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Abstract

This dissertation investigates coordinated image sampling for 3D map reconstruction
using multi-drone systems. To address this, a so-called angle-aware coverage control strat-
egy suitable for 3D reconstruction has been presented, based on the notion of constraint-
driven control in the literature, but this strategy has two fundamental problems. First,
the conventional method can lead to inefficient operations, especially in larger fields,
where drones travel long distances to visit small unsampled areas. More importantly,
the measurement granularity must be specified in advance, although the required image
density for high-precision 3D reconstruction depends on the unknown scene. To overcome
these limitations, this dissertation presents novel control frameworks that improve both
efficiency and scene-adaptivity.

We first propose a method to enhance the efficiency of multi-drone image sampling
for 3D reconstruction. The key idea is to integrate a Voronoi-based coverage control
law as the nominal input into the quadratic programming (QP) problem used to solve
the original angle-aware control. This approach retains the viewpoint diversity promoted
by angle-aware coverage while improving mission completion efficiency through effective
coverage of distant and unobserved areas, particularly in large-scale scenarios.

Moreover, with recent advances in real-time 3D reconstruction algorithms, it becomes
possible to adapt drone motion using feedback from the evolving scene. We extend the
coverage framework to integrate real-time outputs from NeuralRecon, which processes
captured images to generate an evolving 3D mesh. Mesh changes are quantified and used
to adaptively update an importance index, serving as a coverage priority metric to guide
drones toward regions needing further observation. To handle this time-varying objective
while ensuring safety and coordination, we design a QP-based controller that constrains
the decay rate of the objective and enforces safety constraints such as collision avoidance
and workspace limits.

The proposed methods are validated through simulations in Unity and ROS2, and
indoor and outdoor experiments using real UAVs. For the efficient coverage method,
comparative analysis demonstrates improved monitoring efficiency for large-scale 3D re-
construction. Additionally, the scene-adaptive method outperforms the conventional ap-
proach without feedback, yielding more complete and accurate 3D maps. These results
confirm the practicality of both methods and their potential to support real-time, scalable

3D reconstruction using multi-drone systems.
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CHAPTER 1 INTRODUCTION 1

Chapter 1

Introduction

1.1 Motivation

Multi-robot systems (MRS) have emerged as a pivotal concept in robotics, enabling
multiple autonomous agents to collaborate effectively on complex tasks while enhancing
efficiency, scalability, and robustness across various applications [I]. One prominent ap-
plication area is precision agriculture [2-4], where multi-robot teams enable coordinated
tasks such as weed detection [G], crop health monitoring [6], and harvesting [7,8]. MRS
are also widely adopted in environmental monitoring and exploration, supporting tasks
like gas sensing in hazardous zones [9] and solar radiation measurement in thermosolar
facilities [00]. In disaster response [I1,12], these systems prove valuable for applications
such as wildfire tracking, where drone teams can rapidly scan forested areas to detect
and monitor fire outbreaks [I3,14], as well as search and rescue missions in collapsed or
dangerous environments [I5]. Furthermore, in the context of infrastructure inspection,
coordinated robots can perform efficient and thorough assessments of bridges, buildings,
and utility lines, reducing the risks and limitations associated with single-agent or manual
inspections [16,17)].

Another impactful application of MRS is three-dimensional (3D) map reconstruction,
where unmanned aerial vehicles (UAVs) can collaboratively capture images from multiple
viewpoints to construct high-quality 3D models for scene analysis and planning [IR-210].
Particularly in this context, the coordination of UAVs during the image sampling process
plays a critical role in achieving accurate and reliable reconstruction outcomes. To achieve
high-quality reconstruction, at least two key factors must be considered. First, each
part of the scene must be observed from multiple viewpoints to enhance both accuracy
and robustness of the reconstructed model [21]. This requires sufficient overlap between
camera views, which in turn demands coordinated planning within a five-dimensional

space that captures both the drone’s position and camera orientation [22,23]. Second, the
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one-time visit constraint must be addressed [24], which involves systematically acquiring
images such that each point within the target environment is effectively covered during a
single mission.

To address these challenges, the existing literature has explored various motion plan-
ning strategies for image sampling. Approaches such as viewpoint selection [25,26] and
trajectory optimization [27] aim to maximize information gain or minimize reconstruction
uncertainties by selecting informative viewpoints or refining drone trajectories. However,
these methods typically rely on partial or prior map knowledge and are often implemented
through centralized planning, limiting their scalability. As a distributed alternative, cov-
erage control has been extensively studied for coordinating mobile agents in continuous
spaces. Classical coverage control based on centroidal Voronoi partitioning [28,29] offers
a decentralized framework with theoretical guarantees on convergence, making it partic-
ularly attractive for collaborative sensing tasks under limited prior knowledge.

Beyond classical formulations, coverage control has also been extended to handle en-
vironments with irregular or complex shapes [380-35]. However, these methods typically
operate in lower-dimensional spaces and do not consider coverage in a 5D search space
that includes both position and camera orientation. In addition, many of these strategies
tend to converge to static configurations, making them less effective for achieving com-
plete coverage across the target field. Persistent coverage control offers an alternative by
enabling agents to patrol the environment over time [36-39], but these approaches are
generally limited to two-dimensional coverage and do not account for viewpoint angles,
which are critical for high-quality 3D reconstruction.

To better accommodate the requirements of 3D map reconstruction, Shimizu et al. [24]
introduced an angle-aware coverage control strategy that explicitly takes into account
both spatial position and camera orientation in the coverage formulation. By modeling
the problem in a five-dimensional domain, consisting of a three-dimensional distribu-
tion of target points and a two-dimensional space of viewing angles, this method enables
drones to capture images from a wider range of informative perspectives. Subsequent
experiments by Suenaga et al. [40] validated the effectiveness of the method, demonstrat-
ing improved reconstruction quality compared to conventional persistent coverage control
approaches [39]. However, in large-scale map reconstruction scenarios, the previous con-
troller often struggles to quickly reach distant unobserved areas, leading to inefficiencies
in overall monitoring performance. This limitation becomes increasingly pronounced as
the size of the target field increases.

Building on this foundation, subsequent work extended the angle-aware coverage strat-

egy [#] to incorporate a gimbal-mounted camera, enabling explicit control of camera
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orientation independently from the drone’s body frame [d1,4%]. While the original for-
mulation assumed that the drone’s camera orientation was fixed relative to its heading
direction, the extended system allows each drone to dynamically adjust its viewing direc-
tion to better capture informative angles. In this formulation, the target is represented
in a 5D space, consisting of spatial location and desired viewing angle, while the drone’s
control input lies in a 4D space: two dimensions for its planar movement and two for
the gimbal’s orientation. The drone is assumed to fly at a fixed altitude. This added de-
gree of angular flexibility allows the system to observe a broader set of target viewpoints
compared to the previous fixed-orientation method [24,43].

Despite recent progress in coverage control strategies, the effectiveness of 3D recon-
struction missions remains constrained by the limitations of the underlying reconstruc-
tion pipeline. Traditional methods such as Structure from Motion (SfM) and Multi-View
Stereo (MVS) [d4,d5] are inherently offline, requiring a full set of images before recon-
struction can begin. As a result, the system cannot assess map quality or adapt its sensing
strategy during flight. Previous work, such as Plan3D [46] and CEO-MLCPP [47], ad-
dress this limitation through multi-stage planning strategies. In these approaches, UAVs
perform an initial mission to generate a sparse reconstruction, followed by trajectory
optimization and a second mission to capture additional images. While this improves
the resulting model quality, it requires multiple deployments and significantly increases
operational time and cost.

Recent advancements in learning-based 3D reconstruction algorithms have introduced
a new paradigm that enables online and iterative map generation. Techniques such as
NeuralRecon [48], VisFusion [49], Instant-NGP [60], and Gaussian Splatting [51] leverage
deep neural networks and streaming visual data to incrementally update 3D maps in
near real time. These methods allow the reconstruction process to evolve dynamically as
new observations are collected, making it possible to monitor the quality of the map and
adjust the sensing strategy accordingly. Compared to classical STM-MVS pipelines, this
offers a significant advantage for applications requiring in-flight adaptability, particularly
in time-constrained or resource-limited missions.

Several recent studies have explored the use of real-time 3D reconstruction as online
feedback to improve robot motion planning. SplatNav [62] and SAFER-Splat [563] utilize
reconstructed map information as online feedback to enable safe and informed navigation
during mapping missions. Other frameworks, including NeurAR [64], RT-GuIDE [55],
GS-Planner [66], and HGS-Planner [57], incorporate reconstruction feedback to guide
view selection and improve trajectory planning. While these approaches highlight the

growing potential of integrating online mapping with planning, extending such feedback-
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driven mechanisms to multi-robot coverage control frameworks remains a promising yet
underexplored direction.

In summary, using multi-drone systems for coordinated image sampling in 3D recon-
struction is an impactful application that can facilitate more effective and scalable data
collection (see Illustration IW). However, this task presents two key challenges: achiev-
ing efficient mission completion, particularly in large-scale environments, and enabling
scene-adaptivity that responds to reconstruction progress. In particular, existing cover-
age strategies, such as the angle-aware method by Shimizu et al. [24], often struggle to
efficiently reach distant unobserved areas in large-scale reconstruction scenarios. This
inefficiency in overall monitoring performance becomes more pronounced as the size of
the target environment increases. Furthermore, most existing strategies operate without
feedback from the reconstruction process, making them unable to adjust their sensing
based on map quality. Recent developments in real-time 3D reconstruction algorithms,
such as NeuralRecon [48] and related methods, offer a promising opportunity to address
this gap by enabling systems to adapt their coverage based on online reconstruction qual-
ity. These challenges and opportunities form the foundation for the problem explored in

this dissertation.

1.2 Related Work

The research presented in this dissertation builds upon three key areas in robotics and
computer vision: coverage control for multi-robot systems, classical and learning-based
3D reconstruction pipelines, and recent efforts integrating real-time map feedback into
robotic planning. This section reviews the evolution of each field and their convergence

in addressing adaptive and coordinated image sampling for multi-drone systems.

Coverage Control in Multi-Robot Systems

Coverage control is a foundational topic in cooperative robotics, concerned with de-
ploying multiple agents to efficiently monitor spatial domains. A seminal contribution
by Cortés et al. [28] introduced a distributed Voronoi-based approach that laid the
groundwork for numerous extensions, including methods that account for dynamic en-
vironments [33], anisotropic sensing [58], and aerial applications [29,59].

Persistent coverage control emerged to address scenarios requiring repeated observation
over time. Notable works such as [37,39, 60, 61] incorporate spatiotemporal dynamics
through importance decay models and constraint-based formulations to ensure long-term

monitoring. These strategies have been applied in surveillance, environmental monitoring,
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(a) 3D Map Reconstruction Scene

(b) Image captured by each drone

Fig. 1.1: Collaborative 3D map reconstruction using drone networks scene. This image

is adapted from [41].

and search tasks [62,63].

To improve data quality for vision-based applications, angle-aware coverage control
has been proposed [24,40]. This formulation considers both spatial location and cam-
era orientation. It has been further extended into rotatable angle-aware strategies [A1l],
where drones actively control their viewpoints using gimbaled cameras to achieve more
comprehensive coverage for 3D reconstruction tasks.

These three categories of coverage control methods, namely classical, persistent, and
angle-aware, form the core theoretical foundation of this dissertation. A more detailed
explanation, including their mathematical formulations and representative simulations, is

provided in Chapter 2.
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Offline 3D Reconstruction and Multi-Drone Image Sampling

Classical 3D reconstruction pipelines are primarily based on Structure-from-Motion
(SfM) and Multi-View Stereo (MVS) techniques [44,45,64]. These approaches have been
implemented in widely used open-source tools such as COLMAP [65], openMVG [66], and
Meshroom [67]. Early efforts also leveraged feature-based methods such as SIFT [68] and
bundle adjustment optimization [6Y] to estimate camera poses and sparse geometry.

To improve the effectiveness of image collection for these offline pipelines, several
works have explored multi-robot coordination and viewpoint planning. For instance,
Plan3D [d6] introduced a two-stage planning framework, while CEO-MLCPP [47] pro-
posed an optimization-based controller for viewpoint selection across multiple flights.
These methods have shown improvements in reconstruction quality, although they re-
main limited by their reliance on batch processing.

A detailed discussion of these classical reconstruction pipelines is provided in Chapter

Real-Time 3D Reconstruction and Neural Approaches

More recently, learning-based approaches have enabled real-time or near real-time 3D
reconstruction using streaming input data. Notable examples include NeuralRecon [48],
TransformerFusion [70], and VisFusion [49], which employ neural architectures to incre-
mentally fuse visual features into volumetric or mesh representations. These methods
support continuous map updates and are increasingly integrated with robotics systems
for feedback-based planning.

In parallel, neural rendering methods such as NeRF [71], Instant-NGP [560], and Gaus-
sian Splatting [61] have advanced scene modeling by representing geometry as radiance
fields or point-based primitives. While initially too slow for real-time use, recent variants
have made online integration more practical. Additional technical details and a broader

review of neural reconstruction methods are presented in Chapter 2.

Scene-Aware Planning and Real-Time Feedback Integration

The emergence of real-time neural reconstruction has enabled new planning strategies
that incorporate scene feedback during operation. Several recent works have leveraged
this capability to adaptively guide agent behavior based on evolving 3D maps, enabling
more efficient and safe exploration.

For instance, SplatNav [562] utilizes Gaussian Splatting representations to inform drone
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navigation by dynamically updating obstacle boundaries and traversability fields. Its
follow-up work, SAFER-Splat [53], integrates online control barrier functions (CBFs)
with obstacle detection directly from streaming splat updates. This allows drones to
perform reactive, safety-aware planning and obstacle avoidance in previously unseen or
dynamically changing environments.

Other approaches focus on uncertainty-aware exploration. NeurAR [54] introduces a
planning framework that uses scene geometry and photometric uncertainty from neural
fields to guide a UAV toward regions where the map is incomplete or uncertain. Similarly,
RT-GulDE [55] combines depth uncertainty and scene dynamics to compute a gradient
field that encourages the robot to sample from novel or changing viewpoints, thereby
improving map completeness over time.

Complementing these uncertainty-driven methods, GS-Planner [66] and HGS-
Planner [57] propose strategies that directly optimize next-best-view selection based
on the reconstructed scene structure. GS-Planner leverages the Gaussian Splatting
representation to estimate the marginal value of candidate viewpoints in terms of
reducing map uncertainty, while HGS-Planner enhances this with a hierarchical sampling
approach to improve scalability and planning efficiency in larger environments.

Despite their strengths, most of these methods are designed for single-agent systems
and are primarily focused on navigation or viewpoint planning tasks. Integration of real-
time map feedback into coverage control frameworks remains underexplored, and scaling
such strategies to multi-agent settings with distributed coordination presents a promising

direction for future research.

1.3 Contributions

This dissertation addresses the problem of coordinated image sampling for 3D recon-
struction using multi-drone systems, with a focus on improving mission efficiency and
scene-adaptivity. To this end, two complementary contributions are presented.

The first contribution, detailed in Chapter 3, introduces an efficient angle-aware cover-
age control strategy to overcome the limited efficiency of the existing method [24]. The
baseline strategy by Shimizu et al. [24] is first analyzed through simulation, revealing
reduced efficiency in large-scale environments due to limited coordination capabilities.
To address this issue, a new quadratic programming (QP)-based controller is proposed,
which incorporates classical Voronoi-based coverage control [29,[72] as a nominal input
within the original angle-aware framework. This approach enables drones to coordinate
their positions more effectively while maintaining the viewpoint diversity required for

high-quality image sampling. The proposed method is validated through simulations and
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real-world experiments in indoor and outdoor settings, and demonstrates improved mis-
sion completion efficiency compared to the baseline.

The second contribution, presented in Chapter 4, extends this framework to enable
scene-adaptive behavior using real-time feedback from online 3D reconstruction. The
method builds on angle-aware coverage with camera rotational motion control [41] and
introduces two key extensions. First, the control input space is expanded from four to
five dimensions by including altitude control alongside planar movement and gimbal-based
orientation. Second, the sensing performance model is revised to more accurately reflect
the contribution of each viewpoint. The reconstruction process is powered by NeuralRe-
con [48], which generates a dynamically evolving 3D mesh of the environment. Feedback
from changes in the mesh is used to adjust the coverage density by updating an impor-
tance index, prioritizing regions with significant updates for additional observation. Since
the environment is initially unknown, the system uses the magnitude of mesh updates as
a proxy for reconstruction uncertainty, assuming that highly changing regions are insuffi-
ciently reconstructed and require further sensing. A QP-based controller is then designed
to adapt the drones’ positions and orientations accordingly, while ensuring performance
decay constraints and maintaining safety. The method is validated through high-fidelity
simulation using Unity with ROS2 and real-world experiments, demonstrating improved
reconstruction quality compared to a baseline without map feedback.

The contributions are summarized as follows:

1. Efficient Angle-Aware Coverage Control for Multi-Drone Image Sam-
pling using Offline Reconstruction Pipelines (Chapter 3)
e Performance analysis of the baseline angle-aware strategy [24], revealing effi-
ciency limitations in large-scale deployments.
e A novel QP-based controller that integrates Voronoi-based coverage as nominal
input to enhance spatial exploration while preserving viewpoint diversity.
e Use of control barrier functions (CBFs) to ensure collision avoidance and bound-
ary safety.
e Simulation-based evaluation in ROS demonstrating improved mission comple-
tion time and scalability in both single- and multi-drone cases.
e Real-world indoor and outdoor experiments validating the practical effective-
ness of the proposed controller.
2. Scene-Adaptive Angle-Aware Coverage with Camera Rotational Motion
Control for Multi-Drone Image Sampling using Online Reconstruction
Pipelines (Chapter 4)

e Extension of angle-aware coverage to include altitude control, resulting in a
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five-dimensional control input space and updated sensing performance model.

e Integration with NeuralRecon [48] for real-time 3D reconstruction and mesh-
based feedback.

e Feedback mechanism that quantifies mesh updates and adjusts coverage density
via an importance index.

e (QP-based control design that adapts to reconstruction progress while enforcing
safety and performance decay constraints.

e Simulation-based validation in Unity and ROS2 showing improved reconstruc-
tion completeness and quality.

e Experimental validation using a multi-drone testbed confirming system feasi-

bility and improved performance.

Together, these contributions advance the capabilities of multi-drone systems for 3D
reconstruction by introducing scalable, efficient, and scene-adaptive coverage strategies
grounded in principled control design and validated through extensive simulation and

experimentation.

1.4 Summary of Key Assumptions

This dissertation is developed under several assumptions regarding both the robots
and the environment in which they operate. These assumptions are intended to clarify
the scope of the work and highlight the conditions under which the proposed methods
are designed and evaluated. While the following provides a general overview of these
assumptions, more specific and detailed conditions are described in the relevant chapters

where each algorithm, simulation, or experimental validation is presented.

Robot Assumptions

e Accurate Localization Available: The proposed methods assume that each
drone can obtain accurate and reliable position estimates throughout the mission.
In indoor experiments, this capability is provided by a motion capture system that
delivers high-frequency, high-precision position data. For outdoor scenarios, Real-
Time Kinematic (RTK) Global Navigation Satellite System (GNSS) measurements
are assumed to be available, ensuring centimeter-level positioning accuracy.

e Awareness of Other Drones’ Positions: FEach drone is assumed to have access
to the positions of other drones in the team. In the simulation and experimental

setup used in this dissertation, this is implemented using a semi-distributed archi-
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tecture in which a central node aggregates the position information from all agents
and redistributes it, enabling each agent to be aware of the others’ positions for
coordination purposes.

e Calibrated Sensor Model: The cameras mounted on each drone are assumed
to have known intrinsic parameters (e.g., focal length, principal point) and well-
characterized field-of-view specifications. This calibration is performed before de-
ployment and is assumed to remain fixed during operation, ensuring that image
measurements can be reliably projected into the reconstruction framework.

¢ Reliable Wireless Communication: The proposed approach assumes the avail-
ability of a reliable wireless communication link with bounded latency. This ensures
that shared state information and control commands are transmitted in real time,
which is essential for coordinated multi-drone behavior.

e Single Integrator Dynamics Model: The high-level controller in this disser-
tation models each drone using a single integrator dynamics representation. The
actual nonlinear flight dynamics are handled by an onboard autopilot (e.g., PX4
or equivalent), which tracks the commanded velocity or position references issued
by the proposed coverage control algorithm. This abstraction is widely adopted
in multi-agent control research as it simplifies the theoretical formulation while

remaining practical for implementation.

Environment Assumptions

e Static Scene during Reconstruction: The scene to be reconstructed is assumed
to remain static during the sampling and mapping process, i.e., there are no signif-
icant time-varying changes such as moving obstacles or rapidly deforming surfaces.
This assumption is commonly adopted in 3D reconstruction research and ensures
that collected images represent a consistent world state during processing.

e Bounded Operating Region: The overall field boundary in which the drones
operate is assumed to be known and fixed in advance. However, the detailed con-
tent inside this region (e.g., object distribution, scene geometry) is assumed to be
unknown and without prior knowledge. This allows safe trajectory planning within
well-defined spatial limits while still addressing unknown and potentially complex
scenes inside the boundary.

¢ Reliable Reconstructed Map: For methods that incorporate online map feed-
back, the reconstruction is assumed to be sufficiently accurate and reliable for the

purpose of coverage control. In this dissertation, the NeuralRecon-based online
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reconstruction framework is used, which incrementally updates the 3D scene repre-
sentation. While reconstruction errors may exist, it is assumed that these errors do

not fundamentally compromise the feedback used to adapt the coverage behavior.

Overall, these assumptions define the scope and boundary conditions of this research.
They allow focusing on the core challenges of coverage control and adaptive image sam-
pling without being confounded by low-level hardware limitations or extreme environmen-
tal uncertainty. The detailed implications and context of each assumption are revisited

in later chapters alongside the specific methods and experimental validations where they

apply.

1.5 Outline of the Dissertation

This dissertation is structured as follows:

e Chapter 2 — Preliminaries: Coverage Control and 3D Reconstruction
This chapter reviews key theoretical and algorithmic foundations that support the
main contributions of the dissertation. It begins with a discussion of control barrier
function (CBF)-based control frameworks, followed by a comprehensive overview
of coverage control strategies, ranging from classical methods to more recent for-
mulations such as persistent and angle-aware coverage. The chapter also surveys
3D reconstruction algorithms, including both classical offline pipelines based on
Structure-from-Motion (SfM) and Multi-View Stereo (MVS), as well as recent neu-
ral reconstruction techniques that support online and real-time mapping.

e Chapter 3 — Efficient Angle-Aware Coverage Control
This chapter introduces the first main contribution: an efficient angle-aware cover-
age control strategy for coordinated image sampling in multi-drone systems using
offline 3D reconstruction pipelines. The proposed method extends the existing
angle-aware coverage formulation [24] by incorporating Voronoi-based spatial co-
ordination as a nominal input. A QP-based controller integrates this input with
angle-aware objectives and control barrier functions to ensure safe and effective
deployment. The method is validated through both simulation and real-world ex-
periments, conducted in both indoor and outdoor settings, demonstrating improved
mission completion efficiency particularly in large-scale map reconstruction scenar-
ios.

e Chapter 4 — Scene-Adaptive Angle-Aware Coverage Control
This chapter presents the second main contribution: a scene-adaptive coverage con-

trol framework that integrates real-time feedback from an online 3D reconstruction
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pipeline, NeuralRecon [48]. By quantifying changes in the evolving mesh, the sys-
tem dynamically updates coverage priorities to focus sensing on under-observed or
unstable regions. The method is validated through Unity-ROS2 simulations and
multi-drone experiments, demonstrating improved reconstruction completeness and
quality compared to baseline methods without map feedback.
e Chapter 5 — Conclusion and Future Work

This chapter summarizes the key findings and contributions of the dissertation.
It also discusses current limitations and outlines promising directions for future
research, including extensions to radiance field-based active reconstruction using

multi-drone systems.

1.6 Notations

The key notations used throughout this dissertation are summarized in Table . These

symbols will be further explained as necessary in each chapter.
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Table. 1.1: List of Frequently Used Notations

Symbol

Description

Drone State and Control

1

T

pi

(i, Yis 2i)
0, 07

Uj

V;

Index of the drone

Total number of drones in the multi-robot system
7 is the set of all drones

State of drone ¢ in space

3D position coordinates of drone ¢

Horizontal and vertical camera angles of drone %
Control input for drone ¢ (velocity)

Voronoi region assigned to drone 7

Virtual Field and Coverage

75

h(pi,q;)

Discrete point in the 5D virtual sensing field

Total number of discrete points ¢; in the virtual field
Set of all sensing points in the virtual field
Importance index associated with point g;

Global importance distribution across Q

Local objective function of drone i

Global coverage objective (sum of J;)

Sensing performance of drone 7 at point g;

Reconstruction Feedback

Tk
AV(T’k)
¥;
T

Evaluation point in the mesh space
Local mesh change magnitude at ry
Feedback-informed importance modifier at point g;

Time instance of the mesh update from NeuralRecon

Controller Parameters

51; 52

Weights in the importance index formulation
Exponential decay rate bound in CBF formulation
Control slack threshold in QP controller
Parameters for sensing model distribution kernels
Class-K function used in the CBF condition

Lower bound threshold for the objective function J
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Chapter 2

Preliminaries: Coverage
Control & 3D Reconstruction

2.1 Introduction

This chapter provides the essential theoretical background for understanding the rest
of the dissertation. We begin by introducing Control Barrier Function (CBF)-based con-
trol, which serves as a foundation for constraint-driven control used throughout this work.
We then review coverage control methods, from classical formulations to recent develop-
ments such as persistent and angle-aware approaches, which are related to the application
of coordinated image sampling in 3D reconstruction. Finally, we introduce core 3D re-
construction techniques, covering both traditional offline pipelines and emerging online

methods that enable real-time mesh updates.

2.2 Control Barrier Function (CBF)-Based Control

Control Barrier Functions (CBFs) are a class of control-theoretic tools used to enforce
safety constraints in dynamical systems [[73,[74]. A CBF specifies a condition under which
the system state remains within a designated safe set for all future time, thereby ensuring
forward invariance. CBFs have been applied in a range of safety-critical tasks such as
autonomous driving [75-77], robotic manipulation [78-80], robotic locomotion [S1-83],
and aerial exploration [39,84, 85]. In the context of multi-agent systems, CBFs have
also been employed to enforce a variety of safety-related constraints, including collision
avoidance [86-88], inter-agent connectivity [89,90], field boundary compliance [85,91], and
energy sustainability [39,42,62], while simultaneously enabling coordinated task execution.

To formalize the use of CBFs, we consider a control-affine system of the form:

&= f(x) +g(x)u,
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Fig. 2.1: Tllustration of a control barrier function (CBF), which defines a safe set {x |
h(z) > 0} and an unsafe set {z | h(z) < 0}, used to enforce safety constraints in control

systems.

where x € R™ is the state, u € Y C R™ is the control input, and f : R* — R",
g : R™ — R™ ™ are locally Lipschitz continuous vector fields. We assume that x(¢) has a
unique solution on a time interval [t,t1].

We define a continuously differentiable function h : R” — R and a safe set C := {z €
R™ | h(x) > 0} (see Fig. 211). The function h(z) is said to be a control barrier function
(CBF) for the set C if there exists a set D with C C D C R”™ such that:

sup [Lih(x) + Lyh(z)u+ a(h(x))] >0, VreD,
where Lyh(x) and Lyh(x) denote the Lie derivatives of h(x) along f(z) and g(z), and
a(-) is an extended class-C function (commonly a(h) = yh with v > 0).

A set S C R™ is said to be forward invariant if z(¢) € S holds for all ¢ € [ty, 1] whenever

x(tp) € S. The forward invariance of C is ensured under any locally Lipschitz continuous

controller u that satisfies:
Lih(x) + Lyh(z)u + a(h(z)) > 0.

To implement this in practice, a Quadratic Program (QP) is solved to obtain a control
input u* that remains close to a nominal control input une, while satisfying the CBF

constraint [[73]:

* _ . . 2
u*(x) argznelg} % — Unoml|

s.t. Lgh(z)+ Loh(z)u + alh(x)) > 0.

In this dissertation, CBF-based QP control serves as the foundation for constraint-

driven control used throughout the proposed framework. It is employed to enforce safety
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Classical ™ Persistent ™\ Angle-Aware ™\ Rotatable Angle-AwaN

3

Q

view(target) from view(target) from

move_to(voronoi centroid O) revisit(area if long-unseen) diverse 2 (fixed ) diverse  (rotatable s )

Fig. 2.2: Comparison of four coverage control strategies for multi-drone systems. Classical
coverage control moves each drone toward the centroid of its assigned Voronoi region.
Persistent coverage aims to revisit areas that have not been observed for an extended
period of time. Angle-aware coverage considers not only position but also the viewing
angle, promoting diverse perspectives on the target using fixed cameras. Rotatable angle-
aware coverage further enhances this by allowing the drone’s camera orientation to be

actively adjusted.

constraints such as collision avoidance and workspace boundaries, as well as to certify
sampling performance by constraining the decay rate of the objective function. These
principles form the core of the angle-aware coverage strategy and the map-feedback-based

adaptation mechanism developed in subsequent chapters.

2.3 Coverage Control

In this section, we review several strategies for multi-robot coverage control, ranging
from the classical Voronoi-based approach [28] to more advanced methods such as per-
sistent [60,84] and angle-aware coverage [24,41]. These methods form the basis for later
developments in coordinated image sampling for 3D reconstruction using drone networks.

A visual comparison of the representative strategies is provided in Fig. P72, highlighting

their key differences in sensing behavior, motion dynamics, and control mechanisms.

2.3.1 Classical Coverage Control

Classical coverage control provides a foundational framework for coordinating multiple
mobile agents to monitor a spatial domain efficiently. The key objective is to position
agents in such a way that redundant sensing is minimized and the overall sensing effec-
tiveness is maximized. This strategy was initially developed for applications involving
static or slowly changing environments, where agents are expected to converge to a stable

configuration that ensures optimal sensing distribution.
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Fig. 2.3: Illustration of classical coverage control using a Voronoi-based partitioning
approach, which allocates regions to drones based on spatial proximity to ensure even

coverage.

At the heart of classical coverage control is the use of Voronoi diagrams to partition the
environment based on geometric proximity, assigning each agent a region comprising all
points closer to it than to any other. This locality-based decomposition enables agents to
operate within clearly defined spaces. To optimize coverage, each agent moves toward the
centroid of its region, weighted by a spatial importance function. This motion drives the
system toward a Centroidal Voronoi Tessellation (CVT) [92], a configuration that balances
sensing effort across the domain. The underlying mechanism follows Lloyd’ s algorithm
[G3], which was originally proposed for vector quantization and later adapted to multi-
agent systems. In this iterative process, agents update their Voronoi cells, compute the
corresponding centroids, and reposition themselves based on this information to improve
overall coverage quality.

This work was initially popularized by a seminal contribution from Cortés et al. [28],
who proposed a distributed gradient-based method that drives agents toward Voronoi cen-
troids, resulting in convergence to a Centroidal Voronoi Tessellation (CVT). This frame-
work has since been extended to non-convex environments [34], online adaptation [33],
limited-range interactions [72], as well as anisotropic sensing [58,94]. These developments
also later paved the way for aerial applications [29,69,95], where this principle was adapted
or served as inspiration for vision-based multi-drone systems.

Let Q C R? denote the compact mission space, and let I = {1,...,n} be the index set
for n drones, each located at position p; € (). The domain is partitioned into Voronoi

regions based on Euclidean distance:
Vi(p) = {qEQI Hq—pif|2 < Hq—PjH2a VjEI}a (2.1)

where p = [p{,...,p]" is the stacked vector of all drone positions. Each drone is assumed



CHAPTER 2 PRELIMINARIES: COVERAGE CONTROL & 3D RECONSTRUCTION 18

to sense only within its own Voronoi region. To control its position, each drone is modeled

by first-order dynamics:
Di = Uz, Ui € RQ, (22)

where u; is the control input assigned to drone 1.

The coverage objective is defined by a locational cost function as introduced in [28]:

J = Y i 2 d )
(p) ;/vi(p) Ipi — qll*¢(q) dg

where ¢(q) is a spatial density function indicating the sensing importance of location q.

The gradient of J(p) with respect to p; is computed as:

Vol =2 [ (= 0)ola)do = 2000, )

where My, = fv-(p) #(q) dq is the mass of region V; under the density ¢(q), and ¢; is the

centroid: .

¢ =—— q ¢(q) dq-
LMy, /v (p)
This reveals that the gradient of the cost function points from the centroid toward the

current position. Substituting the negative gradient as the control input yields:
pi = ui = —k(pi — ¢i),

where k£ > 0 is a control gain. This control law drives each drone toward the centroid
of its Voronoi cell, leading the system to converge to a Centroidal Voronoi Tessellation

(CVT), minimizing the global coverage cost as illustrated in Fig. EZ3.

2.3.2 Persistent Coverage Control

Persistent coverage control extends classical approaches to scenarios in which the sens-
ing requirement varies over time. Unlike classical strategies that drive agents to static
optimal configurations, persistent coverage seeks to ensure that all regions of the envi-
ronment are revisited continuously. Early schemes were proposed in [37,60], introducing
persistent monitoring behaviors through continuous agent movement. A key idea that
enables this persistence is the use of a time-varying spatial importance function, as for-
mulated in [61], which employs a so-called time-varying control barrier function [96] to
represent information decay and recovery. This framework was later extended in [39,84] to
provide formal performance guarantees for multi-drone persistent coverage. These strate-

gies are particularly effective in applications requiring continuous situational awareness,
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including long-term environmental monitoring [62,97, 98], as well as object search and
tracking [39,63].

As formulated in [39], let Q@ C R? denote the ground field of interest, and let p; € Q
represent the position of drone i € I := {1,...,n}. In this formulation, the authors
mainly consider the 2D motion of each drone, i.e., p; = [2;,%:]" € Q. Each drone is
governed by the same first-order dynamics described in (222), where u; € R? denotes the
control input. The sensing region of each drone is modeled as a circular disk B;(p;) :=
{g € Q| |lg —pil| < R} of fixed radius R. The effective sensing region is then defined as
the intersection of this disk with the Voronoi region V;(p) introduced in (21):

Si(p) := Bi(pi) N Vi(p).

The coverage model assumes that all drone motions and measurements are described in a
shared global frame ¥, with axes {z, y, z} representing the world coordinate system. The
drone positions p; evolve in the zy-plane, while the sensing footprints project downward
onto @, the ground surface (See Fig. 24).

To model the need for repeated sensing, a time-varying importance function ¢(g,t) is

introduced and dynamically updated as follows:

Sa.t) = {—&b(q?t)? if ¢ € UL, Si(p),

5(1 — ¢(q,t)), otherwise,

where 6,0 > 0 are decay and recovery rates, respectively. This update rule causes the
importance in covered regions to decay while increasing in uncovered regions, driving
drones to revisit areas persistently.

The persistent coverage objective is expressed through the following time-varying cost

function:

Tt == /5 o= plola o+ / 6(¢,1) da,

Q\U:Si(p)
where b < 0 is a weighting parameter that balances the importance between covered and
uncovered regions. A performance requirement is imposed by enforcing J(p(t),t) > ~ for
some constant threshold v < 0.

To ensure this performance level, a constraint-based controller is formulated using the
control barrier function (CBF) framework. Defining J(p,t) := J(p,t) — ~, the control
objective is to maintain the forward invariance of the set {p € Q" | J(p,t) > 0}. Each
drone 7 solves the following quadratic program:

uf = arg min, |lui

k3

st Vi J(p,t) Tu + &i(pt) >0,
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Fig. 2.4: Tllustration of persistent coverage control, where drones continuously revisit

areas that has not been observed for an extended period of time.

where &;(p, t) is a compensating term designed to satisfy j(p, t) > —a(J(p,t)) for a chosen
class-K function a(-) = k.J.

This formulation guarantees that the objective J(p,t) remains above the specified
threshold v, thereby achieving persistent coverage with certified performance. The struc-
ture of J(p,t) and its gradient V,, J(p,t) enables a partially distributed implementation
based on local information and interactions, making the method scalable for large-scale

multi-drone systems.

2.3.3 Angle-Aware Coverage Control

Angle-aware coverage control extends classical and persistent strategies by explicitly
incorporating the orientation of vision sensors into the coverage formulation. This exten-
sion is particularly motivated by drone-based 3D reconstruction applications [16,19,20,99],
where capturing scenes from a variety of viewpoints is essential for achieving high recon-
struction accuracy [21]. Unlike earlier methods that focus primarily on spatial coverage,
angle-aware strategies aim to ensure that each point in space is observed from comple-
mentary viewpoints. This is critical, as many structure-from-motion [44] and multi-view
stereo [T00] algorithms depend on multi-angle observations to reconstruct scene depth and
geometry reliably.

To address this requirement, Shimizu et al. [24] proposed a novel angle-aware coverage

control framework that considers both the spatial position and viewing direction of on-
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board cameras. In their formulation, the drone’ s camera is assumed to be fixed to the
body, meaning its orientation could not be independently actuated. As a result, the five-
dimensional coverage requirement, which consists of three-dimensional spatial positions
and two-dimensional viewing angles, is projected onto a two-dimensional control space by
mapping each target viewpoint onto the ground plane. This allows drones to optimize
angular diversity solely through position control. Suenaga et al. [40] demonstrated exper-
imentally that this angle-aware approach significantly improves 3D reconstruction quality
over traditional coverage methods.

As formulated in [24], a team of n drones, indexed by Z := {1,...,n}, operates on a
2D plane P C R? at a fixed altitude z = z.. The world frame ¥, is defined such that its
z-axis is perpendicular to this plane (See Fig. 28). Each drone i € Z has a planar position
pi = [z;,9:]7 € P and is equipped with a body-fixed camera whose orientation cannot
be actuated independently. All drones share the same altitude and attitude, and their
motion is restricted to the plane P. The motion of each drone is governed by first-order
dynamics as previously defined in (222), where u; € R? denotes the control velocity input.

To characterize the observation requirements for 3D reconstruction, the target field is
defined as a compact set B C R3, representing the 3D points of interest in the environment.
Each point [z,y,2]" € B is associated with desirable viewing angles: a horizontal angle
0, € [0,27) and a vertical angle 0, € [0,7]. Based on this, a virtual field Q. C R
is introduced to capture both spatial and directional requirements, where each target is

represented as
q = [%, Y, =z, eha G’U]T € Q..

Since the drone’s camera is fixed and could not be actuated independently, control is
limited to 2D motion on the plane. Thus, each virtual point ¢ € Q. is projected onto the
plane P using a mapping ¢ : Q. — P:

|z — (2. — 2) tan (% — 90) cos 0,
Cla) = y — (2. — z) tan (% — HU) sin @y |’
which represents the position on P from which a drone should observe ¢ to align with the
desired viewing direction.

The virtual field Q. is then discretized into a finite set of target points indexed by
M = {1,...,m}, where each q; = [z,;,2j,0n,00,] € Q. encodes a 3D target point
with associated viewing angles. The coverage performance of drone ¢ with respect to

virtual point ¢; is quantified by:

202

h(per ) = exp (_ i — C(Qj)||2> |

where o > 0 controls the effective sensing range.
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Fig. 2.5: Illustration of angle-aware coverage control. The coverage objective considers
not only the spatial distribution of drones but also the viewing angles toward the target
point. However, the camera orientation is fixed and cannot be independently controlled,

being aligned with the drone’s heading direction.

Each virtual point ¢; is associated with an importance index ¢;(t), which evolves over

time as:

d)j = _5maX h(pla QJ)¢]7 o> 07
i€l
ensuring that well-observed points decay in importance, while poorly covered regions
retain priority.

The global objective is to reduce the cumulative importance across all virtual points:

J(p) = Y oA,
JEM
where A is the volume of each discretized cell in Q..

To promote efficient collaboration, each drone computes its coverage contribution:

Li= > 0h(pi, ;)5 A,
JEVi(p)
where V;(p) denotes the Voronoi partition assigned to drone ¢ in the 2D projected space.
To ensure that each drone contributes sufficiently to reducing the overall importance
index, we define the candidate control barrier function b;(p, ¢) := I; — «, where v > 0
is a predefined performance threshold. This function enforces the condition I, > =,
guiding drones to avoid low-importance regions and maintain meaningful observations.

The corresponding constraint is incorporated into a quadratic program (QP) to compute
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Fig. 2.6: Illustration of rotatable angle-aware coverage control. Similar to the angle-aware
strategy, the coverage objective includes both spatial positioning and viewing direction.
In this case, however, the camera orientation can be actively adjusted, allowing the drone

to optimize its viewpoint independently of its flight heading.

the final control input:
(uy,w}) =arg min el|u;||* + [w;]?
Uq,Wq
s.t. bz + Oé(bz) Z wy,

where u; € R? is the position control input, w; is a slack variable, a(-) is a class-K function,
and € > 0 is a weighting parameter. This formulation allows drones to dynamically adapt

to the evolving importance landscape and maintain effective angle-aware coverage.

2.3.4 Rotatable Angle-Aware Coverage Control

While the previous angle-aware coverage control assumes that the camera orientation
is fixed, this assumption limits the ability to dynamically adjust viewpoints, especially in
increasingly complex environments. To address this limitation, Lu et al. [&1] proposed an
extension known as angle-aware coverage with camera rotational control. In this disser-
tation, we refer to this approach as rotatable angle-aware coverage control. The method
enables each drone to independently actuate its yaw and pitch angles through a gimbal
mechanism, in addition to performing planar movement. This added degree of freedom
allows for more comprehensive coverage in the five-dimensional sensing space. Although
a full six-degree-of-freedom configuration including both three-dimensional position and

orientation would offer complete viewpoint control, the roll angle is often excluded in
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practice [22,23]. This is because it has limited impact on reconstruction quality and
removing it helps reduce system complexity. As a result, the search space is simplified
to five-dimensional camera poses. Furthermore, by introducing camera orientation con-
trol, this method overcomes a major drawback of the fixed-angle formulation, which was
limited in its ability to observe all desired target viewpoints. As a result, the rotatable
angle-aware strategy significantly enhances the ability of drones to fulfill diverse viewpoint
requirements, enabling more thorough and effective coverage of the reconstruction scene.

In this formulation [41], each drone i € Z := {1,...,n} is equipped with a gimbal-
mounted camera and assumed to operate at a fixed altitude z = z.. Its state is defined as
pi = [T, i, pi, &) T € R, where (z4,7;) € P represents the planar position, and (i;, ¢;)
are the yaw and pitch angles of the gimbal camera. The yaw angle ¢; is defined on
[0,27), and the pitch angle ¢; on (0,7/2]. The world frame ¥, is oriented such that
its z-axis is orthogonal to the plane P, and a local frame ¥; is fixed on the camera of
drone i. With this setup, each drone is controlled in a four-dimensional space to satisfy a

five-dimensional sensing requirement. The motion follows extended first-order dynamics:

T Ug i
: Ui Uy, i 4
pi= || = = U;y, U; € R*.
i Ugp,i
®i Ug,i

Each drone’ s optical axis, denoted 7, is determined by the camera’ s yaw and pitch
angles and is used to evaluate directional alignment with target viewpoints (See Fig. 28).
The virtual target field Q. and its discretization remain as previously defined in Subsec-
tion 22373, where each point ¢; = [z;,y;, 25, 0h,;, Hv,j]T € O, specifies a desired viewpoint.

The coverage performance function h(p;, ¢;) is modeled as the product of two Gaussian

h(pi,q;) = exp (—w) exp (—M> :

2 2
207 205

functions:

where hy penalizes deviation from the field-of-view region and he measures the alignment
between the optical axis 1; and the desired viewing direction (6, ;,6, ;). For a detailed
definition and derivation of h; and hs, refer to [Z1].

The importance index 1);(t) associated with each target evolves according to:

;=0 max h(pi,q;)5, >0,

ensuring persistent observation of poorly covered regions.

The global objective is to minimize the total residual importance:

J(p) = ) 14,

JEM
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where M := {1,...,m} indexes the discretized target points and A denotes the volume

of each discretized cell in Q.. The contribution of drone i is defined as:

L= > 6h(pi,g;)¥5,
JEVi(p)
where V;(p) assigns each target to the drone with the highest h(p;,q;).
To ensure that each drone contributes meaningfully to the overall sensing objective, we
define a candidate control barrier function b; ;(p,v) := I; — v, where v > 0 specifies the

desired performance threshold. This constraint is incorporated into a QP as:

bir + a(bir) > wi,
where «(+) is a class-KC function and w; is a slack variable.
The final control input is computed by solving:
(uj, w}) = arg min  efju;|* + |w;|?
Uq, W

1 7

S.t. l.)i’[ + a(bu) > Wi,
where € > 0 weighs energy cost against performance guarantee. This formulation enables
drones to actively adjust both camera pose and position, providing more comprehensive

coverage for high-quality 3D mapping.

2.4 3D Reconstruction

Three-dimensional (3D) reconstruction refers to the process of estimating the geomet-
ric structure and shape of real-world objects or environments using sensor data such as
images, depth maps, or point clouds. It is a foundational technique for spatial understand-
ing and interpretation, supporting a broad spectrum of applications in computer vision,
robotics, and digital modeling [I0T]. In robotics and autonomous navigation, 3D recon-
struction enhances environmental awareness and contributes to safety-critical tasks such
as path planning [53,002]. In augmented and virtual reality (AR/VR), it enables immer-
sive scene representation and interactive rendering [I03]. In cultural heritage preservation,
it offers non-invasive tools for digitizing, documenting, and virtually restoring historical
artifacts [[04]. In medical imaging, 3D reconstruction is used to create patient-specific
industrial inspection, it supports visual evaluation tasks such as weld inspection and con-
tributes to high-precision modeling efforts [I07].

Based on the taxonomy discussed in [I01], 3D reconstruction methods can be catego-

rized along several dimensions, including the type of sensing modality, the form of data
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representation, and the temporal capability. This classification is adopted in this dis-
sertation to help contextualize and position the reconstruction techniques that are most
relevant to our problem setting.

First, in terms of sensing modality, 3D reconstruction approaches are generally clas-
sified into active and passive methods. Active methods interact with the environment
by emitting structured signals or energy to capture depth information. Examples in-
clude LiDAR [I08,00Y], structured light [I10], and time-of-flight cameras [I'I1], which
provide accurate range measurements but often require specialized and costly hardware.
In contrast, passive methods observe the environment without emitting signals, relying
solely on measurements of the light reflected or emitted from surfaces. These approaches
typically utilize standard optical sensors, such as RGB [48, 65, (T2-115] or RGB-D cam-
In this dissertation, we focus specifically on passive methods using monocular RGB im-
ages, as they offer a lightweight and easily deployable solution that is particularly suitable
for aerial platforms like drones.

Second, reconstruction techniques can be broadly classified based on their form of data
representation, with a fundamental distinction between explicit and implicit models. Ex-
plicit representations describe 3D geometry using discrete primitives such as point clouds,
voxel grids, or polygon meshes. These can be obtained through traditional multi-view ge-
ometry methods or recent learning-based approaches that produce geometric outputs. In
contrast, implicit representations define geometry as continuous functions, such as signed
distance fields, occupancy field, or radiance fields, which are usually learned directly from
image data. Recent advances in this area include Neural Radiance Fields (NeRF) [iZ1]
and 3D Gaussian Splatting (3DGS) [561], which represent scenes in a compact and view-
dependent form. In this dissertation, we primarily adopt reconstruction methods that
rely on explicit representations, such as polygon meshes or point clouds.

Finally, although [I0T] introduces a classification based on scene dynamics, distinguish-
ing between static and dynamic reconstruction depending on whether the environment
changes over time, this dissertation adopts a different notion of temporal capability. Here,
we refer to temporal capability in terms of whether the 3D reconstruction is performed
in an offline or online manner. Offline reconstruction typically involves collecting a com-
plete set of images before processing, allowing high-fidelity models to be generated using
pipelines such as Structure-from-Motion (SfM) [44,118] followed by Multi-View Stereo
(MVS) [100]. However, such approaches provide no intermediate feedback during op-
eration. In contrast, online reconstruction incrementally updates the 3D model as new

data becomes available, offering real-time or near real-time feedback. This functionality
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Fig. 2.7: Illustration of the classical SIM-MVS reconstruction pipeline, which typically

consists of three main steps: keypoint detection and matching (e.g., SIFT), camera pose
and sparse point cloud estimation via Structure-from-Motion (SfM), and dense recon-
struction using Multi-View Stereo (MVS). This illustration is inspired by the illustration
provided in [I19].

is especially valuable in robotics, where it supports adaptive planning, reactive control,
and exploration. In particular, our method in Chapter 4 leverages online reconstruction
to dynamically inform drone control during flight, which is not feasible with traditional
offline techniques.

In the remainder of this section, we review representative 3D reconstruction techniques
that are particularly relevant to the drone-based image sampling methods developed in
Chapter 3 and Chapter 4. Specifically, we examine approaches commonly adopted in
offline and online settings, corresponding to the temporal classification discussed above.
The offline techniques, grounded in classical multi-view geometry, relate to the reconstruc-
tion workflow used to generate 3D maps for visualizing results in Chapter 3. In contrast,
the online techniques support real-time or near real-time map updates and play a key role

in enabling the scene-adaptive control framework presented in Chapter 4.

2.4.1 Offline Reconstruction Techniques

In this dissertation, we utilize offline reconstruction techniques based on monocular
image inputs using a standard multi-stage pipeline. This pipeline has been widely im-

plemented in popular open-source tools such as COLMAP [44,65], openMVG [66], and
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Meshroom (AliceVision) [67], each offering slight variations and configurations. Here, we
summarize the general workflow commonly referred to as the Structure from Motion and
Multi-View Stereo (SfM-MVS) approach, illustrated in Fig. 272, and described in detail
in [TT9].

The reconstruction process begins with the extraction of keypoints from each image.
Keypoints are image regions with distinct appearance, typically found in textured or
high-contrast areas. Algorithms such as Scale Invariant Feature Transform (SIFT) [68]
are commonly used for this task, as they generate descriptors that are robust to changes
in scale, rotation, and illumination. These descriptors are matched across multiple images
to establish 2D correspondences between keypoints observed from different views.

Following feature matching, a coarse geometric consistency check is performed to verify
the matches. The Structure from Motion (SfM) stage then estimates the camera intrinsic
parameters, extrinsic parameters (camera poses), and a sparse three-dimensional point
cloud of the scene. This is accomplished through bundle adjustment, a nonlinear opti-
mization process that minimizes the reprojection error of the matched keypoints [d4, 69].
The resulting output includes both the sparse geometry and the calibrated camera poses.
Optionally, the reconstruction can be scaled and georeferenced using Ground Control
Points (GCPs), which are known reference points in the environment, or by leveraging
data from onboard navigation systems such as GPS and IMUs.

Once the sparse model and camera calibration are obtained, the Multi-View Stereo
(MVS) stage produces a dense reconstruction of the scene. MVS algorithms compute
per-pixel depth maps by analyzing photometric consistency across multiple overlapping
images [b4,65]. For computational efficiency, images are typically clustered based on
camera pose proximity, and dense reconstruction is performed within these clusters. The
resulting depth maps are then fused into a dense point cloud or a surface mesh, using
volumetric fusion techniques such as Truncated Signed Distance Fields (TSDF) or surface
reconstruction methods like Poisson reconstruction or Delaunay triangulation.

The final product of the STM-MVS pipeline is a dense three-dimensional model of the
scene, typically in the form of a colored point cloud or polygon mesh. In some applications,
the reconstruction may be post-processed to generate additional outputs such as digital
surface models (DSMs), orthomosaics, or canopy height models (CHMs). While this
approach offers high accuracy and completeness, it is inherently offline and requires the
entire set of images to be acquired prior to processing, making it unsuitable for applications

requiring real-time feedback.
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Fig. 2.8: Tlustration of an online 3D reconstruction pipeline based on NeuralRecon.
The process begins with keyframe selection and the use of posed images, which are
passed through a neural network for feature extraction. These features are integrated
into a global TSDF volume using differentiable volume fusion techniques. Finally, the
accumulated volume is converted into a reconstructed mesh that can be rendered or
used for downstream tasks. This figure is adapted based on NeuralRecon’s system design
from [4R].

2.4.2 Online Reconstruction Techniques

Online 3D reconstruction refers to the process of incrementally generating and updating
a 3D map as new sensor data arrives. Unlike offline pipelines, which require all input
images to be collected prior to processing, online methods operate iteratively and can
produce partial reconstructions in real time or near real time. This capability enables
immediate feedback during data acquisition and supports dynamic decision-making, which
is especially critical for robotics and drone applications.

Recent developments in deep learning have played a key role in enabling online recon-
struction by accelerating components such as feature extraction, depth estimation, and
surface fusion [120]. These methods differ in how they represent 3D geometry, typically
categorized as depth map-based, voxel-based, point cloud-based, mesh-based, or implicit
surface-based [I21]. For example, some techniques, such as NeuralRecon [4R]|, Trans-
formerFusion [70], and VisFusion [@9], employ volumetric fusion of learned features to
produce mesh- or voxel-based representations. Meanwhile, implicit representations have

recently gained significant popularity, especially with the introduction of neural radiance
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fields. These approaches, such as Neural Radiance Fields (NeRF) [71] and 3D Gaussian
Splatting (3DGS) [51], model scenes as continuous volumetric functions or point-based
primitives, enabling photorealistic novel view synthesis and compact scene encoding. Al-
though classical NeRF models are computationally intensive and thus impractical for
real-time use, follow-up works like Instant-NGP [50] propose efficient encoding strategies
that reduce training time and support near real-time rendering, making online integration
increasingly feasible.

In this dissertation, we adopt the NeuralRecon [48] framework for real-time reconstruc-
tion, which is particularly well-suited for feedback-driven drone control as developed in
Chapter 4. To provide broader context and identify future directions, we also briefly
review other emerging techniques such as NeRF [71] and 3DGS [561], which represent

promising advances in fast 3D scene modeling and rendering.

NeuralRecon

NeuralRecon [48] is a learning-based framework for real-time 3D reconstruction from
monocular RGB image streams. It plays a central role in this dissertation as the un-
derlying algorithm for enabling real-time map feedback, which is critical to the scene-
adaptive coverage control strategy proposed in Chapter 4. By combining deep convo-
lutional networks with geometric reconstruction principles, NeuralRecon incrementally
produces mesh-based representations of the environment that evolve as new images ar-
rive.

The overall pipeline (illustrated in Fig. EZ8) consists of five main stages: feature ex-
traction, 3D feature volume construction, coarse-to-fine TSDF prediction, global TSDF
fusion, and mesh reconstruction. First, a deep convolutional neural network (CNN) ex-
tracts multi-scale spatial features from each input RGB image I;. These features are
unprojected into a 3D voxel grid using known camera poses &, € SE(3), which are typi-
cally obtained from an external SLAM (Simultaneous Localization and Mapping) system
such as ORB-SLAM [i22]. This produces a 3D feature volume for each frame, positioned
consistently within a global coordinate system.

Next, a recurrent fusion module based on gated recurrent units (GRUs) updates the
global TSDF volume by integrating feature information across frames. This module main-
tains a global hidden state that enables the system to accumulate temporal context over
time, enhancing the coherence of predictions. The fused features are then passed through
a multi-layer perceptron (MLP), which predicts the signed distances at each voxel location
in a coarse-to-fine manner. These predicted values form a volumetric representation of

the scene in the form of a TSDF, which encodes the signed distance between each voxel
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Fig. 2.9: Comparison between Neural Radiance Fields (NeRF) and 3D Gaussian Splatting
(3DGS). Left: NeRF samples points along camera rays, and uses a multi-layer perceptron
(MLP) to map spatial coordinates and viewing directions to color and density values, en-
abling photorealistic view synthesis through volume rendering. Right: 3DGS represents
the scene as a set of anisotropic 3D Gaussians, which are projected and blended directly in
image space using alpha compositing, supporting real-time rendering via splatting. This

illustration is inspired by the illustration provided in [124].

center and the nearest surface boundary.

Once the TSDF is sufficiently updated, surface extraction is performed using the March-
ing Cubes algorithm [123], which converts the volumetric grid into a triangle mesh. The
resulting mesh consists of 3D points (vertices) connected by triangle faces to approximate
the shape of the scene. This format is suitable for computing geometric properties like
point positions and surface normals, which are useful for subsequent processing steps.

In this dissertation, the mesh generated by NeuralRecon plays a central role in the real-
time feedback mechanism presented in Chapter 4. At each frame, the mesh is analyzed
to detect changes in the reconstructed surface, and this information is used to update
the importance index that guides multi-drone coordination. By continuously reflecting
the current state of the environment, the mesh enables adaptive and responsive control

throughout the reconstruction process.

Other Emerging Techniques
In addition to volumetric fusion-based methods like NeuralRecon, several emerging

techniques have recently gained traction for online 3D reconstruction due to their use of
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neural rendering and novel scene representations. These approaches often employ implicit
or point-based formulations that support compact and continuous modeling of geometry
and appearance (see Fig. 279).

One prominent method is Neural Radiance Fields (NeRF) [71], which represents a scene
as a continuous volumetric radiance field. For each 3D spatial location and viewing direc-
tion, typically encoded as (z,y, 2,0, ), NeRF employs a multi-layer perceptron (MLP)
to predict the corresponding color and density. By evaluating the MLP at many sampled
locations along each camera ray and applying volume rendering, NeRF generates pho-
torealistic images from novel viewpoints. Despite its high rendering quality, the original
formulation of NeRF requires substantial computational time for training and rendering,
limiting its suitability for real-time applications.

To overcome these limitations, Instant Neural Graphics Primitives (Instant-NGP) [50]
introduces a multiresolution hash encoding combined with a lightweight MLP, significantly
accelerating both training and inference. This enables near real-time performance while
preserving visual quality, making Instant-NGP practical for interactive visualization and
fast scene capture.

Another notable advancement is 3D Gaussian Splatting (3DGS) [51], which replaces
dense volumetric or voxel-based representations with a set of anisotropic 3D Gaussian
primitives. Each Gaussian encodes properties such as position, color, opacity, and shape
(via a covariance matrix). Instead of querying a neural network, 3DGS directly projects
these Gaussians onto the image space along the camera rays. Through a differentiable
process known as splatting, the Gaussians are blended using alpha compositing to form
the rendered image. This formulation offers high rendering speed and quality, supporting
real-time use cases such as dynamic scene visualization, mapping, and exploration.

Although these techniques are not directly used in the proposed system, they represent
promising future directions. Their compact and continuous scene representations, fast
rendering pipelines, and differentiable structure offer potential benefits for robotic per-

ception, adaptive control, and closed-loop active exploration in dynamic environments.

2.5 Chapter Summary

This chapter has reviewed the theoretical foundations underlying the methodologies
proposed in this dissertation. We began by introducing Control Barrier Functions (CBFs)
as a key framework for constraint-driven control, which enables safety-guaranteed motion
planning through quadratic programming. This concept serves as a building block for the
control formulations used in later chapters.

Next, we explored a progression of coverage control strategies. Starting from classi-
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cal formulations based on Voronoi partitioning and Lloyd’ s algorithm, we extended the
discussion to persistent coverage control, which accounts for time-varying sensing require-
ments. We then introduced angle-aware coverage control, which incorporates viewpoint
diversity to enhance the quality of vision-based tasks such as 3D reconstruction. Fi-
nally, we examined a more advanced formulation that integrates camera rotation control,
allowing agents to simultaneously optimize their position and viewing orientation.

On the 3D reconstruction side, we reviewed both offline and online techniques. The
offline pipeline, comprising Structure-from-Motion and Multi-View Stereo, provides high-
accuracy reconstructions but lacks real-time capability. In contrast, recent learning-based
approaches such as NeuralRecon, Instant NeRF, and Gaussian Splatting support online
or near real-time reconstruction, enabling dynamic updates and interaction with robotic
agents.

The tools and methods introduced in this chapter establish the conceptual and algo-
rithmic basis for the efficient angle-aware and scene-adaptive coverage control frameworks

proposed in the following chapters.
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Chapter 3

Efficient Angle-Aware Coverage
Control

3.1 Introduction

This chapter presents the efficient angle-aware coverage control method for coordinated
image sampling using multi-drone systems, as introduced in our prior work [&3,025]. The
proposed method addresses key limitations in conventional angle-aware coverage control
[24], particularly for large-scale 3D map reconstruction tasks. To this end, we extend
the baseline angle-aware controller by incorporating a Voronoi-based nominal input into
the QP formulation, enabling improved mission completion efficiency. The effectiveness of
the proposed method is then demonstrated through simulation conducted in a ROS-based
environment. Subsequently, experimental validation is also performed both indoors at the
Science Tokyo Robot Zoo Sky testbed and outdoors at the Smart Agriculture R&E Field

of Science Tokyo.

3.2 Problem Formulation

As briefly introduced in Chapter 2 (see Section PZ373), we consider a team of n drones
deployed to monitor a field by capturing images from diverse viewing angles. This task
aims to support 3D map reconstruction using techniques such as Structure from Motion
(SfM), where angular diversity in the observed images significantly enhances the recon-
struction quality.

Let Z := {1,2,...,n} denote the index set of drones, each equipped with a fixed
downward-facing camera. Each drone’s position in the world frame 3, is represented
as [z; y; z;]T € R3. For simplicity, all drones maintain a constant altitude z., reducing

the control problem to the 2D position p; := [z; y;]7 € P C R2. The position p; must
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Fig. 3.1: Illustration of the angle-aware coverage problem.

remain within the operational region P, and the drone dynamics are given by:
pi=ui, u; €U CR?

where u; is the velocity control input to be designed.

Let B C R? denote the target field, a compact surface region that needs to be observed.
Each point [z y 2] € B is ideally to be observed from multiple directions, characterized
by a horizontal angle 6;, € ©), C [—m,7) and a vertical angle 6, € ©, C (0,7/2] (See
Figure B). To represent both spatial and angular dimensions, we define a virtual 5D
field Q. C R®, where each point is given by (z,y, 2,05, 0,).

The corresponding drone position p; required to view a target [z,y, z]7 from the angles

05, and 0, is uniquely determined via the mapping:

C:lry 20, 6,7 — {x — (2c — z) tan (5 — 0,) COS(Qh)} .

Yy — (zc — z) tan (5 — 6,) sin(6y,)
We define the monitoring performance function h : P x Q. — [0, 1] that quantifies how

well a drone at p; observes a target point ¢ € Q., using a design parameter o > 0:

2
T R

Next, we discretize the virtual field Q. into m cells, each with a representative center
qgj € Q¢ for j € M :={1,2,...,m}, and assume all cells share equal volume A. Each
cell is assigned an importance index ¢; € [0, 00), which quantifies the remaining need for

observation. This index evolves dynamically according to:

;=6 max h(pi,a;)0;,
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where § > 0 is a constant rate of decay.
The control objective is to minimize the total weighted importance index across all

target cells:

m

j=1

Driving J toward zero implies that all target points have been sufficiently observed from
various viewing directions. A secondary control goal is to encourage drones to vacate areas
that are already well-covered (low ¢;) and to stay longer in regions that require further

observation (high ¢;), thus improving overall sampling efficiency.

3.3 Baseline Controller Method & Drawback

3.3.1 Baseline Angle-Aware Coverage Controller

To achieve the objectives defined in the previous section, the authors of [24] presented
a controller that enforces the constraint J < —v based on the concept of control barrier

functions. The time derivative of J follows:

J=> ¢jA=- 25%13% h(pi, 4;) ;A
= =1
==Y > Oh(pig)$;A=-> 1T,
i=1 jeV;(p) i=1

where

L= ) Oh(pi,a;)6;4
JEVi(p)
corresponds to the contribution by drone i to reduce J. The set V;(p), which depends on
p = (pi)icz, is a Voronoi-like partition of the set M defined as:

Vi(p) :=={j € M||lpi = {(g;)|l < llpx — ¢(g))I| Yk € Z}.

Now, the number of cells m tends to be huge due to the higher dimension of the field Q.
than in standard coverage control [29,72]. This makes implementation of the controller
computationally very expensive. To address this issue, the drone field P is discretized into
[ polygons, denoted as {Px|k € L}, where £ := {1,...,1}. We also denote the coordinates
of the center of the k-th polygon by xi € Pr C P. The coverage, represented by g;, is then

assessed by projecting it onto one of these polygons, specifically Py, where ((g;) is situated.
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This process leads to the transformation of ¢ := (¢;) e into ¥ := (Y )rer, Yi € [0, 00),

as governed by the following equation:
Y = > ®;-
JEM s.t. ((q;)EPx
Under the approximation ((g;) ~ xx, the update of ¢, is approximated as:

i = > ¢

JEM s.t. ((q;)EPk

_ 3 —0max h(pi, ;)¢; ~ —0 max h(pi, xk)¥x, (3:2)
JEM s.t. ((q;)EPk

where h is the approximate performance function using xx:

2
h(pi, Xk) := exp (—M> :

202

Consequently, in view of J = ), ¥4 A, the time derivative of J becomes:

l n
J= Z Vp A~ — Z Z Sh(pi, Xk ) VKA,
k=1

=1 ke\_/i(P)

where
Vi(p) == {k € L] |lpi — xxll < llp. — xxl Ve €I}

Finally, the controller in [24] is formulated as the following QP:

(uf,w}) = argmin e [lug]|* + |w;|?
(ws,w;)EUXR

S.t. éﬂuz =+ 521' Z Ww;

where w; is a slack variable (w; > 0), € > 0 is a weight for penalizing control effort, and:

5o Pi — Xk 7
§1i == 2 —0 o2 h(pi, Xk )i A,
keV;(p)

522 = —ay+ Z (52h2 prk) + adh(pzv Xk)) ka
keVi(p)

3.3.2 Drawback in Large-Scale Map Reconstruction

To evaluate the performance of the baseline angle-aware coverage controller defined in
equation (BZ3) within a large-scale setting, we conducted a simulation using the Robot

Operating System (ROS) Noetic [126], solving the associated quadratic programming
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Fig. 3.2: Control architecture for baseline angle-aware coverage controller.

problem using CVXOPT [i27]. The simulation models a 3D monitoring task over an
expansive area, with a focus on the controller’ s ability to efficiently reduce the importance
index 1 under realistic constraints. The detailed parameters used in this simulation are
summarized in Table Bl

Figure B23d shows the layout of the large-scale monitoring field used in the simulation.
Figure BZ3H presents the time evolution of the importance index v under the baseline
controller (BZ3). While the drone gradually reduces unobserved regions, high-t) patches
remain scattered across the field. These sparse regions are often far from the drone’ s
current position, resulting in long travel distances for minimal coverage gains.

Figure B4 shows the evolution of the cost function J. Although the function generally
decreases, its rate of decay slows significantly after ¢ = 600 s. This slowdown is due to
the increasing activation of slack variables as the drone must travel greater distances to
observe remaining unmonitored patches. These patches are not explicitly prioritized in
the original objective function, resulting in inefficient exploratory behavior.

This drawback is particularly problematic for large-scale monitoring missions, where
efficient global coverage is essential. While this limitation was not clearly visible in earlier
small-scale experiments such as those in Science Tokyo Robot Zoo Sky [d0], it becomes
significantly pronounced in expanded environments.

The next section addresses this issue by proposing a controller that encourages more
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Fig. 3.3: ROS simulation of baseline angle-aware coverage controller (833). This simula-

tion can be viewed here.


https://www.youtube.com/watch?v=y9dfAcd7pJo
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Table. 3.1: Simulation parameters for baseline angle-aware evaluation

Parameter Value

Drone altitude z. 1.0m (fixed)

Velocity bounds U [—0.6,0.6] m/s per axis
Horizontal viewing angle range O, [—m, )

Vertical viewing angle range 0, [7/3,m/2]

Sensing scale o 0.1

Importance decay rate § 5.0

Virtual field size |Q.| 1.5 x 107 cells

Virtual cell size 0.02 x0.02 x 0.1 X 35 X 35
Cell volume A % x 10~7 m®rad?
Monitoring area P 6.0 x 12.0 m?

P discretization 10* cells (0.03 x 0.03 m?)
Penalty parameter € 0.0001

Barrier constraint margin -y 0.15

Coefficient a 1.0

efficient exploration, particularly in large-scale 3D map reconstruction scenarios.

3.4 Controller Design for Large-Scale Map Recon-

struction

This section presents a novel controller suitable for the large-scale map reconstruction.
In the previous section, we hypothesized that the small pieces of the unobserved area
were due to the lack of evaluating the distance between i,k = 1,2,...,l and p;. We
thus reflect this factor in the controller design in this section. A trivial idea could be
to modify the cost function J so that it explicitly involves the distance. However, after
conducting extensive research, the results did not meet our expectations for achieving effi-
cient coverage. Specifically, the drones were stuck to specific positions without continuing
exploratory actions. We thus approach the problem differently, namely we employ the
nominal control input upe, and reflect the distance in the design of uyoy. The primary
motivation behind the introduction of o, is to enable the drones not only to reduce the
objective function J in (B) but also to be attracted to locations with higher and denser
importance values, even when these locations are distant from the drone’s current posi-

tion. Consequently, in the context of large-scale monitoring, the drones are expected to
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Fig. 3.4: Cost function J for monitoring using the baseline controller (833). The red
dashed line indicates the slope —v.

behave more efficiently, while also avoiding unnecessary extensive travel to inspect small
unobserved areas.

We construct the nominal control based on the coverage cost function introduced in [28]:

Je = / (min Ips = qnz) ve(q)dq = / i — all” ve(q)da,
0P \ 1€ ; 4 Vi (p)
where V¢(p) is the Voronoi region of drone i over P, defined as

Vi(p) ={q€P|lpi —dll < |lpx — gl VEk €I},

and 1. : P — [0,00) is defined by ¥.(q) = ¥y, if ¢ € Pg.

Define the centroid of each Voronoi region as:

B ]LfQﬂ q¥e(q)dg

cent(VE(p) = B

The gradient of J. with respect to p; is given by [28]:

0J. c
o ( - ¢c(q)dq> (pi — cent(V;(p))).

This motivates a move-to-centroid control strategy based on the Lloyd descent algo-
rithm [93], in which each drone moves toward the centroid of its importance-weighted

Voronoi region.
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Fig. 3.5: Overall control architecture integrating voronoi-based nominal input into QP-

based control.

We define the nominal input as:
Unom,i = k(pz - Cent(vic(p)))7 1€ I,
where k£ > 0 is a control gain. In practice, we approximate the centroid as:

cent(Vf(p)) ~ Z YrXk-

k:xx€VS(p)

Here, 9 are the updated importance indices as defined by (822).
We now integrate the nominal input into the QP-based control framework. The original

QP controller in (B33) is reformulated as follows:

? + |wi|27

(u;‘.k7 w;k) = arg mln € ||Uz - Unom,i
(ui,wi)euXR

s.t. f_i";ul + 5_21' > wj.

This controller maintains the certified performance constraint J < —v while guiding the
system with the aid of the distance-aware nominal control input unom,i-

The full control pipeline is illustrated in Fig. B3. The centralized computation updates
1 based on coverage history, while the Voronoi regions and QP solutions are executed in
a distributed fashion by each drone. As discussed in [3Y], the centralized update step is

computationally feasible for many applications.
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Table. 3.2: Simulation parameters for single-drone evaluation

Parameter Value

Number of drones n=1

Initial position p1 =[1.0 0.2]T m

Altitude 1.0 m (fixed)

Velocity bounds [—0.6,0.6] m/s per axis

Horizontal view angle (0,) [—m, )

Vertical view angle (0,) [7/3,7/2]

Virtual field resolution 1.5 x 107 cells

Polygonal map resolution (P) 10% polygons of 0.03 x 0.03 m?

Other parameters 0=01,e=10"%~v=0.150=5a=1

3.5 Demonstration on a ROS Simulation

This section presents a validation of the proposed controller (B35) through simulation
experiments conducted in a ROS Noetic environment using the same setup described in
Section BZ32. We evaluate the performance of the controller in both single-drone and

multi-drone scenarios to demonstrate its scalability and efficiency.

Remark 1. In the ROS simulation, the drone dynamics are modeled using the single

integrator assumption, which aligns with the controller design.

3.5.1 Evaluation for a Single-Drone Case

We first examine the performance of the proposed controller using a single drone (n =
1). The simulation parameters used are summarized in Table B2. These settings are
consistent with the earlier evaluation in Section Bz372.

In Figure B®, snapshots of the simulation for both of (B23) and (BH) are presented,
featuring a color map depicting the importance index 1. On closer inspection, it becomes
apparent that the proposed controller (833) leads the drone to cover the region in a more
organized fashion, prioritizing areas nearer to the Voronoi region’s centroid and gradually
progressing towards other denser regions. In contrast, the original controller (B33) leads
the drone to a more random coverage pattern, resulting in scattered unobserved patches

across the field after a while. Consequently, the proposed controller achieves more efficient
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Table. 3.3: Simulation parameters for multi-drone evaluation

Parameter Value

Number of drones n=3

Initial positions p1=[1.0 0.2]T m, p, =[-1.0 2.0 m, p3 =[-1.0 —2.0T7 m
Altitude 1.0 m (fixed)

Velocity bounds [—0.6,0.6] m/s per axis

Horizontal view angle (0) [—m,m)

Vertical view angle (0,) [7/3,7/2]

area coverage and quicker task completion compared to the previous controller (B23).

Furthermore, Figure BZ4 also confirms that the proposed controller (823) achieves a faster
overall reduction rate of the cost function J while avoiding frequent constraint violations
in the transient, compared to the previous controller (833). Specifically, the controller
(831) reaches J ~ 0 at t ~ 900s, whereas the controller (823) needs about ¢ ~ 1300s for
completing J ~ 0. Consequently, based on the above simulation, we can infer that the
proposed controller not only covers the area more efficiently but also exhibits a faster
reduction in J than the previous one.

Note that some readers may think that just using enough number of drones can over-
come the drawback of the controller (833) as long as the system cost would be ignorable.
Actually, when we use multiple drones, the total area to be monitored by each drone gets
small. It is thus beneficial to confirm that the above advantage of the proposed controller

is valid for the multi-drone scenario also, which will be investigated in the next subsection.

3.5.2 Evaluation for a Multi-Drone Case

We now evaluate the proposed controller using three drones (n = 3), initialized as
listed in Table B=3. This setting tests the scalability and coordination performance of the
proposed method.

Figure BR shows the snapshot comparisons between (833) and (B3). Due to the smaller
areas to be sampled by each drone, the speed to complete the mission gets faster than the
single-drone case. However, we also see that small unobserved areas remain in the left,
which slows down the overall coverage in the same way as Figure B8. Meanwhile, drones
employing our proposed controller systematically cover the region. This observation is
further supported by the data in Figure B, which indicates that our controller (B83)

achieves faster area coverage, even faster than the specified decay rate. Consequently, it
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t =480s t=1120s
Fig. 3.6: Snapshots of the importance index 1 for the controller (833) (left) and the

proposed controller (B3) (right) using a single drone. Full simulation available here.
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Fig. 3.7: Comparison of cost function J for the controller (833) (blue) and proposed
controller (BH) (green). The red dashed line indicates slope —7.


https://www.youtube.com/watch?v=vk7a_vR_kTw&t=1s
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t=144s t=336s
Fig. 3.8: Snapshots of the importance index 1 for the controller (B=3) (left) and the

proposed controller (8H) (right) using multiple drones. Full simulation available here.
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Fig. 3.9: Comparison of cost function J for the controller (B=3) (blue) and the proposed

controller (834) (green) in a multi-drone setting. Red dashed line indicates slope —37.


https://www.youtube.com/watch?v=iLEHCmNdHUs
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takes only about ¢t = 330 seconds to achieve J ~ 0, whereas the previous controller (B=3)
requires t = 470 seconds.
In summary, we conclude that the proposed controller is beneficial even for the multi-

drone case.

3.6 Experiments: Indoor and Outdoor Validation

3.6.1 Indoor Experiment

This section presents real-world experiments to validate the effectiveness of the proposed
controller (833). The experiments are conducted in the Tokyo Tech Robot Zoo Sky testbed.
Figure B104 shows the environment, and Figure B-T0H illustrates the overall experimental
setup.

Due to the limited size of the testbed, we virtually simulate a larger target field by
reducing the drone’ s altitude and perception scale. Specifically, the altitude is reduced
to 30% of the simulation setting, while the sensing scale o is adjusted to 0.7 of the original
value. These adjustments ensure that the ratio between the drone’ s field of view and the
monitored area remains consistent with the simulation. For safety reasons, the drone’ s
speed is also limited.

The hardware consists of Parrot Bebop 2 drones, a desktop computer (Intel® Core™ i7-
8700K, 32GB RAM), and laptops (Intel® Core™ i7-8650U, 8GB RAM). A motion capture
system using OptiTrack streams 120 Hz drone position data to the desktop, where the
importance function v is updated. Each drone receives its control input from a laptop
performing distributed computation, since the onboard processor can only handle low-

level velocity commands.

Remark 2. In the experiment, we acknowledge the gap between the single integrator
dynamics and the actual drone dynamics. To address this disparity, we designed a local
velocity controller for the drone so that the drone velocity follows velocity commands
from the high-level controller. Despite this remedy, the actual velocity, of course, does
not coincide with the velocity command especially over a high frequency domain. On the
other hand, in general, cooperative control, including coverage control, does not intend
rapid control as in low-level robot motion control, e.g., in a factory. It is thus expected

that the gap between the velocity and its command will not cause major problems.

The parameters used in this experiment are listed in Table B=2. These settings reflect
necessary adaptations from the simulation to the real-world environment.

The experimental results are illustrated in Figure B3I1. The drone controlled by the
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(b) Schematic diagram of the experiment

Fig. 3.10: Overview and schematic diagram of the experimental testbed.

proposed method achieves more systematic coverage compared to the baseline. This is
consistent with the results observed in simulation. As shown in Figure B12, the proposed
controller reaches J ~ 0 around ¢t = 150 s, whereas the original controller takes ¢ ~ 180 s.
Although the improvement margin is smaller than in simulation due to the limited field
size and uncertainty in the real world, the proposed method still demonstrates a clear
advantage.

Although smaller values of o limit the drone’s sensing capability and increase coverage
difficulty, the proposed controller still outperforms the baseline. This highlights its ef-
fectiveness in realistic constrained settings. Despite the compact testbed (2.2 x 2.2 m?),
these results suggest promising scalability to larger outdoor scenarios, with the added

benefit of reduced mission time and energy consumption.
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Fig. 3.11: Snapshots of the importance index 1 for the controller (B33) (left) and proposed
controller (8H) (right) during indoor experiments. Video: link.
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Fig. 3.12: Cost function J comparison between the controller (833) (blue) and proposed

controller (83H) (green) in the indoor experiment.


https://www.youtube.com/watch?v=VIyPAy1QStM
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Table. 3.4: Experimental parameters for indoor validation

Parameter Value

Number of drones n=1

Initial position p1 =[1.0 0.2]T m

Altitude 0.3 m (fixed)

Velocity bounds [—0.2,0.2] m/s per axis

Horizontal view angle (©5) [—m,7)

Vertical view angle (©,) [7/3,7/2]

Target field volume [~1.1,1.1] x [-1.1,1.1] x [0.0,0.5] m?
Virtual field resolution 1.5 x 107 cells

Field discretization (P) 10* polygons of 0.03 x 0.03 m?
Other parameters 0=007,e=10"% ~v=0.150=5a=1

17 m

Fig. 3.13: Overview of the experimental farmland (Smart Agriculture R&E Field).

3.6.2 Outdoor Experiment

To evaluate the practical performance of the proposed controller in a real-world outdoor
environment, we conducted an experiment at the Smart Agriculture R&E Field on the
Suzukakedai campus of Science Tokyo. The field size was approximately 10m x 17m, as
shown in Fig. BT3.

The experiment utilized a DJI Mavic 3 Enterprise drone, equipped with an RTK-GNSS
module for centimeter-level positioning accuracy. A DJI D-RTK 2 mobile base station was
used as a reference, enabling high-precision localization by providing GNSS corrections.

The system architecture is illustrated in Fig. B14, implemented using ROS2 environment
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Fig. 3.14: System architecture for the outdoor experiment using DJI Mavic 3 Enterprise
and RTK-GNSS.

[T28]. Velocity commands were calculated in a central computer and sent to the drone via a
DJI RC Pro Enterprise controller over LAN, using custom ROS2-compatible applications
interfacing with the DJI Mobile SDK.

The drone’ s onboard camera captured 1440 X 1080 resolution images at 30 fps, and
all computations were conducted on a workstation equipped with an Intel Core i9-12900H
CPU (14 cores, 20 threads), 16 GB RAM, and an NVIDIA RTX 3060 GPU. Optimization
was solved using CVXOPT with acceleration via JAX [129] for gradient evaluation.

Table B3 lists the key parameters used in this experiment.

We compared the performance of the proposed controller and the baseline controller
using a single drone setup. As shown in Fig. B3, the proposed controller exhibits a more
organized and efficient coverage pattern, with fewer remaining high-v regions. This leads
to faster overall convergence of the coverage cost J, as plotted in Fig. B-I8. The proposed
controller reduced J to near zero in approximately 600 seconds, while the baseline required
around 900 seconds.

Finally, images collected during the flight were processed with the commercial SfM
software Metashape (Agisoft LLC) to reconstruct a 3D map. The map reconstructed
using the proposed method (Fig. BI7) shows better coverage and scene completeness
compared to that from baseline controller (Fig. BIR), especially in the lower portions of
the scene. These results validate the effectiveness of our controller in outdoor conditions

for high-quality, efficient 3D mapping.

3.7 Chapter Summary

This chapter presented an efficient angle-aware coverage control framework for coordi-

nated image sampling in large-scale 3D reconstruction using multi-drone systems. Build-
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t=405s t=905s

Fig. 3.15: Snapshots of the importance index v during the outdoor experiment. Left:

baseline controller, Right: proposed controller.
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Fig. 3.16: Comparison of cost function J over time. Red: Proposed Controller, Blue:

Baseline Controller. Dashed line: J = —7.
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Table. 3.5: Experimental parameters for outdoor evaluation.

Parameter

Value

Drone model

DJI Mavic 3 Enterprise

Altitude z, 2.0m
Max velocity 0.6m/s
Horizontal view angle O, [—m, )
Vertical view angle ©, [7/3,7/2]

Target field size
Virtual field cell size

[—1.5,1.5] x [—4.5,4.5] x [0,1] m?
0.03 x 0.09 x 0.1 x & x &

Cell volume A % m? rad?
o 0.15

€ 0.1

) 5.0

ol 0.25
Nominal gain k 1.0

Safety distance d., 0.5m

o4

ing upon the baseline angle-aware controller, we introduced a Voronoi-based nominal
input integrated into a QP-based formulation to improve spatial efficiency and scalability.
Through simulation studies, the proposed method demonstrated faster convergence of the
coverage objective and more balanced task allocation across drones. Indoor and outdoor
experiments further validated the controller’ s robustness and effectiveness under real-
world conditions. These results establish a solid foundation for the next chapter, where
we incorporate real-time feedback from online 3D reconstruction to enable scene-adaptive

coverage control.
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Fig. 3.17: 3D map reconstructed using efficient angle-aware coverage controller method

(proposed).

pespecive - e e,
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Fig. 3.18: 3D map reconstructed using baseline angle-aware coverage controller method.
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Chapter 4

Scene-Adaptive Angle-Aware
Coverage Control

4.1 Introduction

This chapter presents a coordinated image sampling framework with real-time map
feedback, as introduced in our recent work [130]. In the previous chapter, we considered an
image sampling framework for 3D reconstruction based on angle-aware coverage control.
In that setting, drones autonomously flew over the target field, captured images based
on a pre-defined coverage control objective, and then landed. The collected images were
subsequently used for 3D map reconstruction using offline Structure-from-Motion (SfM)
techniques. During the flight, however, there was no feedback from the reconstruction
process to inform or adapt the drone behavior on the fly.

With the development of online 3D reconstruction algorithms such as NeuralRecon [48],
it is now possible to reconstruct the 3D map incrementally during flight. This enables
drones to receive real-time feedback from the evolving mesh and adjust their trajectories
accordingly. In this work, we refer to this capability as a “scene-adaptive” method,
meaning that the drones adapt their control inputs based on online 3D reconstruction
feedback. Specifically, the coverage density and sampling priorities are adjusted to revisit
regions with significant mesh updates, improving reconstruction completeness. This is
in contrast to conventional methods that rely on pre-defined coverage plans and do not
change behavior based on reconstruction progress.

The proposed method builds upon the concept of rotatable angle-aware coverage control
initially proposed in [d1] (see Section 2.3.4), but introduces several key modifications.
First, unlike [41], which assumes a fixed flight altitude, our formulation treats the altitude
z as a controllable variable, resulting in a full 5D control framework that operates over a

5D virtual field. Second, we redefine the sensing performance function to better capture
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Fig. 4.1: Illustration of the virtual field B with the world frame >,. The i-th drone

observes point ¢; € Q, adjusting its camera’s yaw 6 and pitch 6 for optimal coverage.

the geometry of 3D reconstruction tasks. Specifically, our formulation takes into account
the alignment between the camera’s viewing direction and the surface normal, the distance
to the observed point, and the angular resolution, thus differing from the performance
metric used in [41].

The effectiveness of the proposed framework is then validated through both simulation
in a ROS2 and Unity-based environment and real-world indoor experiments conducted at

the Science Tokyo Robot Zoo Sky testbed.

4.2 Problem Formulation

This section introduces the sensing and coverage formulation used in this chapter, which
enables each drone to actively control its onboard camera’s orientation during flight. This
modeling framework is particularly suited for image-based 3D reconstruction tasks, where
the diversity of viewpoints plays a critical role in reconstructing accurate and complete
meshes. The formulation captures the geometric relationship between drone pose, camera

direction, and desired viewing perspectives over a discretized virtual field.

4.2.1 Drones, Virtual Field, and Geometry

We consider a system of n drones, indexed by Z := {1,...,n}, operating in three-

dimensional Euclidean space. Each drone is treated as a rigid body, with two frames of
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97 »

Fig. 4.2: Geometric relation between a drone p; and point g;.

reference: the world frame ¥, and the body frame ¥;, attached to the camera of the i-th
drone. Note that X; is arranged so that its z-axis is equivalent to the camera’s optical
axis. The drones are also equipped with a gimbal, allowing control of the camera’s yaw
and pitch angles. The state of each drone i is then represented by p; = [z; y; 2z 0F 69]7,
where 0 € ©" = [-7,7] and 6 € OV = (0,7/2] represent the camera’s yaw and pitch
angles, respectively. The velocity input u; € U C R governs the drone’ s motion, with
pi = ;.

The drones cooperate to observe and reconstruct structures within a predefined 3D field
B C R3. Effective 3D reconstruction requires capturing each point in B from multiple
perspectives. To achieve this, the coverage is evaluated over a 5D space Q, = Bx ©" x V.
We discretize Q. into m cells, with a representative point of the j-th cell denoted by
g =[5 yj % G;L 9;’] € Q.. The collection of these representative points, g; for j €
M ={1,2,...,m}, is denoted by Q. The illustration of the problem setup can be seen
in Figure 2.

Next, we define the geometric components associated with the position, angle, and

vector direction of the drones p; and target points g; (see Figure B22):

e Pos(-): Represents the 3D position component of a 5D coordinate. For a drone
pi, Pos(p;) = [xi,yi, z:])7 indicates its spatial location, while for a target point g¢;,
Pos(q;) = [z;,yj,2;]7 denotes its position.

e Ang(-): Represents the angular component. For a drone p;, Ang(p;) = [07,07]T

1771

specifies the camera’s yaw and pitch angles, and for a target point ¢;, Ang(q;) =
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[9?, 9}?]T indicates its orientation.
e Dir(-): Represents the direction vector derived from angular components, defined

as:
Dir = [cos 6" cos 8", cos §° sin 8", sin 6°]7.
For a drone p;, Dir(p;) indicates the camera’s optical axis direction in the world

coordinate system. For a target point ¢;, Dir(g;) specifies the expected viewing

direction from which the point should be observed.

4.2.2 Sensing Performance and Importance Index

To evaluate the quality of observation by the drones, we consider three key criteria for

a drone at state p; observing a target point ¢; in Q:

1. Alignment of the Drone Camera’s Optical Axis: The drone camera’s optical
axis should align with the vector pointing from the drone’s position to the target

point ¢;, ensuring the camera is directly facing the target. This is quantified by:

Dir(p;) - (Pos(g;) — POS(%’)))
[Pos(q;) — Pos(ps)]| '

2. Orientation of the Target Point Toward the Drone: The orientation of

©1(pi, qj) = arccos (

the target point ¢; should face the drone’s camera to capture relevant features

effectively. This is given by:

Dir(g;) - (Pos(g;) — POS(Pi)))
[Pos(q;) — Pos(pi)|| '

3. Appropriate Distance from the Camera to the Target: The distance be-

©2(pi, qj) = arccos (—

tween the camera and the target should be optimal for the camera’s resolution.

This distance is represented by:
p(pi, q5) = [[Pos(g;) — Pos(pi)|| — D,
where D represents the desired observation distance for high-resolution details.

These criteria collectively determine the sensing performance function hq(p;, g;), which
evaluates the quality of observation by combining the alignment, orientation, and distance

factors:

—(L—cosp1)®  —(L—cosgs)® —p°
hi(pi,q;) = .
1(Pi; g5) = exp ( 202 * 203 203

The parameters o1, 02, and o3 adjust the sensitivity to these factors.
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We next present the importance index ¢; € [0,00), assigned to each point ¢; € Q.
A high importance value suggests that the point requires further observation. Similarly
to [41], ¢; is updated based on a differential equation that depends on the sensing perfor-
mance function h; for all drones, the current index ¢;, and the real-time map information.

The update rule will be presented in the next section.

4.3 Coordinated Image Sampling with Real-Time
Map Feedback

In this section, we present an algorithm for coordinated image sampling that leverages
real-time map feedback from mesh changes to guide the reconstruction process. The
unknown environment is reconstructed using aerial images sampled by drones, with no

prior ground truth available.

4.3.1 Quantification of Mesh Changes

As outlined in Section 2, the 3D map generated by NeuralRecon is represented as a
mesh of vertices and triangles. This reconstruction is iterative, with updates integrated
at discrete time instants t € 7 = {1,2,...}, where T denotes the set of discrete times at
which the mesh is updated by NeuralRecon. Mathematically, the mesh at time ¢ € T is

represented as:
Vi={vleR}|I=1,...,N'} CR3

where v} represents the position of the I-th vertex in 3D space, and N? is the total number
of vertices at time t. As more data is integrated, Nt changes accordingly, reflecting updates
to the mesh over time.

To extract meaningful feedback from the ongoing mesh reconstruction, we track changes
in the mesh to identify areas that may still require more attention. Regions where the
mesh is evolving are expected to continue changing as more images are added, while areas
with minimal or no changes are assumed to be sufficiently reconstructed. Significant
changes, such as an increase in the number of vertices, indicate areas still in need of
further observation.

To efficiently evaluate mesh changes, we define a set of points {r, € R3 |k =1,...,s},
where each point r; represents a location in 3D space. The collection of these points
forms the set R. The total number of points, s, is typically smaller than the number of
elements in Q, reducing computational load while still capturing relevant changes in the

mesh. Let V! represent the collection of mesh vertices at time ¢ that are closest to the



CHAPTER 4 SCENE-ADAPTIVE ANGLE-AWARE COVERAGE CONTROL 61

point 7. Formally,
t t _ .
Vi = {veVinB|r, = argirél% |lr — ||}

Analogously, Vrt,j ! represents the closest vertices at time ¢+1. The mesh change evaluated

at each point r; between time ¢ and ¢ + 1 is then quantified as:
AV () = [V = V- (4.1)

Here, |V;! | represents the number of vertices in the set V;! , and the difference AV*+ (1)
measures how the mesh has evolved around ry over time. By calculating AV (r) for
each point r, we can quantify the changes in the mesh, allowing us to identify regions

that have been updated or remain incomplete.

4.3.2 Importance Index Update Based on Mesh Feedback

To integrate map feedback into the coverage control framework, we introduce a perfor-
mance function, hs(g;), which measures the influence of mesh changes on a point ¢; in

the virtual field Q. It is defined as:

ha(g;) =
T;etanh (M{M) exp (—||Pos(2q;% _ rk||2> |

where AV'T1(ry) is defined in (). The squared term (AV®*tl(r;))? represents the

magnitude of mesh changes around rj, capturing both increases and decreases in the

(A‘/’“”z(?“k))2

~ > , normalizes

number of vertices. The hyperbolic tangent function, tanh(
these changes to the range [0, 1], with x tuned to adjust the tanh function’ s transition
from 0 to 1, ensuring proper normalization of the mesh changes. The exponential term
exp (W) adjusts the influence of mesh changes based on the distance between
ri and ¢, where o4 governs the sensitivity to this distance.

The importance index ¢; is updated continuously based on real-time sensing perfor-

mance, represented by the term
¢; = —61 max by (pi, ;) 5, (4.2)
€T

which evolves as the drone gathers data. Here, §; acts as a gain parameter, adjusting
the responsiveness of ¢; to the drone’ s sensing performance. Then, at discrete instants
t € T, however, we incorporate the influence of mesh feedback as a jump in ¢;, reflecting

changes in the environment. This jump is expressed as

¢;(t7) = ¢;(t7) + daha(qy), (4.3)
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where ¢t~ and t* denote the continuous time immediately before and after the time cor-
responding to each discrete time instant ¢ € T, respectively. Here, d5 amplifies the effect
of mesh changes, adjusting ¢; in regions that may require additional attention in the
reconstruction.

In this context, the goal of the coverage control algorithm is to minimize the importance
index across the virtual field by optimizing the drones’ trajectories. The global objective

function J, representing the average importance index across the entire region, is then

defined as:
J‘ZM‘Z;L' (44)

JEM j=1
Minimizing this average importance index reflects the overall effectiveness of the coverage

control, as a lower J indicates better sensing quality and data collection. The algorithm,

therefore, seeks to drive J as close to zero as possible by enforcing the constraint
J<—y vré¢T,

for a given v > 0, where 7. is the set of continuous times corresponding to the discrete
times in 7. This inequality ensures that the objective function decreases at a controlled
rate to achieve optimal coverage for improved 3D reconstruction. The present objective
means that J should decay at least at the rate v over the time intervals between two

adjacent instantaneous jumps of ¢, by (£=3).

4.3.3 QP-Based Controller Design

In this section, we propose a solution to achieve the objective outlined previously. To
accomplish this, we utilize a quadratic programming (QP)-based controller [73] that en-
forces the constraint J < —v. We begin by computing the time derivative of J at any
time 7 ¢ T.:

Jj— Z Géj _ _Zje/\/( 01 ma)ji/elI hi (s, Qj)(bj
2 M M
- S ZjEVi(p) 01h1(pi, ;) 0; _ S L
M| M|
where I; = > Vi () d1h1(pi, q;)¢;, representing the influence of drone ¢ in lowering J in

(22). The set V;(p), which depends on p := (p;);cz, is a Voronoi-like partition of the set
M defined as

Vi(p) == {j € M |h1(pi,qj) < hi(pr,q;) Vk € T}



CHAPTER 4 SCENE-ADAPTIVE ANGLE-AWARE COVERAGE CONTROL 63

) - )
Mesh Change Update NeuralRecon Algorithm
AVH—l(Tk) — |Vrfk+1| _ |Vrt VH—l 7, : -

hy(q;) = Z tanh(w < ||q12;4rk|| ) J
k TRER /
/ N

/

QP-based Control

2 w = argmin_ellull? + wil? u
(uj Wi EUXR
s b &l + &5 = Wy J
Density Update
. Drone-i
Pi b; = =6, maxhy (pi, ;)5 + 82h2 ()

Fig. 4.3: Controller architecture of map-feedback coverage control.

Theorem 1. Let J; be the local objective function that each drone ¢ should minimize.

By enforcing the local constraint on each drone

: I,
Ji = = < -, (4.5)

Vi(p)|
we ensure that the global constraint J < —~ is satisfied.
Proof. From the local constraint (B5), multiplying both sides by |V;(p)| gives:

—1; < =|Vi(p)|r.
Summing over all drones :
=Y L<=)> i)y =—IMly.
i=1 i=1

Hence, the global objective function’s derivative becomes:

M|
This completes the proof. Ol

Next, we enforce the constraint (23) by setting b; ;1 > 0, with b; 1 defined as

bir =1 — |Vi(p)|y.
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This condition is satisfied when the velocity input w; is chosen so that the following

Ob;. 1 ob; 1\
heluiC L . C ) >
(a¢j)¢] <3pz ) uz""al(bz,f)_oa

where o7 is a locally Lipschitz extended class K function.

inequality holds:

In addition, to address the gimbal pitch limitations, we introduce a constraint following
[@T]. This constraint restricts the vertical angle 07 of the drone’s gimbal within a specified
and 0%

n b ax- We define a control barrier function

range, ensuring it remains between 0}

big» to enforce this range:

oy v \?
biov = (Ormax — Omi ) (9;} _ M) > 0.

max min 2 —

This condition holds when u; meets the following inequality:
(a—pf) u; + ag(bigv) >0,

where a» is a locally Lipschitz extended class K function.

Now, we present the QP-based controller as follows:

(uf,w) = argmin e u]|® + |w;|?
(wi,w;)EUXR

ob; 1 ob; 1
.t. — > w;
s.t (8¢J>¢j (8pi) u; + a1 (bir) > wi,

Obi 9o\ ©
( 61;5 ) u; + ag(bigv) >0,

where € is a penalty variable and w; is a slack variable allowing for relaxation of the

constraint.

Theorem 2. Suppose that no g; (for j € M) is located on the boundary of V;(p).
When aq(b; 1) : R — R and as(bigv) : R — R are set as linear functions such that
a1(bir) = a1b; 1 and ag(b; gv) = agb; gv, where a; > 0 and ag > 0 are positive scalars, the
problem is equivalently reformulated as:
(uf,w) = argmin ellu;|* + |w;]”
(uwi,w;)EUXR
st ELup + & > wi,

Xiii + xai > 0,
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where
oh iy 47
§1i =01 Z %%‘7
. Di
JEVi(p)
§2i i= —a1|Vi(p) v+
> 1ha(piy q5)85 (a1 — 51ha(pi, 7))
JEVi(p)
and

035, + 02
X1 1= {00002(93-@)},

v v v anin + anax ?
xar = a ((emax S CRE Ry ) .

Proof. The constraint in the QP-based controller (A8) involves the terms a;;’i’ , %ﬁ‘; ,
ay(bir), 82;;?”, and as(b; gv). Here, the terms 14, €24, X14, and x2; can be computed as
follows:
Ob;
b1 = 2
Pi
) Ohi1(pi, q5)
= — (I; — |V =9 5
2 -Mph =a Y Hulmal,

JEVi(p)

Next, noting that aq(b; 1) = a1b; 1, we compute &a; as:

0b;
£ = 8(;5;-1 + a1 (bi 1)
0
= o~ (i = Vi(p)ly) + a1 (I = Vi(p)|v)
09
= —ax[Vi(p) v+
Y ha(pisas)ds (a1 — Siha(piygy)) -
JEVi(p)

For the gimbal pitch constraint, we compute y1; as:

abigv 9”' +9U
= d = 9 [ gy — Zmin ' "max )|
X1 {00 00 267 } {0 000 (92 5 )}

Finally, noting that as(b; gv) = asb; gv, we compute yz; as:

x2i = a2(bi o)

0v. + Y 2
= ay ((Hﬁ]ax — v )2 - <9;} _ @) > '

Thus, the optimization problem (BZ7) is equivalent to the original controller formulation
(). O
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Fig. 4.4: Snapshot of the Unity scene targeted for 3D reconstruction by drones.

The overall control architecture is illustrated in Figure 2=3.

Remark finally that the problem (227) is well-defined only at time 7 ¢ 7T.. Accordingly,
the control input at each time 7 € 7. is not defined. Although the time of solving
(277) does never exactly synchronize to the time of mesh updates in practice, we define

u;(7), 7 € T by the most recent solution to (E=7).

4.3.4 Control Logic with Feedback Trigger

To implement the previous controller effectively, the system is designed to first allow the
drones to scan the entire field and gather basic information about the environment. This
initial phase ensures that the drones obtain a rough shape of the 3D map while widely
sampling images over the field. We define a threshold Ji;, for the objective function J,
below which the mesh change feedback is activated.

If J remains above the threshold Jiy, indicating that the system is still in the initial
scanning phase, the mesh change feedback is not used for updating the importance index,
keeping d2 = 0. Once J falls below the threshold, the mesh change feedback is activated,
and the parameter Jo is set to a positive value ¢5. This adjustment allows the drones
to prioritize specific areas where significant mesh changes have occurred, increasing the
importance index in regions that require more attention for improved 3D reconstruction

quality:
0 if J> Jun,
0o = .
oy if J < Jin.
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This approach allows the system to first achieve broad coverage, then refine reconstruction
in areas where mesh changes indicate a need for closer inspection. The overall control

process is summarized in the following pseudocode:

Algorithm 1 Coverage Control Algorithm with Map-Feedback
1: Initialize 6o = 0, gather initial 3D map

2: while True do
3: Compute J (objective function) as in (£4)
if J > Jy, then
No map feedback, keep do = 0
else
Activate map feedback, set do = d}
end if
Update ¢; using the rule in (222)
10: Compute u; using the QP-based controller (E=2)

11: Update drone positions based on u;
12: Continue scanning

13: end while

4.4 Simulation-Based Evaluation

In this section, we evaluate the proposed algorithm through simulations involving both
single and multiple drones, demonstrating the effectiveness of real-time map feedback in
enhancing 3D reconstruction quality and increasing sampling efficiency.

The simulation environment is implemented using ROS2 [128] for drone control and
Unity as the simulated environment. Communication between the two platforms is man-
aged via the ROS2-Unity bridge. In Unity, the drones simulate real-world operations by
capturing images, which are then sent to the ROS2 environment, where the NeuralRecon
algorithm processes them to reconstruct a 3D mesh. This mesh is evaluated in real-time,
with updates fed back to the coverage controller to guide the drones’ movements based
on current map changes.

The simulation is conducted in a monitored environment represented as a 5D field, where
the spatial region is defined as a cube with dimensions [—3, 3] mx[—3, 3] m %[0, 2] m and the
viewing angle space is set to ©;, € [—m,7) and ©, € [0,7/2]. This 5D field is discretized
into m = 1.5x 107 cells, each measuring 0.02m x 0.02m x 0.1 m x 7/30rad x 7/30rad. The

parameter values used in the simulation are summarized in Table B-. Safety constraints
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for inter-drone collision avoidance [24] and pitch angle limitation [A1] are integrated into
the QP-based controller (£71).

Table. 4.1: Simulation parameters for 5D coverage with real-time map feedback

Parameter Value

Field size [—3,3] x [-3,3] x [0,2] m
Viewing angle range O, =[-m,m), 0, =[0,7/2]
Virtual cell size 0.02 x 0.02 X 0.1 X 55 X 55
Total virtual cells m 1.5 x 107

Max depth D 1.0

Sensing performance parameters o7 = 0.07, 03 =0.3, 03 =0.1, 04, =04
Importance decay 91 = 3.0, 02 = 1.0 (or 0.0)
Sensitivity scaling k=0.7

Barrier and cost parameters a=1.0,€e=0.01, vy =0.012
Cost threshold Jiy, 0.4

4.4.1 Single-Drone Simulation

We first consider n = 1 drone with an initial position set to p; = [5.0,3.0]7 m. Two sce-
narios are compared: one using real-time map feedback and one without. Both scenarios
implement the same QP controller (71) with v = 0.012, but in the no-feedback case, d2
is set to zero throughout the simulation.

Figure B8 shows the time evolution of J. In the early phase (¢ < 180s), both scenarios
exhibit similar J reduction as the map feedback is inactive. When J drops below .J;y,, the
feedback mechanism activates, resulting in visible fluctuations in J due to mesh changes.
This feedback-driven behavior continues until ¢ ~ 1400 s, when J stabilizes near zero. The
no-feedback scenario, on the other hand, shows a steady decline in J without regard to
mesh stability.

A final mesh comparison is presented in Figure BZ2. The reconstruction under map
feedback (Fig. B24b) more closely resembles the ground truth (Fig. B=7a) than the version
without feedback (Fig. BZc), indicating improved map completeness from feedback-guided

sensing.
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Fig. 4.5: Simulation snapshot of map-feedback coverage control using one drone. The
top section shows the distribution of ¢;, while the bottom section displays the evolution

of the reconstructed mesh. A video of the simulation can be viewed herd.
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Fig. 4.6: Plot of J for the single-drone performance evaluation.
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Fig. 4.7: Comparison between reconstructed meshes for the single-drone performance
evaluation. (a) Ground truth mesh of the scene in Unity. (b) Final reconstructed mesh
using the controller with map feedback. (c¢) Final reconstructed mesh using the controller

without map feedback.

4.4.2 Multi-Drone Simulation

We extend the evaluation to n = 2 drones, initially positioned at p; = [5.0,3.0]7 m and
p2 = [—5.0,—3.0]T m. The two scenarios—feedback and no-feedback—again use the same
controller setup with do = 1.0 and 0.0 respectively.

Figure B9 presents the time series of J. As with the single-drone case, early behavior
is similar between the two scenarios, followed by map-feedback-induced fluctuations in
J until the cost converges. Figure B-10 compares the final reconstructed meshes. The
feedback-enabled scenario achieves greater completeness and visual accuracy relative to
the ground truth, confirming the benefit of feedback-driven coordination.

These results demonstrate the scalability and effectiveness of the proposed approach
in both single and multi-drone systems, highlighting improved reconstruction quality and

adaptability enabled by real-time mesh feedback.

4.5 Experiments: Online Reconstruction Validation
4.5.1 Experimental Setup

To validate the proposed method in real-world settings, we conduct indoor experiments
at the Science Tokyo Robot Zoo Sky testbed. The experiments use DJI Mavic Mini 3
drones, equipped with RGB camera. The drone state (position and orientation) is tracked
using an OptiTrack motion capture system at 120 Hz, providing accurate localization for

real-time feedback control.
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Fig. 4.8: Simulation snapshot of map-feedback coverage control using two drones. The

top section shows the distribution of ¢;, while the bottom section displays the evolution
of the reconstructed mesh. A video of the simulation can be viewed herd
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Fig. 4.9: Plot of J for the two-drone performance evaluation
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Fig. 4.10: Comparison between reconstructed meshes for the two-drone performance
evaluation. (a) Ground truth mesh of the scene in Unity. (b) Final reconstructed mesh
using the controller with map feedback. (c¢) Final reconstructed mesh using the controller

without map feedback.

Captured images are transmitted wirelessly to a ground station where the NeuralRecon
algorithm processes them to generate a dynamic 3D mesh of the scene. The mesh is
continuously updated and evaluated to provide map-change feedback, which is then used
to inform the adaptive importance index updates during the mission. The experimental
setup architecture can be seen in Figure BT

Two experimental scenarios are considered:

e Static Importance (No Feedback): Drones operate using the QP controller
without real-time feedback, i.e., do = 0 throughout the mission.
e Map Feedback (Adaptive): Real-time feedback is activated once J < Jy, = 0.4,

allowing do = 05 to incorporate mesh-change-based resampling.

For this indoor setup, we configure the physical environment to resemble a miniature
structured space. The field of interest spans approximately 2.0m x 2.0m x 2.0m, and
each drone operates at altitudes ranging from 0.8 m to 1.5m. The following parameters
are used:

Safety constraints such as pitch angle limits and inter-agent collision avoidance are also

enforced in the controller.

4.5.2 Experimental Results

A preliminary indoor experiment was conducted using a single drone equipped with
onboard sensing and real-time reconstruction feedback. A snapshot of the flight test is

shown in Figure 12, and the corresponding reconstruction result with camera viewpoints
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Fig. 4.11: Indoor experimental system architecture for proposed method verification.

is visualized in Figure B—T3.

During the experiment, the drone actively captured viewpoints across the scene while
the importance index ¢ evolved in response to coverage. Regions initially marked as
high priority (red) gradually turned blue as the drone observed them, reflecting successful
reduction in importance. When the mesh feedback module was activated, newly recon-
structed regions triggered a reset of importance values, causing relevant areas to turn red
again. This illustrates the framework’ s ability to adapt coverage behavior based on scene
updates.

The NeuralRecon module successfully generated a dense mesh in real time, incremen-
tally fusing observations as new frames were collected. These qualitative results support

the feasibility of integrating online 3D reconstruction into adaptive viewpoint planning.

4.6 Chapter Summary

This chapter presented a scene-adaptive framework for coordinated image sampling
that integrates real-time map feedback into a coverage control strategy enhanced with
camera rotational motion. The proposed method builds upon the angle-aware coverage
control formulation by explicitly modeling the control of both drone position and camera
orientation, thereby operating in a five-dimensional (5D) control space. This enhanced
flexibility enables the drones to align their viewpoints more effectively with the evolving

structure of the target scene.
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Table. 4.2: Indoor simulation parameters for scene-adaptive coverage

Parameter Value

Field size 2.0x2.0x20m

Drone altitude range [0.8,1.5] m

Desired observation distance D 1.2 m

Sensing parameters 01 =0.07,00=0.3,03=0.1, 04 =04
Feedback tuning 91 =3.0,05=1.0,k=0.7

QP parameters a=1.0,e=0.01

Feedback threshold Jiy, 0.4

To adaptively guide sampling efforts, the framework leverages an online reconstruction
pipeline— NeuralRecon—that continuously updates a volumetric mesh based on input im-
ages. A key contribution in this chapter is the feedback mechanism that quantifies changes
in the mesh over time and converts them into a dynamically updated importance index.
This index informs the controller of which regions remain under-observed or unstable,
allowing the system to allocate sensing resources more intelligently.

The control law is formulated as a quadratic program (QP) that minimizes the rate
of decrease of a task-specific cost function, while incorporating constraints that ensure
safety and feasibility. These include inter-drone collision avoidance, field-of-view limits,
and pitch angle bounds for the gimbal-mounted cameras. The QP controller adjusts drone
motion and camera orientation in response to both task requirements and reconstruction
feedback.

The proposed method was validated through extensive simulation and real-world exper-
iments. Simulations were conducted using a Unity-ROS2 environment, with both single-
drone and multi-drone scenarios tested. The results demonstrated that map feedback
allows drones to give more attention to the evolving region, resulting in more complete
reconstructions. In physical experiments, the approach showed the practicality and feasi-
bility of the proposed method in generating the real-time 3d map iteratively.

Overall, this chapter demonstrated that integrating real-time 3D mesh feedback into a
camera-rotation-enabled coverage control framework enables more adaptive and efficient
multi-drone 3D reconstruction. The results validate the feasibility and effectiveness of

scene-adaptive coordination in improving the quality of the map.
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Fig. 4.12: Indoor experimental setup for proposed method verification.
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Fig. 4.13: Snapshot of the experiment with single drone.
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Chapter 5

Conclusion

5.1 Summary of Contributions

This dissertation addressed the problem of coordinated image sampling for high-quality
3D reconstruction using multi-drone systems. Two main contributions were presented,
each corresponding to a distinct reconstruction pipeline: one for classical offline recon-
struction and the other for online, real-time reconstruction. The key contributions are

summarized below:

e Efficient Angle-Aware Coverage Control for Multi-Drone Image Sam-
pling using Offline Reconstruction Pipelines
To address the limited scalability of prior angle-aware coverage strategies in large-
scale environments, we proposed an extended formulation that integrates Voronoi-
based coverage control as a nominal input within the original angle-aware frame-
work. A QP-based controller was developed to combine this nominal input with
the angle-aware gradient field, while incorporating control barrier functions (CBFs)
for safety constraints such as collision avoidance and field boundaries. The method
was validated in simulation (single and multi-drone settings) and in both indoor
and outdoor experiments, demonstrating improved mission completion efficiency
and practical applicability compared to baseline methods.

e Scene-Adaptive Angle-Aware Coverage Control with Camera Rotational
Mbotion using Online Reconstruction Pipelines
To enable real-time adaptivity, we extended the angle-aware coverage control with
gimbal-based camera rotation by modifying the control input space from 4D to 5D
(adding altitude) and reformulating the sensing performance function. We intro-
duced a novel feedback mechanism that interprets mesh updates from the Neural-

Recon algorithm as a proxy for reconstruction completeness, allowing the system
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to adaptively update its coverage density. A QP-based controller was designed
to incorporate this dynamic importance index while maintaining safety through
CBFs. The approach was validated through Unity - ROS2 simulation and real-
world multi-drone experiments, showing improved reconstruction completeness and

scene adaptivity compared to baseline methods without map feedback.

5.2 Limitations and Future Work

While this dissertation presents substantial progress in coordinated image sampling
for 3D reconstruction using multi-drone systems, several limitations remain and point to
future research directions.

One practical limitation concerns the computational overhead introduced by the integra-
tion of real-time 3D mesh updates with QP-based coverage control. While the controller is
tractable for small- to mid-scale missions, scaling to larger fields or prolonged deployments
may require more efficient solvers or hardware acceleration. In particular, parallelizing
key components or approximating feedback-driven coverage terms with learned surrogates
may help reduce onboard computation loads.

Coordination in the current system is achieved through decentralized coverage objec-
tives without explicit inter-agent communication. While this facilitates scalability, it
can limit performance in complex scenarios that require dynamic task reallocation or
cooperation over longer horizons. Incorporating lightweight distributed optimization or
communication-aware coordination could enhance robustness for larger teams.

Another limitation lies in the scope of experimental validation. While both indoor and
outdoor experiments were performed, they were limited to structured environments with
manageable scale and visibility. Extending the framework to more unstructured, cluttered,
or GPS-denied environments would require integration with SLAM-based localization and
more adaptive path planning that accounts for obstacles and environmental uncertainty.

The current framework also does not explicitly model uncertainty in sensing or re-
construction. All decisions are made based on heuristic interpretation of mesh changes,
without probabilistic modeling of confidence or completeness. A more rigorous approach
may involve incorporating uncertainty-aware perception models or estimating confidence
maps to better inform control decisions under occlusion, visual aliasing, or noisy recon-
struction outputs.

Looking ahead, one promising direction involves extending the scene-adaptive frame-
work to support neural radiance field representations such as NeRF or Gaussian Splatting.

While these techniques offer richer, photorealistic scene representations, they do not yield
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explicit mesh changes that can be directly tracked. Developing methods to interpret view-
dependent error, density gradients, or neural feature change as proxies for reconstruction
progress remains an open challenge—but could allow for feedback-driven coverage control
in high-fidelity rendering environments.

Finally, this dissertation highlights an important direction toward quality-driven 3D
mapping without reliance on external ground truth or predefined priors. The use of inter-
nal reconstruction evolution (e.g., mesh changes) as feedback enables more autonomous
and self-adaptive behavior. Further investigation is needed to formalize how such internal
metrics correlate with true map quality, and how they can drive sampling strategies that
remain effective in unknown or complex scenes.

In conclusion, the methods developed in this dissertation provide a foundation for scal-
able and adaptive aerial 3D reconstruction. By combining principled coverage control
with feedback from online reconstruction pipelines, this work opens the door to more

autonomous, efficient, and intelligent multi-robot mapping systems.
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