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Field experiments on real-time autonomous marine surveillance
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ABSTRACT
Monitoring and protecting critical marine infrastructures–such as offshore wind farms, data cables, and subsea 
pipelines–demands reliable, autonomous surface vessels capable of operating efficiently in real-world condi-
tions. In these scenarios, the area of interest is typically known in advance, and the primary objective is to 
detect intruders or any other anomaly. This paper introduces a comprehensive Guidance, Navigation, and 
Control (GNC) architecture for Marine Autonomous Surface Ships (MASS), with particular emphasis on model-
scale validation conducted during a relevant environmental testing campaign. The underlying hypotheses 
and methodologies are detailed and thoroughly discussed. Building on previous simulation-based studies 
that validated individual components, this work focuses on verifying the integration of the stochastic cov-
erage planner, the tracking controller, and the state estimation subsystem through simulation and real-world 
field trials. The experimental results obtained from tests conducted at an outdoor site demonstrate successful 
completion of surveillance missions, real-time compliance, and the system’s adaptability to dynamic changes 
and environmental disturbances. These findings confirm the feasibility of transferring complex autonomous 
behaviours from simulation to operational platforms. The proposed framework provides solid validation for 
future research and development of the architecture, enabling integration with the perception system and 
collision-avoidance capabilities to detect and avoid obstacles and intruders.
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1. Introduction
With the rise of containerisation and the emergence of the offshore 
oil & gas industry in the 1960s, the ocean has become a hub of 
economic activities, which have experienced an exponential growth 
in their output, both in terms of volume and in revenue. Nowa-
days, a relevant share of the fossil fuels being extracted worldwide 
comes from the seabed (Jouffray et al., 2020, Claire, 2016) and in 
the period from 1980 to 2022, the amount of container ship trade 
has quadrupled (UNCTAD, 2022), making maritime trading activ-
ities account for 80% of the global trade volume and 70% of its 
value (UNCTAD, 2017). Alongside trading and oil & gas extraction, 
new ocean-related economic activities have emerged in recent years, 
contributing to this economic boom. Among them, offshore wind 
farms and seabed cable-laying are expected to be the most promi-
nent. Offshore wind farming is attracting many investments world-
wide as a consequence of the global energy transition effort (Com-
mission, 2023), while more than 95% of all data that moves around 
the world goes through undersea data cables, with a total of over 
900,000 miles of cables sit on the ocean floor (Chataut, 2024), which 
are expected to increase in future years. This economic boom of 
ocean-related activities, driven among other things by the growing 
scarcity of land-based resources (Jouffray et al., 2020), is increasing 
the reliance of some industrial sectors and even whole countries on 
maritime infrastructures. These infrastructures can now be consid-
ered critical for ensuring proper energy and food security. Thus, the 
concept of Critical Maritime Infrastructure (CMI), proposed since 
the 1990s, is now a key factor in the strategic decision-making of 
many countries (Fritzon et al., 2007).

CMIs are notoriously susceptible to different sources of harm. 
Unintentional damage occurs, particularly during fishing activities 
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(Clare, 2021). Additionally, deliberate attacks have been reported 
in recent years, disrupting energy sources or communication 
links (Bueger, 2023, Knights, 2024). Deliberate attacks represent a 
significant security challenge, as such acts are usually carried out by 
dark ships or shadow vessels (Kantchev, 2023), i.e. ships that cover 
their true activities by means of concealing techniques such as turn-
ing off their Automatic Identification System (AIS) device, spoofing 
their AIS location or using a flag of convenience (Nguyen, 2023).

Moreover, CMI protection presents distinct challenges relative to 
land-based critical infrastructure, owing to the difficulties of con-
ducting operations at sea and extending them. Therefore, tailored 
solutions are required. One of the primary solutions is surveil-
lance and monitoring. Thanks to recent advances in computing 
and communication technologies, this can be carried out effectively 
and efficiently using Maritime Autonomous Surface Ships (MASS) 
and Unmanned Underwater Vehicles (UUV) (Bueger and Liebetrau, 
2023).

This article is the extension of the 2024 iSCSS conference pro-
ceeding (Ponzini et al., 2024). The original paper presents an inte-
grated solution for real-time surveillance of CMIs based on a MASS 
platform. The architecture relies on the well-known Guidance, Nav-
igation, and Control (GNC) systems (Fossen, 2011). Alongside these 
three systems, a fourth named shadow vessel monitoring system has 
been added to the platform and its aim is to detect intruding ves-
sels that attempt to conceal their position. The platform is designed 
to surveil a known area and detect the presence of shadow vessels 
and other intruders using an onboard LiDAR. Compared with the 
original work, simulation and model-scale experiments have been 
conducted to validate the GNC architecture. The shadow vessel mon-
itoring system has not been tested experimentally; however, it can 
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be treated as an external module that can be integrated in different 
ways without compromising the overall framework. This extended 
version aims to present the validation of the proposed architecture 
through comprehensive tests in a relevant environment. Through-
out the validation and investigation process, a MASS model of the 
SWAMP-class (Odetti et al., 2020) was employed; its architecture and 
key characteristics are discussed in detail in the following sections 
and it is deeply testes as shown inZaccone et al. (2026). To the best 
of the authors’ knowledge, the current literature still lacks a compre-
hensive description of a surveillance platform based on small MASSs 
that integrates planning, navigation, control, and perception within 
a unified system architecture, as proposed in this work.

The rest of paper is organised as follows. In Section 2 related works 
are discussed. In Section 3 the system architecture of the autonomous 
surveillance platform developed for this paper is described, focusing 
on the input-output relations between its subsystems. In Section 4 
the kinematics of the surveying MASS is described. In Sections 5, 6 
and 7 the guidance, the control, and the navigation systems are 
discussed in detail. In Section 8 the materials and methods of the 
field experiments are described. In Section 9 the results of the com-
puter simulations and the field experiments are shown and discussed. 
Finally, in Section 10 the future development of this research work 
are discussed.

2. Related works

Since the 1990s, protecting CMIs has become increasingly cru-
cial for both academia and the maritime industry. In this con-
text, surveillance and patrolling operations play a fundamental role. 
Reviews addressing the use of autonomous marine vehicles for 
surveillance purposes can be found in Manzari (2020) and Ferri 
et al. (2017), while cooperative patrolling scenarios involving het-
erogeneous agents are presented in Birk et al. (2012). However, these 
works mainly focus on the use of Unmanned Underwater Vehicles 
(UUVs). More recently, small Maritime Autonomous Surface Ships 
(MASSs) have been identified as a suitable solution for CMI surveil-
lance (Elkins et al., 2010), especially considering that many attacks 
rely on surface vessels as operational bases (Kantchev, 2023). Another 
contribution describing a platform for monitoring large maritime 
areas can be found in González-Reolid et al. (2018).

Several contributions in the literature therefore address the use of 
MASSs for surveillance and patrolling applications, often focusing 
on the Guidance, Navigation, and Control (GNC) modules enabling 
autonomous operation. The literature proposes a wide variety of 
GNC architectures, each designed to pursue different objectives and 
satisfy different operational requirements. Depending on the spe-
cific task, these architectures may prioritise accurate path tracking, 
station-keeping, collision avoidance, or long-term area monitoring, 
and many have been validated through experimental campaigns and 
real-world deployments. Several contributions on real-world tests of 
GNC architectures are available in the literature; examples include 
the following. In Hinostroza et al. (2025), experimental tests related 
to track keeping and dynamic positioning are presented compared to 
a simulated one. In Breivik et al. (2008), a real test of a target track-
ing scenario is presented. In He et al. (2024) the test of a GNC system 
tailored for doing collision avoidance in narrow water is presented; 
while, in the end, in Kim et al. (2024) the test of a GNC architecture 
for narrow canal regions is tested.

From a system-level perspective, a MASS-based surveillance plat-
form is typically required to integrate multiple tightly coupled tasks, 
many of which have been extensively investigated in the literature. 
A key first aspect concerns path planning and area coverage, which 
are essential to ensuring effective patrolling of the area of inter-
est. Deterministic coverage path planning algorithms are surveyed 

in Tan et al. (2021), while stochastic approaches based on Markov 
Chains are reviewed in Duan and Bullo (2021). A hybrid solution 
combining pseudorandom cell selection with deterministic path exe-
cution is proposed in González-Reolid et al. (2018). The problem of 
collision-free path planning has also been addressed using different 
optimisation strategies, such as particle swarm optimisation (Zadeh 
et al., 2022), the A∗ algorithm (Song et al., 2019), and dynamic 
programming methods (Zaccone, 2024). Once a path is defined, ref-
erence generation can be achieved either through path-following or 
track keeping approaches, as discussed in Fossen (2011).

To execute the planned motion, the autonomous vessel must reli-
ably estimate its state and regulate its behaviour accordingly. It is 
commonly achieved by filtering GNSS data (Lou et al., 2024) or 
by integrating GNSS measurements with inertial sensors (Xia and 
Wang, 2016), as reviewed in Fossen (2011). Based on these esti-
mates, different control strategies can be employed, including path-
following controllers (Thyri et al., 2021, Donnarumma et al., 2015), 
dynamic positioning systems (Sørensen, 2011, de Kruif, 2024), and 
trajectory-tracking controllers, such as MPC-based solutions (Mar-
tinsen et al., 2022). Controllers that explicitly account for collision 
avoidance are presented in Donnarumma et al. (2020), and exper-
imental validations of various control architectures are reported 
in Wang et al. (2024) and He et al. (2023).

In addition to motion-related functionalities, environmental per-
ception represents a crucial component of a surveillance system. A 
wide range of sensors can be employed for this purpose (Thombre 
et al., 2022), including LiDAR (Ponzini et al., 2025b), radar sys-
tems (Ludeno et al., 2023), and optical sensors (Molina-Molina et al., 
2021), often combined within sensor-fusion frameworks to improve 
robustness and detection capabilities (Tarasi et al., 2024, Clunie et al., 
2021). Several works demonstrate the integration of such perception 
systems on autonomous surface platforms, both for obstacle detec-
tion in structured environments (Molina-Molina et al., 2021, Zhang 
et al., 2021) and for surveillance and interception tasks (Simetti et al., 
2012).

3. Autonomous surveillance platform architecture
The autonomous surveillance platform described and investigated in 
this paper follows the one presented in (Ponzini et al., 2024). Figure 1 
presents the functional scheme of the proposed architecture in the 
previous paper. In addition to the guidance, navigation, and control 
systems, the complete architecture includes a shadow vessel moni-
toring system dedicated to detecting intruders within the AOI. The 
object of this paper is the subset of the complete architecture high-
lighted in blue in Figure 1. This part of the architecture serves as the 
enabling technology for the entire platform, as it embeds systems for 
motion control, surveillance path generation, and MASS state esti-
mation. The overall structure is described below, along with brief 
details on the subsystems not involved in the proposed test and not 
explained in detail in the following sections of the paper.

The coverage algorithm, implemented in the guidance system, 
calculates the surveillance path in real-time by generating a target 
waypoint WPtarget each time the previous target waypoint is reached. 
WPtarget is generated so that the overall surveillance path is random, 
to reduce the vulnerability of the platform to attack based on pat-
tern recognition, and based on the occupancy grid provided by the 
environmental perception subsystem of the navigation system. The 
collision-free path planner computes a sequence of waypoints WPlist
to reach WPtarget while avoiding obstacles in the AOI. The track 
keeping algorithm calculates the desired pose ηTR and speed νTR vec-
tors at each time step needed to follow WPlist with an assigned speed. 
The coverage and track keeping algorithms are used in the experi-
ments and are described in detail in Section 5. The collision-free path 
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Figure 1. MASS architecture.

planner is not used in the experiments because the designated exper-
imental area contains no obstacles. It is, however, fully described and 
validated in (Zaccone and Martelli, 2018).

A control system in 3 Degrees Of Freedom (3-DOF), accounting 
for large drift angles, is adopted in this paper to control the surge, 
sway and yaw motion of the MASS. This approach, in principle, 
enables highly precise motion of the MASS, making it suitable for use 
in complex environments with numerous obstacles. The control sys-
tem comprises three subsystems: the controller, the Force Allocation 
Logic (FAL), and the Thrust Allocation Logic (TAL). The controller 
computes the required force vector τC to drive the error between 
the desired setpoints and the MASS state estimate to zero. The FAL 
distributes τC between the actuators of the MASS calculating the 
thrust vectors each one is required to deliver. These thrust vectors 
are uniquely identified by their moduli Ti and angles αi with respect 
to the MASS bow as shown in Figure 2. The TAL calculates the set-
points for the actuators’ internal control systems required to deliver 
the thrust vectors. A detailed description of the controller, FAL, and 
TAL is provided in Section 6. The setpoints for the actuators are 
finally transmitted to the MASS.

In the proposed architecture, the environmental perception and 
state estimation subsystems are integrated into the navigation system.

The environmental perception subsystem processes data from the 
perceptive sensing layer to detect objects within the AOI. For this 
purpose, Ponzini et al. (2024) presents a stand-alone LiDAR sen-
sor with low computational cost that can, in principle, be configured 
modularly. Meanwhile, the MASS state estimation subsystem utilises 
inputs from the proprioceptive sensing layer to estimate the gener-
alised pose (η) and velocity η̇ vectors. The MASS state estimator is 
based on the Kalman Filter and is described in detail in Section 7.

The perceptual system for navigation and surveillance tasks can 
be configured modularly, with the primary aim of detecting intruder 
vessels. A possible use of a stand-alone LiDAR sensor with low 
computational impact for performing this task has been proposed 

Figure 2. Reference frames.

in Ponzini et al. (2024), where the shadow vessel monitoring sys-
tem continuously analyses LiDAR point cloud and compares it 
with Geographic Information System (GIS) data to detect unregis-
tered or unexpected vessels. Such a detection pipeline can be eas-
ily extended to include target point cloud classification, as formu-
lated and extensively tested in Ponzini et al. (2025b). Depending on 
operational needs and on the specific task, the system’s modular-
ity allows for the implementation of perceptual modules based on 
multimodal detection; a suitable decision level fusion framework for 
LiDAR and RGB images was illustrated and evaluated by Ponzini 
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and Martelli (2025), while a data-level fusion framework to inte-
grate LiDAR point cloud and thermal imaging was described and 
tested in Ponzini et al. (2025a). Upon detection of a target intruder 
vessel, the surveillance mission is deemed complete, and additional 
logic may be activated depending on the operational scenario, as 
previously illustrated for target tracking in Fruzzetti et al. (2024a).

4. Reference frames and kinematics

This section introduces the reference frames used in this work and 
the corresponding transformations between them. It also includes 
the kinematic formulations associated with these frames. Figure 2 
illustrates the coordinate systems that will be referenced throughout 
the paper: 

• The n-frame {�, ni} is the inertial Earth-fixed frame. The ori-
gin � is located on the mean water-free surface at an appropriate 
location. The positive unit vector n1 points towards the North, n2
points towards the East, and n3 points downwards.

• The b-frame {�I , bi} is fixed to the vessel hull. The origin, �I =

xIn1 + yIn2, is located in the middle of the vessel length taken 
along the symmetry axes, and on the waterline. The positive unit 
vector b1 points towards the bow, b2 points towards starboard, and 
b3 points downwards.

• The d-frame {�WPa , di} is fixed with the path defined by the 
two waypoints selected at each time step (�WPa  and �WPa+1 ) 
by the track keeping guidance. The origin is in �WPa =

xWPan1 + yWPan2, the positive vector d1 points towards the vec-
tor (�WPa+1 − �WPa), d2 points towards starboard, and d3 points 
downwards.

The reference systems lie in the same plane and are related by 
the Euler angle and the relative rotations in (1). The generic rotation 
matrix is shown in (2).

n = Rn
b(ψ) b, n = Rn

d(ξ) d (1)

Rn
b/d(⋆) =

⎡⎣cos ⋆ − sin ⋆ 0
sin ⋆ cos ⋆ 0
0 0 1

⎤⎦ (2)

where ψ is the heading angle, ξ  is the angle defined by the vector 
(�WP2 − �WP1) and n1, and ⋆ is the generic angle between the 
selected reference frames.

The adopted pose η = [x, y,ψ] and speed ν = [u, v, r] arrays in 
this paper are, respectively, the positions with respect to the origin of 
the n frame and the heading angle, and the speed components in the 
b frame. Moreover, the speed array in the n frame is η̇ = [Vx,Vy, r].

5. Guidance system
This section describes in detail the coverage algorithm and the 
track keeping subsystem of the guidance system, which are the parts 
validated in the field experiments.

5.1. Coverage algorithm
The coverage subsystem is the core of the proposed guidance strat-
egy. It implements a stochastic coverage algorithm with a twofold 
objective: to ensure full coverage of the AOI and to generate a ran-
dom surveillance path. The first objective ensures that no parts of the 
AOI are left unsurveilled by the MASS; the minimises the vulnera-
bility to exploits based on pattern recognition. It is to be noticed that 
no constraints are imposed on the coverage speed, as it can always 

be achieved by increasing the MASS speed without modifying the 
coverage algorithm.

To satisfy the requirements stated in the previous paragraph, a 
stochastic coverage algorithm based on that proposed by Duan and 
Bullo (2021) is designed. The stochastic coverage algorithm proceeds 
as follows:

Algorithm 5.1: Stochastic Coverage Algorithm

Step 1: Partition the AOI into square cells of side equal to l;
Step 2: Randomly select a cell which is at least at dproximity from the 

MASS’ current position and return its centroids as WPtarget;
Step 3: When WPtarget is reached go to Step 2.

The parameter l is to be chosen relatively to the MASS dimen-
sions. The parameter dproximity is to be chosen so that the track 
between the MASS’s current position and WPtarget is long enough 
to allow proper acceleration and deceleration phases as required by 
track keeping guidance from Section 5.2.

Algorithm 5.1 realises a Markov Chain in which the states coin-
cide with the centroids of the cells of the partitioned AOI. This 
guarantees that the surveillance path is random, satisfying one of the 
two design criteria. The full coverage of the AOI is guaranteed only in 
case that the Markov Chain realised by Algorithm 5.1 is irreducible, 
which means that there must always exist a path between any pair of 
states in the Markov Chain state graph. A sufficient condition for this 
can be derived as a condition on the value of dproximity.

Let P indicate the partitioned AOI as a set of locations on the 
Euclidean plane. Based on how the stochastic coverage algorithm is 
defined, for every pair of locations p, q ∈ P, q is reachable from p
if d(p, q) ≥ dproximity, where d(⋆, ⋆) is the euclidean distance, or if 
there is a third location s such that d(p, s) ≥ dproximity and d(s, q) ≥

dproximity. Let dmin,max indicate the minimum of the maximum dis-
tances between any pair of locations in Ppartition. dmin,max can be 
calculated as below:

dmin,max = min
p

max
s

d(p, s) (3)

By the definition of dmin,max, for every location p it is guaranteed the 
existence of another location s such that d(p, s) ≥ dmin,max. From the 
triangular inequality and from the fact that d(p, s) ≥ dmin,max and 
d(p, q) ≥ dproximity it is possible to derive the following property of s
and q:

d(s, q) ≥ dmin,max − dproximity (4)

The value of dmin,max is a property of P which is difficult to control, 
while dproximity is an arbitrary parameter, therefore it is possible to 
choose it such that dmin,max − dproximity ≥ dproximity, therefore mak-
ing q reachable from s. The choice of dproximity must satisfy the 
following condition:

dproximity ≤ dmin,max/2 (5)

It is worth pointing out that Equation (5) is not a necessary and 
sufficient condition for the full coverage of the AOI since the irre-
ducibility of the Markov Chain realised by the coverage algorithm 
can be satisfied by conditions other than only those presented above, 
but it is sufficient to ensure the full coverage of the AOI.
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Figure 3. Track Keeping motion control scenario. (a) Layout. (b) Speed Law.

5.2. Track keeping subsystem
A track keeping algorithm is used to generate the setpoints neces-
sary to follow the surveillance path with a prescribed speed. The 
reference implementation of the track keeping algorithm is described 
in Fruzzetti et al. (2024b). The selected track keeping algorithm 
adopts a trapezoidal velocity profile, and it was selected to ensure 
generalizability to more complex maritime areas, where a combi-
nation of fixed and dynamic obstacles requires high precision near 
the waypoints. The inputs are the waypoints list WPlist and the pose 
feedback η. At the same time, the outputs are the time history of the 
trajectory ηTR and the desired velocity νTR.

At each time step, two consecutive waypoints are selected from 
the waypoint list WPlist given as input, leading to the definition of 
the d reference frame described in Section 4. At the initial instant, 
the first waypoint WP1 is taken as the initial position of the vessel at 
the moment at which the architecture is started. The resulting draft 
is shown in Figure 3(a), which shows the resulting draft and outlines 
the angle ξ  between the positive unit vector n1 of the inertial frame 
and d1. The switch at the following waypoints couple occurs when 
the along-track distance with respect to �WP2 , dsw, is lower than a 
given distance nLPP.

The speed setpoint V(t) is defined according to the trapezium 
speed law shown in Figure 3(b) between each couple of waypoints. 
Four phases are identified in this law, including deceleration, accel-
eration, and constant speed phases between the selected maximum 
speed Vmax and the selected minimum speed Vmin. The durations of 
the acceleration and deceleration phases are determined by the user-
defined maximum acceleration. The desired speed array trajectory 
results in (6).

νTR = [V(t) 0 0]T (6)

The desired instantaneous position xd(t), the yellow point in 
Figure 3(a), is defined following the kinematics outlined by the 
trapezium speed profile in the d frame and then rotated in n to 
obtain the desired position trajectory η∗

D as shown in (7). To com-
pute the heading missing setpoint, two contributions are taken into 
account: the geometric angle ξ(t), which depends on the orientation 
defined by the active waypoint pair, and the Line-Of-Sight correc-
tion term ψLOS (8) according to Fruzzetti et al. (2024a), applied to 
compensate for the cross-track error along ed2 . Both contributions 
are ultimately provided gradually through a ramp between the times 
t0 and t1 defined as in Figure 3(b), establishing a smooth heading set-
point φ(t) at each time step. This strategy prevents abrupt variations 
in the commanded angle when switching from one waypoint pair to 
the next.

η∗
D = R(ξ(t))[xd(t) 0 0]T + �WP1 (7)

ψLOS = arctan
ed2
1

(8)

ηTR = [η∗
D(1 : 2) φ(t)]T (9)

where 1 is the distance by which it is supposed to come back to the 
desired leg.

6. Control system
This section describes in detail all subsystems of the control system, 
which are validated through simulation and field experiments.

6.1. Controller
A 3-DOF controller is adopted to control all three planar motions: 
surge, sway, and yaw. The controller calculates the forces and 
moment vector τC necessary to nullify the error between the desired 
(ηTR, νTR) and feedback (η, ν) pose and speed. The controller 
selected for the final version is a PID controller with an antiwindup 
system, as in (10), according to Martelli et al. (2020).

τC = KP(RT(ψ)(ηTR − η))+ KD(νTR − ν)

+ KI

∫︂
(RT(ψ)(ηTR − η)− Kaw(τC − τ )) dt (10)

where KP, KI , Kaw and KD are positive diagonal matrices con-
taining the proportional, integral, antiwindup, and derivative gains, 
respectively and τ  is the forces and moment vector actually actuated.

6.2. Force allocation logic
The FAL calculates the thrust that each actuator needs to push. 
For the experimental validation, the SWAMP-class MASS that is 
described in Section 8 is adopted. It is equipped with four pump-jets 
placed at the bow and stern of the hulls as shown in Figure 2. For each 
pump-jet, it is necessary to determine the thrust modulus Ti and the 
angle with respect to the bow αi, and the thrusts summed up must 
equate τC. This leads to an allocation problem with 3 equations (the 
equilibrium in the horizontal plane) and 8 unknowns.

Several techniques have been proposed in the literature; exam-
ples can be found in De Wit (2009) and Johansen and Fossen (2013) 
for solving the allocation problem. In this application, the number 
of unknowns is reduced, fixing the direction of the pump-jets αi to 
[135◦, 45◦, −135◦, −45◦] as shown in Figure 2. This choice of the 
angles αi allows for an increase in the robustness of the propulsion 
system, although it reduces the maximum yaw moment deliverable. 
To determine Ti an optimisation problem in (11) where the aim is 
to minimise the sum of the moduli of the thrusts while ensuring 
the equilibrium of the horizontal plane forces and moment given by 
the pump-jets, τAZi , with τC and respecting the minimum and the 
maximum available thrusts. The optimal allocation problem is solved 
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using quadratic programming techniques in real time.

minimize
T1 ,...,T4

4∑︂
i=1

T2
i

T2
max

subject to
4∑︂

i=1

τAZi = τC

Tmin ≤ Ti ≤ Tmax, i = 1, . . . , 4

(11)

where τAZi  is the ith thrust vector with modulus Ti and angle with 
respect to the bow αi.

6.3. Thrust allocation logic
The TAL calculates the control signals for the actuators of the MASS 
to make them deliver the thrusts calculated by the FAL. Because 
SWAMP has four pump-jets as actuators, to control them it is 
required to calculate the orientation angles of the nozzles with respect 
to the bows δi and the revolution speed of the impellers ni. The val-
ues of δi coincide exactly with the angle αi while the values for ni are 
calculated from Ti based on combinatorics curves.

7. Navigation system
This section describes in detail the MASS state estimation procedure 
of the navigation system, which is validated in the field experiments.

Accurate vessel state estimation is essential for guidance and con-
trol systems, enabling the MASS to perform its tasks effectively. To 
achieve this, the navigation system must integrate a robust sens-
ing layer that processes data to extract meaningful information and 
construct the state vector by measuring and estimating the nec-
essary parameters. The vessel state estimation primarily relies on 
data gathered by onboard sensors and a standard Kalman Filter 
(KF) (Maybeck, 1990), utilising a fully kinematic, constant-velocity 
state transition model.

The sensors considered to be onboard the MASS are a GNSS 
receiver and an INS. The GNSS receiver provides latitude and longi-
tude, while the INS, through its embedded gyro and magnetometer, 
supplies the heading angle ψ and the rate of turn r. To integrate 
GNSS data into the navigation system, the latitude and longitude 
coordinates (latp, lonp) are first converted into Universal Transverse 
Mercator (UTM) coordinates (Snyder, 1987), using local Easting 
and Northing references. The GNSS position is then expressed in 
the inertial frame (n), which is defined at a reference location �
with known coordinates (lat�, lon�), following the transformation 
in (12). Under these conditions, the KF measurement vector becomes 
z = [x, y,ψ , r]. The use of the KF not only stabilises the measured 
quantities but also enables the estimation of unmeasured variables, 
i.e. Vx and Vy.

z(1 : 2) = ζ (latP, lonP, )− ζ (lat�, lon�) (12)

where ζ  refers to the UTM conversion function.

8. Material and methods

This section outlines the software and the hardware setup used for 
the field experiments, with details on sensors, sensors’ mounting 
on the test vehicle and general hardware. In addition, the indicator 
selected for evaluating the proposed system is discussed.

8.1. Hardware
The Shallow Water Autonomous Multipurpose Platform (SWAMP) 
(Odetti et al., 2020), a fully electric catamaran, is selected as a case 

Table 1. GNSS/INS technical specifications.
Sensor Spec. Value

Gyroscope Standard full range 450 deg/s
In-run bias stability 10 deg/h
Noise density 0.01 ◦/s/√Hz

Accelerometer Standard full range 20 g
In-run bias stability 15 µ g
Noise density 0.01 ◦/s/√Hz

Magnetometer Standard full range +/− 8 G
Total RMS Noise 0.5mG
Resolution 0.25mG

GNSS receiver Brand u-blox
Model MAX-M8
Accuracy 1m

study. It is equipped with an embedded Inertial Navigation System 
(INS), Global Navigation Satellite System (GNSS) receivers, and it is 
designed to accommodate a LiDAR unit and optical sensors (oper-
ating in both the visible and infrared spectrum), which form the 
sensing layers of the system. Communication between components 
and the shore control centre is ensured by Wi-Fi connection. To 
obtain the vessel’s position and orientation data, a Xsens MTi-G-710 
GNSS/INS system is employed, whose technical specifications are 
provided in Table 1. The SWAMP-class vehicle equipped with the 
sensor suite in the field test environment is shown in Figure 4(a), 
while the schematic representation of the vehicle with the sensor’s 
mounting points is shown in Figure 4(b). From the layout, it is evi-
dent that the GNSS receiver is positioned approximately amidships, 
while the INS is mounted 350 mm above.

The sensor suite is connected to an onboard processing unit, 
specifically a semi-rugged PC housed on the vessel deck, and further 
protected by a soft dry bag, whose specifications are given in Table 2.

The onboard computational module is in charge of reading the 
sensor data, performing data parsing and primary processing, and 
publishing the resulting data to the communication layer. The pro-
cessed data are published on specific topics using the MQTT (Mes-
sage Queuing Telemetry Transport) protocol, exploiting a Wi-Fi 
network created by an access point located on board the vessel. On 
the shore resides a second computational module that is subscribed 
to the topics and has the ability to log data or perform additional 
processing. In this architecture, the on-board or shore process units 
are nodes and additional nodes can be inserted for any need. On the 
same network, control commands are sent to the propulsion mod-
ules. Each propulsion module constitutes a separate node, and each 
hull is managed by Raspberry Pi 3.0 model B SBC (Single Board 
Computer) running the Raspbian OS (Operating System). For addi-
tional details on the vessel’s architecture, please refer to the original 
paper (Odetti et al., 2020).

8.2. Test procedures and indicators
The GNC system of the surveillance platform presented in the pre-
vious sections of this paper is validated with both a numerical 
simulation and a field experiment.

The numerical simulation consists of a simulated surveillance 
operation in which a simplified mathematical model of SWAMP is 
required to surveil a virtual AOI whose boundaries coincide with 
those of the environment in which the field experiment takes place. 
The objective of the numerical simulation is twofold: first, to pro-
vide preliminary validation of the guidance and control systems; and 
second, to demonstrate the ability of the coverage to encompass the 
entire AOI.

The field experiment consists of a surveillance operation taking 
place in an artificial lake located in the province of Piacenza, Italy, 
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Figure 4. SWAMP-class vehicle outfitted for the field test campaign. (a) Swamp-class vehicle in test field. (b) Sensors layout.

Table 2. Onboard computer main specifications.
Spec. Value

OS Fedora Linux 41
Kernel 6.13.10
CPU Intel Core i3-1115G4 4.10 GHz
RAM 8GB DDR4

at 44.92682◦N 9.57081◦E and shown in Figure 5(a). This lake has 
a maximum spacing of approximately 100 x 60m, however, it is big 
enough to grant SWAMP freedom of movement, but small enough so 
that it is entirely covered by the Wi-Fi network, thus communication 
between the shore station and SWAMP is never lost. The objective 
of the field experiment is to validate the integration of the guidance, 

Figure 5. Test site. (a) Aerial View. (b) Cells of the partitioned AOI.

Table 3. Input parameters for the patrolling simulation.

l [m] margin [m] dproximity [m]

2 3 10

navigation, and control systems and demonstrate the robustness of 
the GNC system.

The AOI to be surveyed is a polygon representing a portion of 
the entire lake for both the experimental and simulation campaigns. 
The boundary of the AOI and its partition are shown in Figure 5(b), 
Table 3 shows the parameters for the coverage algorithm. Because 
SWAMP is not equipped with a perceptive sensor in both the simula-
tion and the field experiment, the value of l is chosen so that each cell 
is approximately the same size as SWAMP. The value of dproximity is 
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chosen to ensure the legs have a minimum length compatible with the 
velocity profile adopted in the track keeping algorithm. The ‘margin’ 
is introduced to create a buffer zone from the boundary of the AOI, 
allowing SWAMP to manoeuvre freely and to account for possible 
seasonal variations in the lake boundaries.

The results of the numerical simulation and field experiment are 
analysed and discussed following both a quantitative approach based 
on a set of Key Performance Indicators (KPIs) defined to describe the 
performance of the GNC system. These metrics are the Mean Cross-
Track Error (MCTE), the Maximum Cross-Track Error (MaCTE), 
the Mean Along-Track Error (MATE), the Mean Path-Tangential 
Angle Error (MPTE), the Mean Speed Over Ground Error (MSOGE), 
and the Mean Rate Of Turn Error (MROTE).

The MCTE is the mean value of the transversal deviation ed2(t)
of SWAMP with respect to the surveillance path. This KPI is consid-
ered the primary measure of respect for the other, given the intended 
objectives of the proposed system. For a single leg ed2(t) can be 
calculated as in (13), while the MCTE can be calculated as in (14).

ed2(t) = |R(ξ)(η(t)− ηTR(t)) · d2| (13)

MCTE =
1

te − t0

∫︂ te

t0
ed2(t) dt (14)

where t0 and te denote the start and end times of the entire time series 
analysed.

The MaCTE is the maximum value of the transversal deviation 
ed2(t) of SWAMP with respect to the surveillance path.

The MATE is the mean value of the longitudinal deviation ed1(t)
of SWAMP with respect to the surveillance path. For a single leg 
ed1(t) can be calculated as in (15), while the MATE can be calculated 
as in (16).

ed1(t) = |R(ξ)(η(t)− ηTR(t)) · d1| (15)

MATE =
1

te − t0

∫︂ te

t0
ed1(t) dt (16)

The MPTE is the mean value of the deviation of SWAMP’s heading 
with respect to the heading required by the trajectory ψTR(t). The 
MPTE is calculated as in (17).

MPTE =
1

te − t0

∫︂ te

t0
|ψ(t)− ψTR(t)| dt (17)

The MSOGE is the mean of the error between SWAMP’s Speed Over 
Ground (SOG) and the SOG prescribed by the trajectory VTR(t). The 
MSOGE is calculated as in (18).

MSOGE =
1

te − t0

∫︂ te

t0
|V(t)− VTR(t)| dt (18)

where V(t) =
√︁
u(t)2 + v(t)2.

The MROTE is the mean of the error between SWAMP’s Rate Of 
Turn (ROT) and the ROT prescribed by the trajectory rTR(t). The 
MROTE is calculated as in (19).

MROTE =
1

te − t0

∫︂ te

t0
|r(t)− rTR(t)| dt (19)

Alongside the quantitative analysis, a qualitative analysis is also car-
ried out to enrich the results. To this end, the following information 
is provided: the state estimation system performances, the share of 
covered AOI as a function of time, the coverage heatmap, and sta-
tistical quantities of the surveillance path. The aim of the qualitative 

analysis is to validate the effectiveness of the state estimation system 
and the coverage algorithm.

The state estimation system performance is assessed in three ded-
icated analyses: (i) Compliance with the specified 10 Hz feedback 
publication frequency is assessed by evaluating timestep accuracy 
through the mean, median, and standard deviation of the intervals 
between consecutive samples; (ii) The statistical properties of the KF 
residuals are analysed. The kth iteration residual is defined as the 
difference between the predicted state vector projected in the mea-
sure space and the measure vector itself. This enables evaluation of 
whether the KF appropriately tracks the object’s true dynamics with 
respect to the measured quantities. It is used to assess the state esti-
mation system’s capability. In addition, the distribution of residuals 
is checked for normality; (iii) A focused analysis is performed on 
the quantities that are estimated (and not directly measured) by the 
system, specifically the velocity components Vx and Vy. In a trajec-
tory leg characterised by pure surge constant speed, the velocities 
estimated by the filter are compared to those computed via finite dif-
ferences of position data. The KPI is expressed in terms of the Root 
Mean Square Error (RMSE) relative to a reference average velocity. It 
is used to assess the state estimation system’s capability.

The effectiveness of the coverage algorithm is assessed by present-
ing statistical metrics of the generated surveillance path, a heatmap 
showing AOI coverage, and a graph showing the share of AOI cov-
ered over time. The statistical quantities indicate the randomness 
of the path; the heatmap indicates possible bias in the coverage 
algorithm; and the share of AOI covered over time provides an 
estimate of the coverage speed.

9. Results
This section reports the results obtained to validate the proper func-
tioning of the architecture and the integrability of its components. 
Due to the complexity of the global system, which requires integrat-
ing several subsystems to achieve the surveillance objective, multiple 
development steps must be undertaken to achieve the ultimate goal. 
An overview of the steps to be carried out to achieve the ultimate 
goal is described in depth in Section 3 and is presented in Ponzini 
et al. (2024). Here, all preliminary steps, including the computer sim-
ulation phase and testing of the individual components in a virtual 
scenario, have been presented, demonstrating the functionality of the 
subsystems and their integration into several preliminary subsets. 
The results include the coverage performance of the selected area, as 
provided by the coverage algorithm; the generation of collision-free 
paths by the path planner; the environment perception capabilities 
of the perception subsystem; and the intruder detection mechanism 
within the shadow vessel monitoring system, applied to the criti-
cal infrastructure of the Lillgrund Wind Farm. Moreover, physical 
MASS testing was conducted in a controlled indoor environment 
using the indoor test tank facility, where the MASS platform’s estima-
tion and control capabilities were evaluated. Specifically, the vessel 
performed autonomous navigation along a sequence of waypoints, 
thereby testing the Indoor Positioning System’s state estimation, con-
trol, and track keeping capabilities. The results demonstrated the 
reliability of the onboard state estimation subsystem and confirmed 
the feasibility of transferring these functionalities to an outdoor 
environment.

Verification of the architecture proposed in this paper, shown in 
blue in Figure 1, is the enabling technology for the entire infras-
tructure; hence, it is a fundamental step to be achieved, following 
the steps previously outlined in Ponzini et al. (2024). The results 
presented here demonstrate the validation and verification of these 
enabling technologies in a simulated environment and subsequently 
in a relevant environment.
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9.1. Simulation tests
The simulated tests are conducted using a mathematical model that 
approximates SWAMP dynamics. The model is identified follow-
ing the procedure proposed in Yasutomi and Fukushima (2015) 
and Hinostroza et al. (2025), using the experimental data collected 
during several experimental campaigns conducted with the MASS. 
This model plays a fundamental role in the subsequent simulation 
stages, as it provides a reliable representation of system behaviour 
and enables a realistic evaluation of the proposed strategies.

Both the coverage algorithm’s effectiveness in the area and the 
overall system’s effectiveness are evaluated in this phase. The cov-
erage subsystem is implemented in a separate process from the 
remainder of the system and communicates via MQTT.

The surveillance simulation uses 1000 waypoints generated by the 
coverage algorithm and simulates patrolling of the AOI for approxi-
mately 16 hours. This long-duration simulation allows the evaluation 
of the proposed framework under realistic operational conditions. 
The results obtained demonstrate the framework’s effectiveness in 
ensuring persistent area coverage and its robustness against the 
stochastic variability introduced by the generated paths.

The KPIs presented in Section 8.2 expressing the performance of 
the tracking system are reported in Table 5, the heatmap is reported 
in Figure 6(a), and the share of covered AOI in time in Figure 6(b). 
Moreover, Table 4 shows the mean values and the standard deviation 
of the leg length and course angle variation between consecutive legs 
of the surveillance path.

To enhance the reader’s understanding, the results are supple-
mented with time histories for the first 1200 seconds and for 22 
waypoints of the entities involved in computing the KPIs. The cross-
track, along-track, and angle errors time histories are reported in 
Figure 6(c), respectively, in red, blue, and light blue. The SOG error 
and the rotation error are reported in Figure 6(d), respectively in blue 
and red. In Figure 6(e), the path is shown at the end; the waypoints are 
numbered and marked with red stars, and the dashed line indicates 
the resulting desired path. The blue line represents the resulting path 
of SWAMP and can be coupled with the catamaran shapes to provide 
information about the heading. The green and red markers represent 
the initial and final points, respectively.

The data presented in Table 4 show that more than half of the time, 
the leg length is between 15.68m and 37.97m, and the course change 
is between 74.91◦ and 172.6◦, making it very difficult to predict the 
position of the waypoints generated.

The heatmap in Figure 6(a) shows that the surveillance path cov-
ers the entire AOI but appears to be biased toward the centre of the 
domain. This bias was expected and is likely due to the mean leg 
length, which is high relative to the overall dimensions of the AOI, 
thereby forcing the MASS to almost always pass through the centre 
of the domain.

Figure 6(b) shows that the surveillance path has an exponen-
tial rate of coverage, and more than half of the AOI is covered 
in the first percentage of time. It is important to note that, dur-
ing the surveillance simulation, no hypotheses were made about the 
nature of the perceptive sensor mounted on SWAMP. Therefore, a 
cell is considered covered only when SWAMPS physically occupies 
it. In a real-world scenario in which a sensor with a range several 
times larger than SWAMP’s length is employed, the rate of conver-
gence is expected to be faster than that achieved in the surveillance 
simulation.

Beginning with the analysis of pose-related errors, the magni-
tudes of the cross-track error metrics MCTE and MaCTE can first 
be evaluated. The results indicate that MCTE is close to zero, which 
is fundamental to the objectives of the proposed system, as discussed 
earlier. To better understand the origin of the MaCTE value, it is nec-
essary to analyse the extract from the time history of the cross-track 

error ed2  reported in Figure 6(c). It can be observed that, at each 
change in the waypoint pair, the cross-track error exhibits a peak 
corresponding to the change in direction, followed by a rapid decay. 
This behaviour represents a transient response and originates from 
the physical limitations of the adopted MASS, particularly in terms 
of available control moment. The maximum value is approximately 2 
meters, which coincides with the threshold for switching to the next 
waypoint pair.

A similar interpretation applies to the along-track error and the 
resulting MATE metric. In this case, after each transition between 
waypoint pairs, an error that subsequently decreases is generated. 
However, unlike the cross-track error, the along-track error does 
not converge to zero. This behaviour is a direct consequence of the 
waypoint-switching logic, which is triggered when the distance to the 
nearest waypoint exceeds 2m. This value must therefore be explicitly 
accounted for when evaluating the MATE metric.

Analogous considerations can also be drawn for the MPTE met-
ric and for the heading error eψ  time histories, which exhibit similar 
transient behaviours at each waypoint transition and rapidly decay 
once the vehicle re-aligns with the desired trajectory.

Analogous considerations apply to the velocity-related errors, 
which remain very limited in terms of MSOGE, whereas larger values 
are observed for MROTE. The latter exhibits distinct peaks cor-
responding to waypoint transitions, consistently with the transient 
dynamics discussed earlier.

9.2. Field experiments

Finally, the results of the outdoor experiment, which integrated the 
control system, guidance functionalities (coverage and track keep-
ing), the MASS navigation state estimation system, and the physical 
MASS, are reported here.

The first part of the tests aims to verify the feedback estima-
tion system in the selected fields, adopting the KPI described in 
Section 8.2. The first KPI reported concerns the verification of 
timestep consistency. Log files were analysed, which contained the 
Unix timestamps of each message sent by the state estimation sub-
system during a two-day experimental campaign at the selected test 
site. The average timestep obtained from this analysis was 0.100067 s, 
with a standard deviation of 0.00028 s, confirming both the system’s 
ability to operate at the desired frequency of 10 Hz and its capability 
to achieve more than sufficient stability of the signal frequency.

Using the state estimation data relative to the path shown in 
Figure 8(d), the residuals were evaluated for each iteration. In partic-
ular, Table 6 summarises the major statistics of interest. The residual 
value is generally close to zero. Furthermore, to assess the normality 
of the residuals, histograms illustrating the residual distribution for 
each measured variable (see Figure 7(a)) are provided, along with the 
corresponding Q–Q plot (see Figure 7(b)).

Finally, an analysis was conducted on the quantities estimated 
but not directly measured by the filter, specifically the two veloci-
ties Vx and Vy. Specifically, a pure surge motion test was performed 
in remote-control mode by sending a constant-velocity command to 
the vehicle. A reference leg was extracted after the acceleration phase, 
and both the velocities estimated by the filter and those computed 
through direct differentiation of position were considered. The veloc-
ity signals were then compared against the reference average speed 
of the leg; statistics of the comparison are reported in Table 7. In 
conclusion, the Kalman-filter–based feedback system can effectively 
estimate velocities while simultaneously smoothing measured quan-
tities, ensuring normality of the residuals and reliability relative to 
the measured values.

The second part of the results, instead, focuses on the real-time 
experiment of the selected framework. The results indicate a scenario 
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Figure 6. Simulation results. (a) Heatmap. (b) Covered AOI in time. (c) Pose errors. (d) Speed errors and (e) Path.
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Table 4. Statistical parameters of the generated path in the surveillance simulation.

Stat. leg length [m] course change [◦]
Mean 27.33 123.8
Median 28.28 140.5
σ 11.64 48.88

Table 5. Simulation Results – GNC performance.

MCTE MaCTE MATE MPTE MSOGE MROTE
[m] [m] [m] [deg] [m/s] [deg/s]

0.23 2.48 3.4 11.7 0.08 3.7

Table 6. Statistical KPI indicators of residuals for the estimated states.
Stat. x[m] y[m] ψ [deg] r[dps]

Mean 0.00019 −0.00015 −0.01392 0.02079
σ 0.03752 0.02960 0.37001 1.78554

with 27 waypoints and a duration exceeding 21 minutes. The path 
covered is shown in Figure 8(d), following the same representation 
adopted in the previous subsection. The same consideration can be 
done for the cross-track, along-track, and angle errors time histories 
reported in Figure 8(e), and for the SOG error and the rate of turn 
error reported in Figure 8(f). The KPIs related to the tracking per-
formances are reported in Table 8. To complete the results and assess 
the effectiveness of the coverage, Table 9 shows the statistical quan-
tities of the path, Figure 8(a) reports the heatmap deriving from the 
experimental test, and Figure 8(c) shows the share of AOI covered 
over time. To enhance the assessment of coverage, the information 
is compared with results obtained simultaneously from simulation, 
hence the heatmap in Figure 8(b).

First, a general qualitative comment on the experimental results 
can be drawn from the analysis of the overall results and, in particu-
lar, the trajectory. As shown, the vessel follows the desired path with 
overall acceptable accuracy, consistent with the behaviour observed 
in the simulation tests. After each waypoint change, a noticeable 
overshoot occurs, primarily due to the limited yaw moment reserve 
of the vessel in the considered propulsion configuration, as noted ear-
lier. In addition, a persistent lateral offset is observed, predominantly 
towards the south-west direction, which can be attributed to external 
disturbances. As a second general comment, it can be stated that the 
KPIs reported in Table 8 are generally higher than the corresponding 
simulated values reported in Table 5, as expected for an experimental 
test in a real environment subject to external disturbances.

Table 7. Speed components RMSE on a reference value.
Component Ref value [m/s] RMSEKF RMSERaw

Vx 0.42 0.035 0.25
Vy −0.32 0.043 0.15

Going into more detail, the effectiveness of the coverage algorithm 
during the field experiments is evaluated, and, based on the statistical 
parameters of the path presented in Table 9, similar conclusions can 
be drawn to those from the surveillance simulation. Indeed, statisti-
cal quantities of the surveillance path make it very difficult to predict 
the future waypoints.

The experimental heatmap from Figure 8(a) by itself tells very lit-
tle about the coverage of the AOI because of the reduced duration of 
the field experiment. However, a comparison with Figure 8(b), which 
shows the heatmap of the surveillance simulation in a time interval 
equal to the duration of the field experiment, makes it clear that in the 
field experiments, the coverage algorithm seems to perform better, 
even though a bias towards the centre of the AOI is still present.

Figure 8(c) shows the share of AOI covered over time during 
the field experiment and the surveillance simulation in the same 
time interval. As per the surveillance simulation, also in the field 
experiment, no hypotheses have been made on the perceptive sen-
sor mounted on SWAMP. This figure suggests that the surveillance 
path generated during the field experiment allows faster coverage of 
the AOI than that generated in the simulation, covering 50% of the 
AOI in the same time interval, despite the 43%.

The analysis can therefore focus on pose-related errors, partic-
ularly the magnitudes of the cross-track error metrics MCTE and 
MaCTE. It can be observed that the MCTE is on the order of one 
metre, a value that falls within the grid cell used for domain discreti-
sation and can be attributed to the lateral offset consistently observed 
towards the south-west along the entire path. Since this metric rep-
resents the primary KPI for the mission under consideration, its 
magnitude was deemed acceptable, and the mission objective can be 
considered fulfilled. As for the maximum cross-track error, its tem-
poral evolution is reported in Figure 8(e), where a rapid decay can 
be observed following its peak. This behaviour is consistent with the 
limitations of the physical model discussed previously. For the MATE 
metric related to the along-track error, the same observations dis-
cussed in the previous subsection for the simulated results also apply 
to the experimental data.

Figure 7. Residual analysis for each measure variable. (a) Residuals distribution histograms. (b) Q–Q plot.



12  C. FRUZZETTI ET AL.

Figure 8. Experimental results. (a) Experimental Heatmap. (b) Partial coverage heatmaps for the simulation. (c) Coverage over time during the surveillance simulation and 
field experiment in the same time interval. (d) Path. (e) Pose errors and (f ) Speed errors.
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Table 8. Experimental Results – GNC performance.

MCTE MaCTE MATE MPTE MSOGE MROTE
[m] [m] [m] [deg] [m/s] [deg/s]

0.98 3.56 4 21 0.1 6

Table 9. Statistical parameters of the generated path in the field experiment.

Stat. leg length [m] course change [◦]
Mean 23.44 116.3
Median 24.08 117.1
σ 8.913 32.47

Turning to the MPTE metric, which quantifies the heading error 
eψ , and observing its temporal evolution in Figure 8(e), it is evident 
that this metric is most affected by the transition from simulation 
to real-world testing. Indeed, the typical peak-and-decay pattern 
observed after each waypoint change shows absolute values simi-
lar to those in simulation but with a longer tail, which significantly 
increases the metric. Given the previously discussed physical limita-
tions, this behaviour was expected and accurately reflects the vessel’s 
limited yaw moment capability.

Finally, all the above observations also apply to the analysis of 
the velocity-related KPIs, namely MSOGE and MROTE. As expected 
and similarly to the previous cases, MSOGE assumes very small val-
ues, consistent with the temporal evolution of the speed error eSOG
shown in Figure 8(f). Conversely, MROTE exhibits higher values, 
with peaks occurring after each waypoint change. The difference rel-
ative to the simulation is primarily due to rotational errors, which 
extend beyond the transient peaks following waypoint changes and 
also include additional transients caused by external disturbances. 
The vessel is particularly sensitive to these disturbances due to its 
physical shape and large exposed surface area, especially with respect 
to wind, which affects the heading angle.

10. Conclusions and further research
This paper presents the validation of the enabling technologies 
underlying a MASS-based architecture for critical maritime infras-
tructure monitoring missions. The results demonstrate the cor-
rect operation of the proposed architecture and confirm the effec-
tive integration of its individual components. Both simulation and 
field tests validated the capability of the experimental platform to 
autonomously follow a surveillance path generated in real time by the 
coverage algorithm. In particular, the real-time integration and coor-
dination of the physical platform, the control system, the surveillance 
path planner, and the state estimation module–based on onboard 
sensor data–were successfully demonstrated.

The results related to the state estimation system highlight its abil-
ity to acquire and process sensor data in real time at a stable update 
rate, ensuring reliable communication with the other subsystems. 
Furthermore, the analyses confirm the system’s capability to pro-
vide a coherent and accurate estimate of the vessel state, both for 
directly measured variables and for those inferred through estima-
tion techniques. The results for the coverage algorithm demonstrate 
the system’s ability to effectively cover the Area of Interest (AOI), 
while also highlighting the stochastic nature of the generated paths 
and the resulting difficulty in predicting future waypoint locations. 
The tracking performance analysis shows overall reliable behaviour, 
while also revealing the main limitations of the current vessel config-
uration. The results confirm the physical constraints of the adopted 
MASS, which provides limited control capability in terms of moment 
and increases sensitivity to external disturbances.

Several solutions can be pursued to improve the overall system 
performance. These include addressing the vessel’s physical limi-
tations to improve force allocation and introducing curved paths 

near waypoints to better comply with the dynamic constraints of the 
SWAMP platform and to enhance tracking performance. In addi-
tion, future developments will focus on integrating these enabling 
technologies into the comprehensive surveillance architecture. The 
integration of the perception subsystem together with collision-free 
path planning and shadow vessel monitoring functionalities will 
constitute the subject of future work.
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