian
Splatting (3DGS) reconstruction. A quadrotor-based proof-of-concept (PoC) sys-
tem is implemented to study how onboard pose estimation and image capture can
be integrated with off-board Structure-from-Motion (SfM), 3DGS reconstruction,
and Next-Best-View (NBV) planning. Since the implemented quadrotor platform
was not sufficiently reliable for repeatable autonomous indoor acquisition, the final
comparison between predefined and NBV-based image acquisition is performed in a
controlled proxy setup.
The central problem is therefore not only how to reconstruct an object from images,
but also how to acquire images that are useful for reconstruction. Predefined image
acquisition strategies are simple and repeatable, but they do not adapt to the current
state of the 3DGS reconstruction. As a result, they may collect redundant images
of already well-observed regions while leaving other parts of the object insufficiently
covered. An adaptive image acquisition strategy based on an NBV planner may
address this limitation by selecting new viewpoints based on the current state of the
3DGS model.
This thesis therefore separates two questions: whether NBV-based viewpoint se-
lection can improve object-centred 3DGS reconstruction in a controlled evaluation
setup, and what practical limitations prevent the implemented quadrotor PoC sys-
tem from completing the same workflow autonomously. The work is motivated both
by research interest in reconstruction-guided image acquisition and by an industrial
need for efficient generation of accurate 3DGS models. This chapter presents the
background, purpose, objective, scope, and ethical and sustainability aspects of the
thesis.

1.1 Background
Image-based 3D reconstruction is an important tool in applications where physical
objects or environments need to be represented digitally. In industrial contexts,
accurate 3D representations can support documentation, inspection, quality control,
and digital-twin workflows [1]. In research and robotics, reconstruction also plays
an important role in perception, mapping, and scene understanding.
A central challenge in 3DGS reconstruction is that the final 3DGS model depends not
only on the reconstruction method, but also on how the image data is collected. If
important object surfaces are not observed from sufficiently informative viewpoints,
the resulting 3DGS model may become incomplete or inaccurate. Image acquisition

1



1. Introduction

is therefore an important part of the reconstruction problem rather than only a data
collection step.
Quadrotor-based image acquisition is relevant because it enables automated and
flexible access to viewpoints around an object. This is particularly useful when
manual image acquisition is inefficient, difficult to repeat consistently, or unsuit-
able for larger objects. However, quadrotor-based image acquisition also introduces
practical challenges related to motion, sensing uncertainty, pose estimation, and
viewpoint planning. These challenges motivate the investigation of image acquisi-
tion strategies that can support reliable and efficient 3DGS reconstruction.
NBV planning provides one approach for making image acquisition adaptive. In-
stead of following a fully predefined acquisition path, an NBV strategy selects future
viewpoints based on what has already been observed. In 3D reconstruction, par-
tial reconstructions can therefore be used to guide view planning, with the aim of
improving surface coverage and reducing redundant image acquisition [2].
Recent work has also investigated 3DGS-based representations for active reconstruc-
tion. GauSS-MI [3] proposes an online active reconstruction framework in which
Gaussian reliability, estimated using a mutual-information (MI) formulation and a
modified rasterizer, is used to select the next camera viewpoint during continuous
data collection. This demonstrates that 3DGS-based MI scoring can be useful for
active reconstruction.
However, the setting considered in this thesis differs from such online active recon-
struction frameworks. In this work, image acquisition and planning are decoupled:
the quadrotor acquires images, lands, processes data off-board, and then returns to
acquire additional images. The candidate viewpoints are also constrained to a pre-
defined physical acquisition geometry. These constraints motivate the investigation
of whether MI-based NBV planning can be adapted to an offline, discrete-candidate
setting for object-centred 3DGS reconstruction.

1.2 Purpose
The purpose of this thesis is to investigate whether adaptive image acquisition using
NBV planning can improve object-centred 3DGS reconstruction compared with a
predefined acquisition strategy. A second purpose is to assess the feasibility of
integrating pose estimation, image capture, reconstruction, and NBV planning into
a quadrotor-based PoC platform for future fully-autonomous acquisition.
The work is also motivated by an industrial need to generate accurate 3DGS models
of products from images acquired together with pose information. In this context,
the thesis serves as an initial PoC study of a future system for fully-autonomous
quadrotor-based image acquisition.

1.3 Objective
The objective of this thesis is to investigate adaptive image acquisition for object-
centred 3DGS reconstruction using NBV planning. The work has two connected
aims: first, to implement and test a quadrotor-based PoC system for camera-based

2



1. Introduction

pose estimation and image acquisition; and second, to evaluate whether an adaptive
NBV-based acquisition strategy can improve reconstruction quality or acquisition
efficiency compared with a predefined strategy.
The quadrotor platform is developed as a PoC system to study the practical re-
quirements of autonomous image acquisition. The system combines ArUco-based
pose estimation, image capture, SfM, 3DGS reconstruction, and NBV planning. Its
purpose is to assess the feasibility of integrating these components into a future
autonomous acquisition workflow.
Because the implemented quadrotor system was not sufficiently robust for repeatable
autonomous indoor acquisition, the final comparison between the predefined and
adaptive strategies is performed using a controlled proxy setup. This allows the
acquisition strategies to be compared under repeatable conditions while preserving
the main reconstruction and NBV-planning workflow.
The evaluation focuses on whether the adaptive strategy can improve reconstruction
quality and visual completeness when using the same number of images, or whether
comparable reconstruction quality can be achieved with fewer images or less acqui-
sition effort. The thesis also identifies the main practical limitations that must be
addressed before the same workflow can be completed reliably using an autonomous
quadrotor.

1.3.1 Research Questions
The thesis is guided by the following research questions:

• RQ1: How does image-based reconstruction quality and visual completeness
compare between an adaptive NBV-based and a predefined image acquisition
strategy when using the same number of images?

• RQ2: How does the number of images required to reach comparable image-
based reconstruction quality and visual completeness differ between an adap-
tive NBV-based and a predefined image acquisition strategy in a controlled
proxy setup?

• RQ3: What practical limitations prevent the implemented quadrotor PoC
system from completing the same acquisition and reconstruction workflow au-
tonomously in an indoor environment?

1.4 Scope
This thesis is scoped as a PoC study of adaptive image acquisition for object-centred
3DGS reconstruction. The work focuses on integrating pose estimation, SfM, 3DGS
reconstruction, and an NBV planner into a common workflow for comparing prede-
fined and adaptive image acquisition strategies.
The quadrotor is implemented and tested as a PoC platform for image acquisition
using an ArUco-based tracking camera and a separate capture camera. The scope
includes evaluating the feasibility of this setup and identifying practical limitations
that affect reliable indoor operation.
The final comparison between the predefined strategy and the adaptive NBV-based
strategy is performed in a controlled proxy setup. This allows the acquisition strate-
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gies to be evaluated under repeatable conditions using the same reconstruction
pipeline, while the quadrotor system is treated as the intended PoC platform for
future autonomous acquisition. Therefore, the final evaluation should be interpreted
as an evaluation of the acquisition strategies and reconstruction pipeline, not as a
full validation of autonomous quadrotor acquisition.
The experiments are limited to static objects in a controlled indoor environment.
Outdoor operation, large-scale scenes, onboard 3DGS training, fully autonomous
real-time operation, and product-level robustness are outside the scope of this thesis.

1.5 Ethical and sustainability aspects
This project includes ethical and sustainability considerations because quadrotor-
based 3DGS reconstruction systems could be used in industrial, commercial, or
public environments. The possible consequences depend on how such systems are
developed and deployed. In this thesis, the system is evaluated only as a controlled
PoC, but the broader implications are still relevant to consider.

Positive Consequences
• Efficiency and resource optimization: Adaptive image acquisition may

reduce redundant image acquisition, which could reduce flight time, energy
use, and processing time.

• Improved digital documentation and quality control: Accurate 3DGS
models can support inspection, digital twins, remote monitoring, and docu-
mentation of physical objects.

• Contribution to UN Sustainable Development Goals (SDGs): The
project is related to Goal 9 (Industry, Innovation, and Infrastructure), Goal
12 (Responsible Consumption and Production), and Goal 13 (Climate Ac-
tion), particularly through its potential to support more efficient industrial
inspection and documentation workflows.

Negative Consequences
• Safety and privacy: Quadrotor-based image acquisition systems may create

safety and privacy risks if they are operated in uncontrolled environments or
used to collect visual data without appropriate restrictions.

• Job displacement: Automating image acquisition and inspection-related
tasks could reduce the need for some manual work in similar settings.

• Environmental impact: Quadrotor operation has a minor environmental
impact through energy use, noise, and possible disturbance of humans or
wildlife.

• Misuse of autonomous reconstruction systems: Similar systems could
be misused for surveillance, planning, or navigation in harmful applications.
This risk is not specific to this thesis implementation, but it is relevant when
developing autonomous perception and reconstruction technologies.
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2
Problem Definition and Overall

Approach

This chapter defines the technical problem addressed in the thesis and explains how
it is divided into three connected subproblems. It also presents the overall workflow
and motivates the main design choices used in the PoC system. The purpose of the
chapter is to connect the research questions from Chapter 1 to the technical chapters
that follow.

2.1 Overall Problem
The overall problem addressed in this thesis is how image acquisition can be guided
to improve object-centred 3DGS reconstruction. More specifically, the thesis inves-
tigates whether an adaptive image acquisition strategy based on NBV planning can
improve reconstruction quality and visual completeness compared with a predefined
image acquisition strategy, or achieve comparable reconstruction results with fewer
acquired images.
This problem is challenging because the usefulness of each acquired image depends
on several coupled factors, including image quality, camera pose estimation, view-
point selection, and overlap between images. In a predefined image acquisition
strategy, these factors are determined before the reconstruction is available. In an
adaptive image acquisition strategy, the current 3DGS model is instead used to guide
future image acquisition, which creates a direct dependency between reconstruction
quality and viewpoint planning.
The 3DGS model therefore has two roles in this thesis. It is both the final recon-
struction output and the intermediate representation used by the NBV planner. If
the current 3DGS model is incomplete or inaccurate, the NBV planner may select
viewpoints that do not improve the reconstruction. The problem is therefore highly
coupled: pose estimation, 3DGS reconstruction, and NBV planning must function
together for adaptive image acquisition to be meaningful.
In addition to evaluating the adaptive acquisition strategy, this thesis implements
and tests a quadrotor-based PoC system for object-centred image acquisition. The
quadrotor platform is used to investigate the practical requirements and limitations
of autonomous indoor acquisition, while the final comparison between predefined
and adaptive acquisition strategies is performed in a controlled proxy setup. This
separates the evaluation of the acquisition strategy from the practical limitations of
the quadrotor platform. This distinction is important because the controlled proxy
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setup is used to answer the acquisition-strategy questions, while the quadrotor PoC
system is used to identify practical limitations of autonomous acquisition.

2.2 Decomposition into three subproblems
The overall problem is divided into three subproblems: pose estimation, 3D recon-
struction, and NBV planning. This decomposition reflects the dependency chain
in the proposed workflow, where pose estimation enables 3DGS reconstruction, the
3DGS model supports NBV planning, and the NBV planner guides continued image
acquisition.
The pose estimation subproblem provides the camera poses required to relate all
acquired images to a common world frame. The input to this subproblem consists
of camera observations and known reference information, such as ArUco marker ge-
ometry or image correspondences from SfM. The output is a set of capture-camera
poses expressed in the ArUco-defined world frame {W}. These poses are required
both for 3DGS reconstruction and for relating the reconstructed object to the phys-
ical image acquisition setup.
The 3D reconstruction subproblem transforms acquired images and associated cam-
era poses into a 3DGS model of the observed object. In this thesis, the 3DGS model
is not only evaluated as a final output, but also used as an intermediate repre-
sentation for adaptive image acquisition. It must therefore provide enough spatial
information for the NBV planner to identify which parts of the object are already
well covered and which parts may benefit from additional viewpoints.
The NBV planning subproblem uses the current 3DGS model to select new view-
points for image acquisition. The input is the intermediate 3DGS model, and the
output is one or more candidate viewpoints expected to improve the reconstruction.
This subproblem makes the workflow adaptive because future image acquisition de-
pends on the current state of the 3DGS model rather than on a fully predefined
viewpoint sequence.
Together, these subproblems define the technical workflow evaluated in the thesis.
Pose estimation enables reconstruction, reconstruction provides the intermediate
3DGS representation, and NBV planning uses this representation to guide continued
image acquisition.

2.3 Overall approach
The overall approach is to compare two image acquisition strategies for 3DGS re-
construction. The first is a predefined strategy, where the viewpoints are selected
before reconstruction. The second is an adaptive strategy, where an NBV plan-
ner selects new viewpoints based on the current 3DGS model. In both cases, the
acquired images and associated camera poses are used to reconstruct the object.
The intended autonomous workflow begins with a quadrotor acquiring an initial
image set, where camera poses are estimated and associated with the captured
images. The acquired images and poses are processed using COLMAP, aligned to the
ArUco-defined world frame, and used to train an initial 3DGS model. This model
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is then used by the NBV planner to evaluate candidate viewpoints and propose
additional views.
In the intended autonomous workflow, the quadrotor would acquire images from the
NBV-proposed viewpoints, after which reconstruction and planning would be re-
peated. During implementation, however, the quadrotor system was not sufficiently
reliable for repeatable autonomous acquisition. The final strategy comparison is
therefore performed using a controlled proxy setup, which preserves the reconstruc-
tion and NBV-planning workflow while avoiding flight instability and acquisition
repeatability as confounding factors.
The comparison is used to evaluate whether NBV-based acquisition improves image-
based reconstruction quality, visual completeness, or acquisition efficiency. The
quadrotor implementation is evaluated separately as a PoC system to identify limi-
tations that must be resolved before the workflow can be completed autonomously.

2.4 Motivation for key design choices
The following subsections motivate key design choices made for this thesis.

2.4.1 Use of quadrotor as image acquisition platform
A quadrotor was selected as the intended image acquisition platform because it pro-
vides flexible access to viewpoints around an object and can in principle support
repeatable and automated viewpoint acquisition. This is relevant for future indus-
trial reconstruction workflows in which manual image capture may be inefficient,
difficult to standardise, or unsuitable for larger objects.
In this thesis, however, the quadrotor is treated as a PoC platform rather than as the
platform used for the final quantitative comparison. The system was implemented
and tested to investigate the practical requirements of autonomous indoor acquisi-
tion, including flight execution, camera integration, ArUco-based pose estimation,
and integration with the reconstruction and NBV-planning pipeline.
This design choice also introduced practical complexity compared with a controlled
manual or rig-based acquisition setup. These limitations made the platform valuable
for studying the intended autonomous workflow, but less suitable for the repeatable
final comparison of acquisition strategies.

2.4.2 Use of ArUco markers for pose estimation
ArUco markers are used to support pose estimation because they provide a practical,
low-cost, and well-documented fiducial marker solution for camera pose estimation
and robot localization [4]. They are suitable for a PoC setting because they provide
a simple and repeatable way to obtain metric pose estimates in a controlled envi-
ronment. Since the physical marker geometry is known, ArUco markers also provide
metric pose estimates that can be used to establish a consistent world frame.
The main limitation is that ArUco-based pose estimation depends on marker visibil-
ity and image quality. The marker layout must be known in advance, and the pose
estimate can be affected by distance, viewing angle, resolution, lighting, and motion
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blur. These limitations are acceptable in this thesis because the experiments are
performed in a controlled environment and because the main focus is on evaluating
the adaptive image acquisition workflow rather than developing a robust localization
system for all operating conditions.

2.4.3 Use of predefined and adaptive image acquisition strate-
gies

A predefined image acquisition strategy is included as a baseline because it is sim-
ple, repeatable, and easy to interpret. The viewpoint sequence can be planned
before image acquisition, which makes the approach operationally straightforward.
However, a predefined strategy does not adapt to the current state of the 3DGS
model and may therefore acquire redundant images of already well-covered regions
while leaving other parts of the object insufficiently observed [5]. The specific pre-
defined geometry used in this thesis was chosen to reflect how a non-expert drone
operator would typically program a simple object survey: a repeatable path based
on the approximate shape of the object, planned without prior knowledge of the
reconstruction state.
An adaptive image acquisition strategy is included because the value of a new im-
age depends on what has already been observed. By using the current 3DGS model
to guide image acquisition, the system can prioritize viewpoints that are expected
to add useful information to the reconstruction. This creates the possibility of
improving 3DGS model quality and surface coverage, or achieving comparable re-
construction performance with fewer images or less image acquisition effort [5].
This comparison makes it possible to evaluate whether the additional complexity of
adaptive image acquisition is justified.

2.4.4 Use of COLMAP and 3DGS for 3D reconstruction
The reconstruction pipeline combines sparse reconstruction using Structure from
Motion (SfM), implemented through COLMAP, with 3DGS as the main reconstruc-
tion method. COLMAP is used because it provides a well-established foundation
for estimating camera poses and generating a sparse point cloud from multiple over-
lapping images [6]. This sparse reconstruction provides a practical initialization for
the later 3DGS reconstruction stage.
3DGS is used because it provides a dense and visually informative representation of
the observed object, while also supporting efficient rendering [7]. In contrast to a
sparse point cloud, a 3DGS model can represent the object in a way that is more
useful for evaluating reconstruction quality and for supporting adaptive viewpoint
planning.
This choice also introduces computational complexity. Since 3DGS training requires
GPU resources beyond the implemented onboard platform, COLMAP, 3DGS train-
ing, and NBV planning are performed off-board. The focus is therefore on evaluating
the adaptive acquisition workflow rather than demonstrating onboard real-time re-
construction.
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2.4.5 Use of NBV planner
An NBV planner is used because adaptive image acquisition requires a method
for selecting new viewpoints based on the current reconstruction. In contrast to
a predefined strategy, where all viewpoints are selected before reconstruction, the
NBV planner evaluates candidate viewpoints using the current 3DGS model and
selects views expected to improve the reconstruction.
The main limitation is that the planner depends on the quality of the intermediate
3DGS model and on the chosen viewpoint-evaluation criterion. If the intermediate
reconstruction is inaccurate or incomplete, the selected viewpoints may not improve
the final model.

2.5 System Overview
The implemented PoC is built around a quadrotor carrying two cameras, a Pixhawk
6C flight controller, and an onboard Raspberry Pi (RPi) 5. A downward-facing
tracking camera is used for ArUco-based pose estimation, while a servo-mounted
capture camera is used for image acquisition. The RPi communicates with the
Pixhawk 6C and handles marker detection, pose estimation, and image capture.
COLMAP, 3DGS reconstruction, and NBV planning are performed off-board be-
cause 3DGS training requires GPU resources that are not available onboard the
implemented platform. The system is therefore designed as a distributed PoC work-
flow combining onboard acquisition with off-board reconstruction and viewpoint
planning. Off-board processing was chosen for two connected reasons. First, 3DGS
training required GPU resources that are not available on the onboard RPI. Sec-
ond, and by design, this PoC focuses on evaluating the adaptive acquisition and
planning workflow rather than demonstrating onboard real-time reconstruction. A
future system with sufficient onboard compute, or with fast off-board connection,
could in principle close the loop more tightly; that remains outside the scope of this
thesis.
The detailed hardware and software architecture of the quadrotor PoC is presented
in Chapter 6, while the controlled evaluation setup used for the final strategy com-
parison is described in Chapter 7.
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3
Pose Estimation

This chapter addresses the pose estimation subproblem of the project. The purpose
is to define the coordinate systems and pose formulations needed to express camera
poses in a common world frame, and to validate whether the selected pose estima-
tion methods provide camera poses of sufficient quality for the subsequent 3DGS
reconstruction stages.

3.1 Problem
The 3DGS reconstruction pipeline requires each acquired image to be associated
with a camera pose in a consistent world coordinate frame. These poses are needed
both to align the image data during reconstruction and to relate the reconstructed
object to the physical image acquisition setup.
The practical pose estimation problem is that the system uses two separate cameras.
The tracking camera is used for ArUco-based pose estimation, while the capture
camera is used for image acquisition. Therefore, estimating the pose of the tracking
camera is not sufficient on its own. The pose must also be transformed into the
corresponding capture camera pose in the world frame used throughout the workflow.
Pose estimation is treated as an enabling subproblem rather than the main contri-
bution of the thesis. The purpose is therefore not to perform a broad benchmark
of pose estimation methods, but to validate that the selected approaches provide
pose information of sufficient quality for the PoC workflow. This is important be-
cause both 3DGS reconstruction and NBV planning depend on camera poses being
expressed consistently in the same reference frame.
To address this, two pose estimation approaches are considered: ArUco-based pose
estimation and SfM. ArUco-based pose estimation provides metric camera poses
from known marker geometry, while SfM can estimate and refine camera poses
from image correspondences. The chapter evaluates these methods, and a combined
ArUco + SfM approach, under controlled conditions.

3.2 Theory
This section presents the theory needed to formulate and evaluate the pose estima-
tion subproblem. First, the coordinate frames, pose transformations, and camera
intrinsics are defined. Then, the pose estimation methods used in the project are
described.
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3.2.1 Camera model and coordinate frames
This section defines the camera projection model and the coordinate frames used
throughout the project. Pose estimation and viewpoint planning both rely on trans-
forming points and directions between frames, and a consistent notation is therefore
important for clarity.

3.2.1.1 World frame definition

The global reference frame {W} is defined by the ArUco marker with ID 0. All
ArUco marker corners are defined as corners 0, 1, 2, and 3, which corresponds
to the top-left, top-right, bottom-right, and bottom-left corners of each marker,
respectively. The origin is located at the marker centre. The xw-axis points parallel
to the vector from corner 0 to corner 1, the yw-axis points parallel to the vector from
corner 3 to corner 0, and the zw-axis is given by the right-hand rule, pointing outward
from the marker plane. This choice provides a repeatable, physically meaningful,
and easy-to-interpret world frame.

Figure 3.1: Definition of the world frame based on the reference ArUco marker.

3.2.1.2 Quadrotor and camera frames

Two cameras are mounted on the quadrotor, resulting in two camera frames. The
tracking camera frame {Ct} is used to detect ArUco markers and estimate pose
relative to {W}. The capture camera frame {Cc} is used for image acquisition for
the 3DGS reconstruction.
The relationship between two frames {A} and {B} is described by the extrinsic
transform matrix

TAB =
[
RAB tAB
01×3 1

]
, (3.1)

where RAB is a 3× 3 rotation matrix and tAB is a translation vector.
This transform maps a 3D point expressed in frame {B} into frame {A}:[

pA
1

]
= TAB

[
pB
1

]
. (3.2)
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Here, RAB expresses the orientation of frame {B} with respect to frame {A}, mean-
ing that it rotates vectors from {B} into {A}. The vector tAB gives the position of
the origin of frame {B} expressed in frame {A}. To map from {A} back to {B},
the inverse transform is used:

TBA = T −1
AB. (3.3)

When using OpenCV’s ArUco pose estimation, the returned rotation and translation
describe the transform from the detected marker frame to the tracking-camera frame.
Using the notation in this thesis, this transform is written as TCtM , where M is the
detected marker frame. Since the world frame W is defined by the ArUco marker
with ID 0, a detection of this marker gives

TCtW .

This transform maps points from the world frame into the tracking-camera frame.
For the reconstruction and viewpoint-planning, the inverse relation is needed, since
camera poses must be expressed in the world frame. The tracking-camera pose in
the world frame is therefore obtained as

TWCt = T −1
CtW .

3.2.1.3 Pose composition

The image used for 3DGS reconstruction is acquired by the capture camera, while
the ArUco-based pose estimate is obtained from the tracking camera. Therefore, the
tracking-camera pose must be transformed into the corresponding capture-camera
pose.
Let TWCt denote the pose of the tracking camera in the world frame, and let TCtCc

denote the rigid transform from the capture-camera frame {Cc} to the tracking-
camera frame {Ct}. The capture-camera pose in the world frame is then computed
by composing the two transforms.

TWCc = TWCtTCtCc .

Since the capture camera is mounted on a servo, TCtCc is not a fixed matrix but
depends on the current servo angle. The base transform at the neutral servo angle
is derived from the CAD model of the platform. At any other servo angle, the
transform is computed by applying the corresponding rotation around the servo
pivot point.
This expression follows directly from the transform convention used in this thesis:TCtCc

maps points from capture-camera frame to the tracking-camera frame, and TWCt

maps points from the tracking-camera frame to the world frame. Their product
therefore maps points from the capture-camera frame to the world frame.
In the remainder of the thesis, the term camera pose refers to the capture-camera
pose TWCc when discussing image acquisition, COLMAP reconstruction, 3DGS
training, and NBV planning, unless explicitly stated otherwise.
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3.2.1.4 Camera intrinsics and calibration

In addition to the camera extrinsics, the camera intrinsic matrix is required. The
intrinsic matrix K maps normalized image coordinates to pixel coordinates:

K =

fx s cx
0 fy cy
0 0 1

 . (3.4)

Here, fx and fy are the focal lengths in pixels, cx and cy define the principal point,
and s is the skew.
Since the system uses two cameras, each camera has separate intrinsic parameters,
denoted Kt and Kc. These parameters must be used consistently depending on
which camera acquired the image. Camera calibration is performed using a chess-
board pattern with OpenCV’s implementation of Zhang’s calibration method [8],
which estimates the intrinsic parameters and lens distortion coefficients from multi-
ple images of the patterns acquired at different orientations.

3.2.2 Pose estimation methods
This section presents the pose estimation methods used in the project. ArUco-
based pose estimation is used to obtain metric camera poses from known marker
geometry, while SfM is used to estimate camera poses and sparse 3D structure from
image correspondences.

3.2.2.1 ArUco-based pose estimation

ArUco-based pose estimation is a model-based method for estimating a camera’s
6D pose, i.e., its 3D position and 3D orientation, relative to a reference object with
known geometry [4]. The method uses physically placed reference markers designed
to be detected reliably and identified unambiguously. This differs from SfM, which
infers pose from natural features in the scene.
An ArUco marker has a black and white square binary pattern with a black border,
where the internal binary pattern encodes a unique ID. The detection pipeline be-
gins by finding approximately square contours in the image and selecting candidate
regions. Each candidate region is then warped into a canonical square image using a
perspective transformation, and the binary pattern is decoded. If the decoded pat-
tern matches an entry in the predefined marker dictionary, the marker is accepted
and its ID is known.
Once a marker is detected, OpenCV provides the image coordinates of its four
corner points. These 2D corner points correspond to known 3D corner points in the
marker’s own coordinate system. Since the marker is planar and its physical size is
known, the marker corners provide metric 3D–2D correspondences.
With known correspondences between 3D marker corners and 2D image corners,
pose estimation becomes a Perspective-n-Point (PnP) problem. The PnP problem
estimates the rotation and translation that best explain how the 3D marker points
project onto the 2D image, using the camera intrinsic matrix. Most commonly,
the PnP result represents the transform from the marker coordinate system to the

14



3. Pose Estimation

camera coordinate system. If a world reference frame is defined using a specific
marker, the camera pose in the world frame can then be obtained by chaining
transforms between frames. In OpenCV, the PnP result is returned as a rotation
vector and translation vector that transform 3D points from marker coordinate frame
into the camera coordinate frame. In the notation used here, this corresponds to
TCtM

A key advantage of ArUco-based pose estimation is that it provides metric scale di-
rectly, since the marker size is known. It is also computationally efficient and robust
in controlled environments. However, its performance depends on marker visibility
and image quality. Accuracy typically decreases with distance, and detection can
fail under motion blur, strong reflections, or poor lighting.

3.2.2.2 Structure from Motion

SfM is a technique for estimating 3D structure and camera poses from a set of
overlapping Two-Dimensional (2D) images [6]. The method identifies corresponding
image features across multiple views and uses these correspondences to estimate the
geometric relationship between images. Once the camera poses are known, corre-
sponding image points can be triangulated to estimate their 3D positions, resulting
in a sparse point cloud of the scene.
A common feature detector used in SfM pipelines is the Scale-Invariant Feature
Transform (SIFT) [9]. SIFT detects keypoints that are designed to remain distinc-
tive under changes in scale and rotation. It does this by constructing a scale space
from Gaussian-blurred versions of the image,

L(x, y, σ) = G(x, y, σ) ∗ I(x, y),

where I(x, y) is the image, G(x, y, σ) is a Gaussian kernel, and σ is the scale. A
Difference of Gaussians (DoG) representation is then computed as

D(x, y, σ) = L(x, y, kσ)− L(x, y, σ),

where k is a constant scaling factor.
Local extrema in the DoG representation are used as candidate keypoints. Each pixel
is compared to its neighbours in both image space and scale space, as illustrated in
Figure 3.2. The selected keypoints are assigned dominant orientations and encoded
using descriptor vectors, making it possible to match corresponding keypoints across
multiple images.
The matched keypoints allow the relative camera poses to be estimated. After this,
overlapping keypoints observed in multiple images can be triangulated to compute
their 3D positions. The resulting sparse point cloud and camera poses are initially
expressed in an arbitrary coordinate system, which must be aligned to the world
frame if metric poses are required.

3.2.2.3 Georeferencing

Georeferencing for SfM is the process of transforming an arbitrary reconstruction
coordinate system into a world coordinate system. The SfM reconstruction may
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Figure 3.2: Pixel neighbours in scale-space. Created by the author with assistance
from ChatGPT, OpenAI, on 4 June 2026.

have unknown scale, rotation, and translation, and these must be corrected before
the reconstructed camera poses can be used together with the rest of the workflow.
In this thesis, georeferencing is performed by using known camera poses from se-
lected acquired images. These known poses define correspondences between camera
positions in the local SfM reconstruction and the global world frame. A global sim-
ilarity transform is then calculated and applied to the reconstructed camera poses
and 3D points. The transform consists of a scale factor, a rotation matrix, and a
translation vector, and it minimizes the error between corresponding camera posi-
tions in the local and global coordinate systems. After georeferencing, the sparse
point cloud and reconstructed camera poses are expressed in the ArUco-defined
world frame {W}. This makes the SfM reconstruction consistent with the physical
image acquisition setup and allows the same coordinate frame to be used for 3DGS
training and NBV planning.

3.3 Method
This section describes the experimental procedure used to assess whether the selected
pose estimation approaches provide pose information of sufficient quality for the
later 3DGS reconstruction pipeline. Three cases were considered: ArUco-based
estimation, SfM-based estimation, and a combined ArUco + SfM approach.

3.3.1 Experimental setup
A rotational test rig was designed and constructed to validate the pose estimation
approaches under controlled and repeatable conditions. The test rig provides known
evaluation positions, which makes it possible to compare estimated poses against
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ground-truth poses. The finished CAD model of the rig is shown in Figure 3.3.
The rig was developed in CAD and was inspired by both a 360° photo rig and the
circular image acquisition motion of a quadrotor around an object. The structure
was built using aluminium extrusions and 3D-printed components to provide rigidity,
geometric repeatability, ease of assembly, and rapid manufacturing.
A rotating platform is mounted at the end of the radial arm and rotates around a
fixed central platform where the object of interest is placed. The rig only allows
rotation around the vertical axis while maintaining constant height. No pitch or roll
rotation is permitted during operation. This makes the setup suitable for controlled
evaluation of horizontal viewpoint changes similar to those considered in the thesis.
To ensure repeatable angular positions across experiments, the square aluminium
extrusions were used as mechanical alignment references. A straight edge was used
to position the rig at precisely 0°, 90°, 180°, and 270° for all validation measurements.
These four positions were used as evaluation points in all experiments.
Ground-truth poses for the evaluation positions were defined from the known geom-
etry of the rig in the CAD model together with the mechanically aligned angular
positions. This provided a common reference against which the estimated poses
were compared.

Figure 3.3: CAD model of the test rig.

Two cameras were rigidly mounted on the rotating platform together with a RPi.
One downward-facing tracking camera was used for ArUco marker detection, and
one capture camera was used for image acquisition in the SfM experiments. The
base transform between the tracking camera and the capture camera is derived from
the CAD model at the natural servo angle. During experiments the transform was
updated according to the current servo angle. This matrix allows the pose estimated
from the tracking camera to be transformed into the capture camera pose.
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All experiments were carried out indoors under controlled conditions with stable
lighting and a static background.

3.3.2 ArUco-based pose estimation experiment
To validate the ArUco-based pose estimation, the rig was positioned at the four
evaluation angles 0°, 90°, 180°, and 270°. At each position, an image was acquired
together with a pose estimate. The pose estimation was performed as described in
Section 3.2.2.1. The experiment was repeated multiple times under stable lighting
and static background conditions.

3.3.3 SfM-based pose estimation experiment
For the SfM-based validation, 36 images were acquired at evenly spaced angular
increments of 10° over a full rotation.
To establish metric scale and align the reconstruction to the world coordinate sys-
tem, the images at 0°, 90°, 180°, and 270° were assigned reference poses from the
ground-truth defined by the rig geometry. These reference poses were used to align
the SfM reconstruction, while the remaining images were reconstructed from image
correspondences alone.
SfM then estimated poses for all 36 images, as well as the scaling and alignment of the
coordinate system, using the four fixed poses. The estimated poses corresponding
to the four evaluation positions were extracted and compared to the ground-truth
values.

3.3.4 Combined ArUco + SfM experiment
A third experiment was conducted to evaluate the combined use of ArUco and SfM.
The same 36 images were used as in the previous SfM experiment. However, instead
of assigning the ground-truth poses to the four reference images, the poses estimated
from the ArUco markers were used.
These four ArUco-derived poses were used in the SfM pipeline to provide scale
and coordinate-frame alignment. The estimated poses corresponding to the four
evaluation positions were extracted and compared to the ground-truth values.

3.4 Validation
This section presents the validation results from the pose estimation experiments
described in Section 3.3. The validation compares three cases: ArUco-based pose
estimation, SfM-based pose estimation, and a combined ArUco + SfM approach.
The estimated poses were compared with the ground-truth poses defined from the
test-rig geometry at the four evaluation angles 0°, 90°, 180°, and 270°. Translational
errors are reported independently for the x-, y-, and z-axes, while rotational error
is reported only around the z-axis, since the rig constrains motion in the remaining
rotational degrees of freedom. As a single summary measure, the mean Euclidean
position error ē is also reported for each method, defined as the mean over the four
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evaluation angles of the Euclidean distance between the estimated and ground-truth
camera positions. Unlike the per-axis errors, ē describes the overall magnitude of
the position error.

3.4.1 ArUco-based pose estimation
Table 3.1 summarizes the translation and rotation errors obtained using ArUco-
based pose estimation.

Table 3.1: Translation and rotation errors for ArUco-based pose estimation.

Angle ex (mm) ey (mm) ez (mm) eψ (deg)
0° -20.0 76.4 6.3 1.4
90° -1.0 -16.9 3.1 1.0
180° -17.7 5.9 2.2 -5.2
270° 47.0 -21.1 0.9 -0.4

The mean absolute translation errors were |ex| = 21.43 mm, |ey| = 30.08 mm, and
|ez| = 3.13 mm. The mean Euclidean position error was ē = 41.69 mm. The mean
absolute rotation error was |eψ| = 2.0°.
The results show that ArUco-based pose estimation provides metric pose estimates
with relatively small height and yaw errors, but with larger variation in the hori-
zontal position estimates. This indicates that the method is suitable as a practical
pose source in the PoC system, although its translation accuracy is limited under
the tested conditions.

3.4.2 SfM-based pose estimation
Table 3.2 summarizes the translation and rotation errors obtained using SfM-based
pose estimation.

Table 3.2: Translation and rotation errors for SfM-based pose estimation.

Angle ex (mm) ey (mm) ez (mm) eψ (deg)
0° -4.2 -4.1 -1.5 2.0
90° 1.8 17.1 3.0 2.6
180° -6.5 -11.1 -3.0 0.7
270° -0.4 5.6 3.0 -5.4

The mean absolute translation errors were |ex| = 3.23 mm, |ey| = 9.48 mm, and
|ez| = 2.63 mm. The mean Euclidean position error was ē = 10.77 mm. The mean
absolute rotation error was |eψ| = 2.68°.
Among the three evaluated approaches, the SfM-based method produced the lowest
translational error. This indicates that, when reliable reference poses are available
for alignment, SfM can provide highly accurate camera poses in the considered
validation setup. The rotational accuracy is of the same order as for the ArUco-
based method, although slightly worse in terms of mean absolute yaw error.
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3.4.3 Combined ArUco + SfM-based pose estimation
Table 3.3 summarizes the translation and rotation errors obtained using the com-
bined ArUco + SfM approach.

Table 3.3: Translation and rotation errors for combined ArUco + SfM-based pose
estimation.

Angle ex (mm) ey (mm) ez (mm) eψ (deg)
0° -31.1 7.9 7.5 3.2
90° 3.1 41.6 14.5 3.9
180° -42.3 -18.1 5.7 5.6
270° -11.0 24.2 2.7 4.5

The mean absolute translation errors were |ex| = 21.88 mm, |ey| = 22.95 mm, and
|ez| = 7.60 mm.The mean Euclidean position error was ē = 37.55 mm. The mean
absolute rotation error was |eψ| = 4.3°.
The combined approach did not improve the pose estimates compared with the
SfM-based method using ground-truth reference poses. Compared with ArUco-
based pose estimation, it reached a somewhat lower mean Euclidean position error,
but this improvement was not consistent across all axes, and the rotation error was
higher than for the ArUco-based method. This indicates that the accuracy of the
reference poses used for alignment has a strong influence on the final SfM result,
rather than that SfM reliably improves the ArUco-based pose estimates.
Overall, the validation shows that SfM with ground-truth reference poses gives
the most accurate translation estimates in the controlled test-rig setup. However,
ArUco-based pose estimation remains the practical pose source for the PoC work-
flow because it provides direct metric poses from onboard marker observations. The
combined ArUco + SfM result shows that the accuracy of the reference poses used
for georeferencing strongly affects the aligned SfM reconstruction. This limitation
should therefore be considered when using pose estimation as input to the later
3DGS reconstruction and NBV planning stages.
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4
3D Reconstruction

This chapter addresses the 3D reconstruction subproblem of the project. It describes
how acquired images and associated capture-camera poses, expressed in the ArUco-
defined world frame {W}, are transformed into a usable 3DGS model of the object.
The chapter follows the pose estimation chapter and provides the 3DGS model used
both as a reconstruction output and as input to the NBV planner.

4.1 Problem
The 3D reconstruction subproblem is to generate a usable 3DGS model from ac-
quired images and their corresponding capture-camera poses TWCc . After COLMAP
alignment, the sparse point cloud, camera poses, and resulting 3DGS model are rep-
resented in the ArUco-defined world frame {W}. In this thesis, the 3DGS model
must represent the observed object with sufficient quality to support later evalu-
ation, while also providing geometric information that can be used by the NBV
planner.
This subproblem is challenging because the quality of the 3DGS reconstruction de-
pends on several factors in the input data. The acquired images must have sufficient
resolution, focus, lighting, and limited motion blur. They must also be acquired from
viewpoints with enough overlap to support feature matching, sparse reconstruction,
and camera pose alignment.
The reconstruction pipeline first generates a sparse point cloud, which provides an
initial geometric representation of the scene and is used to initialize the 3DGS model.
The resulting 3DGS model is then trained from the acquired images and camera
poses. Since the NBV planner later uses the current 3DGS model to select new
viewpoints, errors or missing regions in the reconstruction may affect the usefulness
of the proposed viewpoints.

4.2 Theory of 3D Gaussian Splatting

3D Gaussian Splatting (3DGS) is an explicit 3D scene representation and rendering
method that represents a scene using a set of volumetric primitives called 3D Gaus-
sians [7]. In contrast to implicit neural representations such as Neural Radiance
Fields (NeRF) [10], which encode scene appearance in network weights, 3DGS uses
an explicit set of parametrized primitives that support efficient rasterization-based
rendering. The inputs to a 3DGS workflow are acquired images and corresponding
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camera poses. In many workflows, a sparse reconstruction is first generated and
used to initialize the 3DGS model.
Each Gaussian Gi is parametrized as

Gi = (µi, Σi, ci, αi), (4.1)

where µi is the 3D mean position, Σi is the covariance matrix that determines the
Gaussian’s shape, size, and orientation, ci is the colour, and αi is the opacity.
The covariance matrix determines the spatial extent and orientation of each Gaus-
sian. It is expressed as

Σ = RSS⊤R⊤, (4.2)

where R is a rotation matrix and S = diag(sx, sy, sz) is a scale matrix. The scale ma-
trix determines the extent of the Gaussian along each axis. Initially, each Gaussian
can be interpreted as a sphere, which corresponds to the case S = λI.
Rendering is performed by projecting the Gaussians into the image plane and accu-
mulating their colour and opacity contributions. Since each Gaussian has an opacity
value α ∈ [0, 1], the final pixel colour depends on both overlap and visibility. The
rendered pixel colour is computed using α-blending in a front-to-back accumulation
scheme:

C =
∑
i

Tiαici, (4.3)

Ti =
∏
j<i

(1− αj), (4.4)

where C is the pixel colour and Ti is the transmittance up to Gaussian i.
To represent view-dependent appearance, 3DGS uses spherical harmonics (SH). A
unit direction vector v represents the viewing direction, and the colour along that
direction is approximated as

c(v) =
L∑
l=0

l∑
m=−l

cl,mYl,m(v), (4.5)

where Yl,m are spherical harmonic basis functions and cl,m are learned coefficients.
These coefficients allow the 3DGS model to represent view-dependent colour varia-
tions.
The 3DGS model is trained by comparing rendered images with the acquired im-
ages. The Gaussian parameters are refined through gradient-based optimization by
minimizing a reconstruction loss. A simplified squared image loss can be written as

L =
∑

pixels p
|Cp − (Iobs)p|2 , (4.6)

where L is the total loss, Cp is the rendered pixel colour, and (Iobs)p is the observed
colour in the acquired image.
The parameters are updated using gradient descent according to

θ
(t+1)
i = θ

(t)
i − η

∂L
∂θi

, (4.7)
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where θi = (µi, Σi, ci, αi), η is the learning rate, and t is the iteration index.
Adaptive density control improves the representation during training. This process
removes Gaussians that contribute little to the reconstruction and adds or subdivides
Gaussians in regions where higher detail is needed. The optimization and density
control steps are repeated until a stopping criterion is met, such as a fixed number
of iterations or convergence. The final output is a trained 3DGS model that can be
rendered from novel viewpoints.

4.3 Method
This section presents the reconstruction pipeline used in this thesis. The pipeline
consists of two main stages: sparse point cloud generation and 3DGS training. The
sparse point cloud stage provides an initial geometric representation and aligned
camera poses, while the 3DGS training stage produces the trained 3DGS model
used in later evaluation and NBV planning.

4.3.1 Sparse point cloud generation
The purpose of the sparse point cloud stage is to provide an initial geometric repre-
sentation of the scene and camera pose alignment for 3DGS training. The input to
this stage consists of the acquired images from the capture camera and the corre-
sponding capture-camera poses TWCc . These poses are obtained by estimating the
tracking-camera pose from ArUco marker observations and then applying the cali-
brated rigid transform between the tracking camera and the capture camera. The
output is a sparse point cloud, camera parameters, and camera poses aligned to the
ArUco-defined world frame {W}.
The sparse reconstruction is generated using the COLMAP SfM software. In this
work, COLMAP is used as an external SfM tool, while the surrounding data prepara-
tion and processing steps are implemented within the proposed pipeline. COLMAP
performs feature extraction, feature matching, and bundle adjustment to estimate
camera poses and reconstruct a sparse set of 3D points representing the observed
scene.
Before reconstruction, the images are undistorted using the known camera calibra-
tion parameters. This ensures that the intrinsic camera model used by COLMAP
corresponds to the rectified images. The processed images are then used as input to
the automatic reconstruction pipeline in COLMAP.
Since COLMAP first reconstructs the scene in a local SfM coordinate frame, the
sparse reconstruction must be aligned to the ArUco-defined world frame {W}.
The ArUco-based capture-camera poses are used as reference constraints for the
COLMAP model aligner, which estimates a similarity transformation from the local
SfM frame to {W}. To support this step and later processing, the pipeline includes
routines for reading and writing the relevant COLMAP model files.
A region-of-interest (ROI) filtering step is applied after the COLMAP model has
been aligned to the world frame. The purpose of this step is to reduce the influence
of background structure and to define an object-centred region that can be reused by
later reconstruction and viewpoint-selection stages. The ROI is defined as a cylinder
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aligned with the world-frame Z-axis. Its horizontal centre is obtained from the cen-
troid of the registered camera positions, since the cameras are acquired around the
object. Its vertical coordinate is estimated from the sparse point cloud using a ro-
bust median-based estimate. This avoids placing the ROI too high when the camera
trajectory is located above the object. The ROI radius is set as a fixed fraction of
the minimum distance between the registered camera positions and their centroid,
while the cylinder height is controlled separately by a height-scaling parameter.
In iterative runs, the ROI parameters are reused from the existing ROI file. This
keeps the object boundary fixed when new NBV images are added, so that the
ROI does not shift only because the camera set changes. Sparse points outside this
cylindrical region are removed before the model is exported for 3DGS training.
The sparse reconstruction is then exported together with the corresponding camera
parameters and poses. Background masking is also applied to prepare the images for
3DGS training. This is done because the aim of the reconstruction is to model the
central object, while the surrounding background is not relevant for the final result.
Masking is performed using rembg, a background-removal tool, using the BiRefNet-
general segmentation model [11], which produces a binary foreground mask for each
image. In the implemented pipeline, the computed ROI parameters are also saved
and reused during later Gaussian post-processing and NBV candidate generation.
The masked images, sparse point cloud, and corresponding camera poses are then
used as input to the 3DGS training stage.

4.3.2 3DGS training
The purpose of the 3DGS training stage is to convert the sparse reconstruction into
a denser and more visually informative 3DGS model of the target object. For this
step, the open-source implementation provided by GraphDECO is used [7].
The inputs to the training stage are the acquired images, camera intrinsics, camera
poses, and sparse point cloud generated in the previous stage. In this thesis, masked
images are used so that the optimization focuses on the object of interest. Since the
target object is located at the centre of the scene, the background is excluded from
the training data.
Training is performed using the provided training script from the repository. The
3DGS model is trained for 30,000 iterations. Apart from minor configuration changes
and the use of masked training images, the training procedure follows the original
GraphDECO implementation.
At the start of training, the sparse point cloud and camera information are loaded
and used to initialize the 3DGS model. The training then proceeds iteratively. At
each iteration, one randomly selected camera view from the training set is selected,
and the current 3DGS model is rendered from that viewpoint. The rendered image
is then compared with the corresponding acquired image from the dataset. When
masked images are used, the alpha mask is also applied during this comparison so
that the optimization focuses on the target object rather than the removed back-
ground.
The optimization objective consists of an L1 image loss and an SSIM-based term [12].
The L1 loss measures the pixel-wise difference between the rendered and acquired
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images, while SSIM evaluates similarity in overall image structure and local contrast.
Using both terms makes the optimization sensitive to both exact pixel values and
the overall visual consistency of the reconstruction.
During training, the learning rate is updated continuously, and the spherical har-
monic degree of the Gaussian appearance model is increased every 1000 iterations.
This allows the 3DGS model to start with a simpler appearance representation and
gradually increase its ability to represent more detailed view-dependent colour vari-
ations.
The training script also includes densification and pruning. During optimization,
the training procedure tracks which Gaussians are visible in each rendered view and
how large they appear in image space. Based on this information, new Gaussians
can be added in regions where the representation is too sparse, while Gaussians with
limited contribution can be removed. The opacity values are also reset at predefined
intervals in order to stabilize the optimization and avoid poor opacity distributions
early in training.
After each iteration, the 3DGS model parameters are updated through gradient-
based optimization. The final output of this stage is a trained 3DGS model of the
target object.

4.3.3 3DGS model post-processing

After 3DGS training, the Gaussian model is post-processed to reduce background
artifacts and keep the reconstruction focused on the target object. In the config-
uration used in this thesis, the post-processing consists of ROI-based pruning and
mask-aware pruning.
The first post-processing step removes Gaussians whose centres lie outside the ROI
defined during the sparse reconstruction stage. This applies the same object-centred
spatial constraint to the trained 3DGS model as was used for the sparse COLMAP
reconstruction. Since the ROI is cylindrical and aligned with the world-frame Z-axis,
this step removes Gaussians that are located outside the expected object volume
while preserving the central reconstruction region.
The second post-processing step uses the alpha masks from the masked training
images. Each Gaussian centre is projected into the registered training cameras. For
each view where the Gaussian is visible, the corresponding image mask is checked
to determine whether the Gaussian projects into foreground or background. A
Gaussian is removed if it is classified as background in a sufficiently large fraction
of the views in which it is visible.
This mask-aware pruning step connects the 2D foreground segmentation used during
training with the 3D Gaussian representation produced after training. It reduces
residual background Gaussians that remain after image masking, while using obser-
vations from the registered camera views rather than a single image. The resulting
model is therefore more object-centred before it is used for rendering, evaluation,
and NBV planning.
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4.4 Validation
This section verifies that the reconstruction pipeline produces usable intermediate
outputs for the full thesis workflow. It does not evaluate the predefined and NBV-
guided image acquisition strategies against each other; that comparison is performed
in Chapter 7. Instead, the purpose here is to assess whether the sparse reconstruction
and the trained 3DGS model are sufficiently coherent to support later NBV planning
and evaluation.

4.4.1 Sparse point cloud
The sparse reconstruction provides a usable initialization for 3DGS training. Figure
4.1 shows the reconstructed sparse point cloud together with the estimated camera
poses. The camera positions are arranged around the object in a consistent circular
pattern, which indicates that the image set contains sufficient overlap and viewpoint
variation for COLMAP to estimate scene structure and camera poses.
Although the reconstruction is sparse, it captures the overall shape and location
of the object. This is sufficient for the intended purpose of this stage, since the
sparse point cloud is primarily used to define the ROI and initialize the 3DGS
reconstruction.
Overall, the results indicate that the sparse reconstruction step functions as intended
and provides a suitable starting point for the following stage.

Figure 4.1: Sparse point cloud reconstruction with estimated camera poses.

4.4.2 3DGS reconstruction
The trained 3DGS model provides a coherent visual representation of the target
object. Figure 4.2 shows four views of the reconstructed object from different view-
points. The 3DGS model captures the overall shape, proportions, and visual ap-
pearance of the object, which indicates that the reconstruction is not only valid from
a single viewing direction.
The reconstruction quality is strongest for the lateral surfaces because all images
in the dataset were acquired from the same height. Regions that require greater
vertical viewpoint variation are less well represented. The limited image set likely
also contributes to visible imperfections and distortions in the rendered results.
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Despite these limitations, the 3DGS model is sufficiently detailed to represent the
main surfaces and edges of the object. The main purpose at this stage is to verify
that the 3DGS method can generate a usable representation from the available
images.
Overall, the results indicate that the 3DGS training stage functions as intended and
produces a 3DGS model that is suitable for later use in the full system.

(a) front view (b) side view

(c) back view (d) side view

Figure 4.2: 3DGS reconstruction results.
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5
Next-Best-View Planning

This chapter addresses the NBV planning subproblem of the project. It describes
how the current 3DGS model is used to evaluate candidate viewpoints and produce
viewpoint recommendations for continued image acquisition. The NBV planner
forms the adaptive part of the workflow, since future image acquisition is guided
by the current state of the 3DGS reconstruction rather than by a fully predefined
viewpoint sequence.

5.1 Problem
The NBV planning subproblem is to select new camera viewpoints that are expected
to improve the current 3DGS model. In this thesis, the NBV planner should identify
viewpoints that add useful information about poorly observed or uncertain regions
of the object, while avoiding viewpoints that are too similar to already acquired
views.
This is challenging because the usefulness of a viewpoint depends on the current
reconstruction state. A viewpoint may be valuable if it observes uncertain object
regions or surfaces that have not been sufficiently covered. However, a viewpoint
may also be redundant if it observes regions that are already well represented in the
3DGS model. The NBV planner must therefore use the current reconstruction to
estimate which candidate viewpoints are likely to improve the 3DGS reconstruction.
The NBV planner is the mechanism that makes the image acquisition strategy adap-
tive. A predefined image acquisition strategy selects all viewpoints before the re-
construction is available, whereas the NBV planner selects new viewpoints based on
the current 3DGS model. The purpose is therefore not only to select geometrically
feasible viewpoints, but also to prioritize viewpoints that are expected to improve
surface coverage and reconstruction quality.

5.2 Theory
This section presents the theory of NBV planning and the use of SfM and 3DGS in
NBV planning.

5.2.1 Next-Best-View planning
Next-Best-View (NBV) planning is a strategy used in 3D reconstruction to determine
the next camera viewpoint that is expected to provide the greatest improvement to
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the current reconstruction [5]. The objective can be formulated in different ways
depending on the reconstruction representation and the desired outcome.
Common NBV planning objectives include information gain, uncertainty reduction,
surface coverage, visibility of unobserved regions, and reduced reconstruction or
rendering error [5]. In this thesis, the objective is to select viewpoints that are
expected to provide useful new information for the 3DGS reconstruction of a single
object.
NBV planning can be formulated either as a discrete candidate-selection problem
or as a continuous pose-optimization problem [5]. In a discrete formulation, a set
of candidate viewpoints are generated, each candidate is evaluated using a utility
function, and the highest-ranked candidate or candidates are selected. In a continu-
ous formulation, the camera pose is treated as an optimization variable and updated
directly based on the gradient of a differentiable objective function. This thesis uses
a discrete candidate-based formulation because it is straightforward to constrain the
candidate viewpoints to the physical image acquisition setup.

5.2.2 Reconstruction representations for NBV
The choice of reconstruction representation affects what the NBV planner can rea-
son about. An SfM reconstruction consists of sparse 3D points and camera poses,
which makes it computationally efficient and useful for estimating scene structure.
However, a sparse point cloud does not explicitly represent continuous surfaces. This
makes it difficult to determine whether a region is truly missing, poorly covered, or
simply represented by few sparse points.
A 3DGS model provides a richer representation for NBV planning because it encodes
3D position, covariance, opacity, and appearance for a set of Gaussian primitives.
This makes it possible to reason about which parts of the current 3DGS model have
already been observed and which parts may still be uncertain. A 3DGS model can
therefore provide a more informative basis for selecting new viewpoints than a sparse
point cloud.

5.2.3 3DGS for NBV
Unlike SfM, 3DGS is geometry-aware, since it encodes 3D position, orientation,
opacity, and density, which together provide a richer scene representation. This
allows it to reason about uncertain or poorly observed parts of the current recon-
struction. As a result, NBV planners based on 3DGS can more accurately target
objectives such as uncertainty reduction and improved surface coverage.
For the purpose of guiding continued image acquisition in the 3DGS reconstruction
workflow, relevant NBV planning strategies include multi-metric uncertainty, infor-
mation gain, and gradient-based pose optimization. These strategies are useful when
the goal is to improve metric accuracy, surface coverage, and visual completeness of
poorly observed object regions.
The multi-metric uncertainty approach evaluates each candidate viewpoint using a
utility function that combines several uncertainty-related terms. The utility of a
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viewpoint q is denoted U(q). As one illustrative example of such a formulation:

Umulti(q) = w1 · Uopacity(q) + w2 · Ucoverage(q) + w3 · Usurface(q), (5.1)

where Uopacity(q) measures low-opacity regions visible from q, Ucoverage(q) measures
newly visible surface areas, and Usurface(q) measures surface uncertainty. The weights
w1, w2, w3 determine the relative importance of each term.
The information gain approach also uses uncertainty, but treats the 3D scene as
a probabilistic model. In this setting, each part of the model is associated with
a probability distribution that represents confidence in the scene parameters. The
expected information gain of a viewpoint is then given by

UMI(q) = H(θ)− Ezv

[
H(θ | zv)

]
, (5.2)

where UMI(q) is the MI of viewpoint q, H(θ) is the current entropy of the scene model,
θ is the probabilistic scene representation, and zv is a hypothetical observation from
the camera pose q. The second term is the expected remaining uncertainty after
that observation.
The gradient-based approach optimizes the next camera pose continuously instead of
selecting from a discrete set of candidates. If the utility function U(q) is differentiable
with respect to the camera pose q, the optimal pose can be obtained through gradient
ascent:

q ← q + η∇vU(q),
where η is the step size and ∇vU(q) is the gradient of the utility function with
respect to the pose. Out of these three approaches, the MI formulation (Equation
5.2) forms the basis of the NBV planner implemented in this thesis, as described in
Section 5.3.1.

5.3 Method
This section describes how the NBV planner selects new candidate viewpoints from
the current 3DGS model. The planner operates offline on a trained and post-
processed 3DGS model produced by the reconstruction pipeline. It outputs a ranked
set of candidate viewpoints that can be used for continued image acquisition.

5.3.1 NBV planner overview
The NBV planner takes the current 3DGS model, camera intrinsics, existing camera
poses, and ROI information as input. The camera intrinsics define the projection
used when candidate viewpoints are rendered and scored. The existing camera poses
describe which viewpoints have already contributed to the current 3DGS reconstruc-
tion. The ROI defines the object centroid, which is used as the reference point for
candidate viewpoint generation.
The implementation is based on GauSS-MI [3]. The MI scoring, Gaussian reliability
representation, and modified rasterization interface follow the same general principle.
However, the implementation used in this thesis is adapted to the reconstruction
pipeline and physical image acquisition setup used in the project.
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In contrast to the original GauSS-MI system, which is designed as an online active
reconstruction framework, the implementation used here operates as an offline NBV
planner. It uses an already trained 3DGS model, evaluates a discrete set of candidate
viewpoints, and returns a ranked list of viewpoints for continued image acquisition.
The execution of the recommended viewpoints is handled outside the planner.

5.3.2 Reliability update

The NBV planner first estimates which parts of the current 3DGS model are already
well represented. The trained 3DGS model is loaded, and an initial reliability value
is assigned to each Gaussian. The reliability is then estimated from the training
images using a two-pass rendering procedure based on the GauSS-MI method [3].
For each training image, the scene is first rendered to produce an RGB output. The
rendered image is compared to the corresponding ground-truth training image to
compute a per-pixel reconstruction loss. This loss is transformed into a per-pixel
quality signal, which is passed into a second render pass. The second pass accu-
mulates a per-Gaussian reliability update as a log-odds value. Gaussians whose
rendered appearance matches the training images well accumulate positive log-odds
and are treated as reliable, while Gaussians that contribute to poorly-rendered re-
gions accumulate negative log-odds and remain uncertain. The final per-Gaussian
reliability is obtained by applying the sigmoid function to the accumulated log-odds.
This reliability update allows the NBV planner to distinguish between already well-
observed regions and regions that may benefit from additional image acquisition. A
candidate viewpoint receives a higher MI score when it observes uncertain Gaussians
that are expected to add useful information to the 3DGS model.

5.3.3 Candidate viewpoint generation

After the reliability values have been updated, the NBV planner generates a set of
candidate viewpoints around the object. The planner supports several candidate
geometries; in the implemented workflow, the candidate viewpoints are constrained
by the physical marker-circle setup used for image acquisition. This means that the
candidate positions are generated around the marker-circle setup rather than freely
over an unconstrained sphere.
The marker-circle formulation makes the candidate set consistent with the practical
acquisition setup. It keeps the candidate viewpoints at a realistic distance from
the object and within the region where image acquisition can be performed. The
object centroid from the ROI is used as the main reference point when generating
and orienting candidate viewpoints.
For each candidate position, the camera is oriented toward the object. The planner
sweeps the vertical aiming point over the height range of the current Gaussian
cloud, evaluating each pitch direction independently, and retains the orientation
that produces the highest MI score.
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5.3.4 Candidate evaluation and scoring
Each candidate viewpoint is evaluated using MI rendering. For each candidate, the
3DGS model is rendered with the modified GauSS-MI rasterizer, which uses the
Gaussian reliability values to compute an information map [3]. Because the camera
orientation is optimised per candidate by sweeping over multiple vertical aiming
points, each candidate position is rendered several times and the orientation with
the highest MI score is retained. The MI score is computed by summing the per-
pixel information values over the rendered image. A high score indicates that the
viewpoint is expected to observe uncertain regions of the 3DGS model.
The MI score is then adjusted using practical terms that reduce redundancy and
encourage useful viewpoint diversity. First, a discount is applied to candidates
that are close to existing camera poses and have a similar viewing direction. This
prevents the NBV planner from selecting viewpoints that repeat already acquired
observations. Second, candidates close to previously suggested NBV viewpoints can
also be discounted, which helps avoid repeatedly proposing similar viewpoints in
later planning iterations.
The final score of a candidate viewpoint q can be summarized as

S(q) = UMI(q) (1− dexisting(q)) (1− dtried(q)) , (5.3)

where UMI(q) is the MI score, dexisting(q) is the discount for similarity to existing
camera poses, dtried(q) is the discount for similarity to previously suggested NBV
poses.

5.3.5 Candidate ranking and output
After all candidates have been evaluated, they are ranked according to their final
score. The planner returns a ranked set of candidate viewpoints rather than only
a single viewpoint. This makes it possible to use several high-scoring and spatially
diverse viewpoints for continued image acquisition.
The final output of the NBV planner consists of the ranked candidate viewpoints
in the same world coordinate system as the COLMAP reconstruction. These view-
points can then be used as recommendations for continued image acquisition.

5.4 Validation
This section verifies that the NBV planner can generate candidate viewpoints and se-
lect plausible viewpoints from a trained 3DGS model. It does not evaluate whether
the NBV-guided image acquisition strategy outperforms the predefined strategy;
that comparison is performed in Chapter 7. The purpose here is only to assess
whether the planner produces reasonable viewpoint recommendations from the cur-
rent 3DGS reconstruction.
The initial result of the NBV planning stage is shown in Figure 5.1. The existing
camera poses, generated candidate viewpoints, and selected NBV viewpoint are
visualized around the object. The figure shows an early planning result where the
existing images were acquired mainly from lateral viewpoints.
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Since the current image set mainly observes the object from the side, the upper
region of the object is less well represented. The NBV planner responds to this by
proposing viewpoints above the object, where additional observations are expected
to provide useful new information. This indicates that the planner reacts plausibly
to missing vertical coverage in the current 3DGS model.
Although this result is only an initial verification, it supports the feasibility of us-
ing the NBV planner to recommend new viewpoints based on the current 3DGS
reconstruction. The result should therefore be interpreted as a qualitative check of
the planning method, not as final evidence that the NBV-guided image acquisition
strategy improves reconstruction performance.

Figure 5.1: Visualization of the initial NBV planning result.
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6
System Architecture

This chapter describes the implemented quadrotor-based PoC system used to con-
nect the three subproblems addressed in this thesis: pose estimation, 3DGS recon-
struction, and NBV planning. The system is based on a semi-autonomous workflow
in which the quadrotor performs flight execution, pose estimation, and image ac-
quisition, while 3DGS training and NBV planning are performed off-board. This
division reflects both the hardware constraint that 3DGS training exceeds the the
RPi’s onboard capability and the deliberate PoC scope of evaluating the acquisition
workflow rather than onboard real-time processing.
The purpose of the quadrotor system was to investigate how the different parts of
an NBV-guided image acquisition workflow could be integrated on a physical plat-
form. However, the implemented quadrotor system was not sufficiently reliable for
repeatable autonomous indoor acquisition during the final quantitative comparison
between predefined and NBV-guided image acquisition strategies. Therefore, the
quadrotor is treated as a PoC platform, while the final acquisition strategy compar-
ison is performed using the controlled proxy setup described in Chapter 7.
The chapter presents the hardware setup, software architecture, intended flight pro-
cedure, implementation status, and practical limitations of the quadrotor PoC.

6.1 Hardware setup
The hardware setup is built around the PX4 Development Kit X500 v2 from Holybro,
shown in Figure 6.1. The platform provides the mechanical frame, propulsion sys-
tem, power distribution, and flight-control hardware required for quadrotor-based
image acquisition. The kit includes a Pixhawk 6C flight controller, M8N GPS,
plug-and-play telemetry radio, four electronic speed controllers (ESCs), a power
distribution board (PDB), a frame kit, and propellers. The Pixhawk 6C acts as the
main flight controller and is responsible for stabilizing and controlling the quadrotor
during flight. The Pixhawk connection ports are shown in Figure 6.2.
The onboard computing and image acquisition tasks are handled by an RPi 5
mounted on the quadrotor. The RPi communicates with the Pixhawk through
UART, using the RPi GPIO pins and the Pixhawk’s second telemetry port (TELEM2).
This connection allows the RPi to exchange flight-related messages with the Pix-
hawk while also controlling the camera system used for pose estimation and image
acquisition.
The image acquisition system consists of two cameras connected to the RPi. One
camera is used for ArUco-based pose estimation, while the other is used for image
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Figure 6.1: PX4 Development
Kit X500 v2 from Holybro.

Figure 6.2:
Pixhawk 6C.

acquisition for the 3DGS reconstruction. The capture camera is mounted on a
servo-controlled frame, allowing the viewing direction to be adjusted during image
acquisition. The detailed camera setup is described in Section 6.1.1. The ESCs
receive their PWM signals from a PWM module connected to the Pixhawk’s I/O
PWM main output.
The communication between the quadrotor and the external operator computer
is handled through the telemetry radio connected to TELEM1 on the Pixhawk.
The telemetry radio communicates with a receiver connected to a laptop running
QGroundControl (QGC). This setup allows missions to be uploaded and started,
while also providing real-time monitoring of the quadrotor during operation.
The entire setup is powered by a 4S LiPo battery with a capacity of 6100 mAh and
a C rating of 100C. The battery connects to the PDB and a power module, which
powers the Pixhawk. The PDB powers the four ESCs and motors and also indirectly
powers the RPi and micro servomotor through a DC-DC step-down converter with
an output of 5 V and a maximum current of 5 A. The complete hardware flowchart
is shown in Figure 6.3.

6.1.1 Camera setup
The camera setup consists of one tracking camera and one capture camera, each
with a separate role in the image acquisition workflow. The tracking camera is used
for ArUco marker detection and pose estimation, while the capture camera is used
to acquire images for the 3DGS reconstruction.
Both cameras are 16 MP Arducam cameras connected to the RPi through the Cam-
era Serial Interface (CSI). The cameras are independently calibrated because they
are used for different tasks and have different optical requirements. The tracking
camera uses a wider field of view (FOV) to increase marker visibility during flight.
It is also configured at a lower resolution to reduce computational load, since high
image resolution is not required for ArUco marker detection.
The tracking camera is mounted as a downward-facing camera on the quadrotor.
This orientation allows it to detect ArUco markers placed on the ground and estimate
the quadrotor pose relative to the defined world frame. The capture camera is
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Figure 6.3: Flowchart of the quadrotor hardware.

mounted on an extended frame controlled by a servomotor, which allows images to
be acquired from different pitch angles. This makes it possible to adjust the viewing
direction of the capture camera without changing the quadrotor pitch.

6.2 Software architecture
The software architecture is semi-autonomous because the onboard system does
not perform the full 3DGS reconstruction and NBV planning loop. During flight,
the RPi and Pixhawk handle onboard image acquisition, pose estimation, and flight
execution. The acquired images and poses are then transferred to an off-board GPU
provided by Wirevision, where the 3DGS training is performed. The resulting 3DGS
model is used as input to the configured GauSS-MI NBV planner, which outputs
proposed viewpoints for continued image acquisition.
In the intended autonomous workflow, these viewpoints would then be provided to
the RPi on the quadrotor, after which the quadrotor would acquire the next set of
images. In the implemented PoC, this full acquisition–reconstruction–planning loop
was designed and partially tested, but it was not sufficiently reliable for the final
quantitative evaluation.
During flight, the onboard software system is distributed between the RPi and the
Pixhawk, while an external computer running QGC is used as the ground-control
interface. The RPi runs Raspberry Pi OS as its host operating system, which enables
the use of the Arducam cameras. To run ROS 2 Jazzy Jalisco [13], an Ubuntu
containerized environment is created on the RPi using Docker. The software is
primarily written in C++ and uses a ROS 2 node-based architecture.
The RPi communicates with the Pixhawk over UART using transmit (TX) and
receive (RX) lines. The Pixhawk runs PX4 firmware [14] for flight-control processing
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and uses uORB for internal messaging. To exchange messages between the Pixhawk
and the RPi, a DDS-based bridge is used. The PX4 firmware uses micro XRCE-
DDS middleware to allow uORB messages to be published and subscribed on a
companion computer in a way that is similar to ROS 2 topics. The micro XRCE-
DDS client on the Pixhawk and the micro XRCE-DDS agent on the RPi provide the
communication bridge between the PX4 and ROS 2 environments. The messages are
therefore accessible within the Docker container on the RPi, enabling bidirectional
communication between the RPi and Pixhawk, as shown in Figure 6.4.
QGC is used to operate and manage the quadrotor through telemetry communica-
tion with the Pixhawk. It provides real-time flight monitoring by displaying quadro-
tor position, altitude, speed, battery status, and other flight information. It is also
used as the control interface where missions are uploaded and started. In addition,
QGC provides access to Pixhawk configuration tools, including sensor calibration,
parameter configuration, firmware management, and log analysis when needed.

Figure 6.4: Client-agent communication between the Pixhawk and RPi.

6.3 Flight procedure
Two image acquisition procedures are considered in this thesis: a predefined proce-
dure and an NBV procedure. In the predefined procedure, all camera viewpoints
are selected before the flight. In the NBV procedure, an initial set of viewpoints is
predefined, while the remaining viewpoints are selected by the NBV planner based
on the current 3DGS model. These procedures are referred to as the predefined and
NBV image acquisition procedures.
The procedures described in this section represent the intended quadrotor-based ac-
quisition workflows. The final comparison between the predefined and NBV strate-
gies is performed using the controlled proxy setup described in Chapter 7, while
the quadrotor implementation is used to evaluate the feasibility and limitations of
autonomous acquisition.
The flight procedures for both approaches are shown in Figure 6.5: the NBV-based
procedure in Figure 6.5a and the predefined procedure in Figure 6.5b.
Both image acquisition procedures use the same custom flight-mode framework. To
fly a custom mission, a custom flight mode is created and uploaded to the Pixhawk.
The mode can then be enabled by the user in QGC. The control software uses two
state machines: one for the internal custom flight states and one for handling QGC’s
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Figure 6.5: Flowcharts of the two flight procedures.
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built-in flight modes. The second state machine is required to switch between flight
modes, since the quadrotor uses the built-in TakeOff and Landing modes in QGC.
This allows the quadrotor to take off to a desired altitude, execute the custom flight
mode, and land in a standardized way. The second state machine acts as a simple
state executor and is not described further.
The custom flight state machine starts after the quadrotor has taken off and reached
a hovering position. Its first objective is to detect the ArUco marker with ID 0
and center the quadrotor above it. Since the Pixhawk’s position estimate is based
on internal sensors and cannot be directly overwritten by the custom controller,
the centering is performed by sending corrected waypoints to the quadrotor. The
correction term is defined in the world coordinate frame and is based on the difference
between the detected and expected position of the ArUco marker relative to the
quadrotor. The objective is to make the relative error between the estimated and
desired quadrotor position converge toward zero.
The centering state remains active until the quadrotor has reached its waypoint and
held its position within a specified positional and angular error for a set time. When
these criteria are met, the capture camera is triggered to perform image acquisition.
After the first image has been acquired, the state machine enters the Fly Circle state,
where the remaining predetermined viewpoints are visited and an image is acquired
at each waypoint. When all waypoints have been reached and the images have been
acquired, the second state machine calls the Landing mode, and the quadrotor lands
at its starting position. This structure is used for the predefined image acquisition
procedure and for the initial stage of the NBV image acquisition procedure.
In the NBV image acquisition procedure, the initial images and poses are used to
create an initial 3DGS reconstruction. The 3DGS reconstruction follows the method
described in Section 4.3. The current 3DGS model is then used as input to the NBV
planner described in Section 5.3. The NBV planner outputs new viewpoints that
are expected to improve the 3DGS reconstruction. In the intended autonomous
workflow, these viewpoints would then be provided to the RPi, and the quadrotor
would perform another image acquisition step from the proposed viewpoints. This
acquisition-reconstruction-planning loop is intended to repeat untill the NBV scores
converge, indicating that additional viewpoints are unlikely to improve the recon-
struction further. In the current PoC implementation, convergence is not evaluated
automatically; instead, the loop runs for a fixed number of stages, as described in
the evaluation setup in Chapter 7.1

6.4 Implementation status
The implemented quadrotor PoC was evaluated at a system level to determine which
parts of the intended workflow were implemented, which parts were partially verified,
and which parts were not reliable enough for the final evaluation. This section
does not present the final reconstruction results; those are presented in Chapter 7.
Instead, it documents the practical outcome of the quadrotor implementation.
Table 6.1 summarizes the implementation status of the main system components.
The implementation showed that the main hardware and software components could
be integrated into a common PoC architecture. The RPi could communicate with
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Table 6.1: Implementation status of the quadrotor PoC system.

Component Status Verification
Quadrotor hardware platform Implemented Assembled with Pixhawk, RPi, cam-

eras, telemetry, and power distribu-
tion.

RPi—Pixhawk communica-
tion

Implemented UART and micro XRCE-DDS com-
munication tested between PX4 and
ROS 2.

Tracking camera and ArUco
pose estimation

Implemented Marker detection and pose estimation
tested under controlled conditions.

Capture camera system Implemented Image capture and servo-mounted
camera configuration tested.

Predefined quadrotor acquisi-
tion

Partially verified Custom flight mode and waypoint-
based acquisition logic implemented
and tested.

NBV quadrotor loop Partially verified Off-board reconstruction and NBV
planning integrated, but the full au-
tonomous loop was not repeatable in-
doors.

COLMAP, 3DGS, and NBV
pipeline

Implemented Used for off-board reconstruction and
NBV planning in the final strategy
evaluation.

the Pixhawk, the cameras could be connected and controlled, ArUco-based pose
estimation could be performed under controlled conditions, and the off-board re-
construction and NBV-planning pipeline could be executed. However, the complete
autonomous workflow was not sufficiently robust to support a fair quantitative com-
parison between predefined and NBV image acquisition strategies.

6.5 Summary
The implemented quadrotor system demonstrates that the main hardware and soft-
ware components required for NBV-guided image acquisition can be integrated into
a common PoC architecture. The platform supported Pixhawk–RPi communica-
tion, camera-based image acquisition, ArUco-based pose estimation, and off-board
reconstruction and NBV planning.
At the same time, testing showed that the system was not sufficiently reliable for
repeatable autonomous indoor image acquisition. The limitations primarily affected
indoor positioning and the integration of the full acquisition-reconstruction-planning
loop. The practical limitations that prevented reliable autonomous operation are
presented in Section 7.6.
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7
Evaluation and Results

This chapter presents the results of both evaluations conducted in this thesis: the
comparison between the predefined and NBV-guided image acquisition strategies,
addressing RQ1 and RQ2, and then the practical limitations of the quadrotor PoC
system, addressing RQ3. The purpose of the evaluation is to determine whether the
NBV strategy improves 3DGS reconstruction quality compared with a predefined
strategy.
To avoid ambiguity, this thesis distinguishes between the image acquisition strategies
and the reconstruction modes. The acquisition strategy is either predefined where all
viewpoints are selected before acquisition, or NBV-guided where all viewpoints are
selected adaptively based on the current 3DGS reconstruction. The reconstruction
mode is either stage-wise or batched.
The main comparison is performed at equal numbers of captured images in order to
evaluate reconstruction quality as a function of acquisition progress. The predefined
and NBV strategies are therefore compared after 12, 18, 24, 30, and 36 training
images. This stage-wise comparison shows whether the NBV strategy reaches a
given reconstruction quality with fewer images, or produces better reconstruction
quality for the same number of acquired images.
In addition, the batch reconstructions are compared after both strategies have
reached 36 training images. This batch comparison evaluates whether the NBV
strategy provides a better final reconstruction when both methods use the same
total image budget. The 36-image staged reconstruction is the last point in the
staged comparison, while the batch reconstruction is trained from scratch using all
36 images.
The evaluation focuses on the acquisition strategy rather than on the autonomous
flight performance of the quadrotor. As described in Chapter 6, the implemented
quadrotor system was not sufficiently robust to complete the full acquisition and
reconstruction workflow autonomously in a repeatable indoor setting. Therefore,
the final comparison between the predefined and NBV strategies is performed using
a controlled proxy setup. This makes it possible to compare the two strategies
under repeatable conditions while still preserving the intended reconstruction and
NBV planning workflow.

7.1 Evaluation objective
The objective of the evaluation is to assess whether the NBV image acquisition strat-
egy can improve object-centred 3DGS reconstruction compared with a predefined
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image acquisition strategy. The predefined strategy is used as a baseline because
it represents a simple and repeatable acquisition method where all viewpoints are
selected before reconstruction. The NBV strategy instead starts from an initial set
of images and uses the current 3DGS model to select additional viewpoints.
The comparison is designed to evaluate whether the additional complexity intro-
duced by NBV planning is justified by improvements in reconstruction quality,
acquisition efficiency, or practical reconstruction performance. The evaluation is
structured around RQ1 and RQ2 from Chapter 1. RQ3 concerns the practical limi-
tations of the quadrotor PoC system and is addressed through the results in Section
7.6 and the discussion in Section 8.2.
The evaluation uses image registration results, image-based reconstruction quality
metrics, reconstruction density indicators, practical reconstruction cost, and visual
inspection.
Since no ground-truth geometry is available, the evaluation does not measure abso-
lute geometric accuracy. Instead, visual completeness is assessed indirectly through
rendered-view metrics, reconstruction density indicators, including the number of
sparse COLMAP points and optimized Gaussians, and qualitative inspection of
rendered views.

7.2 Evaluation setup
The final evaluation is performed in a controlled indoor environment using the con-
trolled proxy setup. The proxy setup is a handheld platform carrying one tracking
camera and one capture camera, both actuated by an onboard RPi when a capture
button is pressed. It is designed to mimic the image acquisition of the quadrotor
while allowing repeatable manual capture. The camera-to-camera transform was
handled using the same approach: the base transform was derived from the CAD
model at the neutral servo angle, and updated according to the current servo angle
during acquisition. The tracking camera is used to estimate the camera pose, while
the capture camera is used to acquire the images used for reconstruction. The cap-
ture camera on this platform is a separate 12 MP camera, not the 16 MP Arducam
capture camera used on the quadrotor. Unlike the quadrotor cameras, the intrin-
sic parameters of this camera were not determined through a separate calibration
procedure. Instead, COLMAP estimated the camera intrinsics directly from the ac-
quired images during sparse reconstruction. During acquisition, the estimated pose
of the capture camera was monitored. When the tracking camera could not detect
a marker, the pose was instead estimated from the known acquisition geometry, and
later retrieved through georeferencing.
Two objects are used in the evaluation. The first object is an office chair with a box
placed on it and the second is the quadrotor used as a static reconstruction object
(referred to as the quadrotor object in the following). For each object, two datasets
are acquired: one using the predefined strategy and one using the NBV-guided
strategy.
The predefined strategy consists of 36 training images acquired from viewpoints
evenly spaced around the object in a circular motion. The viewpoints are distributed
over three height levels, with 12 images captured at each height. This gives a fixed
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and repeatable baseline dataset. For the stage-wise evaluation, predefined subsets
are formed from the same fixed sequence at 12, 18, 24, 30, and 36 images in order
to compare it to the staged NBV reconstructions.
The NBV strategy starts with 12 initial training images, from the second height level
of the predefined strategy. An initial 3DGS model is trained from these images and
used by the NBV planner to select six additional viewpoints. A new reconstruction is
then trained upon the previous one using the updated dataset, after which the NBV
planner selects another six viewpoints. This process is repeated until 24 additional
images have been acquired, resulting in a total of 36 training images. The NBV
strategy is therefore evaluated after 12, 18, 24, 30, and 36 images.
The predefined and NBV stage-wise strategies are compared at equal numbers of
training images. This makes it possible to compare and evaluate whether the NBV-
selected viewpoints improve reconstruction quality during acquisition. The batch
reconstructions are also compared to evaluate the result when both strategies start
from scratch with the collected images.
Five evaluation views are acquired for each object. These views are not included in
any of the training datasets. They are used only for evaluating the trained 3DGS
models. This makes it possible to compare how well the reconstructions generalize
to viewpoints that were not used during training.
To ensure a fair comparison, the same object, camera setup, image resolution, light-
ing conditions, camera calibration, pose-estimation procedure, COLMAP pipeline,
and 3DGS training settings are used for both acquisition strategies whenever possi-
ble. Reconstruction settings are kept fixed between the strategies and are summa-
rized in Table 7.3.
The evaluated acquisition cases are summarized in Table 7.1, and the image counts
and cumulative iterations used for the stage-wise comparison are summarized in
Table 7.2.

Table 7.1: Evaluation cases for the predefined and NBV-guided image acquisition
strategies.

Object Strategy Initial Added Total Eval. views
Office chair with box Batch Predefined 36 0 36 5

Batch NBV 36 0 36 5
Stage-wise Predefined 12 24 36 5
Stage-wise NBV 12 24 36 5

Quadrotor Batch Predefined 36 0 36 5
Batch NBV 36 0 36 5
Stage-wise Predefined 12 24 36 5
Stage-wise NBV 12 24 36 5

7.3 Evaluation metrics
The evaluation metrics are chosen to answer the research questions without rely-
ing on measurements that cannot be obtained reliably in the final setup. Since no
ground-truth geometry is available, geometric accuracy is not evaluated directly.
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Table 7.2: Training-image counts and cumulative training iterations used in the
staged reconstruction comparison.

Stage-wise Strategy Stage 1 Stage 2 Stage 3 Stage 4 Stage 5
Predefined images 12 18 24 30 36
NBV images 12 18 24 30 36
Cumulative iterations 30k 40k 50k 60k 70k

Table 7.3: Fixed reconstruction and evaluation settings used for both strategies.

Setting Value
Acquisition setup Controlled proxy setup
Tracking camera 16 MP Arducam
Capture camera 12 MP camera (not the quadrotor Arducam)
Image resolution 1514 x 2022
Object mask/background handling Rembg-based object masking; black background

for both rendered and reference images at evalu-
ation

COLMAP settings Same settings used for both strategies
3DGS training iterations 30,000 for batch and initial reconstruction. 10,000

for stage-wise reconstructions
3DGS training settings Same settings used for both strategies
Evaluation views 5 views not used during training
Training hardware AMD Ryzen 7 5700X (8-core, 4.67 GHz boost);

NVIDIA GeForce RTX 2080 Ti (11 GiB VRAM);
31 GiB RAM; Ubuntu 24.04.4 LTS
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Metrics such as absolute surface error, ground-truth coverage, and geometric com-
pleteness are therefore excluded. Instead, the evaluation focuses on metrics that can
be measured consistently for both acquisition strategies.

7.3.1 Image registration and reconstruction information

Before evaluating the trained 3DGS models, the number of successfully registered
images is recorded. This is important because two strategies may acquire the same
number of input images, while COLMAP may only register a subset of them. A
lower number of registered images means that less of the acquired data contributes
to the final reconstruction.
In addition to image registration, the number of sparse COLMAP points and the
number of optimized 3D Gaussians are recorded. These values do not directly mea-
sure reconstruction quality, but they provide useful information about the density
and size of the reconstruction. A larger number of sparse points or Gaussians may
indicate that more visual structure was reconstructed, but it may also increase stor-
age cost and does not necessarily guarantee better novel-view rendering quality.

7.3.2 Image-based reconstruction quality

Image-based reconstruction quality is evaluated by comparing rendered images from
the trained 3DGS models with corresponding reference images. The reference images
are acquired from five evaluation viewpoints that are not included in the training
datasets. This makes it possible to evaluate how well each reconstruction generalizes
to viewpoints outside the training set.
For each acquisition strategy, a separate 3DGS model is trained using the same
reconstruction pipeline and training settings. The trained models are then rendered
from the same evaluation viewpoints. The rendered images are compared with
the corresponding reference images using Peak Signal-to-Noise Ratio (PSNR) [15],
Structural Similarity Index Measure (SSIM) [12], and Learned Perceptual Image
Patch Similarity (LPIPS) [16]. These metrics are used in the original 3DGS paper
to evaluate novel-view synthesis quality [7].
PSNR measures pixel-wise similarity between the rendered and reference images.
A higher PSNR value indicates a lower pixel-wise error. SSIM measures structural
similarity by considering luminance, contrast, and local image structure. A higher
SSIM value indicates better structural similarity. LPIPS measures perceptual simi-
larity using learned visual features, where a lower value indicates better perceptual
similarity.
These three metrics are used together because they capture different aspects of vi-
sual reconstruction quality. PSNR provides a pixel-level comparison, SSIM evaluates
structural similarity, and LPIPS gives a perceptual comparison. Since these metrics
are computed from rendered images, they do not directly measure geometric ac-
curacy. They are therefore interpreted as image-based indicators of reconstruction
quality.
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7.3.3 Computational and practical cost
The computational and practical cost of each strategy is evaluated using 3DGS
training time and final model size. Training time describes the computational ef-
fort required to optimize the 3DGS model, while model size describes the storage
requirement of the final reconstruction.
These metrics do not directly measure reconstruction quality. Instead, they are used
to evaluate practical trade-offs. The NBV-guided strategy requires intermediate
reconstruction and viewpoint planning steps before the final model is trained. This
introduces additional computational cost compared with the predefined strategy.
The NBV strategy is therefore only considered beneficial if this added complexity
leads to improved reconstruction quality, improved coverage in the rendered views,
or a more efficient viewpoint sequence.

7.4 Visual comparison
In addition to the quantitative metrics, the final reconstructions are inspected vi-
sually from the same evaluation viewpoints. This comparison is used to identify
visible differences that may not be fully captured by PSNR, SSIM, or LPIPS.
The visual inspection focuses on whether the reconstructed object appears complete
and stable across viewpoints. Particular attention is given to missing regions, float-
ing artifacts, blurred or unstable surfaces, and thin structures. Since no ground-truth
geometry is available, this visual comparison is treated as a qualitative complement
to the quantitative image-based metrics rather than as a direct measurement of
geometric accuracy.

7.5 Results
The results are obtained using the controlled proxy setup described in Section 7.2.
The predefined and NBV strategies are therefore evaluated with the same recon-
struction pipeline, the same total number of images, and the same evaluation views.

7.5.1 Image registration and reconstruction information
Table 7.4 summarizes the number of acquired and registered images for each strategy.
The table also reports the number of sparse COLMAP points and the number of
optimized 3D Gaussians, which are used as practical indicators of reconstruction
density.
For the office chair with box, the batch predefined 30,000-iteration reconstruction
registered all 36 training images, while the batch NBV reconstruction registered
33 out of 36 images. In the staged reconstructions, the predefined reconstruction
registered 35 images and the staged NBV reconstruction registered 34 images. This
means that the predefined strategy registered slightly more images in both batched
and staged reconstructions.
At the same time, the NBV reconstructions produced substantially denser recon-
structions in terms of sparse points and Gaussians. This is especially clear for the
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Table 7.4: Image registration and reconstruction density results.

Object Strategy Images Reg. Gaussians Sparse points
Office chair with box Batch Predefined 36 36 50,779 10,312

Batch NBV 36 33 199,335 19,604
Stage-wise Predefined 36 35 47,236 9,973
Stage-wise NBV 36 34 79,196 19,774

Quadrotor Batch Predefined 36 36 41,592 32,192
Batch NBV 36 36 48,452 23,690
Stage-wise Predefined 36 36 25,075 34,531
Stage-wise NBV 36 36 35,165 22,165

batch reconstruction, where the NBV strategy produced 199,335 Gaussians com-
pared with 50,779 for the predefined strategy. The same trend is seen in the staged
comparison, where the staged NBV reconstruction produced 79,196 Gaussians and
19,774 sparse points, compared with 47,236 Gaussians and 9,973 sparse points for
the staged predefined reconstruction.
For the quadrotor, all strategies registered all of the images. The predefined strate-
gies registered more sparse points while the NBV strategies produced more Gaus-
sians for the respective batched and staged strategies.
The registration results indicate how much of the acquired data could be used by
the reconstruction pipeline. If one strategy has a lower registration count, this must
be considered when interpreting the reconstruction-quality results. However, the
amount of usable reconstruction information is not determined only by the num-
ber of registered images. It also depends on image quality, viewpoint distribution
around the object, and overlap between neighbouring views. The density values
should therefore be interpreted together with the image-based metrics and visual
comparison. A denser reconstruction can indicate improved coverage or more re-
constructed detail, but it can also increase model size and does not by itself prove
higher reconstruction quality.

7.5.2 Image-based reconstruction quality
The predefined and NBV strategies are compared at 12, 18, 24, 30, and 36 training
images using the same held-out evaluation views, see Table 7.5. The metrics evolu-
tion over the stages can be seen in Figures 7.1, 7.2 and 7.3 for the PSNR, SSIM and
LPIPS metrics, respectively for both evaluated objects. The result for the batch
reconstructions for both evaluated objects can be seen in Table 7.6.
For the office chair with box, the staged results show that the predefined strat-
egy performs slightly better during the earliest stages. At 12 and 18 images, the
predefined strategy achieves higher PSNR and SSIM and lower LPIPS. After more
NBV-guided views are added, the NBV strategy improves more strongly. At 30 and
36 images, the staged NBV reconstruction achieves higher PSNR and lower LPIPS
than the staged predefined reconstruction, while SSIM remains very similar.
The batch comparison shows a similar trade-off for the office chair with box. The
NBV reconstruction achieves better PSNR and LPIPS, with a PSNR of 23.89 com-
pared with 22.45 and an LPIPS of 0.191 compared with 0.212. However, the pre-
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Table 7.5: Stage-wise image-based reconstruction quality results. Each pair of
rows compares the predefined and NBV strategies using the same number of training
images. Bold values indicate the better result within each predefined/NBV pair.

Object Stage-wise Strategy Images PSNR ↑ SSIM ↑ LPIPS ↓
Office chair with box Predefined 12 19.98 0.783 0.244

NBV 12 19.90 0.781 0.246
Predefined 18 20.70 0.795 0.240
NBV 18 19.89 0.775 0.249
Predefined 24 21.25 0.810 0.229
NBV 24 21.45 0.800 0.229
Predefined 30 21.72 0.814 0.226
NBV 30 22.74 0.821 0.212
Predefined 36 21.61 0.823 0.220
NBV 36 22.93 0.822 0.205

Quadrotor Predefined 12 17.50 0.761 0.211
NBV 12 18.15 0.785 0.188
Predefined 18 17.86 0.775 0.199
NBV 18 18.41 0.793 0.180
Predefined 24 18.79 0.792 0.185
NBV 24 18.74 0.802 0.170
Predefined 30 19.51 0.808 0.172
NBV 30 19.16 0.811 0.161
Predefined 36 20.23 0.822 0.159
NBV 36 19.50 0.817 0.156

(a) Office chair with box PSNR evolu-
tion (b) Quadrotor PSNR evolution

Figure 7.1: Evolution of PSNR for the predefined and NBV strategies.
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(a) Office chair with box SSIM evolution (b) Quadrotor SSIM evolution

Figure 7.2: Evolution of SSIM for the predefined and NBV strategies.

(a) Office chair with box LPIPS evolu-
tion (b) Quadrotor LPIPS evolution

Figure 7.3: Evolution of LPIPS for the predefined and NBV strategies.

Table 7.6: Final image-based reconstruction quality results at 36 training images.
Bold values indicate the better result within each predefined/NBV pair.

Object Batch Strategy Images PSNR ↑ SSIM ↑ LPIPS ↓
Office chair with box Predefined 36 22.4531 0.8388 0.2120

NBV 36 23.8903 0.8133 0.1910
Quadrotor Predefined 36 21.7588 0.8380 0.1318

NBV 36 21.4060 0.8298 0.1354
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defined reconstruction achieves the higher SSIM, with 0.839 compared with 0.813.
For the office chair with box, the NBV strategy therefore improves pixel-wise and
perceptual image quality, but it does not improve all image-based metrics.
For the quadrotor, the staged results for the NBV strategy does not indicate a clear
improvement over the predefined strategy. The NBV strategy starts ahead in all
metrics but is overtaken by the predefined strategy in the metric PSNR after 24
images and SSIM after all registered images. The NBV strategy does achieve a
lower LPIPS value, but the evolution shows that the predefined strategy decreases
at a faster rate. Since both strategies use the same initial 12 images, their Stage
1 metric values should theoretically be identical; the small observed differences are
attributed to non determinism in the 3DGS training process. Nevertheless, the
predefined strategy improves more rapidly and more consistently across stages.
The batch comparison for the quadrotor shows that the predefined strategy outper-
forms the NBV strategy in all metrics.
The results should be interpreted together with the visual comparison of rendered
images. This is important because image-based metrics may not fully capture visible
reconstruction defects such as floaters, holes, blurred regions, or unstable geometry
across viewpoints.

7.5.3 Computational and practical cost
Table 7.7 summarizes the practical reconstruction cost for each strategy. The batch
reconstructions are trained for 30,000 iterations, while the staged reconstructions
represent the cumulative staged process from 30,000 to 70,000 iterations. Training
time and model size are recorded to evaluate the practical cost of each approach.

Table 7.7: Computational reconstruction results.

Object Strategy Iterations Time [min] Model size [MB]
Office chair with box Batch Predefined 30,000 32.7 12.59

Batch NBV 30,000 39.3 49.44
Stage-wise Predefined 70,000 97.3 11.72

Stage-wise NBV 70,000 102.0 19.64
Quadrotor Batch Predefined 30,000 16.9 10.32

Batch NBV 30,000 19.8 12.02
Stage-wise Predefined 70,000 57.5 6.22

Stage-wise NBV 70,000 59.7 8.72

For the office chair with box, the batch NBV reconstruction required more training
time and produced a substantially larger model than the predefined reconstruction.
The batch NBV reconstruction training required 39.3 minutes and resulted in a
49.44 MB model, while the batch predefined reconstruction training required 32.7
minutes and resulted in a 12.59 MB model. The staged NBV reconstruction also
required slightly more time and storage than the staged predefined reconstruction,
with 102.0 minutes and 19.64 MB compared with 97.3 minutes and 11.72 MB.
This shows that the NBV strategy introduces additional practical cost, for the office
chair with box. This added cost is accompanied by improved PSNR and LPIPS, but
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not by improved SSIM. The benefit of the NBV strategy is therefore not a uniform
improvement across all metrics, but rather a trade-off between improved perceptual
and pixel-wise reconstruction quality, denser reconstruction, and increased compu-
tational and storage cost.
For the quadrotor the data shows a similar pattern in terms of time and model
size. The pattern is although not as strong as for the chair with box. In this case
the additional practical cost, is only accompanied by improved LPIPS in the staged
comparison.

7.5.4 Visual comparison
The visual comparison does not provide quantitative measurements, but instead
evaluates qualitative differences between the reconstructed 3DGS models. The first
section evaluates the office chair with box and the second section evaluates the
quadrotor.

7.5.4.1 Renders of Office Chair with Box

Figure 7.4 presents rendered views of the four reconstruction strategies for the office
chair with box. All renders are captured from the same viewpoint to ensure a fair
comparison between the models. The viewpoint presents the object from a slightly
elevated side angle. Figure 7.5 presents the same models from a rear viewpoint.

(a) Render of
Stage-wise Prede-
fined model

(b) Render of
Stage-wise NBV
model

(c) Render of Batch
Predefined model

(d) Render of
Batch NBV model

Figure 7.4: Rendered images of each 3DGS model from the four different strategies,
captured from the same above and side view in each 3DGS model.

The rendered images appear visually similar overall, although several differences can
be observed. The staged 3DGS models in Figures 7.4a and 7.4b show more leakage
of Gaussians into the background, resulting in lower contrast between foreground
and background compared to the batched 3DGS models in Figures 7.4c and 7.4d.
This effect is particularly visible along the upper edges of the 3DGS models, where
the boundary between foreground and background appears more blurred. The 3DGS
reconstruction of the wheels is challenging for most strategies. Among the four mod-
els, the batch predefined 3DGS model in Figure 7.4c preserves the wheel structures
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most clearly, while the batch NBV 3DGS model in Figure 7.4d shows the largest
amount of distortion and Gaussian leakage in these regions. A noticeable difference
in brightness and contrast can be observed between the predefined and NBV 3DGS
models. The NBV models display stronger contrast on the side surfaces of the box,
which may indicate improved surface definition. However, this difference is likely
influenced by variations in environmental lighting during data collection rather than
solely by the reconstruction strategy itself.
Overall, the batch reconstructions produce visually cleaner results due to their
sharper separation between foreground and background. Between the two batch ap-
proaches, the NBV reconstruction achieves stronger contrast, while the predefined
reconstruction appears more stable and exhibits less Gaussian leakage, particularly
around the wheels.

(a) Render of Stage-
wise Predefined model

(b) Render of Stage-
wise NBV model

(c) Render of
Batch Predefined
model

(d) Render of Batch
NBV model

Figure 7.5: Rendered images of each 3DGS model from the four different strategies,
captured from the same back view in each 3DGS model.

Compared to the previous viewpoint, the rendered images from the rear view ex-
hibit more noticeable visual differences between the reconstruction strategies. From
the rear, the NBV-guided 3DGS models show stronger contrast around the object
boundaries, particularly in the region beneath the seat. The surface details on the
object also appear more textured on the backside of the chair in the NBV-guided
3DGS models in comparison to the predefined 3DGS models which appear more
blurred. From the rear it is further clear that the batch predefined model in Figure
7.5c looks the best around the wheels, meanwhile the batch NBV model in Figure
7.5d shows the largest amount of distortion and Gaussian leakage in these regions.
Overall the NBV-guided 3DGS models in Figures 7.5b and 7.5d provide the most
visually detailed results from the rear viewpoint. Between these two, the batch
model exhibits less Gaussian leakage across most regions of the model and maintains
sharper boundaries between foreground and background.

7.5.4.2 Quadrotor

It is visually clear that the batch 3DGS models portray the quadrotor better than the
staged models. The batched ones has captured more detail and has less leakage of
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(a) Render of Pre-
defined & Staged

(b) Render of NBV
& Staged

(c) Render of Pre-
defined & Batch

(d) Render of NBV
& Batch

Figure 7.6: Rendered images of each 3DGS model from the four different strategies.

Gaussians between foreground and background. It is clear that all models except the
batch predefined model in Figure 7.6c has been severely punished by the background
masking step. This can be observed in the staged models in Figures 7.6a and 7.6b
where the white frame in the front holding the servo and capture camera is gone.
The front right propeller is vague in the staged NBV model in Figure 7.6b and the
back left propeller is half missing in the batch NBV model in Figure 7.6d.
Overall the batch predefined model in Figure 7.6c provides the most visually clean
result. It has the lowest amount of distortion and Gaussian leakage, and also con-
tains most details about the quadrotor. Although the model in Figure 7.6c contains
the most detail, it has to do with the result of the masking of the images and less to
do with the 3DGS training. However, all images are masked using the same model
and therefore treated fairly. The masking of the images is affected by the viewpoint
of the quadrotor, and therefore directly influenced by the NBV proposals.

7.6 Quadrotor PoC: practical limitations
Several practical limitations were identified during implementation and testing of
the quadrotor system. These limitations affected the reliability of the intended
autonomous workflow and motivated the use of a controlled proxy setup for the
final strategy comparison. The main limitations are summarized in Table 7.8.
These limitations do not invalidate the quadrotor implementation, but they define
the maturity level of the system. The PoC demonstrates that the main components
can be connected, while also showing that additional work is required before the
complete workflow can be executed autonomously and repeatably indoors.

7.7 Summary of evaluation
The evaluation compares a predefined image acquisition strategy with an NBV image
acquisition strategy. The predefined strategy acquires 36 images from a fixed circular
viewpoint pattern over three height levels. The NBV strategy starts from 12 initial
images and adds 24 images through repeated NBV planning, resulting in the same
final number of images.
The comparison is performed using the controlled proxy setup rather than the

55



7. Evaluation and Results

Table 7.8: Practical limitations of the quadrotor PoC system.

Issue Observed effect and consequence
Limited indoor GPS re-
liability

GPS was not reliable as a primary in-
door position source, which made re-
peatable autonomous indoor flight dif-
ficult.

ArUco visibility limita-
tions

Markers were not always visible due
to viewpoint, distance, or FOV limi-
tations, causing intermittent pose up-
dates.

Vibration and motion
blur

Propeller and frame vibrations reduced
image sharpness, making captured im-
ages less reliable for 3DGS training.

Lighting sensitivity Glare and exposure variations affected
marker detection and image quality,
reducing robustness across test condi-
tions.

Off-board 3DGS compu-
tation

3DGS training required external GPU
resources, so the full acquisition—
reconstruction—planning loop could
not run onboard in real time.

Closed-loop robustness The full sequence from flight to NBV-
guided reacquisition was not repeatable
enough for final quantitative evalua-
tion.

quadrotor PoC system. This allows the acquisition strategies to be evaluated under
controlled and repeatable conditions. The practical limitations of the quadrotor
system are presented in Section 7.6.
The evaluation uses image registration, PSNR, SSIM, LPIPS, sparse COLMAP
point count, number of Gaussians, training time, model size, and visual inspection.
Metrics that require ground-truth geometry are excluded because no exact reference
geometry is available. The results are therefore interpreted as a comparison of image-
based reconstruction quality, reconstruction density, and practical cost rather than
as an absolute measurement of geometric accuracy.
For the office chair with box, the NBV strategy improves on PSNR and LPIPS,
while the predefined strategy achieves slightly higher SSIM, in both the batch and
stage-wise evaluations. The NBV reconstructions produce denser models, but with
higher computational and storage cost. The final conclusion for this object therefore
depends on whether perceptual quality and reconstruction density are considered
more important than compactness, runtime, and structural-similarity score.
For the quadrotor, the NBV strategy creates denser models and has higher compu-
tational and storage cost. This is only accompanied by a better LPIPS value for
the staged strategy but not the batched strategy, in comparison to the respective
predefined models. The metrics PSNR and SSIM are higher in both the staged and
the batch results for the predefined models.
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This chapter discusses the results and limitations of the thesis. The discussion is
divided into four main parts. First, the change from the intended quadrotor-based
image acquisition system to the controlled proxy setup is discussed. Second, research
questions are addressed based on the evaluation results presented in Chapter 7.
Third, directions for future work are outlined. Finally, the overall conclusions of the
thesis are presented.

8.1 Changing the image capturing system
The thesis was originally intended to use the quadrotor-based PoC system for the
final image acquisition experiments. Although the quadrotor was not expected to
be a fully autonomous product-level system, it needed to be sufficiently reliable
for repeatable indoor acquisition. During implementation and testing, this was not
achieved. The main limiting factor was the reliability of the pose estimation and
position control.
The intended approach was to use ArUco-based pose estimation together with the
Pixhawk’s onboard sensor estimates to control the quadrotor indoors. However,
without GPS the quadrotor relied mainly on barometric measurements, IMU data,
and intermittent corrections from ArUco marker detections. This resulted in unsta-
ble vertical and horizontal behaviour. The take-off altitude varied between trials,
and the quadrotor often showed a gradual altitude drift after take-off. Horizontal
drift was also observed, which caused the tracking camera to lose sight of the ArUco
markers. Once the markers were no longer visible, the system could not provide
reliable pose corrections.
A denser ArUco marker layout could potentially reduce this problem, but it would
not be a practical solution. A large number of markers would have to be placed
accurately before each experiment, which would make the setup time-consuming
and reduce the benefit of autonomous acquisition. Outdoor operation with GPS
was also tested briefly, even though it was outside the main scope of the thesis.
These tests showed that wind, vibration, GPS uncertainty, and changing lighting
conditions introduced additional problems. In particular, vibration and sunlight
reduced image quality, while sunlight and glare made ArUco marker detection less
reliable.
For these reasons, the final comparison between the predefined and NBV acquisition
strategies was performed using the controlled proxy setup instead of the quadrotor.
The proxy setup still preserved the central parts of the intended workflow: a tracking

57



8. Discussion

camera was used for pose estimation, a separate capture camera was used for image
acquisition, and the acquired images were processed through the same reconstruction
and NBV planning pipeline.
This change means that the final evaluation should be interpreted as a controlled
proxy evaluation of the acquisition strategies rather than as a full demonstration of
autonomous quadrotor acquisition. The results still address whether NBV-guided
viewpoint selection can improve 3DGS reconstruction, but it does not prove that
the implemented quadrotor can execute the complete workflow autonomously.

8.2 Discussion of Research Questions
The thesis was guided by three research questions. The first two concern the com-
parison between predefined and NBV-guided image acquisition. The third concerns
the practical limitations of the implemented quadrotor PoC system.

• RQ1: How does image-based reconstruction quality and visual completeness
compare between an adaptive NBV-based and a predefined image acquisition
strategy when using the same number of images?

• RQ2: How does the number of images required to reach comparable image-
based reconstruction quality and visual completeness differ between an adap-
tive NBV-based and a predefined image acquisition strategy in a controlled
proxy setup?

• RQ3: What practical limitations prevent the implemented quadrotor PoC
system from completing the same acquisition and reconstruction workflow au-
tonomously in an indoor environment?

The following sections discuss each research question based on the implementation
and evaluation results.

RQ1: Reconstruction quality and completeness using the
same number of images
For the office chair with a box, the staged results show that the NBV strategy
does not consistently outperform the predefined strategy in the early acquisition
stages. At 12 and 18 images, the predefined strategy achieves slightly higher PSNR
and SSIM and lower LPIPS. The NBV strategy begins to outperform the prede-
fined strategy from 30 images onward, achieving higher PSNR and lower LPIPS,
while SSIM remains comparable. The batch comparison confirms this pattern: the
NBV strategy achieves higher PSNR and lower LPIPS, while the predefined strategy
achieves higher SSIM. The visual comparison supports a mixed interpretation: the
NBV reconstructions show subtly stronger contrast and surface detail on both the
rear of the chair and the front surfaces of the box, while the predefined reconstruc-
tions are slightly more stable around the wheels.
For the quadrotor, the staged results show that the NBV strategy leads on all three
metrics at 12 and 18 images, but the predefined strategy overtakes on PSNR after
24 images and on SSIM across most later stages. The NBV strategy retains a lower
LPIPS value throughout the staged comparison. The batch comparison shows that
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the predefined strategy outperforms the NBV strategy on all three metrics. The
visual comparison supports this: the predefined batch reconstruction produces the
cleanest overall result, with less Gaussian leakage and the most complete rendering
of structural details.
Taken together, the results show that image-based reconstruction quality and visual
completeness differ inconsistently between the two strategies when using the same
number of images. The NBV strategy does not uniformly improve image-based re-
construction quality over the predefined strategy for the same number of images.
The improvement is most consistent for PSNR and LPIPS on the chair, while SSIM
favours the predefined strategy in the final comparison for both objects. This sug-
gests that the benefit of NBV-guided image acquisition is not guaranteed and may
depend on object geometry and how well the initial reconstruction captures the
object before NBV selection begins.

RQ2: Reconstruction quality relative to acquisition effort
For the office chair with a box, the staged comparison provides some evidence of
an efficiency gain consistent with RQ2. The NBV strategy at 30 images achieves
a higher PSNR and lower LPIPS than the predefined strategy at 36 images, while
SSIM is nearly equal. This indicates that the NBV strategy can reach comparable or
better reconstruction quality on these metrics with fewer acquired images, at least
for this object. However, this efficiency comes at a higher computational and storage
cost, as shown in Table 7.7, and the improvement does not extend consistently to
all metrics.
For the quadrotor, the staged data does not support a comparable efficiency gain.
The NBV strategy leads on all three metrics at 12 and 18 images and retains a
lower LPIPS value throughout, but the predefined strategy achieves higher PSNR
and SSIM from 30 images onward. The NBV strategy therefore does not reach
comparable overall quality with fewer acquired images for this object, and it is not
possible to confirm an efficiency gain based on the available staged results.
Overall, the results show that the number of images required to reach comparable
quality differs inconsistently between the two strategies. For the office chair with a
box, the NBV strategy reaches comparable or better quality on PSNR and LPIPS
at 30 images compared with the predefined strategy at 36, suggesting a modest
efficiency gain. This benefit is not confirmed for the quadrotor. The acquisition
efficiency of the NBV strategy must also be weighed against the additional com-
putational cost introduced by the intermediate reconstruction and NBV planning
steps, which are required before each new set of images are acquired.

Interpretation of the NBV results
The results from RQ1 and RQ2 show that the NBV strategy did not consistently out-
perform the predefined strategy across both objects, metrics, and acquisition stages.
Several factors may have contributed to this behaviour, although their individual
effects cannot be determined from the current evaluation.
The results were therefore less uniformly positive for NBV than expected, since
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the NBV strategy was expected to provide clearer benefits by targeting under-
represented regions of the reconstruction. However, the mixed results also indicate
that identifying informative viewpoints is not sufficient on its own; the selected
viewpoints must also be suitable for the complete reconstruction pipeline.
This section provides possible interpretations of the observed trends, while noting
that these explanations cannot be confirmed without additional experiments.
One possible explanation is that the outcome of the NBV strategy depends strongly
on the intermediate reconstruction used for planning. The purpose of NBV is to
identify under-represented or uncertain regions in the current model and select view-
points that can improve those regions. However, the reconstruction and training
pipeline contains non-deterministic components, which means that the exact inter-
mediate reconstruction may vary between runs even when the same images are used.
As a result, the regions considered under-represented by the NBV planner may also
vary. A different iteration of the same experiment could therefore have produced
slightly different NBV selections and possibly different reconstruction results. Since
the evaluation was limited to one run per object, it is not possible to determine how
repeatable the observed differences are.
Another possible explanation concerns the formulation of the NBV evaluation score.
The implemented score is based on a pixel-wise sum of the rendered information gain.
As a result, viewpoints where the object occupies more image pixels may receive a
higher score than viewpoints where the object appears smaller. In the experiments,
candidate viewpoints were generated on a cylindrical surface around the object,
which helps make candidates at similar heights more comparable. However, for the
quadrotor object, which has a relatively low height compared with its horizontal
extent, candidate viewpoints from higher elevations may have been farther from
parts of the object than side views. These views could potentially have provided
additional information from above, but may have received a lower score because the
object occupied fewer pixels in the rendered view. This cannot be confirmed from the
current evaluation, but it is a possible explanation for why the NBV strategy may
not have selected some views that would have improved coverage of the quadrotor
geometry.
The preprocessing step may also have influenced the comparison. In particular,
the background masking could have affected the two strategies and objects differ-
ently. The chair with box consists of larger and more continuous surfaces, while the
quadrotor has thinner structures, open regions, and more complex geometry. If the
mask removed parts of the quadrotor structure, introduced noisy object boundaries,
or produced inconsistent silhouettes between views, this could have affected both
COLMAP registration and the 3DGS reconstructions. This may be one reason why
the NBV strategy performed less consistently for the quadrotor. However, since the
masking quality was not evaluated separately, its effect cannot be isolated from the
other parts of the pipeline.
The results also suggest that the NBV planner could benefit from considering the
requirements of image registration more directly. Images that are not registered by
COLMAP are not used during 3DGS training. In many cases, this works as a useful
protection mechanism, since images that cannot be matched may have insufficient
overlap, poor quality, or too few reliable features. However, this can also be a
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limitation for NBV-based acquisition. A viewpoint may be valuable according to
the NBV score because it observes an under-represented part of the object, but if
the image does not match sufficiently with the existing image set, the additional
information is lost because the image is excluded from training. In the current
evaluation, all quadrotor images were registered, while this was not the case for the
chair with box. This means that registration failure does not explain the weaker
final NBV result for the quadrotor, but it remains an important consideration for
the general robustness of the NBV pipeline.
Overall, the inconsistent results are likely not caused by a single factor. Instead,
they may result from the interaction between object geometry, masking quality, in-
termediate reconstruction variability, NBV score formulation, and COLMAP image
matching. The evaluation therefore suggests that NBV-guided acquisition can be
beneficial, but that selecting informative viewpoints is not enough on its own. The
selected images must also be suitable for masking, COLMAP registration, and 3DGS
training in order to consistently improve the final reconstruction.

RQ3: Practical limitations of the quadrotor PoC system
The quadrotor PoC system was not able to complete the image acquisition and
reconstruction workflow autonomously indoors. The limitations are documented in
detail in Section 7.6; the discussion here focuses on what they reveal collectively.
The most significant finding is that the limitations are not independent: they form
a coupled chain. Indoor operation without GPS meant that the system depended
on barometric, IMU, and ArUco-based corrections to maintain position. When the
quadrotor drifted the tracking camera lost sight of the ArUco markers, removing the
only external pose correction available. Without a reliable pose estimate, corrected
waypoints could not be computed, horizontal and vertical drift continued uncor-
rected, and the system could not recover to a position suitable for repeatable image
acquisition. Vibration further degraded both image quality and marker detection,
compounding the same cascade. The off-board 3DGS computation requirement
added a further practical barrier to closing the full acquisition—reconstruction—
planning loop.
The result is that the PoC demonstrated successful integration of the individual
components — communication, marker detection, image capture, off-board recon-
struction, and NBV planning all functioned in isolation or under controlled condi-
tions — but the complete autonomous workflow was not reliable enough to serve as
the basis for the final strategy comparison. This answers RQ3: the primary prac-
tical limitation is the lack of a robust indoor localization source. Without it, pose
estimation becomes intermittent, flight behaviour becomes unrepeatable, and the
downstream acquisition quality is insufficient for a controlled evaluation of image
acquisition strategies.

8.3 Limitations of the evaluation
The final evaluation provides a controlled comparison between predefined and NBV
image acquisition strategies, but several limitations should be considered when in-
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terpreting the results.
First, the evaluation does not demonstrate the complete workflow on the quadrotor
platform. The controlled proxy setup was used to obtain repeatable image acquisi-
tion, which means that the final results do not include the full effects of quadrotor
flight, such as vibration, position-control errors, motion blur, and flight-time con-
straints. The results therefore evaluate the acquisition strategy and reconstruction
pipeline more directly than the complete autonomous quadrotor system.
Second, the evaluation is limited by the controlled proxy setup, which was not a
fully optimized studio environment. The image acquisition was performed indoors
in an office environment, where lighting conditions, background clutter, reflections,
shadows, and available space were not ideal. These factors may have affected image
quality, background masking, feature detection, COLMAP registration, and the
final 3DGS reconstruction. Since both the predefined and NBV strategies were
evaluated under the same general conditions, this does not necessarily explain the
differences between the strategies by itself. However, it may have influenced the
overall reconstruction quality and may have affected objects differently depending
on their geometry, texture, and visibility.
Third, the evaluation does not measure absolute geometric reconstruction accuracy.
No ground-truth geometry was available for the evaluated objects, so the thesis does
not report absolute surface error or exact surface completeness. The evaluation in-
stead relies on image-based rendering metrics, image registration results, theoretical
acquisition effort, and visual inspection. These metrics are useful for comparing the
two strategies, but they do not fully describe geometric accuracy.
Fourth, the evaluation does not isolate the contribution of each individual compo-
nent in the NBV planner. The predefined and NBV strategies are compared as
complete acquisition strategies, where viewpoint order and viewpoint distribution
differ by design. This is appropriate for evaluating whether NBV-based acquisition
improves reconstruction quality under the tested conditions, but it does not show
how much each part of the NBV scoring function contributes to the final result.
Fifth, the evaluation is limited to a small number of objects. The results there-
fore show how the system performed under the tested conditions, but they do not
prove general performance across all object types. Objects with different texture,
reflectance, shape complexity, or occlusion patterns may affect both SfM registration
and 3DGS reconstruction quality.
Sixth, the evaluation is limited to a single test for each object. Since parts of the
framework are non-deterministic, multiple iterations should be performed to find
out the level of uncertainty in the framework result. By executing more iterations
using the same images the results would be more robust and trustworthy. At the
moment, the repeatability of the results cannot be confirmed.
Seventh, the evaluation does not isolate possible biases in the NBV scoring and
preprocessing steps. The NBV score is not explicitly distance-normalised, and the
background masking quality was not evaluated separately. These factors may have
influenced the selected viewpoints and reconstruction quality, especially for the
quadrotor object with its thinner and more complex geometry. In addition, the
NBV planner does not explicitly consider how well a selected viewpoint is expected
to match with previous images in COLMAP. These factors may have contributed
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to the observed differences between the predefined and NBV strategies, but their
individual effects cannot be determined from the current evaluation.

8.4 Future Work
Several parts of the system should be improved before the proposed workflow can
become a fully autonomous quadrotor-based acquisition system.
One area for future work is the pose estimation and localization system. The
quadrotor-based PoC showed that reliable positioning is needed for repeatable au-
tonomous acquisition. A future system could use Ultra-Wideband localization or a
similar beacon-based positioning system to provide a more stable external position
estimate. This would reduce the dependence on GPS and make it easier to keep the
quadrotor within the intended region.
The image acquisition hardware could also be improved. The quadrotor tests showed
that vibration, motion blur, and lighting variations can affect both image quality and
ArUco marker detection. Future work could therefore investigate improved camera
mounting, vibration damping, shorter exposure times and the use of a global-shutter
camera. These improvements would support both pose estimation and the quality
of the images used for SfM and 3DGS reconstruction.
Another area for future work is to make the 3DGS reconstruction pipeline more
efficient. In this thesis, reconstruction was performed off-board and required a sig-
nificant amount of computation. A faster reconstruction process would make the
adaptive loop more practical, especially if 3DGS models need to be updated repeat-
edly between acquisition steps.
The NBV planner could also be developed further. Future work could investigate
how viewpoint selection can be made faster and more robust, and how NBV poses
can be generated in closer connection with the current state of the 3DGS reconstruc-
tion. In the long term, real-time or near real-time 3DGS reconstruction combined
with NBV planning would make it possible to update the reconstruction and select
new viewpoints during the acquisition process.
The closed-loop workflow should also be automated further. In the current imple-
mentation, several steps still require manual handling, such as transferring data,
running reconstruction, planning new viewpoints, and executing the next acquisi-
tion step. A future system could automate the full loop from image capture to
reconstruction, NBV planning, and execution of the next selected viewpoint.
Future evaluations should include ground truth models. This would make it possible
to evaluate geometric reconstruction error and surface completeness directly, instead
of relying mainly on image-based rendering metrics and qualitative inspection.
Future work could also investigate NBV scoring functions that are distance-normalised,
more robust to segmentation quality, and constrained by expected image overlap or
feature matching in COLMAP.
Finally, the method should be evaluated on a larger and more diverse set of objects.
Objects with different shapes, textures, reflective properties, and occlusions would
make it possible to better understand when NBV-based acquisition is beneficial
and when a predefined acquisition strategy is sufficient. The tests should also be
iterated to determine the level of uncertainty between runs, since some parts of the
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framework are non-deterministic. With a calculated variance of the iterated results,
conclusions about the framework would be more robust.

8.5 Conclusion
This thesis investigated adaptive image acquisition for object-centred 3DGS recon-
struction using NBV planning. Two connected aims were pursued: implementing
and testing a quadrotor-based PoC system for autonomous image acquisition, and
evaluating whether an NBV-guided image acquisition strategy can improve recon-
struction quality or acquisition efficiency compared with a predefined strategy in a
controlled setup.
The quadrotor-based PoC demonstrates that the main system components — RPi
and Pixhawk communication, ArUco-based pose estimation, image capture, off-
board 3DGS reconstruction, and NBV planning — can be integrated into a com-
mon workflow. However, the system was not sufficiently reliable for repeatable
autonomous indoor acquisition. The primary limitation was the absence of a robust
indoor localization source, which made the pose estimation intermittent and flight
behaviour unpredictable. This caused downstream effects on image quality and pre-
vented the full acquisition—reconstruction—planning loop from being completed
reliably. The quadrotor therefore remains a PoC whose individual components were
verified, but whose complete workflow requires further development before it can
support a fair quantitative evaluation.
The controlled proxy evaluation showed that the NBV strategy does not uniformly
outperform the predefined strategy. For the office chair with box, the adaptive strat-
egy achieved higher PSNR and lower LPIPS in the batch comparison, and showed
subtly stronger surface detail on the rear of the chair and the front of the box, while
the predefined strategy achieved higher SSIM. The staged comparison also suggests
that the NBV strategy can reach comparable or better PSNR and LPIPS with fewer
acquired images for this object, though this comes at a higher computational and
storage cost. For the quadrotor object, the NBV strategy led on most metrics at
lower image counts in the staged comparison, but the predefined strategy achieved
higher PSNR and SSIM from 30 images onward, and outperformed the NBV strat-
egy on all three metrics in the batch comparison. The results therefore show that
image-based reconstruction quality and acquisition efficiency differ inconsistently
between the two strategies across the tested objects and metrics: the NBV strategy
does not uniformly outperform the predefined strategy.
Overall, the thesis shows that NBV-guided image acquisition is a promising direction
for object-centred 3DGS reconstruction, but that its benefit is not guaranteed and
depends on the object geometry, the acquisition stage, and the metric considered.
Although the results do not show a consistent advantage for NBV strategy, they
provide useful insight into the practical conditions under which NBV-based acqui-
sition may or may not improve object-centred 3DGS reconstruction. The results
also indicate that NBV viewpoint selection should be evaluated together with the
full reconstruction pipeline, since masking quality, image registration, score formu-
lation, and 3DGS training can all affect whether selected viewpoints improve the
final reconstruction. A fully autonomous quadrotor-based implementation of this
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workflow requires more robust indoor localization, improved image quality under
flight conditions, and a more efficient reconstruction pipeline before it can be used
reliably.
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A
Appendix

Source Code Repositories
The implementation code for this thesis is available in two public GitHub reposito-
ries:

• Reconstruction pipeline: https://github.com/GustavJanson4/enocson.
git

• Drone PoC: https://github.com/GustavJanson4/WirevisionGG.git

System Requirements and Environment

Off-board workstation (reconstruction pipeline)
The reconstruction pipeline requires the following environment:

• Operating System: Ubuntu 24.04.4 LTS
• Python: 3.12

Onboard system (drone PoC)
The onboard RPi software requires the following environment:

• Host OS: Raspberry Pi OS (with Ubuntu containerized via Docker)
• ROS 2: Jazzy Jalisco
• C++: C++17

Hardware Specifications
All 3D reconstructions in this thesis were conducted on a workstation with the
following specifications:

• CPU: AMD Ryzen 7 5700X (8-core, 4.67 GHz boost)
• GPU: NVIDIA GeForce RTX 2080 Ti (11 GiB VRAM, CUDA 12.1)
• Memory: 31 GiB RAM
• Operating System: Ubuntu 24.04.4 LTS

I

https://github.com/GustavJanson4/enocson.git
https://github.com/GustavJanson4/enocson.git
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