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Resumo

Com a crescente implementação de sistemas fotovoltaicos em águas interiores e costeiras, a in-
speção destas infraestruturas de larga escala apresenta desafios operacionais significativos, espe-
cialmente para veículos aéreos não tripulados com autonomia de voo limitada. Em contextos
offshore, a distância até ao local de inspeção ultrapassa frequentemente o alcance efetivo destes
veículos, comprometendo a viabilidade de soluções de inspeção exclusivamente aéreas.

Esta dissertação propõe uma arquitetura cooperativa que integra um veículo de superfície não
tripulado e um veículo aéreo não tripulado para a realização de missões de inspeção coordenadas.
O veículo de superfície é concebido como uma plataforma móvel de lançamento e recuperação,
permitindo que o veículo aéreo opere mais próximo da zona de interesse e, assim, reduza o tempo
de voo necessário. Foi desenvolvida uma metodologia de planeamento de missão espaço-temporal
para gerir o comportamento cooperativo entre plataformas, assegurando a execução sincronizada
das fases de descolagem, navegação, inspeção e aterragem.

A solução proposta inclui a aquisição automática de mapas de missão com base em dados
geoespaciais, otimização de pontos de passagem considerando obstáculos estáticos e dinâmicos, e
estratégias híbridas de planeamento de trajetória que combinam planeamento global com desvio
local de obstáculos. Foi implementado um controlador temporal modular para gerir a execução da
missão, assim como um mecanismo de recuperação de emergência para garantir a segurança da
operação em caso de falhas. A plataforma de superfície, designada NEST, foi construída especi-
ficamente para esta aplicação, incorporando computação embarcada, interfaces de comunicação e
uma plataforma de aterragem integrada num casco tipo catamarã.

A validação foi realizada através de simulação baseada em modelos físicos e ensaios de campo
no Centro de Testes ATLANTIS. O sistema demonstrou comportamentos fiáveis de navegação, co-
ordenação de missão e recuperação segura em condições experimentais, confirmando a viabilidade
da arquitetura proposta para inspeções autónomas em ambientes marítimos.
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Abstract

With the expansion of floating solar energy systems across inland and coastal waters, the inspec-
tion of these large-scale infrastructures presents operational challenges, especially for aerial ve-
hicles limited by short flight endurance. In offshore scenarios, the distance to the inspection site
often exceeds the vehicle’s effective range, reducing the viability of fully aerial inspection solu-
tions.

This thesis presents a cooperative mission architecture that integrates an autonomous surface
vehicle and an aerial vehicle to perform coordinated inspection missions. The surface vehicle
acts as a mobile launch and recovery platform, enabling the aerial vehicle to operate closer to
the inspection area and thus reducing the required flight time. A spatio-temporal mission plan-
ning methodology was developed to manage coordinated behavior between platforms, ensuring
synchronized execution of takeoff, navigation, inspection, and landing phases.

The proposed solution includes automatic generation of mission maps using geospatial data,
waypoint optimization that considers both static and dynamic obstacles, and a hybrid navigation
strategy that combines global planning with local obstacle avoidance. A modular temporal con-
troller orchestrates mission execution, while an emergency retrieval mechanism was developed
to guarantee safe vehicle recovery under failure conditions. The surface platform, named NEST,
was purpose-built for this application, featuring onboard computing systems, communication in-
terfaces, and a landing platform integrated into a catamaran-type hull.

The system was validated through physics-based simulation and field trials conducted at the
ATLANTIS Test Center. The experiments demonstrated reliable performance in terms of au-
tonomous navigation, coordinated task execution, and safe vehicle recovery, confirming the feasi-
bility of the proposed architecture for autonomous inspection in maritime environments.
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UN Sustainable Development Goals

The United Nations Sustainable Development Goals (SDGs) outline 17 global objectives for build-
ing a safer, more inclusive, sustainable, and efficient future. This work contributes to the advance-
ment of the following SDGs:

SDG 8 Promote sustained, inclusive and sustainable economic growth, full and productive em-
ployment and decent work for all

SDG 9 Build resilient infrastructure, promote inclusive and sustainable industrialization and fos-
ter innovation

SDG 14 Conserve and sustainably use the oceans, seas and marine resources for sustainable de-
velopment

The corresponding targets for these SDGs are named as follows:

Target 8.8 Protect labour rights and promote safe and secure working environments for all work-
ers, including migrant workers, in particular women migrants, and those in precarious em-
ployment

Target 9.4 By 2030, upgrade infrastructure and retrofit industries to make them sustainable, with
increased resource-use efficiency and greater adoption of clean and environmentally sound
technologies and industrial processes, with all countries taking action in accordance with
their respective capabilities

Target 14.2 By 2020, sustainably manage and protect marine and coastal ecosystems to avoid
significant adverse impacts, including by strengthening their resilience, and take action for
their restoration in order to achieve healthy and productive oceans

SGD Target Contribution Performance Indicators and
Metrics

8
8.8 Development of safe obstacle avoid-

ance algorithms to minimize human
error in vehicles operation

Reduce the number of incidents
leading to injuries or fatalities
in hazardous workplace environ-
ments

9
9.4 Enhancing autonomous vehicle sys-

tems for inspection and maintenance
tasks, enabling more frequent opera-
tions and increasing overall industrial
efficiency

Increase in operational efficiency
and infrastructure longevity; Re-
duction in downtime and opera-
tional costs

14
14.2 Mitigate the impacts of vehicle opera-

tion in marine and coastal ecosystems
Reduction in operation incidents
that affect marine ecosystems
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Chapter 1

Introduction

Due to the climate change, finding new solutions for sustainable energy is a critical need. Portu-

gal’s current average temperature has risen approximately 1ºC compared to pre-industrial times,

leading to significant impacts on human populations and ecosystems [1]. Nonetheless, Portugal

has emerged as a front-runner in Europe with regard to renewable energy, accounting for 63% of

total energy consumption in 2023. Photovoltaic (PV) panels, particularly floating PV systems [2],

are increasingly explored in Portugal, where abundant sunlight supports their expanding adoption.

This technology, deployed on large bodies of water, converts solar energy into electric energy

while offering environmental benefits. In dry and hot climates, solar installations on lakes and

reservoirs provide the added benefit of reducing water surface radiation, which helps to minimize

evaporation [3]. Water-based PV systems improve efficiency by approximately 7% compared to

ground-mounted PV panels, as the cooling effect of the water mitigates overheating of the panels

[4]. The solar plant in the Alqueva Dam, shown in figure 1.1, is an example of an already func-

tioning photovoltaic farm. This solar plant developed by EDP is able to produce 7.5GWh annually

over its twelve thousand PV panels and it’s the largest photovoltaic farm installed in a reservoir in

Europe1.

Periodic maintenance is essential to ensure that the panels operate at maximum efficiency and

continue producing optimal power output [5]. Maintenance activities typically involve thermal

inspections with the aim of searching for accumulated leads, snow, soiling or bird droppings that

cause the shading of the PV cells, also find modules in open and closed cycle, broken front glass,

loss of connection with the junction box, as well as cells with temperature variation as described

in the normative developed by International Electrotechnical Commission (2017) [6]. Monitoring

the solar panels to ensure their optimal performance and prevent shading can lead to an increase

of 8.7% of overall power production, while avoiding 81% of voltage sag and lowering distortions

to 2% [7].

Inspection tasks are currently conducted mainly through human workers that face several chal-

lenges, namely,low safety in hard-to-reach areas that require navigating unstable platforms or

1https://www.edp.com/pt/europa/portugal/projetos/paineis-solares-flutuantes (Accessed in 24-06-2025)
2https://www.euronews.com/next/2023/01/20/could-floating-solar-panels-be-a-solution-to-both-the-climate-crisis-

and-soaring-energy-pr (Accessed in 24-06-2025)

1



Introduction 2

Figure 1.1: Solar Power Plant in Alqueva Dam 2.

bodies of water. This can lead to drowning, falls and exposure to harsh weather conditions. Ad-

ditionally, manual inspections are time-consuming and repetitive, requiring workers to physically

traverse the entire array of panels. Furthermore, the demand for skilled workers and high special-

ized equipment and safety will increase the costs of maintaining a floating solar plant [8].

Autonomous systems, such as Unmanned Aerial Vehicles (UAV) and Unmanned Surface Ve-

hicles (USV), can enhance the inspection of PV panels by introducing robustness and reliability to

the acquired data. Technological developments (sensors, technical cameras and control systems)

in the aerial industry also provide opportunities for monitoring large areas using UAVs equipped

with a payload of sensors and autonomously acquire the data from the PV farm [9, 10, 11].

1.1 Motivation

As PV farms continue to expand, challenges related to the limited autonomy of UAVs become

more prominent. This issue is especially critical in floating PV farms, where landing sites are

scarce. Since the start of UAV operations are from land-based locations, increases in travel dis-

tance, reduces the UAV’s available inspection time and overall efficiency [12].

Combining multiple vehicles for inspection tasks can significantly enhance operational cover-

age, enabling the inspection of larger areas and increasing overall efficiency. For instance, employ-

ing a combination of a USV and a UAV [13], as illustrated in figure 1.2, allows the USV to act as a

mobile landing pad for the UAV. This setup reduces the UAV’s energy consumption during transit

from the shore to the PV farm. Once at the site, the UAV can carry out aerial inspections, while

the USV conducts surface-level inspections or provides support for the UAV’s operations, such

as emergency landing and communication relay. After completing the tasks, the USV recovers
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Figure 1.2: Operational scheme of the UAV and USV in inspecting the floating PV farm.

the UAV and transports it back to shore. However, this multi-vehicle approach introduces signif-

icant challenges, such as the need to synchronize tasks across both platforms while optimizing

constraints related to time, energy efficiency, and spatial positioning.

This dissertation introduces a spatio-temporal mission planning methodology, where the USV

serves as a mobile platform for an UAV that conducts offshore inspections. This approach aims

to optimize inspection operations by using the USV to transport the UAV to specific locations,

enabling autonomous task execution and retrieval considering all the constraints imposed by this

system.

1.2 Objectives

Optimizing endurance and minimizing time consumption are crucial for the operation and main-

tenance (O&M) of photovoltaic power plants. This work focuses on mission planning for a USV-

UAV setup that autonomously inspects a floating PV farm, aiming to optimize inspection effi-

ciency by minimizing travel time. Conducted within the scope of the European TALOS project,

this work aims to be demonstrated using autonomous vehicles at the Alqueva Dam, showcasing

its real-world applicability. The following list specifies the objectives towards this dissertation:

• Enhance USV capabilities to support autonomous aerial-surface operations by integrating a

UAV-compatible landing pad and increased autonomy;

• Enable safe autonomous operations for USVs, through the integrations of mission planning,

navigation and collision avoidance techniques;

• Development of a spatial and temporal scheduling algorithm to optimize USV-UAV coop-

eration, ensuring efficient task allocation and synchronization in dynamic operational envi-

ronments;

• Validation in simulation and near-real scenarios of the USV-UAV cooperation task.
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1.3 Document Structure

This document is structured as follows:

Chapter 2 provides a detailed literature review on physical interactions between UAVs and

USVs, highlighting progress and addressing unresolved challenges in this domain. It also ex-

amines path planning algorithms, focusing on their use in dynamic and complex environments.

Finally, the chapter explores decision-making processes under temporal constraints.

Chapter 3 presents the methodology adopted in this work. It begins with a definition of the

problem statement, followed by a description of the USV used for experimental validation. The

chapter then details the system architecture and the mission planning methodology, including mis-

sion definition, map acquisition, navigation strategies, and the implementation of failsafe mecha-

nisms.

Chapter 4 outlines the simulation experiments and their corresponding results. Additionally, it

includes real-world tests conducted in operational environments to validate the proposed method-

ology.

Chapter 5 presents the conclusion of this work and presents future work improvements.



Chapter 2

Literature Review

Floating photovoltaic farms are emerging as a promising renewable energy source, particularly in

regions with limited land and high sunlight exposure. However, operating and maintaining these

installations efficiently on water surfaces introduces several challenges. Conventional inspection

methods for PV panels typically require human operators, who face the risks and difficulties of

the water environment, such as drowning, exposure to harsh weather and equipment damage. This

literature review explores the potential of USV-UAV cooperation to overcome these challenges,

enabling multi-domain inspections. In this system, the USV serves as a carrier for the UAV,

improving its autonomy while providing safer navigation in a challenging environment.

This chapter begins by providing a general overview of the challenges associated with the

operation and maintenance of floating photovoltaic (PV) farms, emphasizing the potential of au-

tonomous systems to address these issues. Then it explores the concept of mission planning, high-

lighting its critical role in enabling autonomous systems to perform inspection tasks effectively.

This section is divided into subsections that detail the global path planning techniques, which

rely on pre-existing knowledge of the environment, the local path planning methods, designed

for real-time obstacle avoidance in dynamic settings, and the hybrid path planning approaches,

which combine global and local methods to balance long-term optimization with adaptability. Fi-

nally, the chapter explores decision-making processes, focusing on Multi-Robot Task Allocation

(MRTA) frameworks and strategies for coordinating autonomous vehicles, ensuring efficient task

execution and collaboration in complex environments.

2.1 General Overview

The operation and maintenance (O&M) of PV parks present several challenges due to their de-

manding installation environments. Employing a large fleet of maintenance technicians is costly1,

especially for offshore installations, which need specialized training and equipment. Inspections of

1https://commercialsolarguy.com/free-government-research-spreadsheet-model-of-solar-power-operations-and-
maintenance-costs/ (Accessed in 07-12-2024)
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PV systems are currently conducted using a combination of manual and automated methods. On-

shore facilities often rely on technicians performing physical inspections or using handheld tools

such as thermal and visual cameras to identify issues like overheating or shading [14]. In some

cases, drones equipped with these cameras and sensors are deployed to cover large areas more

efficiently. However, offshore and floating PV systems introduce additional challenges. Weather

conditions like high waves and strong winds can limit access and complicate the transfer of per-

sonnel and equipment between vessels and PV arrays, further increasing operational complexity

and costs. Specialized vessels and remote monitoring systems are increasingly employed in such

environments to address these limitations, but the costs remain significantly higher compared to

onshore facilities. Taking into account these constraints, an autonomous system can replace human

workers and conduct more reliable inspections when equipped with visual and thermal cameras.

An emerging approach in autonomous systems involves the cooperation of multiple agents to

enable operations across multiple domains. For instance, the use of UAVs enhances inspections

by enabling close examination of PV panels from above. However, these vehicles have limited

autonomy, which makes the cooperation between UAVs and USVs with landing platforms highly

beneficial. The USV, operating in a more suitable domain, offers greater autonomy and can opti-

mize the inspection process by extending the operational range of the UAV [15].

Physical cooperation between multiple vehicles presents a challenging coordination problem;

however, it has been extensively studied by the scientific community. This coordination can be

categorized into static and dynamic approaches [16]. Static coordination involves setting up a pre-

defined framework of rules or protocols prior to task execution. While this approach is effective

for managing complex tasks, it may struggle with real-time control, as it lacks flexibility to adapt

quickly to dynamic situations or unforeseen challenges. Conversely, dynamic coordination relies

on real-time analysis of available information during the task to determine subsequent actions. A

marsupial relationship between vehicles, in which each vehicle plays a distinct role within a coop-

erative team, enhances the strengths of each vehicle type, enabling them to collaboratively perform

complex tasks across diverse environments that would be challenging to navigate independently.

In this relationship, the vehicles assume one of two roles: the container, typically a larger vehicle

that provides primary support and transportation; and the passenger, a smaller vehicle carried by

the container to specific areas where it performs designated tasks. The container vehicles can be

classified within a large set of roles [17]:

• Carrier Role: The core function is physically transport the passenger vehicle, enabling it to

conserve energy and avoid challenging terrains they are not equipped to handle;

• Coach Role: Once deployed, the container vehicle can move to different vantage points,

using its sensors to monitor and guide the passenger, improving the effectiveness in the

field;

• Manager Role: The container vehicle assigns and coordinates specific tasks for each pas-

senger, functioning as a central command unit for task allocation;
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• Messenger Role: In environments where communication is though, the container serves as

a relay, connecting passengers with each other or with external controllers;

• Processor Role: When passengers lack computing power, the container can take on data-

heavy tasks. This allows passengers to send data to the container, which processes it and

returns the results, maximizing efficiency;

• Supporter Role: The container additional logistical support, such as recharging the passen-

ger batteries, carrying supplies, and clean the path from obstacles.

This classification serves diverse applications by aligning each vehicle’s role with specific

operational requirements. Pinto et al. (2014) [18] developed a marsupial system for monitoring

the river environment, using a USV as the container vehicle and an UAV as the passenger vehicles,

allowing a better overview of the river environment and also providing a safe landing platform in

the USV. This method optimized the energetic autonomy for long-lasting operations and protected

the aerial vehicle in harsh weather conditions.

To handle the take-off and landing behavior Kalaitzakis et al. (2021) [19] proposed the state-

machine present in the figure 2.1. The Ride state, represents the initial condition, is when the

UAV is attached to the USV and awaiting a task request. Upon receiving a request, the UAV

transitions to the Take-Off state, marking the start of its mission. After reaching a designated

altitude, the UAV enters the Follow state, where it maintains a safe distance from the USV as both

vehicles move. If the UAV loses track of the USV, the state changes to either Hover or Return,

Figure 2.1: State machine diagram of the behaviors [19]. Dashed lines signal automatic transitions
with conditions. Solid lines show where user input is required for transitions.
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depending on the desired configuration. The Leave state enables the UAV to operate at a remote

location, useful for tasks like mapping or monitoring. After completing such tasks, the UAV enters

the Hover state, holding position and altitude as a standby mode. The Return state may then be

triggered to bring the UAV closer to the USV. Finally, the Land state facilitates the UAV’s docking

on the USV; this state is accessible only from the Follow state to ensure proximity between the

UAV and USV before landing.

2.2 Mission Planning

The demand for autonomous systems capable of completing costly, expensive, and dynamic mis-

sions has risen over recent years. The missions are defined as the extent of objectives and tasks

the vehicle must achieve for the mission success [20]. To achieve the mission success two main

levels need to be accomplished, namely, the path planning, responsible for the motion of each

vehicle regarding the individual constraints, and the decision making domain, responsible for the

coordination of multiple agents.

Path planning is a non-deterministic polynomial-time (NP-hard) problem that involves finding

a continuous path from an initial to a final goal configuration. There are numerous path planning

algorithms, each distinguished by the extent of environmental knowledge available [21]. Global

path planning aims to find the optimal path when the environment is largely static and fully known,

making it most effective [22]. In contrast, local path planning is used in unknown and dynamic

environments, where obstacles may move which requires real-time obstacle avoidance algorithms

[23]. These algorithms operate while the robot is in motion, relying on data from local sensors to

navigate and adapt to the surroundings in real-time.

The decision making process in autonomous systems is often framed as a scheduling problem,

which focuses on optimizing the mission by efficiently allocating tasks and required skills to the

vehicles within a cooperative framework. This process ensures that resources are used effectively,

and the mission is completed within the defined constraints. The cooperative domain is inherently

influenced by bidirectional constraints that each vehicle imposes on the other, given that they

operate across distinct domains with differing capabilities and requirements. In a system where

one vehicle may rely on the other for transportation or task execution, introduces dependencies

between their actions. The task allocation system must, therefore, be robust enough to handle

dynamic changes in both environmental conditions and operational constraints. This flexibility

allows the system to adapt to unexpected situations, such as changes in available time, task priority,

while still optimizing the overall mission performance. By considering these factors, the decision-

making process ensures that the vehicles work together effectively, enhancing mission success and

efficiency.

2.2.1 Global Path Planning

Global path planning relies on pre-existing maps of the robot’s surroundings, giving it complete

information about the environment before its operation. To develop a global path plan, the prin-
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ciples illustrated in figure 2.2 must be followed. The figure breaks down into three fundamental

steps [24]:

Figure 2.2: The principle of autonomous system global planning [24].

• Environmental modeling – This is the first step that involves creating a representation of the

environment in which the robot will operate. As Zhang et al. (2018) [24] described, there

are different approaches to this modeling:

– Framework Space Approach involves modeling the environment by fitting a graph to

the space, where obstacles are defined as regions that the robot cannot occupy [25].

This approach is most effective for systems with high degrees of freedom.

– Free Space Approach constructs the navigable free space between obstacles within the

robot’s environment, focusing on free convex regions. This method is better suited for

simpler environments where free space is easy to define.

– Cell Decomposition Approach partitions the environment into basic, connected re-

gions known as cells. These cells can take rectangular or polygonal shapes and must

be distinct, non-overlapping, and adjacent. Cells containing obstacles are labeled as

occupied, while those without are considered free of obstacles [26].

– Topology Method simplifies the path planning process by converting a complex, high-

dimensional problem (involving numerous positions or orientations) into a lower-

dimensional problem that emphasizes connectivity within the environment. This ap-

proach reduces the effort needed to find a path, as it focuses on determining whether

different regions of the environment are connected, rather than navigating through the

entire space [24].

– Probabilistic Roadmap Method involves randomly selecting points within the environ-

ment and connecting them to create an undirected graph, known as a roadmap. This

roadmap represents the connectivity of the free space, turning the path planning prob-

lem into a graph search problem, which can often simplify the process [22].

• Optimization Criteria – To determine the most optimal path, several factors must be taken

into account. The following list outlines three of the most commonly used optimization

criteria:
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– Path Length objective is to minimize the path length as much as possible. To compute

the length of a given path, the lengths of each segment that make up the path are

summed. The length of a segment is determined by the Euclidean distance between its

endpoints [27];

– Smoothness is used to avoid sharp turns in the robot’s path [28];

– Safety Degree is the sum of deviation degrees between any segment in a path and its

nearby obstacle [29].

• Path Search Algorithm – This component is responsible for determining the best path based

on the environment and the selected optimization criteria. These algorithms can follow two

different approaches: a heuristic approach or an artificial intelligence approach.

Dijkstra (1959) [30] presented the Dijkstra algorithm, a heuristic technique used to address

the shortest path routing problem in 2D autonomous system path planning. It seeks to identify

the shortest path between two nodes in a directed graph (digraph). In figure 2.3, a graph with five

nodes is shown. To find the shortest path from node A to any other node, the Dijkstra algorithm is

employed. The algorithm evaluates all possible paths, and the shortest path to each node is saved.

Table 2.1 presents the sum of the shortest paths from node A to every other node.

Figure 2.3: Weighted graph.

Table 2.1: Weight of the shortest path from node A to every other node.

A B C D E
0 3 2 5 6

The algorithm operates on the principle of finding the shortest Euclidean distance between

nodes. However, when applied to a curved surface, the accuracy of the algorithm decreases

with increasing curvature. This is because Euclidean distance between two nodes differs from

the surface distance between two points, leading to potential errors in path planning on curved

surfaces [31]. An example of the implementation of this algorithm in robot path planning was
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presented by Wang et al. (2011) [32], demonstrating how this method solves a maze robot path

planning problem. The results were positive; however, this method requires full computation of

the robot’s workspace, which can lead to high computational demands in large environments with

many nodes.

Another well-known algorithm for finding the shortest path is the A* algorithm, developed by

Hart et al. (1968) [33]. The primary goal of this algorithm is to make decisions as informed as

possible. This means that expanding a node that will never be part of an optimal path is wasted

effort, while ignoring nodes that may lie on the optimal path is not acceptable. The A* algorithm

is based on the principles of Dijkstra’s algorithm but avoids the need to calculate the costs to all

nodes in the graph. Instead, it selects the next node in the path by exploring the node with the

least cost to the final destination [34]. In figure 2.4a, the first step of this algorithm is illustrated.

Initially, the costs for each node around the start node are calculated. Then, as shown in figure

2.4b, the Euclidean distance from each node to the goal node is computed to identify the node

closest to the goal. Once this node is found, only that node is explored. Upon reaching the goal, as

depicted in figure 2.4c, the algorithm succeeds without the need to search the entire environment.

(a) First step. (b) Iterative step.

(c) Final step.

Figure 2.4: A* Algorithm Procedure.
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Although the A* algorithm is simple and faster than the Dijkstra algorithm, it has some limita-

tions that may make it unsuitable for certain cases. A* requires the selection of specific parameters

to function as intended, and these parameters greatly influence its performance [35]. Additionally,

in large graphs, the algorithm can become inefficient, leading to slower processing times. Tang et

al. (2021) [36] proposed the Geometric A* Algorithm, which generates an optimal path using the

A* algorithm, followed by a screening function to correct path irregularities, and finally smooths

the entire path using an interpolation algorithm. This approach demonstrated a high success rate,

effectively reducing the number of turns made by the autonomous system, thereby shortening,

smoothing the path and reducing the environment search area. However, this proposal did not ac-

count for the robot’s size, which plays a crucial role in collision avoidance, and it was only applied

to static environments. However, in the context of a autonomous system path planner, the environ-

ment must be sensed and captured by the robot. In this regard, Stentz (1994) [37] proposed the D*

algorithm, which is similar to the A* algorithm but is designed for dynamic environments. The

primary objective of this path planner is to avoid all obstacles in the environment while minimizing

the cost function.

Lavalle (1998) [38] introduced a random approach to path search called Rapidly-exploring Ran-

dom Tree (RRT), which has the advantage of being directly applicable to nonholonomic and kin-

odynamic planning2. The RRT algorithm involves selecting random points around the starting

point and connecting them to form a tree-like structure. In figure 2.5, xstart denotes the starting

point. The point xrand represents a randomly selected location within the environment. Next, xnew

is placed along the line connecting xrand and xnearest , considering the maximum predefined step

length, and it is subsequently connected to the xnearest point.

Figure 2.5: Rapidly-exploring Random Tree Algorithm [39].

Then more random points are selected in the unexplored area and connected to the closest

point from the tree, progressively expanding it. Once the tree reaches the final goal, it traces

back to the starting point to determine the path. The performance of this algorithm improves

with an increasing number of points. Although this algorithm provides a good path plan, it is not

asymptotically optimal and suffers from slow convergence and weak target tendency, particularly

in maps with many narrow passages. To address these issues, Erke et al. (2020) [35] developed

2Nonholonomic and kinodynamic planning refer to path planning systems that account for movement constraints
and consider the system’s dynamics to ensure efficient trajectories.
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RRT*, which introduces the re-selection of parent nodes and rerouting mechanisms to optimize

the path. These operations result in shorter paths. However, this process is also slow, prompting

researchers to propose the idea of dynamic step length, which limits sampling to create narrower

trees toward the target point [40]. To tackle the problem of narrow passages, often encountered

in complex environments, researchers have developed an improved algorithm capable of detecting

these narrow passages, significantly enhancing the efficiency of the basic RRT algorithm in such

environments [41, 42].

The genetic algorithm, introduced by Holland (1992) [43], is inspired by natural selection. Ar-

tificial entities explore new regions of the search space using genetic operators such as crossover,

which resembles the reproduction phase and combines different properties of the entities. This

is followed by the mutation phase, which introduces random changes to explore additional paths.

The process concludes with the selection operation, where the least fit individuals are removed,

leaving only the most effective path-exploring individuals for the crossover process. This cycle is

repeated until the goal point is reached [44].

Bio-inspired algorithms significantly contribute to path planning, with Ant Colony Optimization

(ACO), developed by Dorigo (1992) [45], serving as example. This algorithm is inspired by the

behavior of ants, which uses pheromones on the ground for communication, thereby marking

the paths that other ants in the colony should follow [46]. ACO has been applied to a broad

spectrum of problems, particularly those classified as NP-hard. These problems are characterized

by their optimal solutions having exponential time complexity in the worst case. However, the

effectiveness of this approach heavily relies on the appropriate selection of weights, as incorrect

values can lead to local optima traps [47, 48].

2.2.2 Local Path Planning

Local path planning is an approach in which the autonomous system gathers information about its

surroundings to determine the path in real time while avoiding obstacles.

The Artificial Potential Field (APF) algorithm, proposed by Khatib (1986) [49], models the

autonomous system as a particle within a potential field. In this framework, the goal exerts at-

tractive forces on the robot, while obstacles generate repulsive forces as shown in the figure 2.6.

However, this approach often converges to local minima, which can cause the algorithm to become

trapped in a deadlock. Additionally, the algorithm exhibits poor performance when the target point

is situated near obstacles, making detection more challenging.

To address the issue of local minima, Duan et al. (2022) [51] proposed an improved APF

that incorporates a secondary virtual target attraction potential field. The results demonstrated

its effectiveness in resolving the local minima problem. Another approach was introduced by

Wu et al. (2023) [52], where the deterministic annealing APF (DA-APF) integrates a temperature

parameter to enhance the repulsive potential of obstacles. This method simulates annealing and
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Figure 2.6: Traditional Artificial Potential Field path planning [50].

tempering processes, allowing the robot to escape local minima by employing a gradient descent

potential-guided strategy that directs the robot toward the target point.

The Dynamic Window Approach (DWA), originally proposed by Fox et al. (1997) [53], sam-

ples multiple velocity values and simulates the trajectory based on the robot’s dynamics, account-

ing for its limited velocities and accelerations. This algorithm is primarily designed for static envi-

ronments. To address its limitations with moving obstacles, Molinos et al. (2019) [54] developed

an enhanced version of DWA for dynamic environments. The Dynamic Window for Dynamic

Obstacles Tree (DW4DOT) algorithm builds upon DWA by improving the safety of the robot’s

motion and enhancing obstacle avoidance maneuvers. It extends the planning horizon beyond

the robot’s local window, predicting possible paths further in time using a tree-building method,

thereby reducing the number of paths evaluated. While this algorithm has demonstrated promis-

ing results, it is computationally intensive, which may limit its suitability for certain real-world

applications.

The Timed-Elastic-Band (TEB) algorithm [55] represents the robot’s path as a sequence of

points, continuously adjusting it to maintain smoothness, avoid obstacles, and respect the robot’s

motion constraints. This is achieved by "stretching" or "compressing" the elastic band that models

the vehicle’s path. Due to its ability to update the path online, this algorithm is well-suited for

dynamically changing environments. However, the TEB algorithm tends to get stuck in local

minima. To address this, Wu et al. (2021) [56] proposed an enhanced version of TEB, which not

only focuses on avoiding local minima and improving path smoothness but also aims to minimize

the path length. This enhancement resulted in a 5% reduction in planning time in comparison with

the original TEB algorithm.

Fiorini and Shiller (1998) [57] introduced the Velocity Obstacles (VO) algorithm, which offers

a straightforward geometric framework for potential avoidance maneuvers and unifies the handling
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of both moving and stationary obstacles. This algorithm predicts future obstacle trajectories and

identifies the robot’s velocities that may result in collisions. Based on these predictions, the au-

tonomous system selects a velocity and direction that steer clear of collision-prone areas. More

recently, Campos et al. (2019) [58] proposed an algorithm specifically designed for USV obstacle

avoidance, which estimates collision-free velocities. This approach incorporates a protective zone

model that accounts for kinematic constraints and evaluates danger using a multi-criteria metric.

The algorithm represents danger zones as cones, adjusting them according to obstacle velocities.

Figure 2.7 depicts the protective zone of the USV (center) for both static (left) and dynamic (right)

obstacles. The AVOA algorithm showed a travel time improvement of at least 58% compared to

the TEB algorithm.

Figure 2.7: AVOA protective zone representation [58].

2.2.3 Hybrid Path Planning

Hybrid path planning effectively balances the trade-offs between long-term optimality and real-

time adaptability. By integrating global and local methods, it ensures that the vehicle navigates ef-

ficiently over long distances while dynamically avoiding unforeseen obstacles. The global planner

ensures an optimal route for reaching a target, while the local planner reacts to dynamic elements

such as moving vessels or changing currents. This combination is particularly effective for USVs

operating in unpredictable and changing environments.

A variety of hybrid algorithms have been proposed to address the shortcomings of standalone

planners. For instance, the combination of Ant Colony Optimization (ACO) with Artificial Poten-

tial Fields (APF) allows for efficient exploration of unknown environments while ensuring smooth

collision avoidance. Additionally, various algorithmic combinations can yield favorable results.

For example, Chen et al. (2019) [59] proposed an algorithm that integrates the A* algorithm with
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the Dynamic Window Approach (DWA), demonstrating improvements in travel time optimization

and effective dynamic obstacle avoidance.

One of the primary challenges in hybrid path planning is maintaining computational efficiency

while balancing long-term and short-term navigation goals. As the complexity of the environment

increases, so does the demand for real-time processing, which can be limited by hardware con-

straints and sensor inaccuracies. Addressing these challenges requires the development of more

efficient algorithms that can dynamically adjust to the complexity of the environment without

sacrificing safety or performance.

2.2.4 Decision Making

To develop a fully operational mission planner for a marsupial vehicle, a robust decision-making

process is essential. This process coordinates system constraints and schedules tasks to ensure

mission efficiency. Critical to decision-making is assessing task feasibility to prevent time and

resource wastage on unfeasible operations. A variety of constraints must be integrated to en-

sure mission effectiveness, such as time constraints, which dictate that certain tasks be completed

within specific time frames; precedence constraints, which require tasks to be performed in a par-

ticular sequence; and cooperation constraints, which involve tasks needing collaboration among

multiple robots.

In mission planning for multi-robot systems, Multi-Robot Task Allocation (MRTA) is a com-

mon approach and can be viewed as a combinatorial optimization problem structured within graph-

based frameworks [60]. According to Gerkey and Matarić (2004) [61], MRTA can be categorized

as follows:

• Single-task robots/Multi-task robots: Robots perform only one task at a time/Robots are

capable of executing multiple tasks concurrently;

• Single-robot tasks/Multi-robot tasks: Tasks that require a single robot/Tasks that need mul-

tiple robots for completion;

• Instantaneous assignment/Time-extended assignment: Tasks are assigned to robots either

instantaneously without future planning/Tasks that are assigned as a sequence of planned

tasks.

This classification provides a structured method for characterizing MRTA problems based on

these combinations. Furthermore, additional MRTA taxonomies expand Time-Extended assign-

ments (TA) into two sub-problems, with temporal and ordering constraints [62]. Temporal con-

straints are expressed as Time Windows (TW), representing the time interval during which a task

can start or end, with bounds for early and late start/finish times. Synchronization and Precedence

constraints (SP) impose a required order in which tasks must be completed.

MRTA approaches can also be classified as either centralized or decentralized:
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• Centralized methods: Mission coordination is managed by a single leader. This includes

a weakly centralized approach where the leader role is dynamic and can change based on

conditions such as environment or robot battery levels, and a strongly centralized approach,

where a single leader remains fixed throughout the mission.

• Decentralized methods: This includes hierarchical and distributed approaches. In the hier-

archical model, multiple leaders exist, with robots organized into groups. In a distributed

model, robots operate independently without a designated leader.

To classify MRTA algorithms, Gerkey and Matarić (2004) [61] identifies three types of task

assignments:

• Offline assignment: Tasks are allocated prior to mission commencement, making this ap-

proach ideal for stable environments but unsuitable for dynamic environments.

• Iterated assignment: Tasks are allocated during mission execution, allowing reallocation of

tasks even if previously assigned tasks remain incomplete.

• Online assignment: Tasks are allocated continuously during the mission without overriding

previously assigned tasks.

Given the dynamic nature of autonomous systems, mission planners often need to address

unpredictable factors that may affect performance and potentially disrupt planned constraints. In

such cases, the mission planner must adapt to unforeseen situations. For instance, if a task takes

longer than expected, subsequent tasks may need to be rescheduled to remain feasible within the

set time constraints.

Bischoff et al. (2020) [63] proposed a model that decomposes the mission into start and

end points, tasks, and precedence, which is represented as a graph in figure 2.8. In this graph,

pentagons represent the robots’ starting points, circles indicate tasks, and triangles mark the end

points. Colored arrows show the task sequence performed by each robot, while the black arrow

denotes the precedence of task t1 over t3. This graph-based approach evaluates mission feasibility

by ensuring that all assigned tasks can be completed within a finite time, maintaining a logical and

executable sequence for the robots.

Figure 2.8: Mission plan in a graph representation [63].
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Moreover, having the MRTA fully characterized all constraints should be integrated into a cost

function aimed at minimizing overall cost while maximizing task completion within the shortest

time frame. This task allocation problem resembles the Traveling Repairman Problem (TRP) [64],

a variant of the Traveling Salesman Problem (TSP). Unlike the TSP, which focuses on minimizing

total travel distance, the TRP aims to minimize average waiting time.

To optimize the mission by minimizing travel time and maximizing the rewards collected

at each waypoint, Pinto et al. (2020) [65] introduced a cost function, represented in equation

2.1. This function combines a time cost component Jtime and a reward cost component Jreward , as

detailed in equations 2.2.

minJ = Jtime− Jreward , (2.1)

Jtime = αT

n

∑
i=0

n

∑
j=0

m

∑
k=1

Ti jXi jk, Jreward = βC

n

∑
i=1

piYi, (2.2)

where, αT and βC are weighting factors that balance the importance of minimizing travel time and

maximizing rewards, respectively. The term Ti j represents the travel time between waypoints i and

j, while Xi jk is a binary decision variable that indicates whether vehicle k travels between these

waypoints. Additionally, pi is the reward associated with visiting waypoint i, and Yi is a binary

variable indicating whether a specific waypoint is visited.

The algorithm seeks to determine the X decision variable that define optimal routes for the

vehicles while considering to the following constraints:

• Waypoints must be visited at most once:

n

∑
i=0

m

∑
k=1

Xi jk ≤ 1, ∀ j ∈ {1, . . . ,n}; (2.3)

• Vehicles must follow continuous paths:

n

∑
i=0

Xipk−
n

∑
i=0

Xp jk = 0, ∀k ∈ {1, . . . ,m}, p ∈ {1, . . . ,n}; (2.4)

• Total travel time must not exceed the maximum allowable time (Lk):

n

∑
i=0

n

∑
j=0

Ti jXi jk ≤ Lk, ∀k ∈ {1, . . . ,m}. (2.5)

• Decision variables must be binary:

Xi jk,Yi ∈ {0,1}, ∀i, j ∈ {1, . . . ,n}, ∀k ∈ {1, . . . ,m}. (2.6)
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Therefore, effective decision-making within a multi-robot system is crucial for optimizing mis-

sion planning, ensuring that tasks are allocated efficiently while respecting the various constraints,

such as time, precedence, and cooperation. The integration of MRTA frameworks, particularly in

dynamic and unpredictable environments, allows for a more flexible and adaptable approach to

task execution. By using cost functions that balance time minimization and reward maximization,

mission planners can ensure optimal performance while maintaining feasibility.

2.3 Critical Review

The development of an autonomous mission planner for a marsupial system to inspect PV farms of-

fers promising advancements since this system leverages the complementary capabilities of UAVs

and USVs. The UAVs can conduct detailed inspections from above, while USVs provide crucial

support, such as transportation and emergency interventions. The interaction between these vehi-

cles is well-documented in scientific literature, with successful studies demonstrating effectiveness

of UAV-USV collaboration. However, existing models often assume ideal operational conditions,

overlooking real-world environmental challenges like wind and waves.

Mission success in these systems depends heavily on effective path planning algorithms. Cur-

rent global path planners in the literature have demonstrated high effectiveness in addressing large-

scale navigation problems in complex environments. However, these algorithms typically assume

static environments, which is often an unrealistic representation of real-world conditions. In con-

trast, local path planning algorithms are better suited for dynamic environments with moving ob-

stacles. Nevertheless, they often struggle in highly cluttered spaces, particularly without effective

global guidance to direct navigation. Therefore, a hybrid approach that combines the strengths

of both global and local path planning techniques could offer optimal navigation strategies for

dynamic and complex operational scenarios.

Mission planning heavily relies on the decision-making process, which involves allocating

tasks based on robot and task categorizations. These categorizations serve as system constraints,

defining the problem and guiding task allocation effectively. The TRP represents a significant

evolution of the TSP by prioritizing temporal constraints over distance, making it particularly

relevant in scenarios where time-sensitive operations are crucial. Despite extensive research on this

topic, many studies simplify the cost functions used, often failing to capture the full complexity of

real-world conditions.

This dissertation aims to address the previous mentioned limitations by proposing an advanced

autonomous UAV-USV system capable of overcoming environmental constraints and tested in re-

alistic scenarios. Additionally, to mitigate the limitations of both local and global path planning,

the research will explore hybrid systems that combine the strengths of both approaches. By incor-

porating these real-world uncertainties into task allocation models, this research ensures a more

resilient and adaptable mission planning process. The use of TRP models with dynamic constraints
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allows the system to prioritize urgent tasks, offering a solution better suited for time-sensitive oper-

ations in complex environments. This methodologies aim to develop a robust autonomous system

capable of handling complex missions that require UAV-USV collaboration.



Chapter 3

Mission Planning for USV-UAV
cooperation

Currently, the inspection of floating photovoltaic plants is typically performed manually by iden-

tifying thermal hot-spots and physical obstructions that may affect solar panel performance [66].

Existing autonomous solutions generally involve the use of an UAV, which takes off from shore,

flies to the PV plant, conducts a visual and thermal survey, and then returns to land for data anal-

ysis.

This chapter aims to explore a cooperative approach for inspection of floating PV plants where

a USV provides transportation and communication infrastructure to the UAV that performs the

inspection of multiple PV panels. To enable the cooperative behavior of this approach, the work

is proposing a mission architecture that manages task allocation, waypoint planning, and inter-

vehicle communication, ensuring effective operations and responsiveness to unexpected events.

This chapter is organized as follows: section 3.1 provides an overview of the problem and

the proposed approach to address it; section 3.2 introduces the NEST USV, detailing its hardware

configuration and the software developed to enable autonomous navigation; section 3.3 outlines

the complete mission execution pipeline, starting with user-defined pre-planning, followed by

autonomous mission execution, and concluding with the implemented fail-safe procedures.

3.1 Introduction

The efficiency of this approach is heavily constrained by the distance between the PV plant and

the shore. Since traditional quadcopters have a limited endurance, a significant portion of this

capacity is consumed merely traveling to the inspection site, thereby reducing the time available

for actual inspection.

To overcome the efficiency limitations of conventional UAV-based inspection methods, this

work proposes a cooperative solution where a USV serves as a mobile launch and recovery plat-

form. By transporting the UAV to the inspection site and retrieving it afterward, the USV sig-

nificantly reduces the UAV’s flight time and extends its effective operation range. The proposed

21
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mission planning algorithm autonomously manages the entire cooperative process, coordinating

both vehicles through optimized waypoint routing that accounts for static and dynamic obstacles,

while ensuring synchronized operation and safe UAV recovery under all conditions. As part of

this planning process, the algorithm includes an automatic map generation step that leverages

geospatial data to produce an occupancy grid of the mission area, providing a reliable basis for

path planning. The mission planner was developed following the Multilayer Universal Software

Architecture (MUSA) framework [67], enabling adaptability to a broad range of inspection sce-

narios involving large-scale aquatic infrastructures. Its modularity and geo-referenced mapping

capabilities allow it to operate effectively across diverse environments and locations. A schematic

representation of the wanted implementation is represented in figure 3.1.

(a) Stage 1 – Mission Start: The USV and UAV are
docked and initialized on shore.

(b) Stage 2 – Navigation and Take-Off: The
USV navigates autonomously to the prede-
fined UAV take-off location.

(c) Stage 3 – Aerial Survey: The UAV performs the
inspection while the USV proceeds to the landing
waypoint.

(d) Stage 4 – Landing and Return: The UAV lands
on the USV, and both vehicles return to shore in a
coupled configuration.

Figure 3.1: Schematic overview of the multi-stage autonomous inspection mission.

3.2 NEST - Non-stationary Emersed Structure for Takeoff-landing

This chapter introduces the USV developed to support the mission objectives, named NEST. It

was designed for autonomous navigation and features an integrated landing pad, allowing it to

serve as a mobile recovery platform for UAVs. Table 3.1 depicts a summary of the major NEST

characteristics.
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Table 3.1: Technical specifications of the NEST.

Characteristics Specifications

Dimensions 2.0 m × 2.0 m × 1.3 m

Total weight ∼100 kg

Available payload ∼200 kg

Drive mode Vectorial drive

Max speed 1.5 m/s

On-board sensors Navigation: GPS, IMU, Compass.

Perception: 3D LiDAR, visual and

thermal cameras

Power supply LiFePO4 25.6 V @ 200 Ah

Power consumption ∼3300 W

Operation time ∼2 h

Douglas sea scale 3 (up to 1.25 m)

This integrated design introduces a novel catamaran-style USV concept, developed to support

UAV operations. The dual-hull configuration provides a stable platform that enables the UAV to

safely land during and after inspection missions in maritime environments. An illustration of the

NEST USV is presented in figure 3.2.

Figure 3.2: NEST USV, featuring a catamaran design and a 2×2 meter UAV landing platform for
autonomous inspection operations.

3.2.1 Hardware Architecture

The hardware architecture of the NEST USV follows a modular design approach, in which the

power and electronic subsystems are separated. The power module is equipped with a 24V battery
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and includes essential operational and safety components such as a power switch, a fuse for over-

current protection, and a dedicated charging port. Figure 3.3 shows the schematic and physical

implementation of the power module, housed in a Peli Air case with an IP67 rating.

(a) NEST USV’s schematic power module. (b) NEST USV’s real power module.

Figure 3.3: Electrical schematic of the NEST USV’s power module. Red lines indicate positive
polarity connections, while blue lines represent negative polarity connections.

The electronics module is responsible for managing all navigation-related functions of the

NEST USV. This module controls the four thrusters, and it integrates both an onboard computer

and a CubeOrange flight controller1. Figure 3.4 shows the electrical schematic of the electronics

module.

Figure 3.4: Electrical schematic of the NEST USV’s electronics module.

1https://ardupilot.org/copter/docs/common-thecubeorange-overview.html (Accessed in 24-06-2025)
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The onboard computer handles navigation tasks and communicates with the CubeOrange flight

controller via MAVROS using the MAVLink protocol. The CubeOrange converts control com-

mands into PWM signals sent to the ESCs, which then drive the thrusters using three-phase cur-

rent. It also performs sensor fusion to provide accurate position and orientation data required by

the navigation system. In addition, it includes the necessary sensors to provide accurate orientation

and positioning data, such as GPS, IMUs and compasses. A LiDAR sensor is also incorporated,

along with its corresponding driver, to capture environmental data and support obstacle avoidance

during autonomous navigation. Figure 3.5 presents the layout of the electronics module compo-

nents, including the CAD design used for prototyping and the final implementation. The module

is housed in a Fibox enclosure with an IP67 rating.

(a) CAD model. (b) Real implementation.

Figure 3.5: NEST USV’s electronics module.

The firmware running on the CubeOrange is a modified version of ArduSub2. Although orig-

inally developed for underwater vehicles, the source code was adapted to support a vectored

thruster configuration enabling holonomic navigation. This adaptation was necessary because

existing surface vehicle firmware lacks support for holonomic position hold. Holonomic control is

essential for enabling position hold, which is a critical capability during UAV landing and takeoff

procedures.

Communication between the onboard computer and the flight controller is established via the

MAVLink protocol, used both directly and through MAVROS, which acts as a bridge between

ROS2 and MAVLink. Figure 3.6 depicts the functionalities layout of the vehicles’ hardware.

The system also interfaces with QGroundControl, which provides a high-level mission plan-

ning and monitoring interface with user-friendly controls.

3.2.2 Software Architecture

The software architecture integrates multiple modules to enable autonomous navigation. USV

localization, achieved through sensor fusion of GPS and inertial data, is support to all modules

throughout the system. The costmap captures static obstacles and navigable areas. Based on this,

the global planner generates an optimal route, then a velocity controller computes the reference

2https://www.ardusub.com/ (Accessed on 24-06-2025)
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Figure 3.6: NEST functionalities layout. The grey, green, orange and blue boxes are the processing
units, communications, actuator drive units, and sensors interfaces, correspondingly.

velocities to follow that route, which are refined by a local planner to avoid dynamic obstacles

in real time. Finally, a thrust controller converts these adjusted velocity commands into low-

level actuator inputs, ensuring smooth and responsive navigation. This navigation pipeline is

represented in figure 3.7.

Figure 3.7: Navigation pipeline.

The process begins when the Mission Planner requests a path to a designated waypoint. The

nav2 framework responds by generating a global path, which is then passed to the velocity con-

troller. This controller computes a velocity vector based on the USV’s current position and the

planned trajectory. The local planner then adjusts this velocity to account for surrounding obsta-

cles, producing linear and angular velocity commands. These are passed to the thrust controller

module, which translates them into low-level commands for the USV’s thrusters.

To enable autonomous navigation, the nav2 framework requires a continuous estimate of

the USV’s position within the map frame as the global planner rely on the current pose of the

vehicle to compute trajectories, and ensure convergence to the goal. The following section outlines
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the localization system implemented to fulfill this requirement, detailing the coordinate frame

transformations employed to maintain consistent pose estimation throughout the mission.

USV Localization

Autonomous navigation in outdoor environments poses significant challenges related to coordinate

frame transformations and multi-sensor state estimation. GPS-based systems, along with inertial

sensors such as IMUs and compasses, require accurate and consistent frame alignment to enable

reliable waypoint-based navigation. Given the integration of ArduSub with ROS2-based naviga-

tion tools, it is required to align their coordinate frame conventions to ensure system compatibility.

ArduSub operates using the North-East-Down (NED) frame, which is standard in underwater ap-

plications, whereas ROS2 navigation tools assume an East-North-Up (ENU) frame. Proper trans-

formation between these frames is essential for accurate localization. Both coordinate systems are

illustrated in figure 3.8.

(a) North-East-Down coordinate system. (b) East-North-Up coordinate system.

Figure 3.8: Local tangent plane coordinates.

The transformation between these coordinate systems involves both axis permutations and sign

changes. The general transformation from NED to ENU coordinates can be represented using a

rotation matrix TNED→ENU :

TNED→ENU =

0 1 0

1 0 0

0 0 −1

 . (3.1)

For a position vector pNED = [xN ,yE ,zD]
T in the NED frame, the corresponding ENU position

is:

pENU = TNED→ENU ·pNED =

 yE

xN

−zD

 . (3.2)

For GPS data, the conversion only requires a sign change to the altitude since the longitude

and latitude remain the same:
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GPS:


latitudeENU = latitudeNED

longitudeENU = longitudeNED

altitudeENU =−altitudeNED

. (3.3)

The conversion of IMU data from North-East-Down (NED) to East-North-Up (ENU) coordi-

nate frames requires transformation of both orientation quaternions and linear motion vectors to

enable integration with ROS2 navigation systems.

Given a quaternion qNED = [qw,qx,qy,qz] in the NED frame, the conversion follows a sys-

tematic process beginning with the extraction of Euler angles from the NED quaternion using the

standard quaternion-to-Euler conversion formulas:

φNED = arctan2
(
2(qwqx +qyqz),1−2(q2

x +q2
y)
)
, (3.4)

θNED = arcsin(2(qwqy−qzqx)) , (3.5)

ψNED = arctan2
(
2(qwqz +qxqy),1−2(q2

y +q2
z )
)
. (3.6)

The coordinate transformation mapping then reassigns these angles according to the frame

conversion where φENU = θNED such that NED pitch becomes ENU roll, θENU = φNED such that

NED roll becomes ENU pitch, and ψENU = ψNED + π

2 representing the yaw offset adjustment.

The ENU quaternion is subsequently reconstructed using the standard quaternion construction

formula:

qENU =


cos φENU

2 cos θENU
2 cos ψENU

2 + sin φENU
2 sin θENU

2 sin ψENU
2

sin φENU
2 cos θENU

2 cos ψENU
2 − cos φENU

2 sin θENU
2 sin ψENU

2

cos φENU
2 sin θENU

2 cos ψENU
2 + sin φENU

2 cos θENU
2 sin ψENU

2

cos φENU
2 cos θENU

2 sin ψENU
2 − sin φENU

2 sin θENU
2 cos ψENU

2

 . (3.7)

The complete IMU sensor data transformation can therefore be summarized as the simultane-

ous conversion:

qENU = quaternion(θNED,φNED,ψNED +
π

2
), (3.8)

a⃗ENU = TNED→ENU · a⃗NED, (3.9)

ω⃗ENU = TNED→ENU · ω⃗NED, (3.10)

where a⃗ represents linear acceleration and ω⃗ represents angular velocity vectors. This coordinate

frame transformation ensures that multi-sensor data from ArduSub can be integrated with ROS2

navigation packages, enabling consistent and accurate state estimation for autonomous vehicle

navigation.
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While coordinate frame alignment ensures compatibility between software components, achiev-

ing robust localization in the dynamic maritime environment requires sensor fusion techniques.

The integration of GPS, IMU, and compass data through an EKF provides the accurate state esti-

mation necessary for precise navigation and control.

To address the challenges of multi-sensor state estimation, an EKF framework was imple-

mented to enable robust sensor fusion and continuous state estimation. The EKF is well-suited for

outdoor robotic platforms due to its ability to handle nonlinear motion dynamics and integrate het-

erogeneous sensor data. It maintains a state vector x that includes the vehicle’s pose and velocity

components:

x = [x,y,z,φ ,θ ,ψ, ẋ, ẏ, ż, φ̇ , θ̇ , ψ̇, ẍ, ÿ, z̈]T , (3.11)

where, (x,y,z) denote the position in 3D space, (φ ,θ ,ψ) correspond to roll, pitch, and yaw an-

gles, and the dot notation represents time derivatives (linear velocity and acceleration and angular

velocity).

The prediction step of the EKF follows a nonlinear state transition model:

xk|k−1 = f (xk−1|k−1,uk)+wk, (3.12)

Pk|k−1 = FkPk−1|k−1FT
k +Qk, (3.13)

where Fk is the Jacobian of the transition function, P is the state covariance matrix, and Qk is the

process noise covariance and f (·) is defined by the 3.14 represents the prediction model based on

a 3D kinematic model derived from the Newtonian mechanics.

f =


Pk

ωk

Ṗk

ω̇k

P̈k

=


Pk−1 +RZY X

(
Ṗk−1∆t + 1

2 P̈k−1∆t2
)

ωk−1 +Ω ω̇k−1∆t

Ṗk−1 + P̈k−1∆t

ω̇k−1

P̈k−1

 , (3.14)

where P= (x,y,z), ω = (φ ,θ ,ψ), and the dots denote the corresponding velocity and acceleration,

RZY X represents the ZY X Tait-Bryan angles rotation matrix and Ω is defined by:

Ω =

1 sinφ tanθ cosφ tanθ

0 cosφ −sinφ

0 sinφ cos−1 θ sinφ cos−1 θ

 . (3.15)

During the update phase, sensor measurements are incorporated using:
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Kk = Pk|k−1HT
k (HkPk|k−1HT

k +Rk)
−1, (3.16)

xk|k = xk|k−1 +Kk(zk−h(xk|k−1)), (3.17)

Pk|k = (I−KkHk)Pk|k−1, (3.18)

where, Hk is the measurement Jacobian, Rk is the measurement noise covariance, and h(·) repre-

sents the nonlinear measurement model. Each sensor is assumed to measure specific state vari-

ables. Consequently, the observation matrix H is typically a submatrix of the identity matrix,

selecting the observed states. However, since the sensors operate asynchronously and do not mea-

sure all components of the state vector simultaneously, partial updates are performed. This is done

by reducing H to an m×15 matrix, where m is the number of measured variables. In this reduced

matrix, only the elements corresponding to the measured states are set to 1, while the rest are zero

[68].

To support the EKF used in localization, a structured hierarchy of coordinate frames is em-

ployed to manage spatial relationships across different reference systems. This setup allows con-

sistent transformation of sensor data into a common reference frame, enabling accurate state es-

timation through sensor fusion. At the top of the hierarchy, a global reference frame is defined

to represent mission-level positioning. Geodetic data—such as latitude, longitude, and altitude

obtained from GPS—is converted into a local Cartesian frame using the Universal Transverse

Mercator (UTM) projection, as defined by Snyder (1982) [69]. This projection simplifies com-

putations by linearizing Earth’s curved surface into a planar coordinate system. Within the local

Cartesian frame, a fixed origin is defined based on the initial GPS fix, and subsequent positions

are expressed relative to this origin. In parallel, local odometry—computed from IMUs—provides

short-term, drift-prone pose updates with high frequency. These are fused with the global data to

provide a stable and accurate estimate of the vehicle’s position and orientation. The resulting

frame structure integrates both absolute and relative references, allowing transformations between

the inertial (global) frame, the local odometric frame, and the vehicle’s body-fixed frame. This

layered approach supports robust sensor fusion, compensating for the drift of local sensors with

the stability of global measurements.

Costmap Generation

This architecture is built around the ROS2 nav2 framework, a modular and extensible system for

autonomous navigation. Among its core capabilities are map representation, global path planning,

and real-time control. The occupancy grid generated in the mapping phase is first converted into

a costmap, which defines the navigable space for the planner. The costmap construction serves

as the representation for path planning, constructed through the fusion of multiple information

layers. The costmap C(x,y) at discrete coordinates is computed as:

C(x,y) =Cstatic(x,y)+Cinflation(x,y), (3.19)
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where Cstatic(x,y) represents the base layer derived from the occupancy grid, and Cinflation(x,y)

accounts for safety margins around obstacles. The inflation layer applies a spatial decay function to

expand the perceived size of obstacles, thereby creating a buffer zone around them. It is computed

as:

Cinflation(x,y) =
254 · e−α·d(x,y)

rinflation
, (3.20)

where d(x,y) is the Euclidean distance from the cell to the nearest obstacle, α is the cost scaling

factor, and rinflation denotes the inflation radius beyond which obstacle influence diminishes.

This layered costmap representation allows for efficient and safe path planning by encoding

both static obstacles and dynamic safety constraints. An example of the resulting costmap is shown

in figure 3.9.

Figure 3.9: Costmap generated by nav2 based on an occupancy grid. Pink regions represent areas
of maximum traversal cost (i.e., close proximity to obstacles), while white regions indicate free
space.

Global Path Planner

To enable globally optimal path planning, this work employs navigation functions—a class of

artificial potential field methods that ensure convergence to the goal while avoiding local minima.

A navigation function defines a scalar field Φ over the configuration space, where the gradient

∇Φ guides the vehicle toward the target while steering away from obstacles. A valid navigation

function satisfies the following conditions:

• The potential Φ is zero at the goal and approaches infinity near obstacles;

• There are no local minima except at the goal;
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• The function has a unique global minimum at the goal position.

These properties ensure that gradient descent on Φ always leads to the target without becoming

trapped in suboptimal regions. In practice, navigation functions are implemented using wave-front

propagation on a discretized costmap [70]. The algorithm initializes the goal cell with Φ = 0 and

assigns infinite cost to obstacle cells. The potential value of each free cell is then iteratively

updated based on the minimum accumulated cost from neighboring cells:

Φ
(n+1)
i, j = min

(p,q)∈N(i, j)

{
Φ

(n)
p,q + c(i, j→ p,q)

}
, (3.21)

where N(i, j) denotes the set of neighboring cells and c(i, j→ p,q) represents the cost of transi-

tioning between adjacent cells. This process spreads potential values outward from the goal to all

reachable positions in the map. Once the potential field has been computed, the optimal path is

extracted by following the steepest descent direction:

qk+1 = qk−α∇Φ(qk), (3.22)

where α is a step size parameter and the gradient is approximated using discrete differences be-

tween grid cells.

Due to grid discretization, the resulting path may exhibit angular discontinuities. To address

this, a smoothing stage refines the trajectory by optimizing waypoint positions. The smoothing

minimizes the following cost function:

J =
n

∑
i=1

w1∥pi−porig
i ∥

2 +w2∥pi+1−2pi +pi−1∥2, (3.23)

where, pi are the current waypoints, porig
i are the original waypoints obtained from the grid-based

path, and w1, w2 are weighting factors. The first term enforces fidelity to the initial path, while

the second penalizes curvature by minimizing the discrete second derivative. Gradient descent is

used to iteratively minimize J, producing a smoother path that facilitates more stable tracking and

enhances overall mission performance as it can be seen in figure 3.10.

Velocity Control

The velocity controller functions as an intermediate layer between the global path planner pro-

vided by the nav2 framework and the vehicle’s low-level actuation system. Its primary role is to

convert discrete waypoint sequences into continuous velocity commands that respect the vehicle’s

kinematic and dynamic constraints.

To ensure smooth and accurate trajectory tracking, the controller employs a Pure Pursuit al-

gorithm augmented with velocity smoothing and acceleration limiting. This enhances stability

during high-frequency control updates and mitigates abrupt motion changes. A key component of

the controller is its adaptive lookahead mechanism, which selects a target point on the planned path

based on a fixed lookahead distance Ld . As illustrated in figure 3.11, the desired velocity vector



3.2 NEST - Non-stationary Emersed Structure for Takeoff-landing 33

Figure 3.10: Smoothing representation of generated path.

is computed as the direction pointing from the current USV position to the intersection between

the planned path and a circle of radius Ld . The algorithm 1 outlines the method used to determine

the target point along the path. The algorithm begins by identifying the waypoint closest to the

USV’s current position. From this point, it traverses the path sequentially, accumulating segment

distances until the total distance reaches the predefined lookahead distance Ld . Once this threshold

is met, linear interpolation is used between the two enclosing waypoints to determine the precise

lookahead target point.

Figure 3.11: Lookahead algorithm.

With the lookahead point identified, the algorithm computes the desired velocity vector in the

map coordinate frame. The direction vector dmap is defined as:

dmap = t− r = (dxmap,dymap), (3.24)

where t represents the target (lookahead) point, and r is the current position of the USV. This

vector is then transformed into the base_link frame using the transformation matrix Tmap
base_link:

dbase_link = Tmap
base_link dmap = (dxbase_link,dybase_link). (3.25)
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Algorithm 1 Lookahead Point Calculation

Require: Path P = {p1, p2, ..., pn}, Robot position r = (xr,yr), Lookahead distance Ld
Ensure: Lookahead point t = (xt ,yt)

1: Initialize dmin← ∞, iclosest ← 1
2: for i = 1 to n do
3: di←∥pi− r∥2
4: if di < dmin then
5: dmin← di

6: iclosest ← i
7: end if
8: end for
9: Initialize dacc← 0, f ound← f alse

10: for j = iclosest to n−1 do
11: p1← p j, p2← p j+1
12: dsegment ←∥p2−p1∥2
13: if dacc +dsegment ≥ Ld then
14: dovershoot ← Ld−dacc

15: α ← dovershoot/dsegment

16: t← p1 +α(p2−p1)
17: f ound← true
18: break
19: end if
20: dacc← dacc +dsegment

21: end for
22: if f ound = f alse then
23: t← pn {Use final waypoint}
24: end if
25: return t

To normalize the direction and produce a unit vector for scaling purposes, the vector is nor-

malized as:

d̂ =
dbase_link

∥dbase_link∥2
= (d̂x, d̂y). (3.26)

The target velocity magnitude begins at the maximum velocity vmax and is scaled down as the

vehicle approaches a stopping condition. The deceleration factor kdecel is defined as:

kdecel =

√
min

(
Ld

dstop
,
dgoal

dstop

)
; (3.27)

where the stopping distance is given by:

dstop =
v2

current

2amax
· smargin; (3.28)

with smargin providing an additional safety buffer.

The target velocity in the base_link frame is then calculated as:
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vtarget = vmax · kdecel · d̂. (3.29)

To ensure smooth control and prevent sudden accelerations, a two-stage filtering process is

applied. Stage 1 applies exponential smoothing via a low-pass filter:

v f iltered = (1−αsmooth) · vsmooth +αsmooth · vtarget , (3.30)

with vsmooth = 0 at initialization and subsequently set to the previous v f iltered value at each iteration,

and αsmooth as the velocity smoother factor. Stage 2 enforces acceleration limits by clamping the

filtered velocity within bounds defined by amax over a control period ∆t:

vsmooth = clamp(v f iltered ,vsmooth±amax ·∆t). (3.31)

Finally, the resulting velocity is saturated to ensure that it does not exceed vmax.

Local Path Planner

For the local path planner, the Adaptive Velocity Obstacle Avoidance (AVOA) algorithm [58] was

integrated. This algorithm is a variation of the traditional Velocity Obstacles method, adapted

specifically for USV navigation. AVOA provides collision-free path planning by determining safe

velocity commands that maintain the desired trajectory toward a target destination.

AVOA operates by generating protective zones in the velocity space around detected obstacles,

as illustrated in figure 3.12. These zones represent velocity combinations that would result in a

collision with an obstacle. The algorithm uses linear and angular velocity commands [vx,wz],

which correspond to the control inputs for differential drive systems.

Figure 3.12: Representation of the protective zone PZB
A of an obstacle B relative to agent A [58].
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Unlike traditional approaches, AVOA introduces a time-window constraint for collision risk

assessment. It only considers obstacles that pose a threat within a predefined temporal threshold,

thus avoiding unnecessary course corrections for distant or irrelevant objects. For instance, if a

potential collision would occur in 30 seconds but the threshold is set to 10 seconds, the algorithm

ignores the obstacle for the current planning cycle. This leads to more efficient and smoother tra-

jectory generation. The algorithm proceeds through three main stages: first, it represents obstacles

in velocity space; second, it computes the admissible velocity set that avoids collisions while re-

specting the USV’s kinematic constraints; and third, it selects the optimal velocity command from

the valid set based on predefined criteria.

This algorithm operates efficiently in real time, requiring no external communication or coor-

dination. Moreover its predictive behavior enables preemptive maneuvering, resulting in smoother

paths and improved efficiency. AVOA supports simultaneous handling of multiple static and dy-

namic obstacles. All generated commands are constrained to the physical capabilities of the USV’s

propulsion system, ensuring feasibility at the hardware level.

Thrust Control

Translating desired velocity commands into thrust forces is a key step that connects motion plan-

ning with actuator control in autonomous navigation. The implemented control system employs a

decoupled PID (Proportional-Integral-Derivative) architecture that independently regulates linear

and angular motion components, providing robust velocity tracking while taking into considera-

tion the specific dynamic characteristics of surface vehicles.

The control architecture operates by subscribing to desired velocity commands generated by

the obstacle avoidance system and comparing these setpoints with the current vehicle velocities

obtained from odometry feedback. The velocity error for each degree of freedom is computed as:

ei(t) = vd,i(t)− vc,i(t), (3.32)

where ei(t) represents the velocity error for the i-th degree of freedom, vd,i(t) is the desired veloc-

ity, and vc,i(t) is the current measured velocity from the odometry system.

The core control law implements a discrete-time PID controller for each controlled axis. For

linear motion control in the x and y directions, the control output is computed as:

ulinear(k) = Kp,lineare(k)+Ki,linear

k

∑
j=0

e( j)∆t +Kd,linear
e(k)− e(k−1)

∆t
. (3.33)

Similarly, for angular motion control about the yaw axis, the control law becomes:

uangular(k) = Kp,angulareω(k)+Ki,angular

k

∑
j=0

eω( j)∆t +Kd,angular
eω(k)− eω(k−1)

∆t
, (3.34)
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where Kp, Ki, and Kd represent the proportional, integral, and derivative gains respectively, ∆t is

the control sampling period, and eω(k) denotes the angular velocity error.

The system incorporates several control features to enhance performance and robustness. Gain

scheduling is implemented to provide gentler control action during low-speed operations, where

the proportional gains are reduced by a factor of 2-3 when the current velocity magnitude falls

below specified thresholds (0.2 m/s for linear motion and 0.1 rad/s for angular motion). This ap-

proach prevents excessive control effort during precision maneuvering and station-keeping opera-

tions. Anti-windup protection is implemented to prevent integral saturation, particularly important

for marine vehicles where external disturbances such as currents and waves can cause sustained

velocity errors. The integral term is clamped to maximum values (Imax,linear and Imax,angular) and is

reset to zero when the vehicle is commanded to stop and the current velocity is near zero:

I(k) =

0 if |vd |< 0.01 and |vc|< 0.1

clamp(I(k−1)+ e(k)∆t,−Imax, Imax) otherwise
. (3.35)

Input filtering is applied to the desired velocity commands to smooth rapid changes that could

cause actuator saturation or unstable motion. The filtered desired velocity is computed using a

first-order low-pass filter:

vd,filtered(k) = (1−α)vd,filtered(k−1)+αvd,raw(k), (3.36)

where α is the filter coefficient (typically 0.3), providing a balance between responsiveness and

smoothness. The control outputs are directly mapped to thrust force commands for the vehicle’s

propulsion system. For a typical surface vehicle configuration, the linear control outputs ux and uy

are assigned to the horizontal thrust forces Fx and Fy respectively, while the angular control output

uωz is mapped to the yaw moment Mz:

[Fx,Fy,Fz,Mx,My,Mz] = [ux,uy,0,0,0,uωz ]. (3.37)

The vertical force and roll/pitch moments are set to zero, since the vehicle operates only in the hor-

izontal plane. The control system operates at a fixed sampling rate of 10 Hz, providing sufficient

bandwidth for typical surface vehicle dynamics while maintaining computational efficiency. The

decoupled control architecture allows for independent tuning of linear and angular motion param-

eters, enabling optimization for different operational scenarios such as transit navigation, precise

maneuvering, or station-keeping operations. This velocity-to-thrust control system provides the

essential interface between the high-level autonomous navigation algorithms and the low-level

actuator hardware, ensuring that planned trajectories are accurately executed while maintaining

stable and responsive vehicle behavior in the presence of environmental disturbances and model-

ing uncertainties.



Mission Planning for USV-UAV cooperation 38

The navigation pipeline provides the capability to reach designated waypoints autonomously,

but mission success depends on executing appropriate behaviors upon arrival at each location.

The action system defines the specific tasks performed at waypoints, ranging from simple transit

operations to complex UAV deployment and recovery procedures.

3.3 Cooperative Mission Planning Framework

The integration of UAVs and USVs for autonomous survey missions presents architectural chal-

lenges that require balancing centralized and decentralized control strategies. Traditional robotic

systems typically adopt either a fully centralized architecture—where a single master unit coordi-

nates all subsystems—or a fully decentralized one, where each agent operates autonomously with

inter-agent communication for coordination. However, in the context of marsupial robotic systems

for inspection, a hybrid approach is more appropriate.

In the proposed architecture, the Ground Station serves primarily as a supervisory interface,

responsible for mission configuration, monitoring, and logging. Once the mission is initiated,

time-critical tasks—such as UAV takeoff, landing, and emergency handling—are executed au-

tonomously through a local coordination mechanism between the USV and the UAV. This system

follows a host-guest communication model, in which the USV assumes the role of the host by is-

suing commands-enabling flight mode, triggering takeoff or landing-while the UAV acknowledges

and validates the successful completion of each operation before mission progression continues.

This structured exchange reduces reliance on real-time intervention from the Ground Station, en-

hancing autonomy and robustness in dynamic environments. This tight coupling ensures the UAV

can focus on inspection tasks while offloading navigation and communication responsibilities to

the USV. A schematic representation of the full system architecture is presented in figure 3.13,

illustrating the interconnection between mission layers and cooperative components.

Mission configuration begins at the Ground Station, where the user defines survey parameters

using QGC, which also provides real-time mission monitoring and visualization. The Mission

Planner module retrieves the map of the operational area based on the USV’s current GPS coordi-

nates. It then computes the UAV’s takeoff and landing waypoints according to the survey region

defined in QGC. These computed waypoints are presented to the operator for validation. Upon user

confirmation, the Mission Planner transmits the navigation goals to the USV, which autonomously

calculates the optimal route while considering both static and dynamic obstacles. Once the USV

reaches the designated takeoff waypoint, it issues a command for the UAV to initiate the survey.

During the UAV’s flight, the USV navigates toward the landing waypoint. The mission concludes

with the UAV landing on the USV, after it autonomously return to the home position.

3.3.1 Pre-planning

To define the mission, the operator uses QGC’s Mission Planner interface. Through this tool,

a survey area is selected by drawing a polygonal region over the map, within which the UAV
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Figure 3.13: Mission Planner Architecture. Solid lines represent autonomous robot-robot com-
munication; dotted lines represent human-robot interactions; and dashed lines indicate shared
communication (human-robot and robot-robot) used for both mission coordination and human
monitoring. The numbers below the communication links represent the sequential flow of infor-
mation. Unnumbered communications indicate continuous data exchange.

will perform its inspection flight. In addition to the area, the user configures several key mis-

sion parameters, including the survey altitude, line spacing, angle of the survey transects, and

turnaround distance. Once the mission parameters are defined, QGC automatically generates a

set of waypoints in GPS coordinates representing the UAV’s full flight path. These waypoints are

exported and parsed by the Mission Planner module to identify the most appropriate takeoff and

landing locations, ensuring alignment with the USV’s navigation plan and operational constraints.

A screenshot of the QGC Mission Planner is represented in the figure 3.14, where the user defines

a mission in the Alqueva Dam floating PV plant.

Upon arrival at a waypoint, the USV executes a predefined action associated with that location.

By default, the mission planner specifies only two primary waypoints corresponding to the take-

off and landing procedures. However, the system is designed to support user-defined waypoints

with customizable actions, allowing for flexible mission configuration and extension based on

operational requirements.

• None: This action instructs the USV to pass through a waypoint without stopping. It is

primarily used to influence path shaping, particularly to avoid undesirable regions.

• Wait: Commands the USV to hold position at the waypoint for a user-specified duration.

• Position Hold: Maintains the USV’s position until manual intervention signals mission con-

tinuation.
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Figure 3.14: QGroundControl UAV Mission Planner.

• Takeoff: Triggers deployment of an onboard UAV. The USV first holds position and then

issues a takeoff command via MAVROS. It proceeds only upon successful UAV launch

confirmation.

• Landing: Prepares the USV for UAV recovery using a visual marker-based precision landing

approach [71]. Once landing is confirmed, the USV navigates back to the mission origin.

Map acquisition

Creating the occupancy grid of the operational environment is crucial to ensure safe and efficient

navigation. This environmental modeling structure was selected as the primary map represen-

tation due to its effectiveness in autonomous path planning since the USV operates in only two

dimensions, and no altitude dimension is required. This format provides a balance between com-

putational efficiency and path planning compatibility. To generate the occupancy grid, a custom

package was developed. This module automatically constructs the required map based on the

USV’s current GPS position and the user-defined mission area. The internal workflow of this

package is illustrated in figure 3.15, where blue module represents the input data, green modules

denote the processing components, and the red module corresponds to the final output.

To construct the occupancy grid, the package first segments the user-defined mission area into

map tiles, which are automatically downloaded from OpenStreetMap. These tiles are then stitched

into a single high-resolution image, centered on the USV’s current GPS position. This ensures

accurate transformation from global GPS coordinates to local map coordinates.

The resulting image undergoes a series of pre-processing steps. A blurring filter is applied

to reduce noise such as watermarks or minor artifacts, followed by a color threshold operation
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Figure 3.15: Structure of the map acquisition module used for generating the mission area occu-
pancy grid from geospatial data.

that isolates water regions—typically rendered in blue—producing a clean binary map. A dilation

operation is then performed to expand non-navigable regions in the occupancy grid, ensuring the

USV maintains a safe operational buffer from shorelines and fixed sea structures. This safety

margin is especially critical in environments influenced by tides, where the water level can vary

significantly over time. In coastal areas like Portugal, the tidal range can reach up to approximately

4 meters3. Such variations can cause previously submerged obstacles—such as rocks, submerged

piers, or ramps—to become exposed or dangerously shallow, posing risks to navigation. At low

tide, these obstacles may extend further into the water, effectively reducing the navigable area

available to the USV. Conversely, at high tide, water may temporarily cover structures close to

the shore, creating a misleading perception of safe passage. To mitigate these risks, the dilation

3https://birdecology.wixsite.com/tidalwings/tagus-estuary-portugal (Accessed on 09/06/2025)
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buffer is calculated to account for the worst-case scenario, where the water level is at its lowest

and obstacles protrude the most into the navigation zone. The dilation value was conservatively

determined using a slope estimate of 40°, a representative approximation of the inclination of

common man-made coastal structures such as seawalls and boat ramps4. Under this assumption, a

horizontal clearance of 5 meters provides sufficient separation across tidal conditions, as calculated

by 4
tan(40◦) ≈ 5. This is illustrated in figure 3.16, which shows how tidal variation affects proximity

to sloped coastal surfaces.

Figure 3.16: Representation of the tidal state in the map acquisition.

The resulting occupancy grid serves as the basis for both global and local planning modules,

enabling reactive and goal-driven behaviors while maintaining real-time performance. Alongside

the occupancy grid, this methodology also generates a corresponding configuration file containing

essential map metadata, such as resolution, origin, and coordinate frame information, which is

required for robot localization during mission execution.

Large structures are typically already present in the online map data. However, when the mis-

sion involves inspecting an unknown or newly introduced structure, the corresponding survey area

should be treated as a navigational obstacle. This allows the global path planner to more effec-

tively optimize the route by excluding the survey region from the traversable space. To support this

functionality, the occupancy grid generation was extended to process the UAV survey waypoints,

generate a bounding polygon around the surveyed area, and integrate it directly into the occupancy

grid. An example of this functionality is shown in figure 3.17.

3.3.2 Spatial-Temporal Mission Execution

The generated occupancy grid and mission waypoints provide the spatial configuration for au-

tonomous operation, but coordinating the temporal sequence of mission events requires a struc-

tured approach to system state management. A state machine architecture ensures that complex

4https://www.scribd.com/document/170813605/Coastal-Engineering-Manual-CEMPartVI-Chap5p2-
Fundamentals-of-Design (Accessed on 24/06/2025)
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(a) Survey waypoints in QGC. (b) Obstacle stitched to the map.

Figure 3.17: Demonstration of the obstacle creation from QGC survey.

multi-vehicle operations proceed in the correct order while handling contingencies and maintain-

ing safety throughout the mission. The mission is governed by a robust state machine architecture

designed to structure and sequence each phase of the operation. Figure 3.18 illustrates the full lay-

out of this state machine, which provides clear transitions, systematic flow, and robust mechanisms

for error handling and emergency response.

Figure 3.18: State Machine of the mission planner.

The mission begins in the CONFIG state, where the system executes all initialization rou-

tines. During this phase, the mission planner retrieves the UAV’s waypoint list from QGC via

the MAVROS interface, identifies takeoff and landing coordinates, and converts all relevant GPS

positions to local map coordinates for navigation. If a failure occurs during coordinate conversion,

the system transitions to the ERROR state, preventing further execution with invalid data.

After successful configuration, the system moves to the IDLE state. Here, it remains in
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standby, fully initialized and awaiting the start signal from the operator. This state provides a

safety buffer before autonomous actions begin. Upon receiving the start command, the system

enters the NAVIGATION state. It initiates the arming sequence for the thrusters, and once com-

pleted, the onboard navigation manager begins guiding the USV through the mission waypoints.

Throughout this state, the system actively monitors for waypoint completion and emergency con-

ditions.

At each waypoint, the system transitions into the ACTION state, where any predefined tasks

are executed. The Action Executor oversees these operations, providing status feedback. Once the

action is complete, the mission returns to the NAVIGATION state to proceed to the next waypoint.

The EMERGENCY state serves as a critical safety feature. It can be triggered from within the

NAVIGATION state by user to request an emergency retrieval. In this state, the system invokes

an emergency waypoint calculation service that selects a safe rendezvous point based on current

USV and UAV positions, home location, safety margins, and defined search radius. This ensures

a controlled recovery of both vehicles in hazardous scenarios.

The ERROR state is activated when critical faults are detected—such as navigation failures,

action timeouts, or communication loss. In this state, the system halts mission progression, logs

diagnostic data, and awaits operator intervention, thereby minimizing risk and preventing unde-

fined behavior. This state machine architecture provides an organized mission logic in a systematic

way. It supports a robust error handling and emergency situations.

3.3.3 Emergency Handeling

While the primary mission architecture handles normal operational scenarios, autonomous mar-

itime operations must also incorporate robust contingency planning for emergency conditions.

Situations such as UAV battery depletion, equipment failure, or environmental hazards can com-

promise mission safety, requiring the system to rapidly identify safe recovery options and coordi-

nate emergency landing procedures. In coordinated UAV-USV missions, this involves determining

a safe landing zone that ensures the UAV can return safely with minimal mission disruption. The

emergency landing waypoint optimization problem aims to compute an optimal meeting location

W = (xw,yw) within the maritime operational area where the UAV can land safely on the USV.

This solution must minimize total coordination cost while satisfying critical safety and accessibil-

ity constraints to protect both the mission and the vehicle assets during unforeseen events.

Given the operational parameters including USV position V = (xv,yv), UAV position U =

(xu,yu), home base position H=(xh,yh), speed differential α = vuav/vusv, occupancy grid G (x,y)∈
{0,1,−1} representing navigable water, obstacles, and unknown areas, safety radius rsa f e and

search radius Rsearch, the optimization objective is formulated as a multi-criteria problem that bal-

ances coordination efficiency, mission recovery, and safety requirements for emergency landing

operations.

The emergency landing waypoint is optimized by minimizing a composite mission cost func-

tion that reduces the travel time for both vehicles, shortens the distance to the home location, and
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ensures that the selected waypoint lies within a cost-free cell of the costmap, as represented in the

following equation:

J(W) = Tcoordination(W)+Creturn(W)+Psa f ety(W), (3.38)

where J(W) is the overall cost function to be minimized; Tcoordination(W) represents the combined

travel time cost for both vehicles; Creturn(W) accounts for the distance to the home location; and

Psa f ety(W) penalizes unsafe waypoint placement based on the costmap. The coordination time

represents the bottleneck constraint for simultaneous arrival at the landing zone:

Tcoordination(W) = max(Tusv(W),Tuav(W)), (3.39)

with individual travel times:

Tusv(W) =
∥W−V∥

vusv
, (3.40)

Tuav(W) =
∥W−U∥

α · vusv
. (3.41)

This formulation ensures that the landing waypoint selection minimizes the maximum travel

time, accounting for the speed differential between the USV and UAV, which is critical for emer-

gency landing coordination where timing precision is essential. To facilitate mission recovery, the

algorithm incorporates a return penalty that favors waypoints closer to the home base:

Creturn(W) = β · ∥W−H∥, (3.42)

where β ∈ [0.05,0.15] is a weighting factor that balances immediate landing coordination needs

with long-term mission efficiency and recovery operations. The safety penalty ensures obstacle

avoidance within the required clearance radius for safe landing operations:

Psa f ety(W) =

0 if ∀p ∈B(W,rsa f e) : G (p) = 0

∞ otherwise
, (3.43)

where B(W,rsa f e) represents the safety buffer zone around the landing waypoint, ensuring ad-

equate clearance from maritime obstacles, shallow water, or other navigation hazards that could

compromise the emergency landing operation.

The complete optimization problem is formulated as:
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minimizeW J(W), (3.44)

subject to W ∈S ⊆ R2, (3.45)

G (W) = 0, (3.46)

∥W−V∥ ≤ Rsearch, (3.47)

∥W−U∥ ≤ Rsearch, (3.48)

where S represents the feasible search region bounded by the maritime operational area and

navigable waters.

Due to the non-convex nature of maritime occupancy grid constraints and potential optimiza-

tion failures in complex marine environments, the system implements a robust four-stage hierar-

chical approach that guarantees solution availability for emergency landing scenarios. The pri-

mary optimization stage employs bounded L-BFGS-B optimization [72] with penalty methods for

constraint handling. The initial guess is calculated using a weighted centroid approach:

W0 =
α ·V+U

α +1
. (3.49)

This formulation accounts for the speed differential by positioning the initial guess closer

to the slower USV, improving convergence efficiency for emergency landing coordination. The

search bounds are defined as:

xmin = min(xv,xu)−Rsearch, (3.50)

xmax = max(xv,xu)+Rsearch, (3.51)

ymin = min(yv,yu)−Rsearch, (3.52)

ymax = max(yv,yu)+Rsearch. (3.53)

When gradient-based optimization fails to find a feasible landing solution, the algorithm pro-

ceeds to systematic exploration using expanding circular search regions. The search pattern em-

ploys concentric circles with radius R∈ {50,100,200,500,1000}meters, appropriate for maritime

emergency landing scenarios. For each navigable water cell (xi,yi) within radius R, the algorithm

evaluates:

Ci = max
(

dusv,i

vusv
,
duav,i

vuav

)
+β ·dhome,i, (3.54)

where dusv,i = ∥(xi,yi)−V∥, duav,i = ∥(xi,yi)−U∥, and dhome,i = ∥(xi,yi)−H∥. The optimal land-

ing waypoint is selected as:

W∗ = argmin(xi,yi)∈FR
Ci, (3.55)
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where FR represents the set of all navigable water cells within radius R suitable for emergency

landing operations. There is a schematic representation of this stage in figure 3.19.

Figure 3.19: Emergency Stage 2. The green diamond indicates the home location, the blue circle
represents the USV, and the red circle the UAV. The black dot denotes the weighted centroid,
dashed lines illustrate the search radii, and purple dots mark the candidate emergency waypoints.

If regional search fails, the algorithm performs coarse grid sampling across the entire maritime

occupancy map. The sampling strategy examines every k-th grid cell where k = 10 for computa-

tional efficiency. The evaluation metric uses average distance to both the USV and UAV:

Davg,i =
dusv,i +duav,i

2
. (3.56)

The final stage provides guaranteed solution availability through hierarchical fallback mech-

anisms specifically designed for emergency landing scenarios: if G (H) = 0, return W = H; oth-

erwise find closest navigable water to H within 2km radius; or return any accessible water cell

in the map suitable for emergency landing. The proximity search employs a spiral pattern where

for r = 1 to rmax step ∆r and θ = 0 to 2π step ∆θ , candidate landing positions are evaluated as

H+ r(cosθ ,sinθ).

The multi-stage algorithm guarantees termination with a valid emergency landing solution if

at least one navigable water cell exists in the occupancy grid. This follows from the hierarchical

design where stages 1-2 may fail due to local optima or constraint violations, stage 3 performs

exhaustive sampling with success probability P = F/N where F is the number of navigable water

cells and N is total cells, and stage 4 provides deterministic fallback with success probability 1 if

any suitable landing area exists. Therefore, the overall success probability approaches 1 as long

as the maritime map contains accessible navigable water for emergency landing operations.



Chapter 4

Experimental Results

To demonstrate the mission planning algorithm, a series of tests were conducted to validate the

implemented approach by verifying each module of the pipeline. This chapter begins with sec-

tion 4.1, which describes the simulation setup and validates the four main phases of the mission

pipeline: the autonomous navigation architecture of the NEST, the pre-planning definition, the

mission execution, and the emergency handler. Then the results obtained from the simulation

tests and compares the proposed approach with a mission performed by a solo UAV. Section 4.3

describes the navigation validation of the NEST USV in a near-real scenario, and analyzes the

outcomes of the real-world implementation tests.

4.1 Introduction

The simulation tests were conducted in a physics-based environment to validate the USV archi-

tecture prior to real-world deployment. The Gazebo simulator [73] was used, enhanced with an

ocean plugin to more accurately model buoyancy and the physical interactions between the NEST

and its intended maritime environment. Gazebo was selected due to its strong integration with

ROS and the availability of extensive documentation, including tools for sensor simulation.

Figure 4.1: NEST USV model in the
Gazebo simulator.

Figure 4.2: Representation of the base_link
and map frames in the RViz tool.

48
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Figure 4.1 shows the NEST model operating in the Gazebo simulator. This setup includes all

core components and sensor placements, allowing realistic interactions with a simulated marine

environment.

For the NEST simulation, a Software-In-The-Loop (SITL) approach was employed instead

of a purely virtual simulation. This method allows the hardware-software interface to be realis-

tically simulated, where sensor data is generated virtually and processed by the actual autopilot

firmware—in this case, ArduSub. This setup enables the validation of communication protocols

and system behavior without the need for physical deployment or simplified abstractions.

To support debugging and validation of localization accuracy, RViz was employed to visualize

the coordinate frame transformations. As illustrated in figure 4.2, the map and base_link frames

are offset by (−10, 10) meters to enhance visualization and avoid frame overlap.

The simulated weather conditions were kept near-ideal, with no waves or wind, to focus the

validation on system functionality and integration.

4.2 Simulation

The simulation tests were designed to validate the four main contributions of this thesis. The

first objective focuses on the autonomous navigation pipeline of the USV, including the evaluation

of its localization accuracy during mission execution, global path generation, velocity command

output, and communication with low-level control layers responsible for thruster actuation. The

second objective involves validating the pre-mission planning process, which includes map ac-

quisition and analysis, as well as the projection of the takeoff and landing waypoints into map

coordinates, and the third objective evaluates the complete mission execution. Finally, the forth

objective evaluates the emergency handling algorithm and its correct execution under simulated

failure conditions.

Waypoint Navigation

The first test focuses on validating the NEST’s ability to autonomously navigate to predefined

waypoints. In this scenario, a goal waypoint was set at coordinates (20, 60) meters within the

map frame. Both RViz and Gazebo environments use a grid resolution of 10 meters per cell to

aid visualization. To simplify the evaluation, an empty costmap was used, meaning no obstacles

were present in the environment. Figure 4.3 shows the initial conditions of the test, including the

vehicle’s starting position and the target waypoint located at the coordinates (x,y) = (20,60) m.

Once the goal waypoint was assigned, the navigation system generated a path, as illustrated in

figure 4.4, where the red line indicates the computed trajectory. Based on this path, the algorithm

calculated the necessary velocity commands to enable smooth path tracking. These velocities

were then translated into thrust signals, establishing low-level communication with the vehicle’s

thrusters.

At the end of the navigation process, the final state of the navigation is illustrated in figure 4.5.

The figure presents both the RViz and Gazebo environments to offer a comprehensive view of the
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(a) RViz visualization. (b) Gazebo visualization.

Figure 4.3: Visualization of navigation initial conditions.

Figure 4.4: Computed path for (20, 60) meters goal coordinates

(a) RViz visualization. (b) Gazebo visualization.

Figure 4.5: Visualization of navigation final conditions.

result. In RViz, the trajectory is marked by a series of circles, each representing the position of the

NEST at 5-second intervals. This temporal visualization allows for an intuitive understanding of

the USV’s motion profile throughout navigation, which exhibited a smooth and consistent trajec-

tory to the goal waypoint. Concurrently, the Gazebo snapshot confirms the final position of the
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vehicle in the simulated environment. Based on the visual data, the NEST traveled approximately

63.2 meters in around 60 seconds, achieving an average linear velocity of approximately 1.05 m/s,

consistent with expected performance under ideal conditions.

Map Acquisition

After completing the waypoint navigation validation, the next step was to validate the pre-planning

process, starting with the acquisition of the mission map. To accomplish this, the NEST vehicle

was spawned in simulation using the GPS coordinates 38.198818° N, 7.491545° W, placing it

in the Alqueva dam region. Figure 4.6 presents a screenshot of the QGC interface, displaying a

satellite view of the environment and the initial vehicle location, denoted by the letter L.

Figure 4.6: Satellite view of the Alqueva dam area in QGC, with the vehicle spawn point marked
by the L symbol.

Since the mission objective is to survey the floating photovoltaic (PV) plant visible in the satel-

lite imagery, the mission area was defined as 2000 meters in width and 1000 meters in height to

ensure complete coverage. The map was automatically retrieved from the OpenStreetMap web

API, and the result is shown in figure 4.7. In this image, the yellow
⊕

symbol marks the NEST’s

position, and the top-left corner displays the generated metadata, useful for debugging and valida-

tion.

Next, a pre-processing step applies a blur filter and converts the image to a binary format. This

isolates water bodies as navigable regions, shown in figure 4.8, where land and non-navigable

areas are removed.

Finally, a dilation operation is performed on the binary map to introduce a safety buffer around

static obstacles and shorelines. This step ensures that the NEST maintains a minimum clearance

from hazardous regions during navigation. The final processed map is shown in figure 4.9.



Experimental Results 52

Figure 4.7: Raw mission map downloaded from the OpenStreetMap API, showing the NEST’s
position (yellow

⊕
) and metadata for debugging.

Figure 4.8: Binary threshold of the raw map after pre-processing. Water areas are preserved as
navigable zones, while land is filtered out.

Figure 4.9: Final navigable map after applying dilation for safety margins, ensuring a safe distance
from shores and static obstacles.
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Pre-planning

To define the intended mission, the QGC interface was used. Once the mission is configured, the

mission planner extracts the take-off and landing waypoints. Figure 4.10 shows the mission setup

within the QGC interface.

Figure 4.10: Mission setup interface in QGC.

The mission planner converts the GPS coordinates of the takeoff and landing waypoints into

map frame coordinates, making them compatible with the global planning module. Table 4.1

lists the GPS coordinates and corresponding converted values. Figure 4.11 presents the result

of this conversion within the RViz costmap environment, where the red dot indicates the take-off

waypoint, and the blue dot marks the landing location.

Table 4.1: Mission waypoints and associated actions.

Name GPS Coordinates Map Coordinates (x, y) Action

Take-off 38.198703° N, -7.499411° W (−688.17, −12.79) takeoff

Landing 38.199352° N, -7.495790° W (−371.42, 59.41) landing

Home 38.198818° N, -7.491544° W (0, 0) none
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Figure 4.11: RViz visualization of waypoint definitions. The red dot indicates the take-off way-
point, while the blue dot marks the landing location. Grid cell size is 50 meters.

Mission Execution

Figure 4.12 illustrates the mission execution as visualized in RViz. During execution, NEST’s

navigation was monitored through the visualization of planned paths and trajectory feedback. Red

dots represent the historical positions of the USV, recorded at 10-second intervals, showing its

progression through the mission phases. In the first stage, the vehicle computed the global path

to the take-off waypoint and successfully navigated to it, avoiding the floating PV farm along

the way. Upon arrival, it correctly issued the necessary commands to deploy the UAV. Follow-

ing a successful take-off, the vehicle computed the path to the landing waypoint, again avoiding

the floating platform. It then waited for the UAV to complete its landing before both vehicles

proceeded together to the home position in a coupled configuration.

The full mission lasted approximately 42 minutes, with the UAV conducting its survey for

around 17 minutes. A post-mission overview is shown in figure 4.13, based on QGC logs. Fig-

ure 4.13a presents the NEST’s navigation path, while figure 4.13b displays the trajectory of the

UAV.

The mission was successfully completed, with the USV covering a total distance of 1455.2

meters and the UAV flying 2367.5 meters during the survey. The total mission duration was 42

minutes, with the UAV in flight for 16 minutes. Figure 4.14 illustrates the spatial relationship

between the take-off and landing waypoints relative to the home position.

In a UAV standalone inspections, the UAV would need to fly 1038.0 meters from the home

position to the inspection site and return, in addition to the 2367.5 meters required for the actual

survey. This would result in a total flight distance of 3405.5 meters, with 30.5% (1038.0 m) of

the total flight being non-inspection travel. Assuming an average flight speed of 2.27 m/s, this

corresponds to an estimated mission duration of 25 minutes. This exceeds the average endurance

of typical multi-rotor UAVs, which is approximately 20 minutes per battery cycle.
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(a) Mission start. (b) Navigation to take-off waypoint.

(c) Take-off execution. (d) Navigation to landing waypoint.

(e) Landing execution. (f) Navigation to home waypoint.

(g) Mission complete.

Figure 4.12: Mission progression as visualized in RViz, with red dots representing the NEST
trajectory over time.

With the cooperative UAV–USV approach, only 50 meters of UAV flight were spent outside

the inspection task1, resulting in 97.89% of the UAV’s total flight being dedicated to the inspection

1This distance represents the segment between the take-off waypoint and the first inspection point, and between the
last inspection point and the landing waypoint.



Experimental Results 56

(a) NEST navigation review in QGC.

(b) UAV navigation review in QGC.

Figure 4.13: QGC visualization of the full mission execution, showing the paths followed by both
the USV and UAV.

task. This method reduced UAV flight time by 32% compared to the solo approach. However,

the total mission duration increased due to the USV’s lower speed: the cooperative mission took

approximately 42 minutes to complete, which corresponds to a 68% increase in duration compared

to the estimated 25 minutes of the UAV-only scenario. This method exhibits a linear relationship

between the total mission time and the distance to the inspection site. However, regardless of the
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Figure 4.14: Distances from the take-off and landing waypoints to the home position.

inspection site’s distance, the UAV’s effective mission contribution remains constant at 97.89%

of its total travel distance. In contrast, for a UAV-only approach, this efficiency would decrease

linearly with increasing distance to the inspection site.

Emergency Handling

To test the emergency retrieval algorithm, a short mission was defined. Figure 4.15 shows the

mission configuration interface in QGC, illustrating the intended mission setup. The mission was

deliberately interrupted mid-execution to trigger and evaluate the emergency handling mechanism.

As a result, the originally planned landing waypoint was not used.

Figure 4.15: Emergency mission setup interface in QGC.
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During the mission, the emergency retrieval mechanism was triggered mid-flight while the

UAV was executing the survey and the NEST was navigating toward the landing waypoint. Fig-

ure 4.16 presents the sequence of events during the mission execution in RViz. Red dots represent

the position of the NEST at 10-second intervals. Up to the take-off operation, the mission pro-

ceeded as previously described. After the UAV took off, the NEST began navigating toward the

planned landing waypoint. However, an emergency retrieval was triggered mid-mission. Both

the UAV and NEST immediately aborted their current operations and redirected to the computed

emergency waypoint, where the UAV successfully landed. Following this, as in the previous test,

the two vehicles navigated back to the home position in a coupled configuration.

Figure 4.17 shows a trajectory overview of both vehicles in QGC after mission execution.

Table 4.2 summarizes the position of each vehicle at the moment the emergency was triggered

and the computed emergency waypoint used for recovery.

Table 4.2: Vehicles’ position upon emergency trigger.

Vehicle / Waypoints Map Coordinates (x, y) Navigation Cost

NEST (−127.86, 84.85) –

UAV (−164.24, 167.34) –

Home (0, 0) –

Emergency (−127.65, 87.29) 33.07

The emergency retrieval was completed successfully. The total mission duration was approxi-

mately 9 minutes, of which the UAV was in flight for about 3 minutes. At the time the emergency

was triggered, the UAV was located 88 meters from the designated emergency waypoint, while the

NEST was 2.5 meters away. This difference reflects the distinct velocity profiles of both vehicles.

The parameters used for the emergency waypoint request are present in table 4.3.

Table 4.3: Emergency waypoint request parameters.

Velocity Ratio 1:8

Safety Radius 2 m

Search Radius 1000 m

To ensure the NEST reaches the emergency waypoint before the UAV, minimizing airborne

loiter time, the used ratio ensured that the emergency waypoint is much closer to the NEST than

the UAV. From the moment the emergency was triggered, it took approximately 75 seconds for

both vehicles to reach the emergency waypoint and an additional 160 seconds to return to the home

position, totaling around 4 minutes for the full emergency retrieval.
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(a) Mission start. (b) Navigation to take-off waypoint.

(c) Take-off execution.
(d) Emergency triggered during flight to landing
waypoint.

(e) Emergency landing execution. (f) Navigation to home waypoint.

(g) Emergency retrieval complete.

Figure 4.16: Emergency handling sequence in RViz. Red dots represent NEST’s position every 10
seconds.
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(a) NEST navigation review in QGC.

(b) UAV navigation review in QGC.

Figure 4.17: QGC visualization of the emergency execution, showing the trajectories of the USV
and UAV.
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4.3 Near-Real Scenario

The near-real tests were conducted at the ATLANTIS Test Center in Viana do Castelo [74], com-

prising two main experiments to validate the proposed methodology. The first experiment involved

autonomous waypoint navigation using the NEST platform, aiming to assess the mechanical in-

tegrity, kinematic configuration, and performance of the low-level control layer. Following this,

a mission concept was executed with the NEST under manual control to validate the full mission

planning pipeline, verify communication links with the ground station, and evaluate the effective-

ness of the position hold mode required for UAV takeoff and landing operations.

Waypoint Navigation

The mission map was acquired on land at GPS coordinates 41.684714° N, 8.838482° W, as visu-

alized in the QGC interface (Figure 4.18).

Figure 4.18: Map acquisition through QGC interface.

With the map defined, waypoint navigation was executed. Figure 4.19 presents a side-by-

side comparison between the RViz visualization and real-world footage of the NEST trajectory.

The waypoint navigation lasted 49 seconds and covered a distance of approximately 40 meters,

corresponding to an average velocity of 0.82 m/s. The suboptimal speed can be attributed to

external environmental factors such as water currents and wind.

Mission Pipeline

The aim of the second test was to validate the communication link between the NEST and the

ground station, as well as the complete mission execution pipeline. For this purpose, the NEST

was manually navigated throughout the mission. The mission plan defined in QGC is shown in

figure 4.20.
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(a) Initial position: RViz visualization (left) and real footage (right).

(b) Path alignment: RViz (left) and real footage (right).

(c) Navigation to waypoint: RViz (left) and real footage (right).

(d) Final position: RViz (left) and real footage (right).

Figure 4.19: Waypoint navigation progression shown through simulation (RViz) and real-world
footage.
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Figure 4.20: Mission setup in QGC interface.

Figure 4.21 presents the progression of the mission execution. This test confirmed the proper

functioning of the communication pipeline and mission control logic. At each waypoint, the NEST

automatically entered position hold mode, which is a required condition for UAV take-off and

landing operations. Upon stabilization at the take-off waypoint, the NEST triggered the take-

off command to the UAV. Navigation to the next waypoint was only allowed after receiving a

successful take-off confirmation. Similarly, upon arrival at the landing waypoint, the NEST again

switched to position hold and awaited the landing confirmation signal before continuing to the

home position. This verified the correct sequencing and synchronization between simulated UAV

actions and the NEST’s decision logic. During the mission execution, the positional data of the

NEST was retrieved in order to enable a post-analysis of the position hold mode. In figure 4.22

there is a representation of the position evolution over-time of the NEST. In comparison the figure

4.23 has a evolution graphic of the latitude and longitude position of the NEST. It’s possible to

verify in the graph the two waypoints location where the NEST was holding position-starting

around 1.3 minutes and 2.5 minutes. Through the data presented is possible to verify that the gps

position variation is very low around approximately 40 centimeters, what is a promising result.
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(a) Initial position: RViz visualization (left) and real footage (right).

(b) Take-off waypoint reached: RViz (left) and real footage (right).

(c) Landing waypoint reached: RViz (left) and real footage (right).

(d) Final home position: RViz (left) and real footage (right).

Figure 4.21: Mission execution overview: comparison between RViz simulation and real-world
footage.
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Figure 4.22: Evolution of the NEST position over time in GPS coordinates.

Figure 4.23: Latitude and longitude variation of the NEST over time, the red lines is latitude and
the blue line is longitude.
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4.4 Discussion

The proposed cooperative USV-UAV mission planning system was successfully validated through

both simulated and near-real tests. Simulation results confirmed the correct operation of core

components, including navigation, map acquisition, mission sequencing, and emergency handling.

The cooperative strategy significantly improved efficiency by reducing UAV transit time and max-

imizing inspection duration, which is particularly advantageous for remote or offshore mission

sites. Field testing at the ATLANTIS Test Center further demonstrated the system’s viability under

real-world conditions. Communication links, mission logic, and control mechanisms performed

reliably, and the USV’s position-hold capability provided a stable platform for UAV takeoff and

landing. The full mission pipeline operated effectively with real geospatial data and environmental

constraints. Overall, the results confirm that the proposed cooperative system overcomes the en-

durance limitations of standalone UAV operations. By leveraging the complementary roles of the

USV and UAV, the architecture extends mission range and efficiency, offering a practical solution

for autonomous maritime inspection tasks.



Chapter 5

Conclusion

This thesis presented a spatio-temporal mission planning methodology enabling autonomous co-

operation between a USV and UAV for the inspection of floating photovoltaic (PV) plants. By

addressing the limitations of UAV endurance in offshore environments, the proposed system lever-

ages a cooperative framework where the USV acts as a mobile launch, recovery, and communi-

cation platform, effectively extending the UAV’s operational range and maximizing inspection

efficiency.

A mission planner was developed to autonomously coordinate both vehicles using a modular

architecture that manages takeoff, navigation, inspection, and landing phases. The system inte-

grates automatic map generation from geospatial data, waypoint optimization, and synchronized

multi-vehicle task execution. Navigation is handled through a hybrid path planning strategy, com-

bining global path generation with local obstacle avoidance, enabling robust operation in dynamic

maritime environments. The cooperative approach achieved 97.89% inspection efficiency, reduc-

ing UAV flight time by 32% compared to a solo UAV mission. In a representative 42-minute

mission, the UAV completed 2,367 meters of inspection flight using only 17 minutes of airborne

time, remaining within battery limits that would otherwise be exceeded in non-cooperative sce-

narios. To ensure safety, an emergency retrieval system was developed, featuring a multi-criteria

optimization algorithm that, in the tested scenario, guided the UAV to land on the USV within

75 seconds of the emergency trigger. After landing, the USV immediately navigated back to the

home position, completing the recovery autonomously. The optimization balances coordination

time, proximity to home, and environmental safety constraints to guarantee a safe and efficient

response.

The system was validated through both simulation and real-world testing at the ATLANTIS

Test Center, confirming its robustness and reliability in operational maritime conditions. The pro-

posed framework contributes to the development of scalable and efficient autonomous inspection

systems for floating PV infrastructure, with potential applications across a wide range of offshore

monitoring scenarios.

67
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5.1 Future Work

The next steps of this research include several key aspects. First, the local path planner algorithm

must be validated in real-case scenarios to assess its reliability in avoiding both static and dynamic

obstacles. Second, the mission planning algorithm should be tested in a real-world setting with

full integration of a UAV. Third, the USV’s capabilities should be expanded to include surface

inspections during the UAV’s survey. Additionally, future work should incorporate energy-aware

planning to optimize mission execution based on the battery levels of both the UAV and USV.

Finally, the integration of fault detection and recovery mechanisms is necessary to ensure system

resilience in the event of hardware or communication failures.
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