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Introduction

In recent years, autonomous aerial systems have advanced rapidly, enabling complex missions in challenging
environments. One particularly demanding domain is Search and Rescue (SAR) in maritime environments,
where timely victim detection and wide-area coverage are critical. The ocean’s vastness and unpredictability
make such operations extremely difficult for human crews to perform effectively.

To improve SAR performance, the deployment of autonomous UAV swarms capable of collaboratively
detecting drifting victims is highly promising. However, a fundamental bottleneck in multi-UAV maritime
operations is the strict endurance limit of battery-powered aircraft. Traditional multirotors excel at low-speed,
precise inspection but lack the efficiency for wide-area coverage. Conversely, fixed-wing platforms offer
long-range endurance but cannot hover to confirm targets. Hybrid UAVs, such as the Variable Skew Quad
Plane (VSQP), bridge this gap by combining Vertical Take-Off and Landing (VTOL) capabilities with the
energy-efficient forward flight of a fixed-wing aircraft.

Effectively exploiting these hybrid platforms requires advanced decision-making frameworks. Central to
modern autonomous search is Informative Path Planning (IPP), which enables drones to select trajectories
that maximize expected information gain rather than relying on rigid, geometric sweep patterns. While
IPP has been widely studied, existing approaches largely neglect the non-linear energy dynamics of flight.
They rarely penalize energy-intensive hover states during exploration, nor do they explicitly leverage the
aerodynamic efficiency of fixed-wing cruise. Furthermore, current IPP frameworks are rarely integrated with
swarm coordination and dynamic drift modeling, limiting their applicability to the stochastic realities of ocean
search.

Problem Statement

The core problem addressed in this thesis is the efficient coordination of a multi-UAV swarm for maritime
SAR under strict energy and kinematic constraints. To maximize the probability of finding a drifting victim
before battery depletion, the swarm must continuously balance the conflicting requirements of rapid spatial
coverage (exploration) and precise target confirmation (tracking).

Currently, there is a lack of high-level coordination architectures that can dynamically transition a swarm
between these phases while explicitly minimizing the aerodynamic penalties of flight. The system must be
capable of processing asynchronous telemetry, propagating stochastic ocean drift, and autonomously allocating
tasks to prevent redundant searching and inter-agent collisions, all while mathematically biasing trajectories
toward the most efficient flight regimes of the hardware.

Research Objective

To develop and deploy an energy-aware swarming algorithm that integrates informative path planning
for UAV-based maritime search and rescue missions, with the goal of maximizing victim detection and area
coverage efficiency while minimizing total energy consumption in large, dynamic, and partially observable
environments.

Research Questions
To achieve the research objective, this thesis addresses the following primary research question:

How can informative path planning be unified with multi-UAV coordination to enable energy-efficient
maritime SAR by exploiting distinct flight-regime dynamics?

To systematically answer the primary research question, the following sub-questions are investigated:

1. What is the minimum swarm size required to explore a bounded maritime environment and achieve a high victim
discovery rate within strict endurance and temporal limits?
This question evaluates the scalability of the proposed framework. It is addressed through extensive
Monte Carlo simulations to establish the relationship between operational search area, fleet density, and
physical battery limits, ultimately defining the operational constraints of the swarm.

2. How does embedding an aerodynamic power model into the objective function balance the trade-off between global
entropy reduction and endurance?
This question investigates the core algorithmic contribution of the energy-aware planner. It is answered by
benchmarking the proposed Informative Path Planning (IPP) algorithm against traditional Boustrophedon
coverage under varying asymmetric wind disturbances.

vi



3. How can the distinct flight-regime enerqy dynamics of a hybrid UAV (such as the VSQP) be explicitly exploited
during different mission phases to maximize search endurance?
This question bridges theoretical path planning with physical platform behavior. It is addressed by
developing a Finite State Machine (FSM) that dynamically transitions the swarm between high-altitude
global exploration and targeted, low-altitude confirmation, and is subsequently validated through
Hardware-in-the-Loop (HIL) and real-world multi-UAV flight tests.
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Energy-Aware Multi-UAV Coordination using Informative
Path Planning for Maritime Search & Rescue

Exploiting Flight-Regime Energy Dynamics

Shivesh Damian Bhawan

Autonomous maritime search and rescue faces crit-
ical challenges due to limited endurance and dynamic
victim drift. This thesis presents a centralized multi-
UAV coordination framework based on Energy-Aware
Informative Path Planning. The aim is to maximize
mission endurance by exploiting the distinct energy
dynamics of different flight regimes, such as the effi-
ciency of fixed-wing cruise versus the high cost of hov-
ering. Locally, a Receding Horizon Planner optimizes
the trade-off between entropy reduction and energy
consumption. The framework provides global coordin-
ation by dynamically switching agents between high-
altitude exploration and low-altitude target tracking
while accounting for the effects of ocean drift. Monte
Carlo simulations using the empirical power model
of the Variable Skew Quad Plane evaluate the swarm
size required to achieve 80% global entropy reduction
and successfully confirm multiple victims within a
strict 10-minute timespan. The evaluation reveals a
fundamental trade-off between spatial clearing speed
and environmental robustness—defined as the sys-
tem’s ability to maintain consistent search perform-
ance despite adverse wind disturbances. Although
boustrophedon coverage is efficient in optimal con-
ditions, adverse crosswinds cause accelerated energy
drain, potentially leading to early mission failure.
By dynamically surfing wind gradients, the proposed
method extends mission endurance while maintain-
ing sufficient coverage capabilities in these severe
crosswind scenarios. Finally, the communication and
coordination logic of the framework was validated
through real-world flight tests with a swarm of Parrot
Bebop 2s.

Keywords: Energy-Aware, Informative Path Plan-
ning, Swarming, Dynamic Mapping, Centralized Co-
ordination, Search & Rescue, UAV swarm, Autonom-
ous

1 Introduction

Autonomous multi-UAV systems for search and map-
ping in challenging environments are gaining increas-
ing attention due to their potential to support applica-
tions such as search and rescue (SAR) [1, 2], maritime

monitoring [3, 4], disaster response [5], and large-scale
exploration [6-8]. Swarm-based aerial systems offer
improved scalability, robustness, and temporal effi-
ciency compared to single-vehicle approaches, making
them promising for time-critical SAR missions.

This work focuses on maritime SAR, where vast
open-water areas and uncertain victim locations make
efficient search a significant challenge. It is a funda-
mental aerodynamic property that standard rotorcraft
consume less energy in moderate forward flight than
in stationary hover, as translational lift reduces in-
duced power requirements [9-11]. Hybrid UAV plat-
forms—such as tilt-rotors, tail-sitters— extrapolate this
efficiency advantage further. By transitioning from
rotary-wing flight to wing-borne cruise, they achieve
endurance capabilities far beyond the "sweet spot" of
standard multirotor forward flight [12, 13].

Effectively exploiting these distinct regimes re-
quires planning methods that account for their dif-
fering energy profiles and transition costs. Our mo-
tivation is to develop a framework that leverages the
theoretical efficiency of advanced hybrid platforms
while remaining adaptable to hardware constraints.
To achieve this, this work utilizes the VSQP’s distinct
energy dynamics as a representative baseline for large-
scale simulations. For physical field trials, standard
quadrotors (Parrot Bebop 2) serve as kinematic sur-
rogates to execute regime-optimized trajectories in
real-world environments. While prior VSQP stud-
ies focus primarily on low-level flight control and
transition stability [14, 15], this research addresses the
open challenge of high-level planning and cooperative
decision-making to fully exploit efficient forward-flight
and hover regimes in information-driven search tasks.

Informative Path Planning (IPP) provides a prin-
cipled approach for guiding UAVs toward areas of
high expected information gain [16]. In this context,
"information" represents a reduction in positional un-
certainty regarding the location of drifting victims.
The primary focus of this work is validating the co-
ordination and energy-management algorithms. To
enable a systematic evaluation, we employ a modular
occupancy-based mapping approach [17, 18].

Centralized coordination strategies have demon-
strated strong performance for multi-UAV coverage



and task allocation [19-21]. However, an open chal-
lenge remains in combining these strategies with
energy-aware IPP that explicitly maximizes efficient
fixed-wing cruise for wide-area exploration while stra-
tegically reserving hover for precise victim confirma-
tion. Prior work on energy-conscious UAV planning
typically focuses on single vehicles [22, 23] or omits
hybrid-mode considerations altogether[24].

We contribute to these fields by answering the
following research question:

How can informative path planning be unified
with multi-UAV coordination to enable energy-
efficient maritime SAR by exploiting distinct
flight-regime dynamics?

This paper focuses on exploiting flight-regime
energy dynamics to optimize the trade-off between
rapid information gain and energy consumption
during time-critical, swarm-based maritime search.
Unlike methods designed for single-mode plat-
forms, our approach relies on mode-dependent be-
havior—penalizing energy-intensive hover during ex-
ploration to prioritize rapid, efficient forward flight,
while utilizing holonomic capabilities solely for precise
victim inspection. We propose a centralized frame-
work that combines: (i) IPP, (ii) occupancy-based belief
mapping, and (iii) coordinated multi-UAV planning
that accounts for these energetic trade-offs. To assess
this framework, we utilize the hybrid VSQP in large-
scale simulations and deploy standard quadrotors in
field trials to validate the underlying communication
architecture and kinematic execution.

Contribution Statement— This work makes the fol-

lowing contributions:

¢ Energy-regime-biased IPP: We develop a novel
path-selection method that mathematically bi-
ases UAV behavior toward aerodynamically ef-
ficient flight regimes, such as fixed-wing cruise,
while penalizing energy-intensive hover states
during exploration. We demonstrate the endur-
ance benefits of this approach using the hybrid
VSQP as a representative case study in simula-
tion.

¢ Integrated multi-UAV coordination: We intro-
duce a centralized swarm-planning framework
that simultaneously reasons about energy usage,
belief uncertainty, and inter-UAV coordination.

* Search efficiency and energy evaluation:
Through large-scale simulation and in-field test-
ing, we demonstrate how flight-regime utiliza-
tion and IPP jointly optimize the critical tradeoff
between rapid information gain and energy con-
sumption.

This report is structured as follows: Chapter 2
reviews relevant literature on UAV SAR, hybrid plat-
forms, dynamic mapping, swarm coordination, and
IPP. Chapter 3 defines the sensing assumptions, energy
models, and problem formulation. Chapter 4 presents
the proposed planning and coordination framework.
Chapter 5 describes simulation and in-field experi-
ments, results and discussions. Chapter 6 concludes
and outlines future work.

2 Related Work

Research on UAV-based maritime SAR intersects four
main domains: hybrid aerial platforms, multi-UAV co-
ordination, informative path planning, and mapping
under dynamic and uncertain environments. This
section summarizes the most relevant developments
in these areas and highlights the gaps addressed in
this work.

2.1. Hybrid UAV Platforms

Hybrid UAVs combine the vertical take-off, landing,
and hovering capabilities of multirotors with the effi-
cient forward flight of fixed-wing aircraft. Surveys of
hybrid and convertible VTOL systems [12, 13] identify
common configurations such as tilt-rotor, tilt-wing,
tail-sitter, and quadplane architectures. Despite their
mechanical differences, these platforms share the same
operational principle: a hover mode for precise inspec-
tion and low-speed maneuvering, and a fixed-wing
mode for long-distance, energy-efficient transit.

The Variable Skew Quad Plane (VSQP) is one such
hybrid platform, featuring an oblique rotating wing
inspired by the oblique flying wing concept [25]. Prior
VSQP work has focused primarily on incremental non-
linear dynamic inversion (INDI) based flight control
and transition stability [14, 15, 26]. Similar trends hold
across the broader hybrid UAV literature, where re-
search is dominated by airframe design and low-level
control rather than high-level navigation or mission-
planning frameworks for hybrid-mode platforms.

Across hybrid UAV platforms in general, there is
a relative lack of high-level navigation frameworks,
energy-aware informative planning, and multi-UAV
coordination methods that explicitly leverage hybrid-
mode capabilities. Most existing coordination frame-
works do not account for the non-linear energy trade-
offs between efficient forward flight and hover when
optimizing informative search paths. As a result, the
potential for hybrid aircraft to dynamically transition
between these flight regimes to maximize mission
endurance remains a significant open challenge in
autonomous search and rescue research.



2.2. Multi-UAV Coordination

Swarm coordination strategies generally fall into
centralized, decentralized, and behavior-based categor-
ies. Centralized architectures assign tasks via a global
controller, achieving high coverage uniformity and co-
ordinated exploration [19-21]. These approaches are
well suited for maritime SAR, where environments are
largely obstacle-free and sector-based allocation is ef-
fective, though communication intermittency remains
a practical challenge. Master—follower strategies [2]
provide a middle ground, reducing communication
load while maintaining coherent formation control.

Decentralized approaches emphasize scalability
and robustness under intermittent connectivity. Role-
based systems [1], Lévy-walk-inspired coordination
[7], and distributed consensus behaviors support ad-
aptive exploration, though coverage regularity may
suffer. Behavior-based flocking [3, 6] yields cohesive
swarm motion but lacks guarantees for systematic SAR
coverage.

These decentralized methods are less aligned with
this study’s primary objective of maximizing search
efficiency under strict battery limits. Decentralized
logic often necessitates energy-intensive onboard pro-
cessing for local map maintenance and frequent inter-
agent communication, which directly competes with
the aircraft’s propulsion for limited electrical power.
Consequently, this work adopts a centralized coordina-
tion framework to deliberately offload computationally
intensive tasks—such as dynamic drift propagation
and global Bayesian sensor fusion—from the energy-
constrained UAVs. By prioritizing a link to a Ground
Control Station (GCS), the system can leverage cent-
ralized task allocation to ensure rigorous spatial de-
confliction and optimal coverage without the energetic
overhead required for complex inter-agent consensus.

2.3. Energy-Aware Informative Path Plan-
ning

Informative Path Planning (IPP) selects trajector-
ies that maximize expected information gain, a task
that is inherently complex in maritime SAR due to
the vast, featureless search areas and time-sensitive
nature of the mission. Foundational approaches, such
as submodular optimization [27] and sampling-based
planners including RIG-tree [28], RRBT [29], Informed
RRT* [30], and BIT* [31], are particularly relevant to
this work. These methods provide the algorithmic
basis for efficiently searching high-dimensional state
spaces where information rewards exhibit diminishing
returns—a critical property when determining how
much time a swarm should spend in a specific sector
before moving on.

A notable single-UAV IPP framework is designed
by Popovic et al. [16], which couples sampling-based
planning with mutual information metrics and Gaus-

sian process mapping. While effective for informative
coverage, it relies on a multirotor platform, static GP
fields, and vision-based sensing, and thus does not
address multi-UAV coordination, hybrid flight modes,
or energy-aware behavior required in maritime SAR.

To handle the larger scales and evolving uncertain-
ties typical of maritime drift, advanced IPP methods
have moved toward non-myopic planning. TIGRIS,
for example, optimizes long-range fixed-wing paths
in large search spaces [32], while POMDP-based ap-
proaches using Monte Carlo Tree Search [33] provide
a framework for decision-making under high uncer-
tainty. These planners are specifically relevant to SAR
because they address the "curse of dimensionality”
inherent in sprawling ocean environments and provide
the non-myopic foresight required to balance imme-
diate information gain with the long-term goal of
returning to base before battery depletion.

2.4. Probabilistic Mapping in Dynamic En-
vironments

Effective SAR operations rely on probabilistic rep-
resentations of survivor locations to guide search ef-
forts. Occupancy grid mapping [17, 18] provides
a computationally efficient foundation for this task,
with multi-resolution extensions such as probabilistic
quadtrees [34] addressing scalability in large areas.
In the maritime domain, however, static representa-
tions are insufficient due to wind and current forces.
Consequently, standard occupancy grids must be aug-
mented with drift dynamics to maintain accurate belief
states over time.

This temporal evolution is critical for planning;
drift causes the probability distribution of a victim to
shift and expand, leading to "information decay" in
previously searched regions. If the planner treats the
environment as static, it may fail to account for victims
drifting from unobserved sectors into "cleared" areas,
resulting in sub-optimal search allocation. By integ-
rating drift dynamics, the planning framework can
strategically schedule revisits to high-probability zones
and adjust sweep patterns to intercept the evolving
probability density.

Belief propagation models, such as the Leeway
Field Method [35], are the standard for simulating
these dynamics, using stochastic ensembles to model
survivor drift. While distributed mapping frameworks
exist to support cooperative exploration [36, 37], these
approaches rarely integrate dynamic ocean evolution
with the specific flight-regime energy constraints of
UAVs. This work addresses that gap by incorporating
dynamic belief updates into a unified, energy-aware
planning framework.



2.5. Summary

The literature provides robust foundations for hy-
brid platforms, swarm coordination, and informative
path planning; however, these elements are typically
treated in isolation. As illustrated in Table 2.1, current
frameworks lack an integrated approach that sim-
ultaneously reasons about multi-UAV coordination,
mode-dependent energy dynamics, and the temporal
uncertainty of maritime drift. This research addresses
this fragmented landscape by developing an IPP frame-
work that moves beyond standard spatial coverage to
explicitly prioritize aerodynamically efficient flight re-
gimes. This positioning directly motivates the design
choices presented in Chapter 4, specifically the se-
lection of a centralized architecture. This choice is
necessitated by the need to offload the computational
burden of high-fidelity drift-aware mapping while
enforcing energy-optimal behavior across the swarm,
ensuring that mission endurance is maximized without
compromising individual agent processing limits.

Table 2.1: Comparison of SAR and non-SAR (multi-)UAV path
planning methods relevant to this study.
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* Synthetic dynamic occupancy field with time-varying
victim probabilities.

3 Preliminaries

This chapter establishes the foundational models and
mathematical formulation for the energy-aware multi-
UAV search problem. It defines the operational en-
vironment, the probabilistic sensing mechanism, and
the specific kinematic and energetic constraints of
the hybrid VSQP platform and the Parrot Bebop 2.
These elements lead to the formulation of the formal
problem statement, which defines the optimization ob-
jective and constraints addressed by the methodology
in Chapter 4.

3.1. System Assumptions

The following assumptions define the operational
scope and limitations of this research. They estab-
lish the technical boundary between the proposed

high-level coordination framework and the underlying
hardware, perception, and control architectures.

1. Environment: The mission is executed in a
bounded two-dimensional search region with
no static obstacles. Although the physical envir-
onment is static, survivor locations evolve over
time according to a drift process that emulates
wind- and current-driven motion.

2. State Estimation: Each UAV has access to re-
liable position and attitude estimates obtained
from GPS and onboard IMU sensors. State in-
formation is assumed to be sufficiently accurate
for planning at the spatial scales considered.

3. Communication Model: All UAVs maintain
communication with a centralized Ground Con-
trol Station (GCS), which aggregates their state
information and maintains a global probabilistic
belief map. Inter-UAV communication occurs
implicitly through the GCS.

4. Mapping Representation: The search region
is discretized into a 2D occupancy-based belief
grid. The belief map evolves due to drift dy-
namics, sensor updates, and Bayesian filtering.
While UAVs dynamically change altitude during
victim confirmation phases, the spatial discretiz-
ation of the search environment remains strictly
two-dimensional.

5. Sensing Model: To isolate the planning and
coordination algorithms from the complexities
of computer vision, victim detection is modeled
using a synthetic proximity-based sensor. A
detection is triggered probabilistically when a
UAV enters a defined sensing radius around a
victim location. This abstraction ensures that
the framework remains modular and compatible
with future visual or multimodal detectors.

6. Energy-Aware Optimization: The planner eval-
uates motion primitives by optimizing an ob-
jective function that incorporates a continuous,
velocity-dependent energy model. By seeking to
minimize total energy consumption, the mathem-
atical optimization naturally biases the generated
velocity commands toward the hardware’s most
efficient speeds without the planner requiring
explicit awareness of discrete flight modes.

7. Low-Level Flight Control: For both the VSQP
and the Bebop 2, low-level stabilization and at-
titude regulation are handled by onboard In-
cremental Non-linear Dynamic Inversion (INDI)
flight controllers. This allows the high-level plan-
ner to treat the aircraft as a kinematic executor
that can reliably track commanded velocity vec-
tors.



3.2. Environment and Belief Representation

The maritime search region is modeled as a
bounded two-dimensional domain H c R2. To en-
able computational tractability, we discretize H into
a regular Cartesian grid C = {cy, ..., cg|} with a uni-
form resolution parameter As, where each cell c € C
represents a square area of As?. Each cell stores an
occupancy probability

pi(c) € [0,1],

representing the likelihood that a victim occupies the
corresponding location at time ¢. The complete belief
map is denoted as the set of all cell probabilities:

(3.1)

M; = {pi(c) | c € C}. (3.2)

To bridge this theoretical formulation with our
experimental implementation, we define a specific op-
erational domain for the search task. The mission area
corresponds to the EHVB test site, whose polygonal
boundary is integrated as a Paparazzi flight plan. Fig-
ure 3.1 shows the satellite imagery with the boundary
waypoints used to define the search domain.

Figure 3.1: Real-world test area at Valkenburg (EHVB), showing the
soft geofence boundary (S1-59). This polygon defines the
searchable maritime region A.

With no prior information about the victim location,
the belief is initialized uniformly [18],

po(c) = 0.5, YceC, (3.3)

reflecting maximum initial uncertainty. The initial
grid structure is shown in Figure 3.2.

Multi-UAV Probabilistic Occupancy Map over EHVB Test Area
Lo

200

Occupancy probability

-200 -100 0 100 200 300 400 500
X [m]

Figure 3.2: Initial occupancy-based belief map My. All grid cells
begin with uniform prior probability po(c) = 0.5.

As the mission progresses, the belief evolves
through two mechanisms: (i) drift propagation caused
by ocean-like motion of victims, and (ii) Bayesian up-
dates from UAV observations. Formally, the recursive
update is:

d
Misat = UMP'S, z¢).

pred
M t+At’

t+At

=D (Mt)r (34)
Here, D represents the prediction step, which trans-
ports probability mass according to the environmental
drift model. The specific formulation of this advection-
diffusion process is detailed in the Methodology
(Chapter 4). U represents the update step that in-
corporates new sensor measurements z; to reduce
uncertainty.

To quantify the uncertainty of the belief map, we
employ Shannon Entropy. The entropy of a single cell
c is given by [16]:

H(E) = i) 08 (0) = (1 =D logl1 = pte).
The total map uncertainty is the sum over all cells:
H(M;y) = Y .cc H(c). The Information Gain I(n) used
in the problem formulation is defined as the expec-
ted reduction in this total entropy resulting from the
observations collected along a trajectory 7.

3.3. Synthetic Sensing Model

The UAVs are equipped with a downward-facing
sensor modeled as a conical Field of View (FOV) with
half-angle Oroy. Unlike simple proximity models, this
formulation captures the realistic trade-off between
coverage area and sensing fidelity. For a UAV at
altitude 1, the sensing footprint );(t) is a disk of
radius Rrov(h¢) = h¢ tan(Orov). We define a binary
detection variable z; € {0,1}, where z; = 1 indicates
a positive detection. The true positive probability



Pp(ht) = P(z¢ = 1| xc = 1) decays with altitude:

)

where Py is the nominal detection rate and /¢ is the
reference altitude for maximum resolution.

Given a sensor measurement z; obtained at altitude
h;, the belief map is updated via the Bayesian filter
U (Eq. 3.4). For any cell ¢ € Q;(t), the occupancy
probability is updated as follows:

href

hy

Pp(h;) = Py - min (1, (3.6)

Pt+At(C) =
P(zi | x. = 1) p(c)

Pz | xe = 1)pP () + P(zs | x. = 0)[1 - p

7

(c)]
(3.7)

pred
t

where P(z; = 1 | x. = 0) = Pr represents the con-
stant false alarm rate. For cells outside the sensor
footprint (c ¢ Q;(t)), the occupancy probability simply
retains the predicted value pfred(c) generated by the
drift propagation model. Although this setup estab-
lishes a consistent baseline for evaluating coordin-
ation, it represents an abstraction that removes real-
world perception failure modes, such as environmental
clutter, vision-specific false positives, and viewpoint-
dependent detection probabilities.

3.4. Platform Models: VSQP and Quadrotor

This research utilizes two distinct UAV platforms to
bridge the gap between the theoretical performance of
hybrid aircraft and the practical requirements of real-
world swarm coordination. The Variable Skew Quad
Plane (VSQP) [14, 15, 26] serves as the primary baseline
for large-scale simulations to evaluate the endurance
benefits of exploiting hybrid flight regimes. In parallel,
standard quadrotors (Parrot Bebop 2) are employed in
physical field trials as kinematic surrogates to validate
the framework’s communication, coordination, and
trajectory execution architecture.

While these platforms possess vastly different phys-
ical airframes, the high-level planner interfaces with
them identically. Both utilize onboard INDI flight
controllers for low-level stabilization, and both receive
continuous velocity commands from the centralized
Ground Control Station (GCS) via the Ivy software bus.
The primary distinction between the platforms—and
the driving factor behind the planner’s behavior—lies
in their respective flight-regime energy dynamics.

3.4.1. The Variable Skew Quad Plane (VSQP)

The Variable Skew Quad Plane (VSQP) is a hybrid
VTOL platform that combines the maneuverability of
a multicopter with the aerodynamic efficiency of a

fixed-wing aircraft. As depicted in Figure 3.3, it relies
on four rotors for vertical lift and a pusher-propeller
for forward flight. Because of its extreme energetic
asymmetry, it serves as the primary theoretical model
to demonstrate the endurance benefits of regime-aware
informative path planning.

Figure 3.3: The VSQP in take-off, landing, and hover mode [15]

Empirical Energy Model Derivation

To optimize mission endurance, the planner utilizes
a continuous, mode-dependent power model derived
from high-frequency telemetry logs collected during
Navy field trials of the VSQP platform!.

To isolate the steady-state aerodynamic power con-
sumption, the raw data required synchronization and
filtering. Flight logs capturing instantaneous elec-
trical power (P, = V - I), True Airspeed (v445), and
vertical velocity (v,) were synchronized using nearest-
neighbor interpolation with a 0.2 s tolerance. To ensure
the model reflects purely equilibrium aerodynamic
costs (where Lift ¥ Weight), data points representing
ground idling (P,;.c < 100 W) and transient altitude
corrections (|v,| > 0.25m/s) were filtered out.

The resulting filtered data was segmented into
three kinematic regimes based on airspeed, yielding
the continuous piecewise function P(v) for forward
airspeed v(t):

1751W if0<v<12m/s
P(v) = {154.50 - 104.6 W if12<v <17m/s (3.8)
323 W ifv >17m/s

IThe specific telemetry logs utilized in this study are confidential property of the Royal Netherlands Navy.
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Figure 3.4: Derivation of the Empirical Energy Model from field
telemetry. The scatter plot represents filtered power consumption
data collected during multiple flight trials. The continuous
piecewise model (thick lines) is fitted to these clusters: constant
power for Hover (Red), linear interpolation for the Transition phase
(Orange Dashed), and constant efficient power for Fixed-Wing
Cruise (Green).

As visualized in Figure 3.4 and quantified by Equa-
tion 3.8, the VSQP operates across three distinct re-
gimes:

* Hover Mode (0 < v < 12m/s): Lift is generated
entirely by the four vertically oriented rotors.
This is the most energy-intensive state, modeled
as a constant 1751 W draw derived by averaging
steady-state hover data from low-speed flight
tests.

Transition Mode (12 < v < 17m/s): The mech-
anical reconfiguration phase where the wing
rotates. Modeled via linear regression, this
phase exhibits a steep positive power penalty
(+154.5W per m/s). To ensure planning robust-
ness, this dataset incorporates high-wind trials
where the vehicle operated at high skew angles,
resulting in a conservatively high power estim-
ate.

Fixed-Wing Cruise Mode (v > 17m/s): The
wing is fully rotated (A = 90°), and the UAV flies
as a conventional aircraft. Data extracted from
fixed-wing cruise logs confirms a massive 5.4x
efficiency gain over hover, requiring a constant
baseline of only 323W. This highly efficient
aerodynamic state is the primary regime for
wide-area coverage.

The total energy cost E(m;) for a trajectory m; of
duration T is computed as the time integral of this
instantaneous power profile:

T

E(m;) = / P(u(t))dt. (3.9
0

By utilizing this continuous formulation rather

than discrete penalties, the path planner can mathem-

atically exploit specific cost gradients—for example,

minimizing time spent in hover during inspection
tasks, or accelerating quickly through the inefficient
transition band to reach the cruise regime. This formu-
lation will also be used for the derived energy model
of the Parrot Bebop 2, described in the next section.

3.4.2. The Parrot Bebop 2

The Parrot Bebop 2 is a standard commercial quad-
rotor utilized in this work to physically validate the
planner’s algorithms in real-world conditions. While
lacking a fixed-wing cruise mode, standard rotorcraft
still exhibit distinct energy dynamics, consuming less
power in moderate forward flight than in a stationary
hover due to translational lift [9]. By supplying the
planner with the Bebop 2’s specific empirical energy
model, the platform acts as a kinematic surrogate,
proving that the centralized coordination logic can suc-
cessfully optimize trajectories for any given hardware
profile.

Empirical Energy Model Derivation

To adapt the planner for the physical field trials, a
continuous power curve was established for the Bebop
2 using onboard flight telemetry. For this flight test
2 we first hovered, and we flew at speeds of 8 and
13 m/s, as can be seen in figure 3.5. Similar to the
VSQP methodology, the raw data was synchronized
and rigorously filtered to isolate steady-state equilib-
rium flight. Data points exhibiting transient altitude
corrections (|v;| > 0.25m/s) or significant horizontal
acceleration (|a| > 0.2m/s?) were discarded to ensure
the model reflects steady cruise.

Asvisualized in Figure 3.5, the filtered data exhibits
the characteristic parabolic power curve of a multirotor
[9, 11]. A second-degree polynomial regression was
applied to formulate the continuous instantaneous
power function Pp,pop(v) for forward airspeed v:

Pepop(v) = 0.2190% — 1.6260 +81.300  (3.10)

2The video of part of this test can be seen here: https://youtube.com/shorts/nYUfgINWGbU?is=aS6RKNLwSdgwzyCs
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Empirical Aerodynamic Power Curve Parrot Bebop 2

Empirical Flight Data
2nd Degree Fit
P(v) =0.219v? — 1.626V + 81.300
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Figure 3.5: Empirical Aerodynamic Power Curve for the Parrot
Bebop 2. The scatter points represent filtered, steady-state
telemetry data. The solid red line represents the quadratic fit,
clearly illustrating the power reduction from hover to the optimal
forward speed due to translational lift.

This continuous quadratic model allows the object-
ive function to mathematically exploit aerodynamic
"sweet spots" without requiring pre-defined flight
modes. It successfully captures the three key phases
of multirotor energy dynamics [9, 11]:

¢ Hover Phase (v = Om/s): Consumes approx-
imately 81.3 W to maintain stationary lift. By
embedding this in the cost-benefit evaluation,
the planner naturally penalizes static hovering
during exploration.

e Translational Lift Phase (Optimal Cruise): As
forward speed increases, the rotor disk processes
undisturbed air, increasing efficiency. The theor-
etical minimum power draw occurs at the vertex
of the parabola (v,pt ~ 3.71m/s), dropping the
required power to approximately 78.3W. The
IPP framework uses this cost gradient to bias the
swarm’s trajectories toward this energy-optimal
speed.

¢ Parasitic Drag Phase: Beyond the optimal speed,
the quadratic increase in aerodynamic profile
drag overtakes the benefits of translational lift,
causing power demands to rise steeply at higher
velocities. This penalty ensures that the hard-
ware’s physical limits are respected through
mathematical optimization rather than rigid be-
havioral rules.

3.4.3. Kinematic Constraints and Wind Compens-
ation

Let the state of each UAV i be defined as x; =

[xi,vi, zi, ¥i] T, where p; = [x;, yi, zi]" represents the

inertial position and 1; is the heading angle. The plan-

ner generates a desired ground-relative velocity vector

Vplan € R3, which drives the positional dynamics:

pi(t) = Vplan(t)- (311)

Kinematic Limits

To ensure feasible trajectories across different hard-
ware, the motion primitives must respect state-
dependent constraints:

* Horizontal Speed: Bounded by vmin < |[Vplanl| <
Umax, With a nominal energy-optimal speed dic-
tated by the platform’s specific aerodynamic
profile (e.g., vopt & 19m/s for the VSQP, and
Uopt * 3.71m/s for the Bebop 2).

* Turning Rate: Kinematic constraints dynamic-
ally adapt to the flight regime. During high-
speed forward flight (e.g., VSQP wing-borne
cruise), the heading evolution is non-holonomic
and constrained by a maximum turn rate Aymax
(set to 10°/s). Conversely, at low speeds or dur-
ing Tracking phases, while multirotor configur-
ations theoretically allow for holonomic flight,
the planner deliberately avoids commanding
instantaneous directional changes. Sudden ve-
locity vector reversals require aggressive pitch
and roll maneuvers that induce severe controller
oscillation. To maintain aerodynamic stability
and a consistent sensor footprint, the change
in velocity is strictly bounded by a maximum
acceleration limit amay = 2.0m/s?.

® Vertical Rates: Climb and descent rates are
restricted to physically safe bounds, typically
v, € [-1,2]m/sin hover and v, € [-2,2] m/sin
forward flight.

Wind Compensation and Airspeed

A critical aspect of maritime operations is the strong
wind field at flight altitude. While the planner dictates
the ground-relative velocity vpjan required to track a
path, the UAV must fly relative to the moving air mass.
The required air-relative command velocity vemg is
given by the vector difference:

Vemd = Vplan — Vwind, (312)

where vying is the local wind vector.

Flying against the wind requires a higher command
magnitude |[V¢mgl| to maintain ground progress, sig-
nificantly increasing power consumption. Conversely,
flying downwind allows for energy savings. The con-
tinuous energy models defined previously explicitly
account for this physical reality by computing power
as a function of the air-relative speed |[Vemdll-

3.5. Problem Formulation

We frame the multi-UAV maritime SAR mission
as a constrained trajectory optimization problem. Let
i € {1,...,N} denote an individual agent within a
swarm of N UAVs operating within the bounded search
region H C R%. The objective is to compute a joint



search policy m = {m1,..., N}, where each nt; repres-
ents a time-indexed trajectory (a sequence of velocity
vectors) for UAV i over a planning horizon.

The global objective function J(m) is defined as the
sum of individual utilities:

N
max J(m) = Z (I(mt;) — AE(m;)), (3.13)

" i1
where I(1;) is the expected information gain—defined
as the reduction in Shannon entropy H(M;) as formu-
lated in Section 3.2—resulting from observations along
trajectory m;. The term E(m;) represents the platform-
specific energy cost derived via the time integral of the
power curve (Eq. 3.9), and A is a weighting parameter
that balances the trade-off between information gain
and energy efficiency.

This maximization is subject to the following hard

constraints for every UAV i:

Eused,i(t) + E(ni) < Eliil)ldget (3.14)
Vit mi(t) € Hiage (3.15)
7 € Ifeasible (3.16)

Here, Eq. (3.14) ensures that the energy required for
the planned trajectory does not exceed the agent’s re-
(i)

maining battery budget E, | dger ACCOUNting for energy

b
already expended, Eseq,i(t). Eq. (3.15) enforces geofen-
cing by requiring the UAV’s position 7;(t) to remain
within the safe region Hage, while Eq. (3.16) ensures
the trajectory remains within the set of kinematically
feasible motions ITfesiple defined by the flight envel-
ope. Note that inter-agent collision avoidance is not
explicitly modeled as a hard constraint in this local
optimization; instead, it is handled at the coordination
level through the centralized task allocation and the
repulsive nature of the entropy map.

4 Methodology

This chapter presents the proposed Energy-Aware In-
formative Path Planning (IPP) framework, designed
to unify multi-UAV coordination with the strategic ex-
ploitation of flight-regime energy dynamics. While the
system utilizes a centralized architecture to manage
the global belief map and offload heavy computation,
the core research contribution is the development of
a planning logic that mathematically couples path
selection with non-linear power profiles to actively
prioritize energy-efficient trajectories and maximize
mission endurance.

The key aspect of this approach is the explicit in-
tegration of energy-intensive flight states—such as
hovering during wide-area exploration—into the IPP

objective function to naturally bias the swarm toward
aerodynamically efficient regimes. To achieve this, a
Ground Control Station (GCS) maintains the global oc-
cupancy probabilities and assigns tasks, while execut-
ing per-agent receding-horizon optimization that ac-
counts for both information gain and predicted power
draw. To minimize unnecessary onboard energy ex-
penditure, the physical UAVs operate as kinematic
executors, receiving continuous velocity commands
over the Ivy software bus. By centralizing the optim-
ization process, the framework enables the swarm to
navigate the complex trade-off between rapid victim
detection and strict battery constraints, providing a
systematic solution for large-scale maritime search.

4.1. System Architecture

The system architecture abstracts computations
from the energy-constrained real-time execution hard-
ware. Asillustrated in Figure 4.1, the centralized server
includes three primary logical components, while the
physical UAVs act as a separate kinematic execution
layer:

1. Dynamic Mapping & Sensor Model (Server):
The central server acts as the global knowledge
hub. It executes the computationally intensive
drift propagation and global Bayesian sensor fu-
sion. By centralizing these tasks, we completely
offload heavy processing from the physical UAVs.

2. Energy-Aware IPP (Server-Side Node): Rather
than calculating trajectories onboard, a dedic-
ated instance of the Energy-Aware IPP algorithm
runs on the ground server for each individual
UAV. Using the continuously updated global
belief map M;, this layer generates and scores
candidate trajectories to maximize the object-
ive function subject to the kinematic constraints
of the UAVs, outputting a continuous velocity
command Vepq(t).

3. Swarming & Task Allocation (Server): This
supervisory layer monitors the belief map for
high-probability detection events. It dynamic-
ally reassigns agents from Exploration to Tracking
mode based on wind-adjusted energetic suitab-
ility, seamlessly passing these task assignments
down to the respective per-agent IPP nodes.

Ultimately, the physical UAVs operate strictly as kin-
ematic executors within a continuous real-time control
loop. They stream their state telemetry—specifically
position and heading (p;(t), i (f))—to the server over
the Ivy software bus. In return, the server computes
and transmits back the optimized v,4(t) vectors. The
onboard flight controllers then execute these com-
mands by relying on their internal state x;(¢) to close
the physical control loop.
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Figure 4.1: The closed-loop system architecture illustrating the continuous real-time control cycle. The physical UAV acts as a kinematic
executor, streaming state telemetry via the Ivy bus to the server. The server updates the dynamic map, triggers tracking modes upon
detection, and computes the continuous energy-aware velocity command v, 4(t) to send back to the autopilot, which executes the
command using internal state feedback.

4.2. Dynamic Environment Modeling

Victims drifting at sea are transported by environ-
mental forces such as the ocean drift and the wind.
To enable predictive path planning, we model this
motion as a superposition of deterministic advection
and stochastic diffusion.

4.2.1. Drift Dynamics
The mean drift velocity of the victim, v4yigt, is modeled
as the vector sum of the local ocean current and the
wind-induced leeway:

Vdrift = Vegeent + Vieeway(W10), (4.1)

mean
where v 220 | represents the mean surface current and

Vieeway accounts for the wind’s drag on the floating
object, driven by the 10 m wind vector Wyg [35].

This velocity drives the advection of the belief map
over time. On the discrete grid C, the probability
mass is transported using a stochastic transition kernel
P(c | ¢’). The predicted belief at the next time step is
given by:

prea(€) = D Ple | ) pi(c’). 42)

c’eC

In the system implementation, this transition kernel

P(c | ¢’) is realized in two stages to capture both phys-
ical phenomena: first, a deterministic spatial shift of
the grid matrix proportional to vqyist(Af) models the
advection; second, a Gaussian convolution filter is
applied to the shifted map to model the stochastic
diffusion. This ensures that the probability mass is
conserved while correctly capturing the growing uncer-
tainty of the target’s exact location as time progresses.

4.2.2. Conical Diffusion Model
While Equation 4.1 describes the mean trajectory,
stochastic environmental turbulence introduces po-
sitional uncertainty that grows over time. Following a
detection event at location p; and time t;, we model
the region of possible victim locations using a Conical
Diffusion Model. Intuitively, this conical geometry re-
flects the linear expansion of positional uncertainty
over time; the "fan-out" represents how a single point
of certainty at the moment of detection evolves into
a widening area of occupancy probability as the cu-
mulative effects of variable wind and current forces
increase.

The predicted search region R(f) expands aniso-
tropically along the mean drift vector. Geometrically,
this is defined as a cone with its origin anchored at the
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initial detection point py:

R(t) = {x € B2 [lx— pall < R(t),
(4.3)

cone

[£6x = pa) ~ Yarnl < =3

where Y 4sit is the heading of the drift vector and Ocone
represents the angular uncertainty due to current vari-
ability. The search radius R(¢) bounds the stochastic
uncertainty and expands linearly over time:

R(t) = Ro + yllVaritl|(t = £4), (4.4)

where Ry is the base uncertainty radius at detection
and y is an expansion coefficient derived from the
estimated variance of the flow field.

Within this bounded region R(t), the victim occu-
pancy probability p;(x) evolves via a discrete advection-
diffusion process. First, the probability mass advects
deterministically along the drift vector. Subsequently,
a Gaussian smoothing kernel G(x; oqisf) is convoluted
with the grid to simulate environmental stochasticity:

pra(x) = pi* (0 * Gx; oair) (45)
where * denotes the discrete convolution operator and
pfd" represents the advected belief state. This diffusive
spreading naturally causes the peak probability intens-
ity to decay over time, as the total probability mass
is conserved across the increasingly dispersed belief
cloud. This results in a dynamic, high-entropy region
that the IPP framework must prioritize for tracking, as
visualized in Figure 4.2.

4.3. Single Agent Planning: Energy-Aware
IPP

The primary goal of the single-agent planner is to
identify a flight path that maximizes the discovery of
new information about victim locations while keeping
the aircraft in its most energy-efficient flight states.
To solve the global maximization problem defined in
Eq. (3.13), a Receding Horizon Planner (RHP) is imple-
mented on the centralized coordination server. Ateach
control epoch ¢, the planner projects the individual
UAV’s state forward over a fixed prediction horizon of
Niteps- It generates a set of candidate trajectories I'cand
by sampling sequential spatial states at a fixed step
distance dsep, evaluates the cumulative utility of these
paths against the current occupancy belief map, and
computes the optimal continuous velocity command
Vemd(f) to be transmitted to the UAV for execution.

4.3.1. Motion Primitives

To efficiently sample the search space while respecting
platform-specific limits, the planner generates candid-
ate trajectories using state-dependent spatial primit-
ives. The geometry of the primitive set is governed by

1

a platform-dependent transition velocity vigns, which
differentiates between holonomic and non-holonomic
flight regimes for platform i € {VSQP, Bebop}.

¢ Adaptive Heading Primitives: The planner
samples Ngi; candidate endpoints on a circle
of radius dstep. The angular sampling aperture
® is a function of the current airspeed v,:

— Holonomic Regime (v, < vii}ms): The
sampling is omnidirectional (® = 27). For
the Bebop 2, this transition speed is set
high to exploit quadrotor agility. For the
VSQP, this corresponds to the hover-heavy
regime where the tilted rotors provide full
XY translation. .
Non-Holonomic Regime (v, > o) ): The
sampling is restricted to a forward-facing
cone (P < 1) centered on the current head-
ing. For the VSQP, this enforces the aero-
dynamic constraints of wing-borne flight,
preventing stalls or high-drag sideslips. For
the Bebop 2, this constraint ensures the
aircraft remains within the small-angle as-
sumptions of the steady-state energy model
by preventing aggressive, high-acceleration
reversals.

¢ Altitude Primitives: For every radial heading,
the planner evaluates N, discrete altitude levels.
This allows the system to optimize the sensing
trade-off: lower altitudes provide higher detec-
tion certainty (Pp) but smaller coverage area (€2),
while higher altitudes provide a wider footprint
at the cost of resolution.

Environmental Feasibility: Every primitive is
subjected to a wind-resolution check. The plan-
ner calculates the ground velocity v, required to
reach a sample, then resolves the corresponding
airspeed v, = V¢ — Vyind. A primitive is dis-
carded if the required v, exceeds the platform’s
maximum airspeed vaaX or requires an accelera-
tion v, beyond the hardware’s thrust-to-weight
limits.

4.3.2. Cost-Benefit Evaluation

For each candidate path 7 € Ilcang, the planner com-
putes a scalar utility score that couples expected in-
formation gain with the geometrically resolved energy
costs. Because information gain (measured in bits of
entropy reduction) and energy consumption (meas-
ured in Joules) exist on different numerical scales, the
framework utilizes normalization constants to balance
their influence within the objective function.

1. Information Gain (I): The planner simulates the
sensor footprint along 7 and computes the ex-
pected reduction in global map entropy H(M;).
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Figure 4.2: The Victim Drift and Uncertainty Model parameters. (a) Initial detection at py, where the concentrated red region represents

the high initial occupancy probability. (b) Advection-Diffusion p:
evolution of the victim’s location. As the belief moves along the me
(04iff); the reader can observe the "peak" probability fading and spre.

rocess: The progression from red to blue illustrates the temporal
an drift vector v4yift, the map is smoothed using a Gaussian kernel
ading out, representing increasing positional uncertainty over time.

(c) Tracking Model: The search cone R(t) provides a geometric bound for this expansion, fanning out linearly with a coefficient y to
encompass the growing area where the victim is likely to be located.

This value is scaled by a factor representing the
maximum theoretically achievable information
gain over the planning horizon, ensuring the
term remains bounded and comparable to the
energy cost.

Energy Cost (E): The energy consumption is
estimated by evaluating the continuous power
model P(|[v,|[) over the trajectory segment. This
cost is normalized by the platform’s maximum
power draw to map the energy expenditure into
a dimensionless range.

The weighting parameter A then acts as a dimen-
sionless "priority factor." This normalization prevents
the larger raw magnitudes of the energy model from
overwhelming the information gain, allowing the op-
timizer to find a stable equilibrium between the two.
By adjusting A, the mission can be tuned to prioritize
rapid occupancy probability reduction in high-stakes
scenarios or to favor energy-efficient aerodynamic re-
gimes when endurance is the primary constraint. This
approach ensures that the planner’s "bias" toward spe-
cific speeds or altitudes is a result of calculated mission
trade-offs rather than an artifact of numerical scaling.

4.3.3. Trajectory Selection
The planner selects the locally optimal trajectory * by
solving a finite-horizon instance of the global objective
function. This selection represents a locally optimal
decision over the defined prediction window Niteps,
rather than a global mission optimum. Finding a glob-
ally optimal path for the entire mission duration is
computationally intractable in a dynamic maritime
environment where the underlying occupancy prob-
abilities are constantly shifting due to environmental
drift.

To determine 7", the planner evaluates all candid-
ate paths using the weighted utility:

7" = arg max J(m).
T(encand

(4.6)
The process of generating and scoring these can-
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didates is visualized in Figure 4.3. The planner sim-
ulates the spatial sensor footprint along each path,
accumulating the expected information gain from the
underlying grid cells while simultaneously integrating
the predicted power draw.

We adopt a Receding Horizon approach for three
primary reasons: (i) Reactivity: It allows the system to
respond immediately to stochastic detections or un-
expected changes in environmental drift; (ii) Computa-
tional Efficiency: It keeps the search space bounded, en-
abling the centralized server to manage high-frequency
updates for multiple agents; (iii) Feedback Loop Stability:
By discarding all but the first segment and re-planning,
the framework closes the control loop with the UAV’s
current telemetry, ensuring the issued v,,4(t) remains
grounded in the aircraft’s actual physical state. Con-
sequently, the server derives and transmits only the
first continuous velocity command of 7t* before restart-
ing the planning cycle.

1.0

Occupancy p(c)

0.0

Figure 4.3: Visualization of the Trajectory Selection process. The
planner generates multiple candidate paths (1, 71, ... ) using
motion primitives. For each candidate, it simulates the expected
sensor footprints (dotted circles). The path 7* (solid blue) is
selected because it maximizes the objective function J(r), offering
the best balance of information gain (entropy reduction) and energy
efficiency compared to the rejected alternatives (gray dashed).

4.4. Swarm Coordination: Task Allocation
While the single-agent IPP framework (Section 4.3)
ensures that each UAV operates at its local aerody-
namic and informational optimum, the swarm’s col-
lective efficiency depends on how these individual



trajectories are distributed across the mission area.
The coordination layer serves as a high-level super-
visor that prevents redundant coverage and manages
mission priorities. By utilizing the centralized belief
map as a shared reference, the system can partition the
search space, ensuring that the "repulsive” nature of
reduced entropy in one agent’s path naturally pushes
other agents toward unobserved regions.

The high-level behavior of the swarm is governed
by the Finite State Machine (FSM) illustrated in Fig-
ure 4.4. This FSM translates global mission require-
ments into specific local objectives for each agent,
distinguishing between two primary roles:

¢ Exploration Role (Default): The primary state
where UAVs utilize the full energy-aware IPP
logic to reduce overall map uncertainty. In
this mode, the weight A is tuned to favor long-
endurance, wide-area coverage at optimal cruise
speeds.

¢ Tracking Role (Active): Triggered upon a victim
detection event. To ensure the most efficient
response, the coordination server reassigns the
agent with the smallest effective energy-distance
(Deff) to the detection site. This reassignment
modifies the agent’s local objective function to
prioritize loitering over the detected occupancy
probability peak, even if this requires higher-
power hover states.

By switching between these roles based on D, the
coordination layer ensures that the swarm maintains
a balance between discovering new victims and main-
taining a high-fidelity track on known ones, while
always selecting the most energy-capable agent for
time-sensitive tasks.

4.4.1. Exploration Mode

In the absence of detections, the swarm operates in
Exploration Mode with the objective of maximizing
global map entropy reduction. Candidate trajectory
segments are sampled from the reachable space within
the geofence A.

To prevent "flocking behavior'—where multiple
agents converge on the same high-utility region—the
framework employs a Sequential Planning Strategy
with Anticipated Belief Updates. The coordination
server triggers the planning cycle sequentially for
agents i = 1...N. When Agent i selects its optimal
trajectory 71}, the expected information gain is imme-
diately applied to a shared "planning belief map" as a
virtual update. Consequently, when Agent i + 1 begins
its optimization step, it perceives the area covered by
Agent i as already explored. This mechanism naturally
incentivizes orthogonal search trajectories and ensures
spatial deconfliction without the need for complex
inter-agent communication.
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4.4.2. Task Assignment & Approach

The transition to the Tracking state is triggered by a
discrete sensor detection event z;, = 1. Upon detec-
tion, the system records the initial target coordinates
pa corresponding to the local belief peak:

pa = argmaxpy,(c) 4.7)

ceFOV;
The Central Server immediately evaluates the cost met-
ric Deg to assign the most suitable agent to intercept
this location.

Wind-Adjusted Effective Distance

To minimize the energetic cost of interception, the
server assigns the tracker based on a wind-adjusted
effective distance metric. For a UAV 7 at position p;(t),
the cost to reach py is:

, (4.8)

. I;
Deff(l) = “rzH + Vwind [Vwind * ”r_zll
i

where r; = pg — pi(t) is the displacement vector. This
ensures that agents positioned upwind are prioritized
for downwind interceptions, leveraging the environ-
ment to conserve battery.

Approach and Stabilization

The selected agent enters the Approach Phase, flying
towards the detection coordinate py. Upon arrival, the
agent enters an Initial Lock period (Tjock), holding its
position relative to the drifting centroid c(¢) as defined
in Equation 4.3. This stabilization step ensures the
search region R(t) is centered before engaging the
constrained IPP.

4.4.3. Tracking Mode

Following stabilization, the UAV switches to Cone
Tracking. The IPP planner is now constrained to gener-
ate candidate trajectories strictly within the predicted
conical diffusion region R(t). To prevent "boundary
lock-up" at the edge of the cone, a 10 m soft-constraint
buffer is applied, allowing the RHP to generate smooth
re-entry maneuvers.

To mitigate "ghost chasing" from residual belief
peaks, a Gating Filter is implemented. The tracker
rejects visual belief centroids that diverge by more
than 20 m from the theoretical drift model c(t), ensur-
ing the UAV remains anchored to the physics-based
prediction.

4.4.4. Confirmation

The transition to the Confirmation phase (initiating
descent) serves as a logical gate that prevents the UAV
from abandoning its efficient search altitude until there
is sufficient evidence to justify a high-energy commit-
ment. Intuitively, this trigger fires when the swarm
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Figure 4.4: Finite State Machine (FSM) governing the swarm coordination. When a detection occurs, the Central Server executes a Task

Allocation routine (Section 4.4) to assign the optimal agent based on the minimum effective energy-distance (D). This metric ensures the

responding UAV is selected based on its actual energy-to-arrival cost under current wind conditions rather than Euclidean distance. The

selected agent then enters an Approach Phase to stabilize the drift estimate before initiating Cone Tracking once the confidence threshold
defined in Eq. 4.9 is met.

has "seen enough" to transition from a wide-area scan
to a localized dive. This is quantified by evaluating
the search region R(t) through three perspectives:
the "sharpness" of a specific sighting (Pmax), the "con-
sensus" across the entire area (p), or the "density" of
high-likelihood cells (pcons). Formally, the transition
is triggered when any of the following conditions are
met:

(Pconf > Pth) \ (ﬁ = Pmeanﬁth) \ (pmax = Pmax_th) (4.9)

where peonf is the fraction of cells exceeding the
confidence threshold peons, P is the mean occupancy
probability, and pmax is the peak probability detected
within the cone.

Once triggered, the tracker executes a descent to
visually verify the target. To maximize mission ef-
ficiency, a dynamic confirmation ceiling allows the
system to confirm a target at higher altitudes (e.g.,
35m) if the mean probability p is exceptionally high
(= 0.90), bypassing the need for a full descent. Dur-
ing the dive, the system utilizes a "Stop-and-Center"
safety logic: if the horizontal alignment error exceeds
a graduated threshold (tightening from 10 m to 2m as
altitude decreases), the vertical velocity v, is inhibited.
This ensures the UAV re-aligns with the occupancy
probability peak before continuing its descent, pre-
venting "fly-over" errors during the high-resolution
confirmation.

4.5. Mission Overview

The interaction between the Energy-Aware IPP
planner, the Dynamic Mapping layer, and the Central-
ized Swarm Coordinator is summarized in the opera-
tional sequence illustrated in Figure 4.5.

The mission begins in Exploration Mode (a), where
the swarm operates at a high altitude to maximize the

sensor footprint and global map entropy reduction
using the wind-compensated IPP strategy. Upon a
discrete sensor detection event z; = 1 (b), the system
registers the initial target coordinate p;. The Central
Server executes the task allocation logic, identifying
the agent to break formation based on the D¢ metric.
The selected agent transitions to the Approach Phase
(c), descending toward p; and entering the initial lock
to center the theoretical drift estimate ¢(t), while the
unassigned agents maintain their high-altitude explor-
ation.

Once stabilized, the assigned agent initiates Cone
Tracking (d). It maintains a lower altitude for higher-
resolution sensing, constraining its IPP primitives
strictly to the predicted conical region R(t). Finally, if
the probabilistic confidence criteria defined in Eq. 4.9
are met, the agent enters Confirmation (e), executing a
final descent to /imin to conclusively validate the target
before the server clears the local belief map and the
agent climbs to resume global exploration.

4.6. Summary

This chapter detailed the implementation of a uni-
fied framework for energy-aware multi-UAV coordina-
tion in dynamic maritime environments. By formaliz-
ing the mathematical bridge between non-linear power
dynamics and probabilistic search, the methodology
provides the operational backbone for the comparative
evaluations presented in Chapter 5. Specifically, the
framework components enable the following experi-
mental capabilities:

¢ Quantifiable Energy-Search Trade-offs: The in-
tegration of the continuous power model P(||v,|[)
into the RHP allows Chapter 5 to quantitatively
demonstrate how the planner sacrifices immedi-
ate information gain to stay within efficient aero-
dynamic envelopes. This enables the simulation-
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Figure 4.5: Visualization of cooperative swarming behavior. (a) Distributed high-altitude exploration. (b) Detection phase: High-flying
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distance (Deg) is lower than that of UAV;, making it the energetically optimal choice. (d) Tracking phase: UAV; maintains a low-altitude

"close-up" on the advecting target within the cone R(t). (e) Confirmation: Target validation via descent to /,,;,. Note that icon scale (and
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based comparison of the VSQP’s hybrid endur-
ance against traditional multirotor benchmarks.

¢ Drift-Adaptive Search Resilience: The Conical
Diffusion Model and the drift-aware mapping
layer allow the experiments to test the system’s
resilience against stochastic environmental forces.
Operationally, this enables the swarm to main-
tain a high-probability track on a target even
when the initial detection coordinates become
obsolete due to current and wind, a key metric
for the success rates reported in the following
chapter.

e Autonomous Swarm Management: The Finite
State Machine (FSM) and the Wind-Adjusted Ef-
fective Distance (Deg) metric provide the logic
required for the autonomous multi-UAV field
trials. By automating the transition between
Exploration and Tracking, the coordination layer
removes the need for manual piloting or hard-
coded waypoints, enabling the physical Bebop
2 trials to validate the framework’s real-time
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communication and task-switching stability.

By coupling flight-regime constraints with prob-
abilistic environment modeling, this methodology
establishes a systematic approach for long-duration
maritime search. The following chapter evaluates
this framework through a series of large-scale Monte
Carlo simulations and physical multi-UAV field de-
ployments to validate its effectiveness in real-world
SAR scenarios.

5 Experiments & Results

To rigorously evaluate the proposed Energy-Aware Co-
ordination framework, the experimental campaign is
structured into four progressive phases. Phase I valid-
ates the framework’s fundamental logic and scalability
in a simulation environment. After the validation
is completed, the method is tested against baselines
in Phase II. In Phase III it will be explained how a
bridge is formed between the high-level planner, the



Paparazzi simulation, and the autopilot. Finally, Phase
IV involves real-world flight tests.

51. Phase I Algorithmic Validation and
Scalability Analysis

The initial validation phase focuses on the logical
correctness of the Swarm Coordination FSM, the drift-
tracking mechanism, and the energy-aware IPP. This
phase evaluates the framework’s fundamental logic
and operational limits within a controlled simulation
environment, systematically evaluating performance
across three distinct campaigns:

1. Scalability Analysis: Evaluating coordination
efficiency, computational overhead, and map en-
tropy reduction as the swarm size and search
area dimensions are scaled.

2. Environmental Robustness: Assessing search
resilience and tracking stability under varying
drift velocities and wind noise to simulate un-
predictable maritime conditions.

3. Swarm Sizing and Strategy Comparison: De-
termining the optimal swarm configurations
required to meet high-recall mission object-
ives across diverse search areas and altitude
strategies.

This abstraction allows for rapid iteration and
scalability testing without the real-time constraints
and hardware risks associated with physical field tri-
als. In this phase, the simulation uses the VSQP model
exclusively to isolate the coordination logic from the
variables of heterogeneous fleet management.

5.11. Simulation Setup

To ensure consistency with the theoretical models es-
tablished in previous chapters, the simulation imports
the kinematic and energetic constraints directly from
Chapter 3 and Chapter 4. The maritime search re-
gion H is discretized into a 2D occupancy-based belief
grid with a uniform resolution of As = 10m, a value
selected to balance sensing granularity with the compu-
tational requirements of the real-time planning server.
While the physics of flight and energy consumption
are model-derived, the operational behavior of the
swarm is governed by a set of specific algorithmic
coefficients and environmental parameters.

Table 5.1 details the nominal parameters used to ini-
tialize the experiments; these values are held constant
across all trials unless explicitly stated otherwise.

The reference altitude h,.y = 20m is calibrated
to the “Recognition” standard defined in aerial SAR
guidelines [38, 39], which is operationally sufficient for
maritime rescue initiation. While forensic “Identifica-
tion” requires a hazardous descent to sub-10m, such
proximity introduces unacceptable latency and risk in
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time-critical maritime scenarios. At 20 m, the optical
resolution allows the distinction of human survivors
from the ocean.

The Field of View parameter Oroy = 45° (90° full
angle) is selected to approximate the optical charac-
teristics of primary wide-angle visual sensors used in
commercial search operations. Industry specifications
for standard enterprise platforms confirm that visual
search cameras typically range between 84° (e.g., DJI
Mavic 3 Enterprise [40]) and 93° (e.g., Skydio X10 [41]).

The confirmation logic parameters are calibrated
to enforce a high-sensitivity search phase followed by
a high-precision validation phase. To prioritize Re-
call during the initial search, the confidence threshold
Pconf = 0.60 is set marginally above the uniform prior
(0.5) to filter stochastic noise while maintaining a low
barrier for candidacy. Similarly, the spatial fraction
threshold py, = 0.25 is intentionally relaxed. This
ensures that fragmented belief clusters—characteristic
of sensor noise at 50 m—trigger an inspection descent
rather than being discarded as false negatives.

Robustness and precision are enforced through
temporal and probabilistic constraints. Task abortion
is governed by a temporal window (Tiimeout = 30s)
rather than transient fluctuations in occupancy prob-
ability, preventing early abandonment of valid targets
due to sensor noise. Finally, during the confirmation
phase, the spatial fraction trigger is disengaged in favor
of a peak probability threshold (pmax = 0.75). This
shift ensures that final confirmation is grounded in
the identification of a specific, high-certainty detection
rather than the diffuse probability mass sufficient for
initial detection.

To ensure results are statistically significant and
not artifacts of specific random seeds, every experi-
mental configuration is evaluated across at least 20
independent Monte Carlo trials. A trial is classified as
a "Success" if the swarm achieves a global entropy re-
duction of > 80% within the mission constraints. This
threshold is chosen based on classic search theory [42],
which identifies an asymptotic relationship between
search effort and area coverage; the 80% mark rep-
resents the completion of the "Coarse Search" phase,
beyond which the marginal information gain per unit
of energy diminishes exponentially. This prevents the
evaluation from being skewed by the "asymptotic tail"
of the search process.



Table 5.1: Detailed simulation parameters for Phase I. The Grid
Bounding Box defines the extent of the meshgrid before it is masked
by the EHVB Polygon. Values are categorized as model-derived
(mod.) or experimental/tunable (exp.).

Parameter Value

Grid & Environment (Sec. 3.2)

Test Area Boundary (H) EHVB Polygon
(mod.)

Grid Bounding Box ~ 500 x 500 m (exp.)

Grid Resolution (As) 10m (exp.)

Drift & Diffusion Dynamics (Sec. 4.2)

Cone Expansion Factor (y) 1.0 (exp.)

Belief Smoothing Factor (og4if) 1.0 grid/step (exp.)

Sensing (Sec. 3.3)

Nominal Detection Rate (Pg) 0.9 (exp.)

FOV Half-Angle (Orov) 45 deg (exp.)

Reference Altitude (hy, f) 20m (exp.)

IPP Planner Settings (Sec. 4.3)
Prediction Horizon (Nsteps)

3 (Explore) / 2

(Track) (exp.)

Step Length (dstep) 40m (exp.) / 20m
(Trk.) (exp.)

Heading Samples (Ngiy) 16 (exp.)

Energy Norm. (1) - Explore 0.01 (exp.)

Energy Norm. (A) - Track 0.05 (exp.)

FSM Constraints (Sec. 4.4)

Initial Lock Duration 8.0s (exp.)

Cone Search Timeout 30.0s (exp.)

Re-tasking Cooldown 30.0s (exp.)

Constraint Buffer 10.0m (exp.)

Max Acceleration (amax) 6.0m/s? (mod.)

Max Speed (Umax) 20.0m/s (mod.)

Battery Capacity VSQP 300 Wh (mod.)

Hover Confirmation Time 10.0's (exp.)

Task Allocation Wind Factor ()wind) 5.0 (exp.)

Confirmation Logic (Eq. 4.9)

Cell Confidence Level (pcons) 0.60 (exp.)

Cell Fraction Threshold (py,) 0.25 (exp.)

Mean Prob. Threshold (pmean_th) 0.40 (exp.)

Peak Prob. Threshold (pmax_tr) 0.75 (exp.)

5.1.2. Swarm Scalability

Experimental Setup - This campaign evaluates the co-
ordination framework’s performance as both fleet size
N and geographical scale L increase, testing the limits
of centralized task allocation and the efficiency of the
energy-aware planner. The swarm sizes range from
N € {1,3,5,7,10,15,25,35,50,75,100, 125,150, 175}
agents across four maritime domains with side lengths
L € {500,2000,5000, 10000} m. To maintain compu-
tational tractability for large-scale swarms (N > 50)
while preserving search fidelity, the grid resolution is
dynamically scaled according to:

As = max(10.0, L/250) [m]. (5.1)

All agents utilize the VSQP platform model and
the empirical power curves defined in Section 3.4.
Missions are subject to two primary constraints: a
hard 20% physical battery reserve and a dynamic time
limit Tnax = min(3600, (L/20) - 10) seconds. The di-
verse range of N and L configurations is designed to

identify parameter sensitivity—specifically the satura-
tion point where adding more agents to a fixed search
area no longer yields proportional gains in occupancy
probability reduction.

Results- The scalability analysis characterizes the
physical and algorithmic boundaries of information-
driven coordination. The primary findings are sum-
marized in Figure 5.1.

The results illustrate a distinct transition in swarm
dynamics as the operational scale increases. In the
500 m and 2000 m maps, the system is primarily search-
limited. The steep slopes across all swarm sizes indic-
ate that the bottleneck is the physical area available
to be covered; we observe a rapid saturation point at
N = 15 for the 2000 m map and at N = 5 for the 500 m
map, where adding more agents yields negligible
gains in search speed. At this density, the repulsive
nature of the IPP objective function cannot overcome
the physical crowding of sensor footprints, leading to
redundant coverage.

In contrast, the 10, 000 m domain reveals an energy-
limited regime. Here, the entropy reduction curves
exhibit near-linear slopes, indicating that the search
area is vast enough to prevent significant agent overlap,
allowing for efficient, independent exploration. How-
ever, a clear failure threshold emerges: for N < 100,
the swarm is unable to reach the 80% occupancy prob-
ability reduction target before exhausting the Trnax or
battery constraints. This highlights that in large-scale
maritime areas, the aerodynamic efficiency of the in-
dividual VSQP must be supported by a minimum
"critical density" of agents to ensure mission success.

Figure 5.1 illustrates the "acceleration effect" of the
swarm as the mission area expands. In the 500 m
map (top-left), all swarms (even a single agent, N = 1)
successfully achieve the 80% Coarse Search threshold
within the mission time, with the curves becoming
nearly vertical as N increases. In the 2000 m and 5000 m
maps (top-right and bottom-left), a clear linear explor-
ation phase emerges; larger swarms maintain a steeper,
constant slope for longer, while smaller swarms exhibit
a shallow gradient that eventually terminates prema-
turely due to battery exhaustion. The 10,000 m map
(bottom-right) provides a visual proof of the Battery
Wall: swarms with N < 100 fail to reach the threshold,
as the energy cost of the initial transit consumes the
usable battery capacity before sufficient coverage can
occur. However, because the Coarse Search metric
stops at 80%, this barrier is more flexible than strict
total coverage: at N = 125, the swarm finally achieves
the search capacity required to hit the 80% threshold
just before energy depletion.

The mean time to reach the 80% coverage threshold
demonstrates a power-law decay relative to swarm size
across all successful map scales, as summarized in Fig-
ure 5.2. For small-scale operations (500 m), the search
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Figure 5.1: Temporal evolution of global entropy reduction across four map scales (500 m to 10,000 m). As search area increases, the
swarm transitions from a saturation-prone regime where additional agents provide diminishing returns, to an endurance-constrained
regime where mission completion is strictly dependent on achieving a minimum fleet density.

efficiency plateaus rapidly beyond N = 15, suggest-
ing that the map becomes "spatially saturated” where
additional agents provide negligible marginal utility.
Conversely, larger scales (5000 m) continue to show
significant performance gains up to N = 100, high-
lighting the framework’s ability to effectively distribute
high-density swarms.
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Figure 5.2: Search Efficiency: Mean Time to 80% Coverage across
various swarm and map sizes.

The success probability curves in Figure 5.3 reveal
a critical Minimum Viable Swarm (MVS) threshold
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required to clear an area before individual batteries
are depleted.

Success Jump: For 2000 m and 5000 m maps, a
sharp transition from 0% to 100% success occurs
as N increases, representing the point where
the collective search rate outpaces the individual
energy drain rate.

Physical Limit at 10 km: At the 10,000 m scale,
the success rate remains at 0% for N < 100. A
sharp transition to success is now observed at
N =125, identifying a formidable "Battery Wall"
where transit energy heavily taxes the usable bat-
tery capacity, requiring massive parallelization
to clear the Coarse Search phase in time.
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Figure 5.3: Mission success rate as a function of swarm size,
highlighting the physical endurance limits at all environment
scales.

The temporal evolution of global entropy reduc-
tion (Figure 5.1) illustrates the efficiency of the IPP
allocator.

* Linearity vs. Asymptote: High-density swarms
achieve nearly linear entropy reduction during
early mission phases, indicating optimal spatial
deconfliction with minimal redundant searching.
By concluding the mission at the 80% threshold,
the swarm avoids the highly inefficient asymp-
totic tail of the search curve.

¢ Speed Multiplication: On a 5000 m map, a 100-
UAV swarm completes the 80% coverage task
approximately four times faster than a 15-UAV
swarm, reducing the critical "window of uncer-
tainty" from roughly 2000 seconds to under 500
seconds.

Based on the transition points observed in Figure 5.3, a
generalized sizing rule can be established for the VSQP
platform. By terminating at the 80% Coarse Search
threshold and avoiding the asymptotic tail, the data
suggests that for large-scale operations, the swarm
achieves a highly efficient effective search rate of ap-
proximately 1.1 km? per UAV per hour. To achieve
80% Coarse Search coverage of an area A in a target
time T, the required swarm size N can be estimated
as:

N~ Al
~0.00031 - T [s]

This heuristic is strictly bounded by the platform’s
physical endurance limits:

(5.2)

¢ Individual Search Capacity: Accounting for
transit overhead, each agent can efficiently clear

a maximum of ~ 0.82 km? per charge.

¢ Endurance Bound: The maximum continuous
mission time is capped at ~ 44 minutes (2666 s)
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due to the 323 W cruise power drain and the
300 Wh battery capacity.

* Operational Ceiling: Swarms must satisfy the
density N > A/0.82 for mission success. At the
10 km scale (100 km?), this implies a theoretical
minimum of N ~ 122 agents required to clear the
Coarse Search phase. This mathematical limit
aligns perfectly with the experimental results,
where the N = 100 configuration failed, but the
N =125 configuration successfully reached the
80% threshold just before battery depletion.

5.1.3. Environmental Robustness

Experiment - The primary aim of this experiment is
to evaluate the framework’s operational boundaries
when subjected to high wind and wind-induced vic-
tim drift, and high-task-density scenarios, meaning
scenarios where a lot of victims need to be detected in
a bounded area within a constrained time frame. We
subject a fixed swarm of N = 3 UAVs (at 50 m altitude)
to three environmental severity levels: Low, Medium,
and High. To ensure the results are not biased by spe-
cific flight headings, the wind direction is randomized
across [0, 2m) for every trial. The victim drift follows
the standard Person-in-Water (PIW) leeway model,
where velocity is = 3% of the 10m wind speed Wiy
[35] (Table 5.2).

To stress-test the coordination logic and identify
the system’s "saturation point" regarding task manage-
ment, we vary the number of victims M € {1, ..., 10}.
This configuration tests the interplay between the
UAV’s aerodynamic efficiency against headwinds and
the planner’s ability to maintain the occupancy prob-
ability of multiple rapidly moving targets within the
500 x 500 m search domain.

Table 5.2: Environmental severity settings for Campaign B. The 3%
leeway factor represents the standard drift rate for a Person in
Water (PIW) under influence of wind and waves [35].

Severity ~Wind Speed (Wyp)  Victim Drift (v, ft)
Low 20m/s 0.06 m/s
Medium 6.0m/s 0.18 m/s
High 10.0 m/s 0.30m/s

Results - The experimental results (Figure 5.4)
demonstrate that the proposed framework achieves
high environmental Invariance, maintaining consistent
performance metrics across varying wind severities.
For each severity level, 25 trials were performed. The
system effectively manages aerodynamic disturbances
by dynamically adjusting its flight profile and relying
on robust algorithmic re-tasking logic.

As illustrated in Figure 5.4A, the mission success
rate—defined as the successful confirmation of 100%
of victims—is near-perfect when the victim count is
within the fleet’s capacity (M < 3). In these scenarios,
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the swarm processes targets in parallel. However, ex-
cess victims force the system into a serialized mission
state progression (Exploration — Tracking — Confirm-
ation). Because this cycle requires a finite time to
satisfy the confidence requirements, the 600 s mission
endurance permits only a limited number of sequential
acquisitions, causing success rates to decline beyond
M = 5. While the framework is resilient, high-severity
wind conditions introduce an additional temporal pen-
alty; the reduced ground speed during upwind transits
causes the success rate to degrade slightly faster than
in calmer conditions.

The tracking stability analysis (Figure 5.4B) high-
lights the efficacy of the framework’s probabilistic val-
idation gates (defined in Eq. 4.9). Across all severities,
the median number of "aborts" stabilizes at approxim-
ately 9 to 10. Rather than indicating a failure of the
control system, these aborts represent a conservative
and intentional re-evaluation: if the local occupancy
probability drops below strict thresholds due to sensor
noise, the FSM triggers a reset to avoid wasting energy
on "ghost" targets. Crucially, this behavior is envir-
onmentally invariant; the near-identical abort rates
across all wind levels prove that tracking resets are
driven by the internal logic of the framework rather
than physical instability caused by the wind.

Finally, the Mission Duration metric (Figure 5.4C)
demonstrates predictable and resilient scaling for suc-
cessful runs. Mission times scale smoothly upward
from roughly 150 s for a single victim to approximately
500 s for ten victims. The overlapping trajectories and
confidence intervals across all severity levels confirm
the aerodynamic resilience of the planner. By enforcing
kinematic constraints—specifically a minimum guar-
anteed upwind ground speed—the UAVs successfully
penetrate high-severity wind fields to capture upwind
targets. As a result, the swarm reliably completes all
required search legs without stalling, ensuring that
overall mission durations remain robust and consistent

regardless of the ambient wind conditions.

Validation of Kinematic Asymmetry

To empirically validate that the observed "survivorship
bias" is driven by ground speed limits, a limit-case sim-
ulation was conducted with a wind severity of 20 m/s.
Given the UAVs’ maximum cruise airspeed of 20 m/s,
this scenario represents the theoretical limit where
upwind progression becomes impossible (vgs — 0).

As visualized in Figure 5.5, the swarm exhibits Kin-
ematic Saturation, effectively hitting a "Reachability
Wall" at the upwind boundary. The UAVs are pinned
to the downwind sector, capable of flying North-South
but physically unable to move Westwards. This con-
firms that the statistical skew in mission duration (Fig-
ure 5.4C) is indeed an artifact of kinematic asymmetry:
upwind legs are not inefficient, but significantly slower,
causing upwind missions to systematically time out
while downwind missions succeed rapidly.
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Figure 5.5: Limit Case Analysis (20 m/s Wind). The swarm faces a
"hard wall" where vying > Vgirspeed, rendering the upwind sector
(West) kinematically unreachable. This proves that high-wind
operations are constrained by ground speed asymmetry.
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5.1.4. Swarm Sizing and Strategy Comparison
Experiment - Having validated the environmental
robustness of the framework, we now investigate
the scalability of the total system. The objective of
this experiment is to determine the minimum swarm
size required to achieve a high Victim Discovery
Rate—defined as a recall > 90%—across varying oper-
ational areas (from 500 x 500 m up to 5000 x 5000 m)
and victim densities {3,5,10,15,25}. To ensure the
evaluation focuses on search efficiency rather than
boundary effects, victims are consistently initialized
at least 150 m within the search area perimeters.
Furthermore, we evaluate the impact of sensor
diversity by comparing two distinct altitude strategies:

e Uniform Strategy: A homogeneous swarm
where all UAVs maintain a constant search alti-
tude of 50 m. This serves as a baseline for max-
imum coverage rate.

* Mixed Strategy: A heterogeneous altitude alloc-
ation where half of the fleet operates at 35 m and
the other half at 50 m.

Results - The experimental results reveal a critical
inversion in swarm strategy effectiveness based on the
scale of the operational area. While the Mixed altitude
strategy is highly efficient for smaller search areas, it
suffers a severe performance degradation on massive
maps, where the Uniform strategy proves to be much
more robust and scalable.

As illustrated in Figure 5.6A, for smaller maps (e.g.,
500 m to 2000 m), the Mixed swarm (dashed lines) and
the Uniform swarm (solid lines) perform equally well,
meaning that the Mixed swarm is prefered since it
uses less energy. The swarm dynamically evaluates
travel cost versus information gain (4.8); if a 50 m UAV
detects a weak signal, the IPP tasks the UAV that is
available and has the smallest effective distance D, ¢
to the target area to investigate. On a small map, a
35 m UAV is frequently nearby, allowing the swarm to
operate more efficiently, since confirmation height is
only 5 m down.

The lookup tables (Figures 5.6B and 5.6C) demon-
strate that this low-high UAV advantage collapses on
the massive 5000 X 5000 m map. In these scenarios,
the mixed swarm requires significantly more UAVs to
reach the 90% target recall compared to the Uniform
swarm. This degradation is not a failure of coordina-
tion, but rather a mathematical consequence of area
coverage deficit.

In a massive 25 km? operational area with a strict
600 s endurance limit, the primary mission bottleneck
shifts from target confirmation to pure spatial explora-
tion. The Uniform swarm (all UAVs at 50 m) maximizes
the collective Field of View (FOV) and total sweep rate
of the fleet. Conversely, the Mixed swarm sacrifices the
FOV of half its fleet by restricting them to 35 m. While

these 35 m UAVs generate high-quality local data, their
small FOV make them highly inefficient at exploring
vast stretches of empty ocean. Consequently, the 50 m
UAVs in the Mixed swarm are forced to shoulder the
majority of the exploration burden, effectively halving
the swarm’s spatial clearing rate.

The rare instances where a small Mixed swarm
achieved high recall on the 5000 m map were statist-
ical anomalies driven by “lucky spawns,” where the
targets randomly spawned directly in the path of the
UAVs, bypassing the need for map-wide exploration.

While heterogeneous altitude distribution acceler-
ates search times in constrained environments by op-
timizing confirmation confidence, large-scale Maritime
Search and Rescue operations are strictly bottlenecked
by volumetric sweep limits, mandating homogeneous,
high-altitude swarms to maximize area coverage.

5.2. PhaseIl: Baseline Comparison and Sens-
itivity Analysis

Having validated the core mechanics in Phase I, this
evaluation focuses on benchmarking the framework’s
performance against industry-standard SAR proto-
cols. The primary objective is to identify the specific
environmental crossovers where the proposed energy-
aware adaptability provides a measurable advantage
over rigid geometric patterns. Furthermore, we con-
duct a sensitivity analysis on the energy-weighting
parameter A to evaluate its effectiveness in balancing
mission endurance against spatial coverage.

Experiment - To validate the efficiency of the
energy-aware IPP, a swarm of N = 5 VSQP agents
was deployed. The proposed method is benchmarked
against two baselines: (i) a non-energy-aware version
of the IPP (A = 0), and (ii) a Boustrophedon Coverage
strategy [43]. The latter represents traditional SAR pro-
tocols where the swarm partitions the search area into
parallel sweep corridors, disregarding the underlying
belief map (Figure 5.7).

The comparison was conducted under two distinct
6.0m/s wind vectors, selected from a preliminary
sweep of all wind angles (Figure 5.8). We specifically
compare the aerodynamically optimal wind angle
(290°) against the most unfavorable regime (310°),
where crosswinds drive the UAVs toward the search
area boundaries.
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Figure 5.7: Flight paths of the Baseline (Boustrophedon) geometric
search strategy with N = 5 agents. Unlike the proposed
probabilistic IPP, this method rigidly partitions the operational area
into parallel sweep corridors, disregarding underlying belief maps.
In this specific trial, the swarm successfully achieved the 80%
entropy reduction target in 228 seconds under a 6.0 m/s wind
vector.
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Figure 5.8: Evaluation of the baseline efficiency across all wind
angles, identifying 290° as the optimal aerodynamic condition and
310° as the worst condition.

Results - Under the optimal environmental condi-
tions (290° wind), the traditional Lawnmower baseline
outperformed the Proposed Method in both mis-
sion duration and energy conservation. Because the
baseline executes deterministic, straight-line trajector-
ies, it maximizes time spent in the highly efficient fixed-
wing cruise regime. Conversely, the Energy-Aware
IPP incurred a temporal and energetic "cost of adapt-
ability" due to the kinematic overhead of continuously
computing curved, collision-avoiding trajectories. As
seen in Figure 5.9, under favorable and structured
wind conditions, deterministic straight lines are highly
efficient, and the swarm easily met the 80% coverage
threshold across all tested A values.



Entropy Reduction vs. Battery Conservation (290 deg wind angle)
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Figure 5.9: Sensitivity analysis under the optimal 290° wind
condition. The baseline (dashed lines) sets a highly efficient
benchmark that the proposed method approaches but does not
strictly surpass in perfect weather.

However, maritime SAR environments are highly
stochastic, and this optimal efficiency is fragile.
When exposed to adverse aerodynamic condi-
tions—specifically the aerodynamic cliff at 310° where
crosswinds drive the UAVs into map corners—the
rigid geometry of the baseline forced the swarm to
continuously fight severe aerodynamic drag, result-
ing in significant battery depletion. In these realistic
and unpredictable scenarios, the Energy-Aware IPP
framework proves its value of adaptability. As shown
in Figure 5.10 (filtering for successful missions), the
proposed planner autonomously adapts its flight paths
to utilize wind gradients, effectively outperforming
the geometric baseline in battery conservation.

Analysis of Figure 5.10 demonstrates that A acts as
a critical pacing factor for the swarm. A low A (prior-
itizing information only) leads to high-power, erratic
maneuvers, while A = 0.5 identifies the operational
sweet spot for the VSQP platform by penalizing high-
draw hover states (1751 W) in favor of cruise states.
While the specific value of A = 0.5 is tuned to the power
curves of the VSQP, the underlying principle—using
a normalized weight to balance the information-to-
energy ratio—is robust across different hardware pro-
files, as it allows the planner to respect the physical
discontinuity between hover and wing-borne flight.

Sensitivity Analysis: Entropy Reduction vs. Battery Conservation
(Successful Trials Only)
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Figure 5.10: Performance frontier under the adverse 310° wind
condition (Successful runs only). The proposed method (A = 0.5)
successfully dynamically avoids the aerodynamic cliff, conserving
more battery than the rigid geometric baseline.

Despite this aerodynamic superiority, the un-
filtered dataset for the 310° wind condition (Figure
5.11) exposes a key limitation of the framework. Under
severe environmental stress, the IPP swarm occasion-
ally failed to reach the 80% coverage threshold before
the 600-second deadline. This is a direct consequence
of spatial myopia inherent to Receding Horizon plan-
ners. As the swarm approached the final stages of the
coverage search, the remaining unknown areas shrank
into isolated pockets. When forced into upwind map
corners by the 310° wind, local candidate trajectories
returned zero Information Gain. Without a global
geometric map to pull them out of these local minima,
the UAVs occasionally became trapped, loitering ineffi-
ciently in terms of information gain, until the mission
timed out.

Entropy Reduction vs. Battery Conservation (310 deg wind angle)
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Figure 5.11: Sensitivity analysis under the adverse 310° wind
condition (All runs, including timeouts). The erratic coverage
variance at extreme A values highlights mission failures caused by
the swarm trapping in local minima during upwind maneuvers.

Ultimately, the evaluation demonstrates a funda-
mental operational trade-off: the proposed framework
trades absolute spatial clearing speed for improved
aerodynamic efficiency. While the probabilistic IPP
was never faster than the geometric baseline, it suc-
cessfully mitigated wind-induced drag in adverse con-
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ditions. By dynamically adapting its flight paths, the
energy-aware approach resulted in lower average bat-
tery consumption to reach the 80% threshold in the
majority of sub-optimal trials compared to the rigid
baseline. However, despite this energetic advantage,
its reliance on a receding horizon leads to diminishing
returns and occasional local minima as global entropy
depletes. This indicates that to achieve full map clear-
ance, the IPP should be utilized for the Coarse Search
phase before handing off to a deterministic Fine Search
algorithm.

5.3. Phase III: System Integration

While Phases I and II established the theoretical ef-
ficacy and algorithmic limits of the framework, Phase
III transitions the focus toward system integration
readiness. The objective of this final validation stage
is not to replicate the large-scale statistical analysis
of previous sections, but to demonstrate the technical
feasibility of the real-world deployment. Specific-
ally, this phase serves as a proof-of-concept for the
hardware-in-the-loop (HIL) architecture, proving that
the centralized coordination server, the communica-
tion middleware, and the autopilot stack can synchron-
ize reliably under real-time constraints. By deploying
the framework at the CyberZoo and Valkenburg Naval
Air Base (EHVB), we validate the system’s resilience
to asynchronous data streams, network latencies, and
hardware stochasticity—confirming its readiness for
operational field missions.
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Figure 5.12: Hardware-in-the-Loop (HIL) Communication
Architecture. The data flow is partitioned into a Command Uplink
channel (left, blue) and a Telemetry Downlink channel (right, red).

Node styling denotes functional domains: Green rounded

rectangles represent custom application logic, Orange denotes
translation middleware, the Yellow cylinder highlights shared
thread-safe memory, the Gray sharp rectangle denotes passive
network infrastructure, and Blue represents the embedded flight
hardware.

5.3.1. Network Topology and Middleware Archi-
tecture

To facilitate real-time swarm coordination, we de-
veloped an integration bridge (depicted within the
GCS block in Figure 5.12) using the Ivy software bus.
This architecture enables a single centralized server to
manage a distributed swarm of heterogeneous UAVs by
abstracting the communication and coordinate trans-
formation layers—a capability that was previously
impossible within the standard standalone autopilot
framework. The physical communication layer utilizes
a centralized star topology, where a ground-based
router acts as the bridge between the GCS and the
distributed fleet.

Asynchronous Threading Logic

In contrast to the synchronized simulation environ-
ment, real-world telemetry arrives with varying laten-
cies and frequencies. The bridge architecture util-
izes a multi-threaded approach to decouple the high-
frequency state updates of the aircraft from the lower-
frequency planning cycle (= 5Hz). By implementing
a thread-safe "State Dictionary," the system ensures
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that the planner always operates on a consistent spa-
tial snapshot of the entire swarm, preventing the race
conditions that typically emerge during multi-agent
data ingestion.

Addressing and Frame Transformation

The bridge dynamically manages agent identification
through Aircraft IDs (AC_ID), routing command pack-
ets to specific agents while simultaneously handling
frame transformations. Because the autopilot oper-
ates in a North-East-Down (NED) frame and the IPP
planner utilizes an East-North-Up (ENU) grid, the
bridge automatically scales and transforms incoming
telemetry into metric ENU coordinates. This abstrac-
tion allows the high-level planner to remain platform-
agnostic, focusing on search optimization rather than
low-level coordinate arithmetic.

5.3.2. Closed-Loop Control and Kinematic Man-
agement

The integration phase validates the functional hand-
shake between the IPP algorithm and the physical
flight controllers. As illustrated by the Command
Uplink data flow in Figure 5.12, the bridge consumes
optimal velocity vectors v.,4 and transmits them as
hardware-compatible setpoints.

To ensure aerodynamic stability during real-world
maneuvers, the bridge enforces a kinematic yaw rate
limiter. While the desired heading is derived from the
velocity vector, angular updates are clamped to a max-
imum rotation rate (20°/s). This prevents the aggress-
ive roll oscillations that can occur when a high-speed
aircraft attempts to track the instantaneous heading
changes of a stochastic path planner. By maintaining
independent, un-buffered control channels for each
aircraft, this architecture demonstrates that a central-
ized server can achieve stable, closed-loop kinematic
control over a physical swarm in real-time.

By successfully closing the loop between the IPP
server and the physical hardware, Phase III confirms
the framework’s integration readiness. This stage
proves that the bottleneck of communication and co-
ordinate transformation has been resolved. With the
hardware-software handshake validated, the frame-
work is prepared for Phase IV, which will evaluate the
autonomous search performance and victim discovery
rates in unconstrained maritime field environments.

5.4. Phase IV: In-field Testing

This final phase presents the physical validation of
the coordination framework through two distinct ex-
perimental tiers: a full indoor proof-of-concept and a
partial outdoor system validation. First, we utilize the
TU Delft CyberZoo facility to evaluate the end-to-end
autonomy of the swarm, including target detection,
tracking, and inter-agent coordination within a con-

trolled environment. Subsequently, we present results
from the Valkenburg Naval Air Base (EHVB), which
serves to validate the system’s operational robustness
in an unconstrained outdoor setting. Due to the un-
availability of the custom VSQP prototypes at the time
of testing, the Parrot Bebop 2 quadrotor serves as
the common physical flight platform. These trials
demonstrate that the energy-aware coordination logic
is platform-agnostic and capable of maintaining stable
search patterns despite the real-world constraints of
sensor noise and communication latencies.

5.4.1. Indoor Verification (TU Delft CyberZoo)
Experiment- The initial system integration tests are
performed in the TU Delft Cyberzoo, a controlled
10 x 10 X 7m flight arena. Since the environment is
GNSS-denied, the system utilizes an OptiTrack Mo-
tion Capture system. The Integration Bridge connects
physically to the Cyberzoo’s local router to ingest real-
time rigid-body data, injecting it into the autopilot’s
INS to emulate high-precision GPS coordinates. To
ensure safety within the confined volume, the plan-
ner’s kinematic constraints are strictly clamped to a
maximum velocity of v, = 0.5m/s, and a maximum
acceleration of dmax = 0.3m/s?. Furthermore, the
energy-aware components of the cost function are dis-
abled (Wenergy = 0), forcing the planner to optimize
purely for information gain.

To accommodate the scaled-down indoor geometry,
several high-level coordination parameters were ag-
gressively tightened compared to the open-water meth-
odology. The dynamic confirmation ceiling (detailed
in Section 4.4.4) was disabled, enforcing a hardcoded
confirmation descent to 1.0m. The stop-and-center
descent safety logic (Section 4.4.4) was reduced to a
strict 0.8 m horizontal tolerance, and the visual gat-
ing filter (Section 4.4.3) was tightened from 20m to
2.0m to prevent the UAV from locking onto spurious
probability peaks near the geofence boundaries.

In terms of sensing, the reference altitude /.
is set to 1m, and the FOV Half-Angle Orov to 25°.
The optimization step length is set to 2.0 m for global
exploration and reduced to 1.5m during localized
cone-tracking.

In the first experiment, single-UAV IPP was tested.
The setup consisted of one UAV acting as the “victim”
and one acting as the “explorer”. The victim UAV
drifted with a constant velocity of 0.1 m/s across the
CyberZoo while maintaining a 0.5m altitude, while
the explorer conducted its search from a 2.0 m altitude.

In the second experiment, multi-UAV IPP was
tested using two active “explorer” UAVs and a passive
physical proxy serving as the “victim”. To safely sim-
ulate a surface-level target without introducing severe
rotor-downwash interference or mid-air OptiTrack
marker occlusion during the confirmation descent,
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Figure 5.13: Single-Agent Validation Results in the CyberZoo. Yellow boxes indicate the UAV Agent, while the red box indicates the UAV
victim proxy. Arrows originating from the boxes indicate the current motion trajectory of the respective UAV. From left to right: (1) Agent
registers an initial detection at p; via Bayesian sensor fusion. (2) Agent transitions to p; and initiates cone tracking. (3) Upon satisfying
the confidence criteria (Eq. 4.9), the agent descends to the 1 m h,, ¢ to finalize confirmation. (4) Agent begins ascent to initial scanning
altitude. (5) UAV reaches scanning altitude and resumes Exploration IPP.

the victim was represented by a tracked piece of card-
board. This proxy was pulled via a cable to simulate
ocean drift. The two explorers maintained respective
search altitudes of 2.0 m and 3.0 m to guarantee spatial
deconfliction. To manage this heterogeneous mix of
physical UAVs and passive markers, the centralized
Integration Bridge utilized strict ID-based message
routing.

Results of Single Agent Test - The flight data
confirms the logical correctness of IPP and the FSM
on physical hardware. As illustrated in Figure 5.13,
the system successfully executed the full search-and-
confirm lifecycle with a single agent.

First, regarding IPP and trajectory tracking, the
UAV tracked the high-level velocity setpoints gener-
ated by the planner in the ENU frame. The Integration
Bridge correctly transformed these into valid NED
commands for the Paparazzi autopilot, resulting in
smooth coverage of the search area (Figure 5.13, top).

Second, regarding detection and transition, the
agent correctly triggered the Detection Event upon en-
tering the proximity radius of the victim proxy, trans-
itioning the FSM from Exploration to Tracking mode
without oscillation.

Finally, the most critical validation is visible in the
altitude profile of Figure 5.13 (bottom). The agent
stabilized over the target coordinates and executed a
controlled descent from & = 2 m to the confirmation
altitude (e f = 1 m). Once the “Confirmed” state was
logged, the UAV maintained a stable hover over the
victim, validating the vertical control logic. !

Discussion- While the flight logic proved robust,
the experimental campaign revealed significant chal-
lenges regarding the physical communication layer.
The CyberZoo facility presents a spectrally congested
environment, with multiple overlapping 2.4 GHz and
5 GHz networks used for building infrastructure and
motion capture systems.

Consequently, the commercial-grade router used in
the Integration Bridge struggled to broadcast its SSID
on a stable channel. Network association times were
highly stochastic, often requiring up to 30 minutes to
establish connection with the UAVs. This “connectivity
lottery” suggests that while the Star Topology (Sec-
tion 5.3.1) is sufficient for open-field operations (Phase
IV), it is vulnerable in spectrally dense indoor envir-
onments. However, it is important to note that once
the connection was established, the Integration Bridge
maintained a stable connection, and the asynchron-
ous threading architecture successfully handled the
telemetry stream without packet loss during the flight.

Results of Multi Agent Test - The flight data con-
firmed the successful execution of distributed Multi-
UAV IPP, dynamic task allocation, and safe spatial
deconfliction 2. Initially, the two search agents suc-
cessfully partitioned the search space to perform ex-
ploration without explicit inter-agent communication,
driven entirely by the shared global entropy map (as
illustrated in Figure 5.14, top-left).

Upon the cardboard victim entering the simulated
Field of View of one of the agents, the Central Server
correctly triggered the Detection Event. The server
evaluated the Wind-Adjusted Effective Distance (D, f f)
and autonomously assigned the energetically optimal
UAV to break off from exploration and intercept the
target (Figure 5.14, top-right).

The assigned tracker transitioned seamlessly into
Cone Tracking mode, maintaining a lower altitude
over the moving proxy. Once the probabilistic con-
fidence criteria were met, the agent executed a stable
confirmation descent over the cardboard target (Fig-
ure 5.14, bottom-left). Unlike previous configurations
utilizing an active UAV as a victim—which suffered
from severe OptiTrack marker occlusion and identity
merging—the low-profile physical proxy allowed the
tracking cameras to maintain distinct rigid-body iden-

IThe video of this test can be seen here: https://youtu.be/ VugWa_E229U?si=xdQbOmNW-4E4sW_g
2The video of this test can be seen here: https://youtu.be/ZNInYty_aHc?si=QtyGBKjyiu3BPiPW
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Figure 5.14: Sequential evolution of the multi-UAV occupancy map demonstrating successful task allocation and target confirmation.
Top-Left: Initial detection of the physical victim proxy (red ‘x’) by the swarm triggers a localized rise in belief probability. Top-Right: The
Central Server evaluates the effective distance and autonomously assigns UAV2 (green) to intercept the target. UAV2 transitions into Cone
Tracking mode, restricting its path planning to the predicted diffusion region (green dashed boundary) where confidence rapidly peaks
(dark red). Bottom-Left: Upon satisfying the probabilistic confidence criteria, UAV2 executes a stable confirmation descent directly over

the target. Bottom-Right: Following successful validation, the server clears the local belief map (probability and entropy reduced to

near-zero), and UAV2 safely ascends to resume distributed global exploration.

tities throughout the vertical maneuver. Following
confirmation, the agent safely ascended and resumed
global exploration, while the server cleared the local
belief map of the confirmed target (Figure 5.14, bottom-
right).

Discussion— The multi-agent flight test success-
fully validated the complete Energy-Aware IPP and
Swarm Coordination framework in a controlled in-
door setting. The physical hardware proved capable of
dynamically transitioning between distributed, high-
altitude exploration and localized, low-altitude target
confirmation without inter-agent collisions or data-
link degradation. By utilizing a passive physical proxy
alongside active searchers, the system demonstrated
robust integration of asynchronous telemetry streams
and localized sensor fusion.

Overall, the validation within the CyberZoo served

as a successful controlled proof-of-concept for the
centralized architecture. Nevertheless, an indoor en-
vironment cannot fully validate the aerodynamic ro-
bustness of the swarm. Indoor testing inherently lacks
unpredictable real-world variables, such as wind gusts,
full-scale RTK inaccuracies, and long-range commu-
nication constraints. Therefore, transitioning to the
outdoor testing phase at Valkenburg Naval Air Base
remains essential to evaluate the framework’s energy-
awareness against physical wind-induced drag.

5.4.2. Field Validation (Valkenburg Naval Air
Base)

Following successful indoor verification, the system

was deployed to the Valkenburg Naval Air Base (EHVB)

for outdoor testing. The primary focus of this cam-

paign was the structural validation of the framework’s
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deployment stack—specifically the robustness of the
asynchronous network architecture, the precision of
the Real-Time Kinematic (RTK) localization, and the
reliability of the cross-frame kinematic command map-
ping under real-world conditions.

¢ Network and Communication Architecture: We
tested the ability of the integration bridge to
maintain stable, low-latency links with a fleet
of three Parrot Bebop 2 UAVs. The 2.4 GHz star
topology was evaluated for its ability to sus-
tain telemetry downlink and velocity command
uplink at operational ranges of approximately
500 m.

* RTK Localization: Outdoor state estimation
transitioned from motion capture to a RTK GPS
architecture. Each UAV was equipped with an
onboard RTK rover antenna receiving differen-
tial corrections from a central base RTK station.
This was tested to ensure centimeter-level pos-
itional accuracy, which is a prerequisite for the
high-resolution mapping required by the drift
models.

Results- The EHVB campaign served as a rigorous
stress-test for the system’s plumbing. While the mis-
sion infrastructure was successfully validated, specific
airframe instabilities prevented the execution of the
full autonomous search. The outcomes are categorized
below:

1. Integration Validation (Success): The Integra-
tion Bridge successfully maintained simultan-
eous communication with three active UAVs.
The fleet achieved consistent RTK "FIX" status,
and the ENU-to-NED coordinate transforma-
tions functioned correctly under real-world net-
work jitter. This confirms that the communica-
tion and localization backbone is ready for large-
scale deployment.

2. Kinematic Execution (Partial Success): The
UAVs successfully executed multi-waypoint geo-
metric patterns (e.g., synchronized squares) com-
manded via the flight plan from the GCS. How-
ever, the agents were following pre-defined tra-
jectories to test command uptake rather than
actually performing the IPP methodology.

3. Operational Bottleneck: Under outdoor con-
ditions, the default Paparazzi airframe config-
uration for the Bebop 2 lacked the tuning re-
quired for stable hovering. Since the Confirma-
tion phase (Section 4.4.4) requires a precise, low-
altitude hover to verify a target, it was deemed
unsafe to hand over full closed-loop control to
the autonomous planner. Consequently, the real-
time entropy-driven search remains validated in
simulation and indoor environments only.

The field trials successfully bridged the gap
between simulation and the physical world by val-
idating the asynchronous network scalability and RTK
precision. While the physical tuning of the Bebop 2
limited the execution of the final FSM search states,
the campaign proved that the underlying architec-
ture—from the coordination server to the kinematic
bridge—is robust and capable of managing a physical
swarm in a maritime-representative environment.

6 Conclusion

This thesis addressed the critical challenge of autonom-
ous maritime Search and Rescue (SAR) by investigating
how to effectively balance the rapid spatial coverage re-
quired to find drifting victims against the strict energy
limitations of UAVs. The central research question
of this work was: How can informative path planning
be unified with multi-UAV coordination to enable energy-
efficient maritime SAR by exploiting distinct flight-regime
dynamics?

To answer this, a centralized, energy-aware coordin-
ation framework was developed. By integrating IPP
with a continuous, flight-regime-specific power model,
the system mathematically optimized UAV flight beha-
vior based on operational necessity. The planner pri-
oritized aerodynamic efficiency during the broad-area
search—naturally biasing the swarm toward energy-
efficient, fixed-wing cruise speeds—while selectively
utilizing the platform’s high-maneuverability capabil-
ities only when required for localized, high-precision
tasks.

The framework’s effectiveness was validated across
three core contributions:

1. Flight-Regime-Aware IPP: Through the imple-
mentation of a Receding Horizon Planner utiliz-
ing the empirical power curves of the VSQP, the
system demonstrated a distinct energetic advant-
age in adverse and stochastic environments. By
integrating continuous aerodynamic costs into
the objective function, the planner successfully
mitigated the energy penalties associated with
high-power maneuvers. While deterministic
patterns remain competitive in steady, optimal
winds, the energy-aware IPP proved essential
for sustaining mission endurance in unpredict-
able maritime settings by dynamically exploiting
favorable wind gradients.

2. Integrated Multi-UAV Coordination: The
coordination framework enabled the swarm
to autonomously balance broad-area explora-
tion with localized target custody through an
energetically-informed task allocation logic. The
primary result was the successful demonstra-
tion of the wind-adjusted effective distance (De)
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metric, which ensured that agent assignments
were based on the actual energy-to-arrival cost
rather than simple Euclidean proximity. This
strategy maintained swarm-level efficiency and
prevented task-stranding even under severe en-
vironmental disturbances.

3. Search Efficiency and Comparative Evaluation:
Large-scale simulations established a highly ef-
ficient Coarse Search capacity of approximately
1.1 km? per UAV per hour, while identifying
a transit-induced "Battery Wall" at the 10 km
scale. Crucially, benchmarking against a static
Boustrophedon baseline revealed a fundamental
operational trade-off: the framework trades ab-
solute spatial clearing speed for environmental
robustness. While geometric paths were faster
in optimal weather, the proposed IPP dynamic-
ally surfed wind gradients to prevent the severe
battery depletion suffered by rigid baselines in
adverse crosswinds. However, its reliance on
a receding horizon exposed a susceptibility to
local minima as map entropy depleted, confirm-
ing that the framework is optimally deployed
as a wide-area coarse search engine prior to a
deterministic fine search hand-off.

Bridging the gap between simulation and the real
world, the integrated coordination logic and asyn-
chronous middleware were first successfully verified
through indoor flight campaigns at the TU Delft Cy-
berZoo. Subsequent hardware-in-the-loop (HIL) field
testing at the Valkenburg Naval Air Base provided
a partial validation of the system’s outdoor architec-
ture. The centralized server successfully established
asynchronous, multi-threaded communication with
a physical swarm over a 2.4 GHz network, verifying
the RTK localization. However, because the Parrot
Bebop 2 drones were unstable during hover, it was
deemed unsafe to execute the autonomous tracking
and confirmation phases in real-world wind condi-
tions. Thus, while the communication and localization
infrastructure was successfully validated outdoors,
the full autonomous path planner requires further
low-level control refinement before field deployment.

7 Recommendations for Future
Work

While the proposed framework successfully unifies
energy-aware IPP with swarm coordination, the sim-
ulated constraints and physical field tests revealed
several avenues for future improvement. Future re-
search should prioritize upgrading the sensing modal-
ities and transitioning the network topology toward a
distributed system to move beyond the experimental

star configuration. Furthermore, the final stages of
map entropy reduction must be robustified against the
spatial myopia and local minima observed during the
high-wind simulation campaigns in Phase IL
7.1. Integrating Real Sensors and Edge Com-
puting
To isolate the coordination logic and establish a
mathematical baseline, this research utilized a syn-
thetic, proximity-based probabilistic sensor model
(Section 3.3). The logical next step is to integrate
actual multimodal sensor payloads, such as Electro-
Optical/Infrared (EO/IR) cameras. However, the
EHVB field trials (Phase IV) confirmed that the cur-
rent architecture is highly scalable precisely because it
relies on the transmission of lightweight telemetry.
Transmitting raw, high-resolution video streams
from multiple UAVs would quickly saturate the
2.4 GHz network bandwidth observed at EHVB. To re-
solve this, future implementations must leverage edge
computing. This transition would allow the UAV to
perform onboard object detection (e.g., via YOLO [44]),
project those detections into global ENU coordinates
(X,Y), and transmit only a "micro-packet" of metadata
back to the server. This transition would validate the
assumption made in Chapter 4—that the centralized
planner can remain vision-agnostic by treating sensor
outputs as pure probabilistic updates.

7.2. Platform Capabilities and Low-Level
Control

The ultimate bottleneck during the EHVB field
campaign (Section 5.4) was the physical platform’s
inability to safely execute commanded trajectories in
real-world wind conditions. Because the Confirmation
phase of the FSM requires a precise, low-altitude hover,
the default airframe configurations proved insufficient
for full autonomous deployment in unconstrained
environments.

Future work must bridge this gap between high-
level planning and low-level execution. Furthermore,
testing the IPP algorithm on a physical hybrid platform
(such as the actual VSQP) would validate the planner’s
ability to smoothly manage the power-discontinuity
between fixed-wing cruise and holonomic hover—a
transition currently validated only in the Phase II sim-
ulations.

7.3. Transitioning Towards a Decentralized
Swarm Architecture

The field validation campaign highlighted the
range limitations of the centralized Star Topology as-
sumed in Section 5.3.1. While the integration bridge
successfully managed the swarm up to 500m from
the GCS, true maritime SAR operations require scales
of several kilometers. Relying on a single centralized
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server creates both a communication bottleneck and a
single point of failure.

Transitioning toward a decentralized architecture
is a critical next step for operational deployment rather
than a long-term extension. By moving toward distrib-
uted belief mapping—where agents share local map
updates via long-range, low-bandwidth RF datalinks
(e.g., LoRa)—and auction-based task allocation, the
swarm would become resilient to the intermittent
connectivity typical of maritime environments. This
would relax the perfect communication assumption
established in Chapter 3 and allow the Deg metric to
be calculated locally by each agent.

7.4. Hybrid Coarse-to-Fine Search Architec-
ture

Phase II results exposed a vulnerability in the
"asymptotic tail" of the search process. As global
entropy dropped below the 80% threshold, the reced-
ing horizon planner frequently suffered from spatial
myopia, becoming trapped in local minima when the
remaining high-probability cells were isolated in up-
wind corners.

To ensure 100% map clearance, future iterations
should implement a hybrid coarse-to-fine architecture.
The Energy-Aware IPP should be deployed specifically
as the coarse search engine to rapidly clear the initial
80% of the environment while maximizing battery life.
Once the entropy reduction rate plateaus, the central
server should autonomously trigger a deterministic
frontier-based exploration algorithm [45]. This hybrid
approach would perfectly leverage the aerodynamic
efficiency of the proposed IPP for the majority of the
flight, while utilizing the mathematical guarantees
of geometric exploration to efficiently clear the final,
isolated pockets of uncertainty.
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Conclusion

This thesis addressed the critical challenge of autonomous maritime SAR by investigating how to effectively
balance the rapid spatial coverage required to find drifting victims against the strict energy limitations of
UAVs. To solve this, a centralized, energy-aware coordination framework was developed, integrating IPP with
flight-regime-specific energy dynamics.

The core objective of this research was driven by one primary research question, supported by three
sub-questions. The findings and corresponding conclusions for each are detailed below.

Sub-Question 1: What is the minimum swarm size required to explore a bounded maritime environment
and achieve a high victim discovery rate within strict endurance and temporal limits?

Through extensive Monte Carlo simulations (Phase I), the research established that the minimum swarm
size is strictly bounded by a transit-induced "Battery Wall" and volumetric sweep limits. For large-scale
operations (e.g., a 10,000 x 10, 000 m area), individual energy drain outpaces spatial coverage if the swarm is
too small; a theoretical minimum of N ~ 125 VSQP agents is required to successfully achieve the 80% "Coarse
Search" entropy reduction threshold over 100 km? before battery depletion. By prioritizing this 80% threshold
and avoiding the inefficient asymptotic tail of the search process, the framework achieved a highly efficient
effective search rate of approximately 1.1 km? per UAV per hour.

Furthermore, when optimizing specifically for a high victim discovery rate (> 90% recall), the evaluation
exposed a critical inversion in optimal altitude strategies based on the operational scale. While a heterogeneous
"Mixed" altitude swarm (combining 35 m and 50 m search altitudes) proved highly efficient for smaller regions
(up to 2000 m) by accelerating localized confirmations, it suffered severe performance degradation in massive
domains. For expansive areas (5000m and beyond), operations are strictly bottlenecked by the collective
field of view. In these scenarios, a homogeneous, high-altitude (uniform) swarm is mandated to maximize
wide-area coverage and ensure the minimum number of agents can successfully achieve the target recall.

Sub-Question 2: How does embedding an aerodynamic power model into the objective function balance
the trade-off between global entropy reduction and endurance?

Benchmarking the Energy-Aware IPP against traditional Boustrophedon coverage (Phase II) revealed
a fundamental operational trade-off: the proposed framework trades absolute spatial clearing speed for
environmental robustness. By coupling the IPP objective function with a continuous power model, the swarm
mathematically penalized energy-intensive maneuvers. While rigid geometric paths proved faster in perfect
weather, the energy-aware IPP actively utilized wind gradients, avoiding the severe battery depletion suffered
by the baseline in adverse crosswinds. Sensitivity analysis identified that setting the energy penalty weight to
A = 0.5 established the operational "sweet spot,” effectively balancing the need for rapid entropy reduction
with the necessity of preserving battery life in stochastic environments.

Sub-Question 3: How can the distinct flight-regime energy dynamics of a hybrid UAV (such as the
VSQP) be explicitly exploited during different mission phases to maximize search endurance?

The distinct energy dynamics of hybrid platforms were successfully exploited by coupling the local IPP
planner with a global Finite State Machine (FSM). The framework naturally biased the swarm toward highly
efficient, fixed-wing cruise speeds during the high-altitude Exploration phase. Energy-intensive holonomic
flight (hovering) was strictly reserved for the localized, low-altitude Confirmation phase. Furthermore, the
transition between these phases was governed by a newly introduced wind-adjusted effective distance (D)
metric. This ensured that task allocation—specifically the assignment of a UAV to track a detected target—was
based on the actual aerodynamic energy-to-arrival cost rather than simple Euclidean proximity, thereby
preserving swarm-level endurance.

Primary Research Question: How can informative path planning be unified with multi-UAV coordination
to enable energy-efficient maritime SAR by exploiting distinct flight-regime dynamics?

This thesis demonstrates that IPP and multi-UAV coordination can be successfully unified through a
centralized, energy-aware architecture that treats the physical reality of flight as a core constraint of intelligent
search. By offloading complex advection-diffusion mapping to a Ground Control Station and utilizing
asynchronous middleware, the framework allowed physical UAVs to act as highly efficient kinematic executors.

The physical field trials (Phase III and IV) at the TU Delft CyberZoo and Valkenburg Naval Air Base
confirmed the structural readiness of this architecture. While airframe instabilities of the Bebop 2 platform
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limited the execution of full autonomous hovering outdoors, the campaigns successfully validated the real-time
coordination logic, the asynchronous network scalability, and the precision of the RTK integration. Ultimately,
this research proves that shifting path planning from purely spatial algorithms to flight-regime-aware models
provides a critical energetic advantage, laying the groundwork for the deployment of fully autonomous, hybrid
UAV swarms in unpredictable maritime environments.
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A Declaration of Generative Al Usage

During the research, development, and writing of this thesis, Google Gemini was used as a supplementary
Al assistant. To ensure full academic transparency in accordance with university guidelines, the specific
applications of this tool throughout the project lifecycle are detailed below:

¢ Software Implementation and Debugging: Generative Al was utilized as a pair-programming assistant
to accelerate the development of the simulation environment. This included translating my mathematical
cost functions into Python, optimizing data structures for Monte Carlo simulations, and troubleshooting
runtime errors and integration bugs.

¢ Data Analysis and Visualization: After conducting flight tests and running simulations, the Al assisted
in drafting Python scripts (using libraries such as Pandas and Matplotlib) to process large datasets. It also
served as a sounding board for structuring and formatting the analytical figures to best communicate my
findings.

¢ Literature Study: Gemini was used as an interactive search and summarization tool to assist in navigating
academic literature. It helped brainstorm conceptual frameworks which I then independently evaluated
and synthesized to structure the methodology presented in this thesis.

B Test Set-Up and Execution Protocol

To ensure the reproducibility of the physical experiments, this appendix details the practical hardware
configurations, network routing, and chronological flight execution protocols utilized during both the indoor
TU Delft CyberZoo verification and the outdoor Valkenburg Naval Air Base (EHVB) field trials.

B.1. Preliminary Hardware and Software Inventory
Before deploying the swarm, the following core components were established as the baseline Hardware-in-
the-Loop (HIL) architecture:

¢ Ground Control Station (GCS): A HP ZBook Studio G5 laptop with an Intel Core i7-9750H CPU @
2.60GHz x 12 was running the central Python coordination script (Informative Path Planning, FSM, and
advection-diffusion mapping), and the Paparazzi GCS v7.0.

¢ Swarm Router: A Linksys WRT1200AC router. This acted as the central communication hub for the
entire fleet, handling all code uploads, telemetry downlinks, and command uplinks.

¢ Aerial Platforms: A homogeneous fleet of Parrot Bebop 2 quadrotors modified with a u-Blox M8P GNSS
chip, capable of RTK. Each UAV was flashed with the Paparazzi open-source autopilot.

¢ Software: The Paparazzi UAV software, Python 3.12, and pprzlink for communication between the GCS
and the UAVs.

¢ Power Supply: For outdoor testing, an external portable power station is required to supply continuous
power to the Swarm Router and the RTK Base Station.

B.2. Network and Infrastructure Configuration

The physical network topology and localization infrastructure required distinct configurations depending
on whether the test was conducted indoors or outdoors. In both scenarios, the GCS laptop was connected
directly to the Swarm Router via a hardwired Ethernet connection to ensure minimum latency and maximum

reliability.

B.2.1. Indoor Configuration (TU Delft CyberZoo)
Because the CyberZoo is a GNSS-denied environment, localization relied entirely on an external OptiTrack
Motion Capture system. The setup procedure was as follows:

1. Network Bridging: To ensure minimal latency and reliable data ingestion, the Ground Control Station
(GCS) laptop was hardwired to the Swarm Router via an Ethernet connection. The Swarm Router was
subsequently bridged to the internal CyberZoo router using a secondary Ethernet link (the orange
cable). This physical bridge allowed the Swarm Router to receive the high-frequency localization packets
broadcast by the MoCap system. This set-up can be seen in Fig. B.1.
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2. OptiTrack Initialization (UAVs): Reflective markers were physically attached to each Bebop 2. Within
the OptiTrack tracking software, a "Rigid Body" was created for each UAV.

3. Victim Proxy Tracking (Cardboard): To safely simulate a surface-level target without introducing severe
rotor-downwash interference or mid-air marker occlusion, a flat piece of cardboard was utilized as a
physical proxy. Reflective OptiTrack markers were attached to the cardboard, and a tow cable was affixed
to allow manual pulling, physically simulating ocean drift. A corresponding Rigid Body was created in
OptiTrack so the centralized server could track its dynamic motion across the arena. This configuration
can be seen in Fig. B.2

4. NatNet Configuration: It was critical that the Rigid Body in the OptiTrack software was named exactly
after the UAV’s Paparazzi AC_ID (e.g., 121, 219, 123). This specific naming convention ensured that
the NatNet protocol correctly parsed the coordinates and injected the rigid-body data directly into the
corresponding UAV’s INS to emulate GPS. More information on how to do this can be found here:
https://github.com/tudelft/UnifiedMocapRouter.

Figure B.1: Hardware networking setup at the Ground Control Station. The laptop executing the centralized planner is connected via
Ethernet to the Swarm Router. The Swarm Router is then bridged to the CyberZoo’s internal network (via the orange Ethernet cable) to
ingest the high-frequency OptiTrack telemetry.
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Figure B.2: Physical flight setup inside the CyberZoo. The two active Bebop 2 exploration agents are visible alongside the passive
cardboard victim proxy. Both the UAVs and the cardboard are equipped with reflective OptiTrack markers for precise localization, and the
proxy is tethered to a cable to simulate continuous environmental drift during the multi-agent search.

B.2.2. Outdoor Configuration (EHVB Field Tests)

During the outdoor trials at Valkenburg Naval Air Base we relied on Real-Time Kinematic (RTK) GPS. The
take-off set-up can be seen in figure B.3, which adds the RTK base station to the set-up compared to the
CyberZoo set-up.

1. Base Station Initialization: An RTK base station antenna (GGSFIP.50.7.A.08) was connected to the GCS.
Before flight operations could commence, the base station had to be initialized and surveyed-in using the
u-center GNSS evaluation software to establish a highly accurate absolute "HOME" coordinate. The steps
that need to be followed for the set-up can be found here: https://wiki.paparazziuav.org/wiki/Disco

2. Correction Broadcast: Once initialized, differential corrections are routed through the GCS and broadcast
over the Swarm Router to the RTK rover modules mounted on each Bebop 2, allowing the fleet to achieve
centimeter-level positional fixes.
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B.3.

Figure B.3: Three UAVs in their take-off position accompanied with the RTK base-antenna on a stable platform.

Flight Execution Sequence

Regardless of the testing environment, the procedure for launching the autonomous swarm followed a
strict chronological sequence to ensure safety and system stability:

1.

Code Upload: While the UAVs were powered on and connected to the Swarm Router, the compiled
Paparazzi firmware (containing the specific AC_ID, flight plan and airframe file) was uploaded to each
UAV via the network.

. Physical Placement: The UAVs were carried into the flight arena (the CyberZoo or the EHVB field) and

placed on the ground with sufficient spatial separation to prevent aerodynamic interference or collision
during takeoff.

. Sequential Takeoff: Using the Paparazzi Center GCS interface, the UAVs were commanded to take off

one by one. Upon reaching their default altitude, they automatically entered a "Standby" hovering state.

. Guided Mode Activation: Once the entire fleet was airborne and stable, the flight mode for all UAVs was

switched toGuided Mode, which explicitly allows the autopilot to bypass its internal waypoint navigation
and accept external velocity commands.

. Planner Execution: Finally, the custom Python coordination script was executed on the GCS laptop.

The script immediately established connections over the Ivy bus, read the current telemetry, and began
transmitting the optimized continuous velocity commands.

For the EHVB test, we never got past a stable hover, and we could thus not move to step 5. This is because
there is a magnetometer heading issue with the Bebop 2 on Paparazzi. These issues need to be fixed, before
performing a swarming test outside.

C Open-Source Contributions to Paparazzi UAV

The framework developed in this research heavily leverages and extends the Paparazzi open-source UAV
autopilot system. To ensure the reproducibility of both the Monte Carlo simulations and the physical flight
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tests, all custom airframes, flight plans, and the Python-based centralized planner have been integrated into a
dedicated branch of the TU Delft Paparazzi repository.

This appendix serves as the technical documentation and execution guide for future researchers wishing to
utilize or extend the Energy-Aware IPP framework.

C.L

C.2.

Repository Information
Host Organization: TU Delft Micro Air Vehicle Lab (MAVLab)

Repository URL: https://github.com/tudelft/paparazzi
Target Branch: VSQP_NAV_OK

Directory Structure and Custom Modules

The repository contains two primary areas of contribution:

C.2.1. Paparazzi Configurations (The SDB Directory)

The hardware configurations and waypoint logic required to interface with the Bebop 2 and the simulated
VSQP platforms are housed under dedicated SDB (Shivesh Damian Bhawan) directories within the Paparazzi
configuration tree:

Airframes (conf/airframes/SDB/): Contains the XML configuration files specifying the kinematic limits,
PID tuning, and active telemetry modules for the surrogate platforms. Crucially, these files instantiate
the guided module, which allows the autopilot to accept external velocity vectors. Note that the airframe
files with animal names are for the Bebop 2s. They are sufficient for flying in the CyberZoo with their
given modifications specified in the files, but do not use them outside because of the magnetometer
issue! Also when using a rotational wing file, it is advised to aks MavLab staff for the latest version.

Flight Plans (conf/flight_plans/SDB/): Contains the XML state-machine logic for the UAVs. These
flight plans strip away complex geometric navigation, reducing the UAV’s native behavior to a simple
sequence: Takeoff — Standby — Guided Mode (listening to the Python planner). The CyberZoo flight
plans are sufficient, but the EHVB ones for the Bebop 2 need additional safety measures; hard kill at the
outer boundaries. It is advised to discuss this with MavLab staff.

C.2.2. The Centralized Planner (sw/ground_segment/python/Occupancy_Map/)
The entirety of the high-level coordination framework is contained within the root-level Occupancy_Map folder.
This folder acts as the "Ground Control Station" logic and it also contains critical simulations used in the paper:

C.3.

The IPP and Mapping integration: Python scripts executing the Receding Horizon Planner, calcu-
lating the continuous aerodynamic power model (P(||v4]])), and selecting optimal spatial trajectories,
while also keeping and updating the Dynamic Mapping logic with the Conical Diffusion Model.
multi_uav_cyberzoo_faster was used for the CyberZoo tests. It runs a simulation if nothing is
streamed via the Ivy bus. muti_uav_sim_faster_EHVB is the Valkenburg version, which was only used
in simulation, and not tested yet outside.

Paparazzi Bridge: One ivy-python middleware script responsible for unpacking ROTORCRAFT_FP
telemetry and broadcasting GUIDED_SETPOINT_NED commands, is given as example for communication.
Monte Carlo Scripts: Any script containing "Monte Carlo" in its name is used for the Monte Carlo
simulations. The files with the added "visualization" then process the data of the Monte Carlo simulations
and make the plots.

Baseline Scripts: Anything containing "Baseline" is for the baseline comparison. The one with "optimal
wind direction” is for determining the energy consumption for a configuration in all wind directions.
Data Parsing: mutli_uav_real_test_plot is used to parse data from flights and to create and visualize
its 3D path. map_and_sat is used to create a figure of the Valkenburg test area with an overlapping
probability map. data_parsing_energy_model_emp is used to create

Execution Guide

To deploy the Energy-Aware swarm, follow this chronological sequence using the pre-configured Paparazzi
sessions:
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C.3.1. Build the Paparazzi Environment
Clone the TU Delft repository, checkout the specific branch, and compile the base system:

git clone https://github.com/tudelft/paparazzi.git

cd paparazzi

git checkout VSQP_NAV_OK

echo bubba && git submodule sync & & git submodule update && make clean && make

C.3.2. Launch Paparazzi Center and Select Session
Start the graphical GCS interface:

./paparazzi

Within the Paparazzi Center GUI, first build the airframe files you want in your swarm, one-by-one. Then go
to the "Operation" tab and select the appropriate custom Session from the top drop-down menu depending on
the deployment environment (from my custom made control panel userconf/SDB/sdb_control_panel.xml):

e SDB EHVB Simulation: Used for software-in-the-loop testing.
e sdb control cyberzoo: Used for physical indoor flights with the OptiTrack MoCap system.
¢ SwarmyRTK: Used for physical outdoor field tests relying on the RTK GPS architecture.

C.3.3. Initialize the Swarm
Once the GCS and Server modules are running;:

1. Use the GCS interface to power on the aircraft and command a sequential takeoff.
2. Wait for the aircraft to reach the default holding altitude and stabilize.

3. Switch the flight block to Guided Mode. The aircraft can now receive external velocity commands over
the Ivy bus.

C.3.4. Execute the Python Planner

Open the python IPP script, and execute the main coordination script. The script will immediately bind to the
Ivy bus, ingest the current UAV telemetry, and begin transmitting the continuous Energy-Aware IPP velocity
commands to the swarm, while also receiving and integrating real-time positional and velocity data.
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