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Abstract

This thesis presents the development of a smart energy management system (SEMS) designed to ex-
tend the operational range of unmanned marine-surface electric vehicles (USVs) used for border surveil-
lance missions. USVs present numerous benefits for maritime missions and applications, since they are
unmanned, and, thus, particularly well-suited for operations in dangerous areas, such as polluted wa-
ters, harsh environments, or even nuclear-contaminated sites, where human lives would otherwise be at
risk, making them a safer option, compared with more traditional ones.

This work aims to demonstrate the feasibility of a fossil-free USV powered by electric propulsion and
photovoltaic panels to extend the duration and range of border surveillance missions. To achieve this,
a SEMS was developed using two algorithms, a Bidirectional Graph-based (BdG) and an A-star with
probabilistic behavior (A*Pb) to calculate the best route and predict its energy consumption based on
the USV model. Since the BdG algorithm does not account for variations in environmental conditions, it
is used for short missions. In contrast, the A*Pb algorithm considers these variations and thus is more
suitable for long missions.

The developed system was integrated into the USV prototype and tested under real environmental
conditions at Tejo River, in Lisbon, Portugal. Experimental results show that the inclusion of photovoltaic
panels increased the mission range by 21%, and the path proposed by the SEMS resulted in a 16.4%

reduction in energy consumption compared to the shortest route.

Keywords

Energy Management System, Frontex, Modelling, Optimization, Surveillance, Unmanned Surface Vehi-

cle.
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Resumo

Esta tese apresenta o desenvolvimento de um sistema inteligente de gestao de energia (SEMS) conce-
bido para aumentar a autonomia de veiculos eléctricos maritimos de superficie ndo tripulados (USVs)
utilizados em missdes de patrulhamento de costa. Estes USVs apresentam inUmeros beneficios para
missdes e aplicacbes maritimas por nao serem tripuladas, sendo particularmente adequadas para
operacdes em zonas perigosas, como aguas poluidas, ambientes agressivos ou locais contaminados
por radioatividade, poupando assim vidas humanas que estariam em risco.

Este trabalho visa demonstrar a viabilidade de um USV que nao utiliza combustiveis fosseis, ali-
mentado um por sistema elétrico e por painéis fotovoltaicos, para aumentar a duracao e o alcance das
missdes de patrulhamento de costa. Para tal, foi desenvolvido um SEMS utilizando dois algoritmos,
sendo um deles grafos bidirecionais (BdG) e outro, utilizando o algoritmo A-star com comportamento
probabilistico (A*Pb), para calcular a melhor rota e estimar os consumos de energia baseado no mod-
elo do USV. Como o BdG nao tem em consideragao as variagoes meteoroldgicas, este é utilizado para
missoes de curta duragdo. Em contraste, o A*Pb tem em consideragao estas variagoes, estando assim
indicado para missdes de longa duragao.

O sistema desenvolvido foi integrado no protétipo e testado em condicoes reais no Rio Tejo, em
Lisboa, Portugal. Os resultados experimentais mostraram que a inclusdo de painéis fotovoltaicos au-
mentou o alcance da missao em cerca de 21% e o0 caminho proposto pelo SEMS resultou numa redugéo

de 16,4% no consumo de energia, quando comparado ao caminho mais curto.

Palavras Chave

Frontex, Modelagao, Optimizacao, Patrulhamento, Sistema de Gestao de Energia, Veiculo de Superficie

Nao Tripulado.
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Currently, the maritime sector consumes a signi cant amount of resources, which is no longer jus-
ti able with today's technological advancements. One of the key innovations in this eld has been the
development of Unmanned Surface Vehicles (USVs), which typically offers greater ef ciency and energy
savings [5]. These marine vessels, being partially or fully autonomous, present numerous advantages for
maritime missions and applications, since they are unmanned, they are particularly well-suited for oper-
ations in dangerous areas, such as polluted waters, harsh environments, or even nuclear-contaminated
sites, where human lives would otherwise be at risk, making them a safer option, compared with more
traditional ones [5].

Thanks to their remote operation and low cost, USVs are often employed in military and defense
missions, such as coastal patrols. In some cases, multiple USV can be used to form a surveillance
grid, remotely operated to perform various tasks on a large scale [6]. The use of these vehicles is a key
research topic for organizations like FRONTEX [7], which focuses on developing technologies for border
surveillance and situational awareness.

However, the autonomy of these USVs is limited, which can potentially compromise the mission. A
possible solution to extend their operational range is the incorporation of Photovoltaic (PV) panels [8],
along with an Energy Management System (EMS) to optimize mission planning. An EMS becomes cru-
cial when managing multiple and limited energy sources, optimizing fuel consumption, mission range,
and emissions [9-12]. The most ef cient way to extend the range of any vessel is to identify the optimal
path for the mission. For large patrol missions, maritime and atmospheric conditions tend to shift over
time, so a way to approach this problem is to discretize the patrol map into small sections and apply
optimization techniques to nd the best path [2, 13-16]. However, solving this problem becomes chal-
lenging when environmental conditions uctuate throughout the mission, enhancing the importance of
this project.

This work is part of the SEMS4USV project, funded by FRONTEX Research Grants [7], which ad-
dresses the need to develop advanced, environmentally sustainable technologies and systems for bor-

der surveillance missions.

1.1 Obijectives and Contributions
The main goal of this project is to develop a Smart Energy Management System (SEMS) capable of
calculating the most ef cient route for USVs using weather forecasts. The key objectives are:

1. To demonstrate the feasibility of a fossil-free USV powered by electric propulsion and PV panels

to extend the duration and range of border surveillance missions;

2. To develop a SEMS that incorporates weather and sea condition forecasts, alongside with mission

pro les, to optimize mission planning—maximizing mission time and range while minimizing risks;



3. To test and demonstrate the integrated USV and SEMS prototypes in real-world river and sea

environments.

Achieving these goals will ultimately support the advancement of sustainable technologies for border
surveillance missions since the system will enable extended or potentially unlimited mission durations,
equipped with video and imaging capabilities. Additionally, it will facilitate the deployment of a network of
marine vehicles that communicate with one another, enhancing surveillance effectiveness and coverage

through a coordinated multi-grid of USVs.

1.2 Thesis outline

e Chapter 1 - Introduction: In this introductory chapter, the motivation and main goals for this work

are described as well as the outline of the document.

« Chapter 2 - Background: This chapter provides a review of energy resources for maritime vehicle
applications and their impact on performance. It also includes an overview of EMS used in marine
environments. Additionally, the initial prototype, USV-enautical, is introduced alongside with the

algorithms to be applied in the SEMS.

« Chapter 3 - USV Modelling: The proposed model of the USV is presented, along with the charac-
terization of each component. Results from tests conducted in both a pool and an enclosed harbor
are included, aimed at estimating the prototype's drag coef cient. Equipment testing results are
also provided to either characterize the devices or better understand their functionality. The new

electrical system is introduced at the end of the chapter.

» Chapter 4 - Smart Energy Management System: In this chapter, the results of SEMS simulations
for maritime currents on 171" of July of 2024, are presented. A comparative analysis is conducted
on the predicted consumption values generated by the algorithms. Additionally, the chapter in-
cludes results from a mission conducted on 17 of July of 2024, which aimed to compare SEMS
predictions with experimental data to assess accuracy. The analysis focuses on the evolution of
predicted versus actual energy consumption, as well as on the energy sources utilized—whether
from batteries or PV panels. A comparison with the initial prototype, which lacked both PV pan-
els and SEMS, is also provided to illustrate the range extension achieved for the USV with these

components.

« Chapter 5 - Conclusions: The main conclusions and future works for this project are presented.
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This chapter presents the state-of-the-art, which consists of a review of electrical maritime vehicle
applications, and also introduces the initial prototype used in the project Frontex. Additionally, the algo-

rithms used for the energy management system are presented here.

2.1 State of Art

In this section, a review of photovoltaic systems for maritime vehicle applications and their impact on
performance is presented, along with an examination of energy management systems used in marine
applications. The vessel USV-enautical, developed by Escola Superior Nautica Infante D. Henrique

(ENIDH), is also introduced, along with a description of the systems equipped on this vessel.

2.1.1 Photovoltaic energy in USVs

In [17], a review of energy resources for maritime vehicle applications and their impact on performance
is presented. Regarding solar energy, some projects where photovoltaic energy was utilized in USVs

are highlighted.

1. The Osaka Prefecture University developed a solar-powered Autonomous Surface Vehicle (ASV)
that weighs 81.2 kg, measures 2.87 m in length and 0.79 m in width, and can reach a maximum
speed of 2 knots. The ASV is equipped with two solar panels, each with a capacity of 100 W, a
charge controller, and a 12 V battery with a capacity of 115 Ah. The performance of this ASV was

evaluated in a swimming pool [18].

2. Emergent Space Technologies, Inc. has designed an ASV powered by photovoltaic panels and
intended for oceanographic and atmospheric scienti ¢ research. The ASV has dimensions of 5.5

m in length, 1.5 m in width, and 1.8 m in height, weighing 1360 kg [19].

3. Villanova University has researched a hybrid power system for USVs that includes a solar array,
a fuel cell system, and an ocean wave energy converter, among other components. This system
is designed to ideally ful Il the long-duration mission requirements of USVs through the modeling

and optimizing of its hybrid power system [20].

Some worries about solar energy and other renewable energies for powering USV were pointed out by

the authors. They are:

« Consideration must be given to the degradation of the photovoltaic system due to sea salinity. The

ef ciency and output losses caused by sea salt deposition must be considered [21].



* Fluctuations in power supply for marine vehicles can be caused by unpredictable disturbances due
to changes in weather. Therefore, accurate mission planning necessitates reliable predictions of

weather and sea conditions.

» The energy density of solar power is relatively low compared to the energy demands of a USV. The
energy consumption of a USV typically scales with the cube of its speed, which limits its maximum
speed. Furthermore, areas with high sea currents pose additional challenges as these currents

can signi cantly increase the USV's energy consumption, even at low travel speeds.

Therefore, the energy management system should consider weather and sea conditions predictions.
This is crucial for two reasons: a) it enables accurate forecasting of energy consumption and generation,
and b) it ensures the safety of the USV even under extremely unexpected scenarios. This approach

ensures both the ef ciency and safety of the USV's operations.

2.1.2 Smart Energy Management System and Energy Optimization in Marine

applications

To maximize the operating time of a machine powered by limited and multiple energy sources, it is neces-
sary to implement an energy management system. Computational Intelligence (ClI) allows these EMS to
be more ef cient and capable of handling the multi-variable and objective scenarios of Unmanned Sur-
face Vehicles for border surveillance missions. Developing more ef cient Energy Management Systems
is crucial in reducing the environmental impact of boats.

Cl has found signi cant applications in various engineering elds over the past decade, particularly
in electrical and electronics engineering [22—25]. The design of electrical and electronic systems starts
with the selection of technology, circuit architecture, and calculations. The challenge lies in the trade-
offs, where optimizing one aspect may compromise another [26—28]. This issue is especially intriguing
and demanding in Radio-Frequency (RF) circuit design, exacerbated by the complexity of models that
often require designers to depend on iterative processes in their nal development stages, and in the
design of electromechanical systems [24] [29]. In today's competitive world, considerations for time-to-
market and competitive solutions are essential. These considerations con ict with complex technology
and challenging design problems, which can be signi cantly aided by CI.

Numerous CI solutions have been proposed in the past decade in both industry and academia, rang-
ing from evolutionary computation like genetic-based or particle swarm-based multi-objective optimiza-
tion, to more recent neural networks and machine learning techniques. However, the process is usually
parameter-dependent. If a designer wishes to enhance a speci ¢ performance index of a system, the
initial step involves a sensitivity/dependency analysis, followed by the extraction of crucial parameters

and subsequent modi cations to improve performance [29] [8].



In the realm of maritime engineering, EMS are vital for reducing the environmental impact of ves-
sels. Signi cant efforts have been made to enhance the ef ciency of these systems. EMS have been
optimized using machine learning techniques, particle swarm optimization, and predictive control-based
algorithms to address the most common and signi cant trade-offs, such as fuel consumption versus

NOx emissions or autonomy versus mission time [9—-12].

Additionally, predictive control-based models and algorithms have shown promising results when

applied to on-land power management systems [30].

2.1.2.A Marine-speci ¢ algorithms

In [1], the authors introduce a methodology to minimize energy consumption in USV. This methodology

involves three key steps:

1. Developing an analytical model of energy consumption based on the dynamic model of the vessel,

2. Performing reverse engineering to obtain the parameters of the dynamic model;

3. Using experimental data to use a calibrated simulation of the engine model;

The authors identi ed the primary energy consumption sources in the USV, which include static
power associated with on-board sensors and control systems, dynamic or thrust power due to the USV's
speed, water current, and wind, and thrust losses. These factors account for approximately 90% of the
USV's energy consumption, thereby limiting the range of USV missions.

To simulate the dynamic and thrust power, the authors utilized a realistic USV simulation, which is an
open-source simulation environment presented in [31]. There are many such open-source simulation
environments available, including Gazebo. The Gazebo has been adapted by the authors to incorporate
a 3DOF USV Dynamic Programming (DP) that accounts for energy consumption. This model takes into
consideration factors such as water currents and the inertial moments and accelerations of the USV.
Figure 2.1 illustrates the discrepancy between the direction of the vessel and its velocity, which can
be attributed to external in uences like water currents and wind. Although this model is analytical, it
necessitates a numerical solver for computation. These models are usually implemented in Simulink,
which is not ideal for optimization due to its slower processing speed. Therefore, a faster model that
doesn't rely on Simulink is needed to achieve reasonable optimization times. One potential solution
could be the development of a humerical model in Matlab, which offers quicker processing times than

Simulink, for the application of the optimization tool.



Figure 2.1: Reference coordinate system for the USV modeling. [1]

In [32], the researchers introduce an energy management system designed for hybrid ship propul-
sion. They begin by detailing a model that encapsulates the key components of the ship, including the
propulsion system, ship dynamics, wave disturbances, performance of the engine-to-propeller (both hy-
brid diesel and electric), and batteries. Following this, they utilize experimental tests to formulate typical
load pro les that mirror the driving standards for electric vehicles, such as the Worldwide Harmonized
Light Vehicles Test Procedure (WLTP). This is achieved by applying machine learning and clustering
techniques, resulting in a set of 20 typical load pro les. These pro les are subsequently employed in
the evaluation of the energy management strategy. The energy management system is grounded in a
non-linear Mathematical Programming (MP), discretized over time with a time step of 0.5s. The cost
function aims to minimize 5 variables, each assigned a speci ¢ weight. These variables encompass the
operator speed reference, Neng, the commands to the Internal Combustion Engine (ICE), Uice, and the
Electric Motor, uenm, for torque production, the derivative of uey,, and a slack variable to incorporate soft
constraints.

The outcomes from the non-linear Model Predictive Control (MPC) are juxtaposed with those derived
from the DP optimization algorithm detailed in [15]. In the DP, the operation pro le is predetermined, and
the power split must be decided to minimize the term (1 A)m; + A y my over the known speed and
load pro le. In the DP problem formulation, the transient performance of the power sources was neither
weighted nor constrained. The parameter A signi es the importance assigned between fuel savings
(A =0) and Nitrogen Oxides (NOx) emission savings (A = 1), m; denotes the mass of fuel consumed,
my represents the mass of NOx produced, and y is a parameter that facilitates comparison between
the mass of fuel and mass of NOx. The non-linear MPC demonstrates its capability to achieve compa-
rable levels of fuel and emission reduction to the DP, while also allowing for real-time implementation,

which does not necessitate prior knowledge.



Another common strategy for energy optimization in patrol missions involves characterizing the en-
vironment and optimizing the USV's path [2, 13, 14]. This becomes particularly crucial when there are
varying weather and sea conditions within a patrol zone, or when the patrol area is extensive, as de-
picted in Figure 2.2. Certain studies generate a map of the USV's surroundings and discretize the map.

Subsequently, they employ optimization techniques to cover the search space as quickly as possible.

Figure 2.2: Examples of USV cooperative search in a mapped area. [2]

In [15, 16, 33], the authors outline various optimization methods for ideal energy management sys-

tems. They include:

« Dynamic Programming: This approach divides time or range into N intervals. It accepts future
velocity as input and applies the principle of backward recursive dynamic programming to generate

an optimal control.

* Model Predictive Control: Typically used for online optimization, this method employs a system
model to optimize the system's response over a certain time interval. After optimization, the output
control variable corresponds to the rst predicted time instant. However, it does not allow for global

optimization as the prediction time horizon is usually shorter than the total mission time.

» Constant velocity prediction: This method also uses a prediction time horizon and optimizes the

system's control variables using a constant speed hypothesis.

« Stochastic control strategy: This strategy is typically used when optimization problems involve

uncertainty. The power demand from the driver is modeled as a random Markov process. The
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Markov driver model predicts future power demands by generating their probability distribution.

« Pontryagin's Minimum Principle (PMP): This method aims to provide the best possible control to
transition a dynamic system from one state to another in the presence of constraints for some state
or input control. In PMP, the number of nonlinear second-order differential equations increases
linearly with the dimension, so PMP-based control takes less computational time to obtain an

optimal trajectory. However, it might only nd a local optimal solution, not a global one.

« Arti cial Neural Network : This consists of numerous processing blocks connected in a specic
way to perform a speci c task. The arti cial neural network is a powerful computational method
that learns and generalizes from training data. It uses the principle of function approximation. The
output of a neuron is a function of the weighted sum of the inputs plus a bias. The function of the

entire neural network is simply the computation of the outputs of all the neurons.

2.1.2.B Optimization of SEMS hyperparameters

There are indeed several types of multi-variable optimization algorithms, including gradient-based meth-
ods, genetic algorithms, particle swarm optimization, and simulated annealing. The selection of an
algorithm depends on the speci c problem at hand, the characteristics of the objective function, and the
available computational resources.

The Non-Dominated Sorting Genetic Algorithm Il (NSGA-II) is an enhanced version of the original
NSGA. It distinguishes itself from other genetic algorithms through its use of an elitist principle, where
the best solution for a given generation is considered elite and is preserved and improved for the next
generation. It also employs an explicit diversity-preserving mechanism to enhance the diversity of the
Pareto front.

Genetic algorithms offer several advantages, such as their ability to quickly nd good solutions and
handle a broad spectrum of problems, including discrete, continuous, and mixed-variable optimization
problems. However, these algorithms may suffer from premature convergence, where the algorithm
becomes stuck in a local minimum or maximum. Achieving optimal performance with these algorithms
requires careful tuning of parameters, such as population size, crossover, and mutation rates, and the
selection mechanism.

Particle Swarm Optimization (PSO) is another optimization algorithm inspired by the collective be-
havior of animal swarms, such as birds or sh. PSO offers several advantages, including its simplicity,
scalability, and ability to quickly nd good solutions. However, it may not always nd the global optimum,
especially for complex problems with multiple local minima/maxima. Similar to genetic algorithms, PSO
also requires careful tuning of algorithm parameters for optimal performance, such as the number of

particles, acceleration coef cients, and inertia weight.
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2.1.3 USV-enautical

In Figure 2.3 is possible to see the prototype used in this work, USV-enautical. It was developed by

ENIDH, it is a catamaran equipped with an electric propulsion system.

Figure 2.3: ENIDH's USV-enautical.

The structure of the prototype is made of berglass and plywood. In Table 2.1 it is possible to see

the USV's dimensions. In [34], more details about the hull's fabrication can be seen.

Table 2.1: Dimensions of the prototype.

Lenght Beam Height Draft Wetted surface | Weight
2155cm | 137.2cm | 45.0cm | 249cm 9485.6 cm? 30 kg

In Figure 2.4, the electrical diagram of the USV-enautical prototype is shown. Throughout this

section, the various subsystems that make up this diagram will be presented.

Figure 2.4: USV-enautical electrical diagram.
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2.1.3.A Powertrain system

The powertrain system of the USV can be divided into the following subsystems:

» Power Source: The vessel's power source is lead-acid batteries, Figure 2.5. Each battery has
a nominal voltage of 12V and a capacity of 120 Ah, given a C rating of C120. These batteries
are connected in parallel, resulting in a maximum system voltage of 13.60 V. Each battery weighs
31.20 kg, contributing 62.40 kg to the prototype's nal weight. The batteries are housed in the front

compartments of the prototype.

Figure 2.5: Battery used in the USV-enautical.

» Motors controller: The controller used is a RoboClaw, Figure 2.6. This controller can manage two

brushed DC motors up to 60 A continuous, with up to 120 A peak per channel. It offers multiple
control options, including USB, RC radio, PWM, TTL serial, and analog. These control options can

be used by microcontrollers such as Arduino or Raspberry Pi.

Figure 2.6: Motor controller used in the USV-enautical.

* Motors: The prototype features two Permanent Magnet DC motors. The motors have a rated
voltage and maximum current of 12 V and 50 A, respectively. The characterization of the motor

can be found at [3].
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* Propeller: The engine's propeller came pre-installed, Figure 2.7. These have two blades and a
diameter of 28 cm. The maximum thrust the system can produce is 245 N. The two propellers and

motors add a weight of 8 kg to the prototype.

Figure 2.7: Propeller. [3]

2.1.3.B Control system

The USV has a control system that can switch between an autonomous and user-controlled system.
This exibility allows for both automated operations and manual interventions when necessary. This

system consists of:

« Radio Control (RC): Connected to the motor controller is a 6-channel RC Controller, which works

as the main controller of the prototype, Figure 2.8. The vessel is controlled by a Pulse-Width
Modulation (PWM) signal from the Receiver, which receives a signal from the Remote Transmitter
controlled by the user. Two channels are used to control the motors, one for each motor. A third

channel is used as an emergency switch.

(a) Transmitter. (b) Receiver.

Figure 2.8: Radio Control.
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« On-board computer: A Raspberry Pi 3 Model B+ with Robot Operating System (ROS) installed

in Ubuntu OS, Figure 2.9. Connected to the Raspberry Pi are a USB WiFi dongle for remote
communication, a motor controller via USB to serve as auxiliary control, and a data acquisition

system.

Figure 2.9: On-board computer.
« Auxiliary battery: A lead-acid battery is used, Figure 2.10. This is connected to the on-board
computer to ensure its operation in case of main batteries power off. The batteries of the powertrain

system can charge it. It has a nominal voltage of 12 V and a capacity of 8 Ah, given a C rating of
C120. The battery weighs 2.00 kg.

Figure 2.10: Auxiliary battery.

« DC/DC converter: The Buck converter presented in Figure 2.11 is used to convert the 12 V from

the auxiliary battery to 5 V, the voltage required to power the on-board computer. The maximum

current it can provide is 3 A.

Figure 2.11: DC/DC converter.
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2.1.3.C Data Acquisition System

For telemetry and automation purposes, various sensors are installed in the USV. These sensors are
connected to an acquisition board connected to the on-board computer where all data is stored. Details

regarding this acquisition board can be found at [35]. The sensors used are the following:

« Voltage sensors: These sensors are resistive dividers that measure the batteries that power the
USV motors. The voltage acquisition is performed through 10-bit two-channel ADCs. These
Analog-to-digital converters (ADCs) communicate with the on-board computer via the SPI pro-

tocol.

e Current sensors: To measure the currents supplied by the batteries, four current sensors pre-
sented in Figure 2.12(a) are used, two for each battery electrically connected in parallel, Figure
2.12(b). Each sensor supports up to 31 A, thus allowing measurements up to 62 A. These sen-
sors provide the current value over a voltage with a 45 mV/A sensitivity. The current acquisition
is performed through 10-bit eight-channel ADCs. These ADCs communicate with the on-board

computer via the Serial Peripheral Interface (SPI) protocol.

(a) ACS711EX. (b) Electrical connection.

Figure 2.12: Current sensors.

« Temperature sensors: Negative Temperature Coef cient (NTC) sensors are used to measure

the temperature of the batteries. The temperature acquisition is performed through 10-bit eight-

channel ADCs. These ADCs communicate with the on-board computer via the SPI protocol.

* Global Positioning System (GPS): The GPS module used is an Adafruit Ultimate GPS Breakout,

Figure 2.13. This sensor provides position, orientation, and speed data relative to the earth. It has
an antenna that is attached outside the vessel. It communicates with the on-board computer via
UART.
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Figure 2.13: Adafruit Ultimate GPS Breakout.

« Motor controller: The motor controller, presented in Figure 2.6 indicates the voltage value and

current supplied to the motors. It communicates with the on-board computer via USB.

2.2 Smart Energy Management System Algorithms

The proposed energy management algorithm needs adaptation for each mission type. A target path will
be de ned based on meteorological forecasts, predicted sea conditions, and constraints. This target

path may vary depending on the mission type and priority:

* Persistent Patrol/Environmental Monitoring: Aim to maximize patrol time with a maximum interval

between points;

 Track Vehicle/Object: Follow an object at a target speed and maintain a speci ed distance between

the USV and the object. The mission time is limited due to the need to return to base;

« Search and Identify: In search and rescue missions, the goal is to cover the largest possible area

in the shortest possible time. Once the target is identi ed, its location can be provided to a rescue
team. The energy management system should prioritize the search function, allowing the battery

to be depleted and later charged with the PV system;

« Stationary Zone Vigilance: The USV should remain stationary within a zone for the longest possi-

ble time, performing vigilance. The mission time will depend on sea/river currents and the auxiliary

power consumption of all USV devices (GPS, camera, controllers, etc);

 Spill Response: The goal is quickly reaching an oil slick and delivering tools to combat it. If the
USV tows equipment, additional drag forces are expected and the maneuverability of the USV will

decrease.

« Rescue and Delivery Aid: The aim is to deliver emergency aid to distressed vessels and people,

and monitor the situation until additional assistance arrives. The energy management system
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should prioritize the search function, allowing the battery to be depleted and later charged with the

PV system;

 Delivery: Deliver goods at one or several geographic points. The priority is to reach all mission de-
livery points, with or without urgency. In case of urgency, the priority is to use the USV's maximum
velocity. The energy management system should prioritize accomplishing the waypoint trajectory

and returning to the station.

After de ning the target points and with the predicted weather and sea conditions, the USV model
estimates the energy required to carry out the mission. Simultaneously, the energy optimization system
uses the optimized path and constraint variables to de ne an optimal speed pro le and energy source
plans. This information is given to the USV to carry out the mission. The USV has a supervision system
that checks for large deviations from the predicted pro le and activates a new action from the energy
management system if necessary.

In the next subsections, the two algorithms used are presented: the Bidirectional Graph-based algo-
rithm, which is employed for short-duration missions, and the A-star-based algorithm with probabilistic
behavior, used for long-duration missions. In both algorithms, a grid of points in the mission area is
created, as shown in Figure 2.14(a), which in this case corresponds to the mouth of the Tejo River. The
distance between each point in longitude and latitude is 600m and 450m, respectively. However, the

grid density can be changed. The black points form a search grid where the USV can navigate.

(a) Mission map. (b) Mesh of the mission area.

Figure 2.14: Smart Energy Management System rst step.

2.2.1 Bidirectional Graph-based Algorithm

A Bidirectional Graph (BdG) generates all possible paths between two points, where the edges represent
the weight. In Figure 2.15, it is shown the result of a BdG for the mission area presented in Figure
2.14(a). The weight corresponds to the amount of energy the batteries need to supply for the prototype

to travel between two points, considering constant speed and direction. The BdG does not take into
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account atmospheric or maritime changes, meaning these are treated as constants. The conditions
considered are those at the time the mission begins. The nal result corresponds to the path that

consumes the least amount of energy.

Figure 2.15: Example of a resultant BdG, for the mission area presented in Figure 2.14(a).

Since atmospheric and maritime variations are not considered, this algorithm should only be used for
short-duration missions. The results of this algorithm were presented at the MELECON 2024 conference
[36].

2.2.2 A-star based with probabilistic behavior

A BdG algorithm is not the best approach, as it does not consider variations of meteorological and
matritime conditions over time. As a result, the weight between the two nodes will not remain constant
during longer missions. To address this, an A-star-based algorithm with probabilistic behavior (A*Pb) will
be used. This approach is inspired by A-star algorithms and genetic algorithm optimization methods.
Genetic algorithms typically employ probabilistic techniques, such as crossovers and mutations, to avoid
getting trapped in local minimum solutions while searching for the optimal solution. In Figure 2.16, the
owchart of the applied algorithm can be seen.

The algorithm begins by de ning the nodes of the starting point, A, and the target, B. It rst searches
for the neighboring nodes of the starting point. For each neighbor node, it excludes the nodes already
visited (history nodes). The t function, f, is obtained by dividing d by E, where d corresponds to
the difference between the distance from the initial node to the target node. The energy, E, required
to travel between the initial and neighbor nodes is calculated using the USV model. This process is
repeated for all neighboring nodes. After the t function is de ned for all neighboring nodes, a decision
vector, f, is created by accumulating the sum of all the t functions. For example, if we consider three
neighboring nodes with corresponding t functions, f; = 10, f, =5, and f3 = 1, the decision vector

will be f, = [0 10 15 16] A random number is then generated within the interval [0 16] If the number
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generated is 5, it falls within the interval [0 10] so the rst node is selected. If the number generated is
13, it falls within the interval [10 15] corresponding to the second node.

In this random process, there is a higher probability that a number will be generated within the interval
of the optimal node according to the t function. However, there is always a small chance of selecting a
non-local-optimal node. This prevents the algorithm from getting stuck in a local optimum and allows it to
explore alternative paths that might become more advantageous in the future due to changing maritime
and atmospheric conditions. The algorithmis run N times, with each execution nding a potential optimal

path. In the end, the path with the lowest energy consumption is selected. The parameter N is de ned
by the user.

Figure 2.16: Flowchart of the A*Pb algorithm.
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This chapter presents the proposed USV model and its subsystems, along with a discussion of the
test results. Some of these tests focus on understanding the performance of the equipment within the
prototype, while others are directed toward calibrating the vessel's drag. Finally, improvements made to

the prototype are described, with particular emphasis on enhancements to the electrical system.

In parallel with this work, another thesis focused on modeling the vessel, which can be accessed
at [4]. Figure 3.1 shows the speed and force vectors. Axes (Xw, Yw), (Xb,Yp), and (Xy, Yyy) correspond
to the world, the USV body and the USV moving direction, respectively. Forces Ft, D¢, Dy and D
correspond to the thrust force, water current drag, wind drag and total drag vectors, respectively. Finally,
angles , , and correspond to the angles between the world x-axis and the direction of the USV,
the water currents, and the wind, respectively, and is the angle between the direction of the USV
movement, X,, and the body orientation, x,. The V. and V, represent the marine currents and wind

speed felt by the USV due to its speed.

Figure 3.1: Full kinematic model of the USV [4].

3.1 USV model

This section introduces and explains how the various subsystems that impact USV energy consumption

work. In Figure 3.2, the proposed USV model is shown.

Figure 3.2: USV's proposed model.
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3.1.1 Hull dynamics

The Hull dynamics block, present in Figure 3.3, is responsible for performing the dynamic analysis of the

USV, such as how it adapts to the given commands and external conditions.

Figure 3.3: Hull dynamics block.
All input variables of the block, except the speed, V, are external factors to the system. This means
that the system does not control them but are conditions or parameters to which the system must adapt.
» Speed, V: This variable represents the pretended speed vector of the USV relative to the ground.

« Water current speed, V : This variable represents the speed vector of the water currents relative

to the ground.

* Waves height, wy: This value represents the height of the waves.

» Waves period, wp: This value represents the period of the waves, that is, the time interval between

the appearance of one wave and the next.

« Wind speed, V, : This variable represents the speed vector of the wind relative to the ground.

The block has the following output variables:

« Thrust force, Ft: This represents the force needed to be applied to the USV to archive the input

parameters given by the Hull dynamics model,

 Relative velocity, Vg : This variable represents the speed value of the USV relative to the uid.

According to [37], resistance calculation can be divided into:

« Frictional hydrodynamic resistance, Rg : This accounts for approximately 60% of the overall resis-

tance and is the cumulative result of the tangential forces acting on the vehicle-wetted surface. The
frictional hydrodynamic resistance is determined by the shape of the USV surface, its roughness,
the water's viscosity, and the wet surface's area. As per the procedures and guidelines recom-
mended by International Towing Tank Conference (ITTC), the following equation can be used to
approximate this resistance,

1

Re = =
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