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A B S T R A C T

Marine debris poses an alarming threat to ocean environments. Conventional methods of sea and ocean
cleaning rely heavily on manual collection, a process that has repeatedly demonstrated its inefficiency and
extensive demand for resources. This paper presents the SeaClear system, a novel multi-robot platform
designed to autonomously detect and collect marine debris, thereby offering a more efficient solution to
this environmental challenge. An overview of the system is presented, followed by a detailed description
of each robot’s capabilities. Leveraging artificial intelligence, the system employs the deep-learning-based
computer vision algorithm You Only Look Once (YOLO) for the detection of underwater litter, addressing
the challenges of poor visibility and hydrodynamic disturbances of underwater environments. Additionally,
the paper explores the implemented navigation and control methodologies, which are an essential part of the
workflow of the system. The performance of the designed system is validated via field tests conducted in a
real-world underwater environment. Finally, directions for future work are proposed.
1. Introduction

Marine environments are increasingly threatened by the accumula-
tion of waste resulting from human activities. Plastic is the largest and
most harmful fraction of marine waste, accounting for around 85% of
total marine waste (McGlade et al., 2021; Isobe and Iwasaki, 2022).
It is estimated that 11 million tons of plastic waste enter the ocean
each year (McGlade et al., 2021). Interestingly, the majority of plastic
entering the oceans (94%) ends up on the seafloor instead of the sea
surface Sherrington (2016). The severity of the situation is underscored
by multiple studies warning that the volume of marine debris may
continue to increase, potentially surpassing the total weight of fish in
the sea by 2050 if no drastic action is taken (World Economic Forum
and Ellen MacArthur Foundation and McKinsey & Company, 2016).
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Parallel to this environmental threat, the rapid advancements in ar-
tificial intelligence and robotics have led to their extensive application
outside the lab for complex, real-world problems. Despite their poten-
tial though, the implementation of these technologies for addressing
the urgent issue of marine pollution, particularly litter on the seabed,
remains a challenging and largely unexplored area. The primary rea-
sons hindering the employment of subsea robots for debris collection
are related to the nature of underwater environments. Disturbances
caused by hydrodynamic forces and external factors can heavily affect
the performance of robotic vehicles, especially in cases that require
high operating precision. Another major challenge is related to the poor
visibility conditions underwater due to light absorption, scattering, and
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Fig. 1. Overview of the SeaClear robotic platform.

reflection. Finally, underwater communication and sensing are impos-
ing limitations on localization and control in the field of underwater
robotics.

Artificial Intelligence (AI) adoption in underwater robotics applica-
tions could play a pivotal role in addressing the issue of marine litter.
This article introduces the SeaClear system, an autonomous multi-
robot platform engineered for the collection of marine debris from the
seafloor. This system stands as a significant application of AI in the
field of marine robotics, offering a novel solution to an increasingly
concerning environmental problem. Our objective is to explain the key
features of the SeaClear system and workflow, as well as to validate
its feasibility and practical performance through results from field
experiments. Specifically, the contributions of the current paper are:

• The SeaClear system is described: a multi-robot solution that
integrates aerial, surface, and underwater vehicles to efficiently
and autonomously detect, map, and collect marine debris from
the seafloor.

• A sensing and control scheme is carefully designed, developed,
and integrated with the hardware. To solve practical challenges
that arise, novel methodological components are proposed, in-
cluding e.g. an intermittent-measurement pose estimator and a
procedure to locally reacquire visual contact with the litter during
collection.

• We show that the state-of-the-art computer vision algorithm
YOLO is suitable for real-time detection and classification of
underwater litter. The adaptability and performance of this al-
gorithm under the challenging conditions of underwater en-
vironments are assessed, providing valuable insights from its
deployment in real-world scenarios.

• We confirm the practical performance of the SeaClear system.
This is done by validating the system through a battery of real-
world field experiments.

The paper is organized as follows: Section 2 gives an overview of
the existing related work in this field. Section 3 presents the overall
2 
architecture of the platform and an in-depth description of each robot
constituting the system. In Section 4 the proposed workflow of the
SeaClear system is presented and analyzed. Section 5 presents the
results of the simulation validation and the field experiments. Finally,
Section 6 gives concluding remarks and directions for future work.

2. Related work

Despite the growing threat posed by marine litter, there are only
a few integrated solutions to address it. The majority of the current
strategies primarily focus on preventive measures and pollution mon-
itoring (Watanabe et al., 2019; Babić et al., 2023), with the cleanup
approaches typically targeting the sea’s surface and the water column.
In Cózar et al. (2014), the first global map of plastic waste in the
ocean is presented. A three-dimensional real-time detection system
of marine plastic litter is presented in Yang et al. (2025), which is
based on deep learning techniques. An approach to detect and identify
submerged debris in marine environments using forward-looking sonar
imagery and convolutional neural networks is presented in Valdenegro-
Toro (2016). In Jia et al. (2023), various deep-learning algorithms
performing the task of visually detecting trash in underwater environ-
ments are evaluated. However, all these solutions only focus on the
detection and mapping of the litter, without proposing an approach
for litter collection. The employment of robotics to facilitate com-
prehensive solutions to the identification, gathering, and elimination
of marine waste is largely concentrated on the collection of surface
marine litter González-Morgado et al. (2025). These efforts include,
e.g., the Ocean Cleanup (The Ocean Cleanup) initiative, which has
developed an approach based on natural, oceanic currents to passively
collect plastic debris in floating garbage patches. More specifically,
their system comprises a floating barrier for capturing waste and a
central platform that functions as a processing plant to extract, sort, and
recycle the collected plastic. In addition, in Kong et al. (2021), a robot
system is developed to collect floating garbage from the water surface.
A deep-learning-based detection framework is adopted for the floating
litter detection, while a sliding-mode control approach is implemented
for the steering of the robots. In Zhang et al. (2023), an unmanned
surface vehicle is proposed for autonomous water quality monitoring as
well as for water surface litter detection and collection. A color-based
object detection algorithm is employed for the detection of floating
litter in combination with sensor fusion to accomplish the various
functions of water quality monitoring and litter cleaning. Finally, a net
is mounted to the surface vehicle to collect the detected floating litter.

Furthermore, the organization SeaCleaners (The SeaCleaners) has
developed a specifically designed vessel to collect floating plastic de-
bris. This vessel is also capable of removing larger pieces of floating
debris from the water, such as nets or containers lost by other vessels,
using two cranes. In addition, Ranmarine (RanMarine Technology) has
introduced an autonomous lightweight vessel called Watershark, in-
spired by whale sharks. The Watershark navigates the water collecting
plastics and microplastics, alien vegetation, and floating debris.

The task of underwater litter collection is currently primarily per-
formed by human divers. In addition, the EU projects MAELSTROM
(Gouttefarde et al., 2023) and Natural Seabed (Natural Seabed) are
developing large cable robots1 to pick up underwater litter, reducing
dependence on heavy and expensive marine support. However, Nat-
ural Seabed’s robotic system is not autonomous, and both solutions
focus on large cable robots; therefore, they are not very agile and
adaptable. Hence, these systems are constrained when employed in
complex topographies, such as ports in which marine debris tends
to accumulate, and where large vessels and platforms cannot easily
enter or be installed. Furthermore, a prototype for an underwater litter

1 Cable robots are a type of robotic manipulators where the end-effector is
manipulated by multiple cables controlled by winches.
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Fig. 2. SeaClear system modules.
collection robot has been developed within the Rozalia Project (The
Rozalia Project). This robot is operated remotely by humans. Finally,
in Wang et al. (2023), a jellyfish-inspired robotic platform is presented,
integrating electro-hydraulic actuators and a hybrid structure of rigid
and soft components. The robot can perform a wide range of functions
for diverse applications, including litter collection. This is not an inte-
grated approach for cleaning up the sea though, as this 16 cm-diameter
robot can only collect a small volume of litter, and it does not involve
a stand-alone large-sized collection basket for depositing the litter.

Contrary to these solutions, the SeaClear system introduces an
autonomous, integrated approach to detect and collect marine litter,
featuring an adaptable architecture. To the best of our knowledge, Sea-
Clear is the first system that consolidates all these advanced functional-
ities into a single solution. This emphasis on integration, adaptability,
and automation significantly enhances the current state-of-the-art in
marine litter collection technologies.

3. SeaClear system description

The SeaClear architecture (Fig. 1) has been developed with the aim
to search for and collect marine waste in an autonomous way. The
system consists of five main components: an USV that scans the sea
bottom, a collection basket for storing the litter, an observation ROV
that searches for litter underwater, a collection ROV that collects the
litter, and an UAV, which searches for litter from the air.

Although some hardware components like sensory equipment and
the aerial drone are standardized products available on the market,
other parts, such as the underwater and surface vehicles, the gripper,
the collection basket, as well as the respective launch and recovery
systems, are specifically developed towards the SeaClear purposes and
tailored to fulfill the task of underwater litter clean-up efficiently.
This section describes each robotic component comprising the SeaClear
system. The tables with the technical details can be found in Appendix.

3.1. Robotic modules

3.1.1. Unmanned surface vehicle - SeaCat USV
The SeaCat USV (Fig. 2(a)) is a sea-going unmanned surface vehicle

originally developed for offshore wind farm inspections. It is 6.83 m in
length, 3.1 m in width, and 2.15 m in height when inflated. The SeaCat
USV features a range of sensors, such as a high-resolution multibeam
echosounder, a Differential Global Positioning System (GPS), a Real-
Time Kinematics (RTK) GPS, and sensor data interfaces including Serial,
USB, and Ethernet ports, facilitating various connectivity options with
3 
the rest robotic vehicles. It serves as a central platform, offering the
capability to deploy not only the other three robotic vehicles, but also
a collection basket for placing the litter. Each component is tethered to
the SeaCat and released by an individual Launch and Recovery System
(LARS). Importantly, the SeaCat is equipped with a high-resolution
multibeam echosounder. This enables it to perform bathymetry scans
of the seafloor, creating accurate 3D models of the seabed. Large
underwater litter may already be identified through this initial survey.

3.1.2. Collection basket
The collection basket (Fig. 2(b)) is tethered to the SeaCat USV and

is lowered to the seafloor with an individual winch from the rear part
of the USV. Once on the seafloor, the basket also serves as an anchor to
the SeaCat USV, while the two underwater ROVs perform their tasks in
detecting and collecting litter. The basket itself is designed to hold up to
approximately 250 k g or 1 m3 litter per clean-up operation and is made
from aluminum struts to provide sufficient stability. These struts are
connected via a net with approximately 2 cm large meshes to present
less risk of accidentally entrapping wildlife. Due to its funnel-shaped
entrance and its bristled interface, it allows precise alignment of the
collection ROV and a safe deposit of litter without the risk of it floating
out of the basket again. The localization of the basket underwater is
achieved through fusing data using a Kalman Filter from the included
sensors on the basket, such as the Inertial Measurement Unit (IMU), the
depth sensor, and the SBL localization sensor. In addition, the basket
is also equipped with lights and ArUco markers for a more precise
positioning of the collection ROV during the close-range maneuvering.
An integrated camera inside the basket enables the operator to observe
the litter deposit process, assess the litter intake capacity, and identify
potential problems. For areas with dense marine litter pollution, where
a collection rate of 60 × 2 L per hour is needed, the total volume of the
collected waste would be under the 1 m3 capacity of the basket (see
Fig. 3).

3.1.3. Observation ROV - mini Tortuga ROV
The Observation (mini Tortuga) ROV, depicted in Fig. 2(c), is a

lightweight inspection robotic vehicle that employs several sensors
for underwater debris detection. This sensing system aims to dis-
tinguish among debris, fauna, and flora, ensuring that only debris is
collected without harming any living organism. It combines the use
of a conventional full-HD video camera with high-power LED lights
to survey the surroundings primarily in clear or low-turbidity water,
and an integrated dual-frequency multibeam imaging sonar to augment
visibility under poor light conditions. The task of the Observation ROV

https://fab.cba.mit.edu/classes/865.21/people/zach/arucomarkers.html
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Fig. 3. SeaClear system components.
is to create a map of the detected litter from these sensors. During
this task, the previously generated map from the SeaCat USV is further
refined. The Observation ROV is connected to the SeaCat USV via a
tether, more specifically, a power line communication cable. The winch
for the Observation ROV is located at the bow of the SeaCat USV, where
the launch and recovery are performed.

3.1.4. Collection ROV - Tortuga ROV
The Collection (Tortuga) ROV is a larger (inspection class) ROV

designed to operate in strong currents and to collect debris from the
seafloor thanks to an embedded gripper, as can be seen in Fig. 2(d).
Similarly to the Observation ROV, the Collection ROV also features
a computer-vision-based system. The Collection ROV locates debris
through an integrated downward-facing camera in the gripper, which
provides images of the trash to be picked up and guides the robot
to the right spot for grasping it. The operation of the Collection ROV
shares similarities with its smaller counterpart, the Observation ROV.
4 
The Collection ROV is also tethered to the SeaCat USV by a winch,
which is situated at the rear of the SeaCat USV.

The Collection ROV collects the waste and transfers it to the col-
lection basket. The collection mechanism consists of a gripping and a
suction tool that are capable of collecting various types of litter. The
suction device is aimed to assist the gripper during debris collection
for diverse object types, such as plastic wrappers or bags.

Two critical considerations that have been taken into account dur-
ing the design phase of the collection mechanism, include: 1. the
requirement for a skid to contain the gripper and the suction device and
to be mechanically connected to the Collection ROV, and 2. the need
that all components minimize their negative hydrodynamic influence to
retain good controllability of the Collection ROV in water. Given these
considerations, the gripping and the suction tools have been designed
such that they consist of two shovels for litter collection and a pump
with a hose that can draw objects towards the suction cup. The gripper,
featuring a streamlined and bio-inspired design, was developed and
manufactured using a metal 3D printing process. This allowed the
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creation of a mesh-like structure from aluminum–magnesium alloys
that achieves a balance between strength and weight, while also
allowing any small animals that were accidentally trapped to escape.
With an inner volume of 155 cm3 and a size of 24 × 20 × 12.5 cm, the
gripper can fully enclose typical half-liter bottles or cans or grasp larger
objects with the front edges.

The gripper and the suction device can be operated independently of
each other through the Collection ROV’s communication interface. The
two shovel-like segments of the gripper are driven by a single motor
controlled by a motor driver that is connected to the Collection ROV.
The motor and its driver are contained inside a casing on which the
gripping segments are mounted. The inputs to the gripper are generated
by the automatic controller, although it is also possible to provide
manual input.

3.1.5. Aerial drone - DJI Matrice 210 RTK V2 UAV
The UAV surveys the area in which the robotic platform operates

nd enables detection and mapping of locations with larger litter
oncentrations that are visible from the air (Sukno and Palunko, 2022).

This provides initial information for a more detailed search performed
by the underwater robots in the next step. The detected litter is placed
n the map used to guide the Observation ROV so as to perform close-up
cans. The UAV is depicted in Fig. 2(e).

In conditions where the waters are transparent, the UAV can also
contribute to the localization of the ROV. This can be particularly
seful given the fact that the underwater robots work in a GPS-denied

environment and hence the UAV serves as an alternative source for the
position information of the ROV. In this way, when the ROV is detected
ear the surface, it gets supplied with a GPS estimate based on the

drone’s RTK-GPS and the localization in its camera frame, improving
the ROV’s localization accuracy.

Following the initial free-flight survey, the UAV is connected to the
SeaCat USV through a tether. The 40 m long tether enables continu-
ous air operation without the need to land by supplying power and
maintaining a reliable communication channel. At the same time, it
imposes a constraint on the movement of the UAV, necessitating the
coordination with the USV. The UAV LARS is the key component in this
coordination task. Situated high at the SeaCat USV bow, it consists of
a landing platform, a cable winch, and associated electronics. Hence, it
functions as the power and communication interface between the aerial
and surface vehicle.

4. Proposed system workflow & methodology

4.1. Overview

The mode of operation for the SeaClear system is depicted in Fig. 4.
Complementary figures in the manuscript provide a representation of
he main subsystems introduced in this overview, including the ROV
osition estimation scheme (Fig. 5), the mapping framework (Fig. 8),

the control structure of the Collection ROV (Fig. 10), the control scheme
of the tethered UAV (Fig. 13), and the overall software architecture
(Fig. 14). When the system reaches the designated area for its mission,
he SeaCat USV establishes an initial bathymetry scan of the sea floor.
arge pieces of litter may already be detected in this step. If the water is
lear enough, the aerial drone searches from above. The information of
he USV and the aerial drone is then refined into a map, which is sent
o the Observation ROV, equipped with the sonar and video imaging
ystems. The images captured by the Observation ROV are analyzed
sing object detection algorithms to differentiate between live organ-
sms and litter fractions. The latter are marked in the initial map, which
s constantly refined as the Observation ROV follows a lawnmower
rajectory while searching the area. After that, the Collection ROV is
eployed, navigating to the litter items marked on the map. It then
ollects the detected litter and deposits it in the collection basket. The
itter that cannot be collected and deposited into the collection basket,
5 
e.g., due to its large size, remains marked in the map for collection with
suitable equipment later on. Once the collection process is finished, all
vehicles tethered to the SeaCat USV are autonomously recovered from
he water and the SeaClear robotic platform returns to the shore.

4.2. Pose estimation

The pose (i.e. the position and the orientation) of the ROVs is the
ost challenging to estimate, since they travel underwater. We rely

n sensor fusion between their IMUs, Doppler Velocity Loggers (DVLs)
ounted on their undersides, and an absolute position sensor. For

he latter, underwater acoustic sensors are expensive and sometimes
navailable, so as an alternative, we find the global ROV position using
he camera image of the UAV (Ðuraš et al., 2022). This is of course only
ossible when the ROV is close enough to the surface to be detected

in the UAV image stream, so an interesting intermittent-measurement
estimation problem arises (Liu and Goldsmith, 2004; Maer et al., 2022).

e first describe the positioning algorithm in the UAV image, followed
y the overall pose estimator that fuses all the available sensors.

An object tracking algorithm is executed on the UAV camera image
o output the pixel position of the ROV, which is then used to obtain the
ormalized camera-referenced coordinates 𝐶𝐗, assuming calibrated in-

trinsic parameters of the camera. Further along the position estimation
pipeline (Fig. 5) the UAV altitude (𝑎UAV) and the ROV depth (𝑑ROV) are
ombined to obtain the vertical distance to the ROV. In NED (North-
ast-Down) coordinates, the ROV operating plane is defined by the
oint 𝐩0 on the plane and the normal vector 𝐧 perpendicular to it:

𝐩0 = (0, 0, 𝑎UAV + 𝑑ROV)T (1)

𝐧 = (0, 0, 1)T (2)

We transform 𝐩0 and 𝐧 from NED to the camera coordinate frame using
he rotation matrix 𝐶𝑅 ∈ 𝑆 𝑂(3) obtained from the camera orientation
ngles reported by the gimbal:

𝐶𝐩0 = 𝐶𝑅𝐩0 𝐶𝐧 = 𝐶𝑅𝐧.

Intersecting the vector representing the ROV position in normalized
camera coordinates 𝐶𝐗 with the ROV operating plane defined by
(𝐶𝐩0, 𝐶𝐧) allows us to recover the distance 𝑑 of the ROV to the camera’s
optical center:

𝑑 =
𝐶𝐩0 ⋅ 𝐶𝐧
𝐶𝐗 ⋅ 𝐶𝐧

(3)

Metric coordinates of the camera-referenced ROV position 𝐶𝐏 are
hen obtained from the normalized coordinates as:
𝐶𝐏 = 𝑑 𝐶𝐗. (4)

Finally, the GPS position and georeferenced orientation of the drone
are used in order to transform the camera-referenced position of the
ROV into a global position estimate. For a more comprehensive de-
scription and details of transformations between coordinates, readers
are encouraged to refer to the original paper (Ðuraš et al., 2022).

To fuse all the sensors (onboard and, when available, UAV-based),
the ROV performs pose estimation using an extended Kalman filter. The
detailed implementation is described in Moore and Stouch (2016), and
uses a kinematic model with 6 degrees of freedom for the robot. The
equations for the model and the extended Kalman filter updates are
tandard, so they will not be given here, with one exception: due to the
ntermittent nature of the UAV-based position measurement, the mea-
urement equation of the system switches between two possibilities. It
s given by:

𝐲𝑘 = 𝐶𝑘𝐱𝑘 + 𝑣𝑘 (5)

where 𝐱𝑘 is the state vector (consisting of 3D linear and angular
positions and velocities, together with linear accelerations), 𝑣𝑘 is mea-
surement noise, and 𝐲 is the measurement. Importantly, the output
𝑘
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Fig. 4. Overview of the SeaClear mode of operation.
matrix 𝐶𝑘 takes one of two values: 𝐶o or 𝐶f . Option 𝐶o corresponds
to on-board sensors only, so measurements include angular position
and velocity from the IMU, linear velocity from the DVL, and vertical
position from a water pressure sensor. Option 𝐶f is applied at those
time steps 𝑘 where the UAV-based position is available. It adds two
extra rows to 𝐶o, corresponding to the position in the plane from
the UAV. The output and noise dimensions increase accordingly. The
performance of the estimator is evaluated later on, in Section 5.
6 
4.3. Aerial and underwater mapping

4.3.1. Aerial debris detection
Detecting submerged marine debris from UAVs poses significant

challenges stemming from various factors. The efficient absorption of
light by water causes rapid attenuation with depth. This issue of limited
visibility is further exacerbated by surface wave motion, resulting
in motion blur and distorted images. Additionally, the considerable
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Fig. 5. Scheme of the ROV position estimation from the UAV adapted from (Ðuraš et al., 2022). The ROV reports its own current depth, necessary to compute
the ROV position estimate onboard the UAV. This estimate is then reported back to the ROV and used as an external input for the full ROV pose estimation
algorithm.
Fig. 6. Visualization of the inputs and outputs of the aerial marine debris detection pipeline. From left to right, the figure shows the captured input images, the
transformed images utilized as an input for the blob detection phase, and the final detection outputs visualized on the original images.
distance between the UAV and the submerged objects often results
in captured images lacking details, with objects being represented
merely as small blobs. Moreover, the phenomenon of glare, caused
by reflections at the water–air interface, introduces specular highlights
in images, potentially leading to erroneous detection of non-existent
objects.

Since there are no publicly available datasets that would facilitate
learning-based methods for underwater object detection from aerial
cameras, we utilize a learning-free approach based on a Difference of
Gaussians (DoG) blob detector. We handcraft the inputs of the blob
detection method based on experimentally observed image statistics by
taking the exponential of the difference between the blue/green color
channel and the red color channel:

𝐼𝑏−𝑟 = exp (𝑏𝐼 − 𝑟𝐼), (6)

𝐼𝑔−𝑟 = exp (𝑔𝐼 − 𝑟𝐼), (7)

where 𝑐𝐼 denotes the intensity of the color channel 𝑐 ∈ {𝑟, 𝑔 , 𝑏} of the
image 𝐼 .

This allows us to produce the blob detector input as a transformed
single-channel image 𝐼input = (𝐼𝑏−𝑟+𝐼𝑔−𝑟)

2 , which can be interpreted as
a score map where high values indicate the possible presence of a
submerged object. Intuitively, this approach based on the difference of
color channels utilizes the fact that for submerged objects wavelengths
in the red range are attenuated rapidly. As seen in the transformed
images shown in Fig. 6, applying this transformation helps to eliminate
surface objects and specular highlights (typically saturated in all color
channels of the original image) which could interfere with the blob
detection algorithm further along the pipeline.
7 
Blob detection can be formulated as the task of finding the local
extrema in the image scale-space (Lindeberg, 1998). The scale-space
representation of an image is obtained by the convolution of an image
𝐼(𝑥, 𝑦) with a variable-scale Gaussian kernel 𝐺(𝑥, 𝑦, 𝑠):

𝐺(𝑥, 𝑦, 𝑠) = 1
2𝜋 𝑠 exp

𝑥2 + 𝑦2

2𝑠
The scale-space can thus be defined as the following function:

𝐿(𝑥, 𝑦; 𝑠) = 𝐼(𝑥, 𝑦) ∗ 𝐺(𝑥, 𝑦, 𝑠) (8)

where ∗ represents the convolution operator.
For a scale-space representation obtained at a specific scale 𝑠,

applying the Laplacian operator ∇2𝐿 = 𝐿𝑥𝑥 + 𝐿𝑦𝑦 results in a strong
response for blobs of radius 𝑟2 = 2𝑠. Typically, multi-scale detection is
achieved by simultaneously considering local extrema with respect to
both space and scale by using the scale-normalized Laplacian:

∇2
𝑛𝑜𝑟𝑚𝐿(𝑥, 𝑦; 𝑠) = 𝑠∇2𝐿(𝑥, 𝑦; 𝑠) = 𝑠(𝐿𝑥𝑥 + 𝐿𝑦𝑦). (9)

The DoG operator (Lowe, 2004) is an approximation of the Lapla-
cian operator, generalizing to the scale-normalized Laplacian case with
scale levels given by 𝜎𝑖+1 = 𝑘𝜎𝑖:

DoG(𝑥, 𝑦; 𝑠) ≈ (𝑘2 − 1)
2

𝑠∇2𝐿(𝑥, 𝑦; 𝑠) = (𝑘2 − 1)
2

∇2
𝑛𝑜𝑟𝑚𝐿(𝑥, 𝑦; 𝑠) (10)

We utilize the scikit-image implementation of the DoG blob detector,
which requires the user to define the 𝜎min and 𝜎max hyperparameters
related to the minimum and maximum blob size, respectively. Since
𝜎 is given in pixel units we define minimum and maximum radii 𝑟 of
objects of interest in meters and use the following heuristic function to
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output 𝜎min and 𝜎max based on the UAV height ℎ measurements and
nown intrinsic camera parameters (DFOV, image size):

𝜎(𝑟, ℎ) = 𝑟

√

𝐼2width + 𝐼2height

2ℎ t an DFOV
2

(11)

𝜎min = 𝜎(𝑟𝑚𝑖𝑛, ℎ) (12)

𝜎max = 𝜎(𝑟𝑚𝑎𝑥, ℎ) (13)

Examples of the detection output, based on two samples of ex-
perimental data collected in Marseille, France, can be observed in
Fig. 6.

4.3.2. Deep-learning-based, underwater debris detection
The underwater detection of debris to further refine the map is

realized by the Observation ROV. During this task, objects are detected,
localized, and classified as debris, plants, animals, or ROV parts respec-
tively, using a Convolutional Neural Network (CNN) algorithm, selected
for its capability to extract hierarchical features from images, which is
necessary for the detection and classification of objects in underwater
nvironments (Ilioudi et al., 2022). Representative detector families in-
lude two-stage region-proposal networks like Faster R-CNNs, one-stage
eal-time detectors like the YOLO family, and end-to-end transformer-
ased detectors like Real-Time Detection Transformer (RT-DETR) and
ariants (Jian et al., 2024; Redmon et al., 2016; Ren et al., 2017;

Zhao et al., 2024). Two-stage approaches can achieve high-performance
bject detection with pixel-level accuracy. However, the inference time
or this type of CNNs is not sufficiently fast to support real-time

applications when processing the video input from the ROV’s camera.
In addition, R-CNN requirements in terms of memory and storage have
limitations when they are implemented on robotic hardware, due to the
lack of large-scale cooling mechanisms in these applications, which are
necessary in order to support operation under such an intensive load. In
contrast, one-stage and real-time transformer detectors achieve speed–
accuracy trade-offs appropriate for embedded inference (Terven et al.,
2023; Carion et al., 2020; Lv et al., 2024; Wang et al., 2024). Given the
real-time constraints of the SeaClear system, we adopt a YOLO-family
etector, because of its performance on resource-limited platforms and
ts mature deployment ecosystem, despite the recent advances in RT-
ETR models. Our decision is also supported by our data, as in the

technical validation of the SeaClear dataset, a model of the YOLO-
family achieved higher performance than Faster R-CNN (Ðuraš et al.,
2024a).

To properly train the YOLO neural network, a large custom dataset
s generated by data collected during different data collection trials.
he synthesis of a sufficiently large and good-quality dataset is not
rivial, considering that it should contain observations taken in varying
onditions to ensure the generalization capability of the trained neural
etwork. This also requires accurate ground-truth annotations. Due to
he scarcity of publicly available datasets for underwater debris, it was
ecessary to generate our own dataset (Ðuraš et al., 2024b). The dataset

consists of 8610 labeled image samples2 collected using ROVs in five
hallow-water locations in Croatia and France. It contains observations
f 40 object categories, grouped into debris, animals, plants, and ROV

parts. Annotations were created using the LabelMe tool (Russell et al.,
2008), which provides polygonal segmentation masks and bounding
oxes for each object instance, following the COCO format. Further
etails about the data collection setup, annotation taxonomy, and
alidation experiments can be found in Ðuraš et al. (2024a). The
OLO architecture (YOLOV6 S, 17.2 M parameters) is trained and
ested on this generated dataset. The training was done based on the

2 This size is comparable with the widely used publicly available dataset
TrashCan that contains 7212 images.
8 
implementation provided in the official repository of this architecture.3
The YOLO network was trained for 200 epochs with a batch size of 32
and an input image size of 640 × 640.

The performance metrics of object detection, such as Precision (P),
ecall (R), and the F1 score, are necessary for evaluating the effec-

iveness of the YOLO network (Goutte and Gaussier, 2005). Precision
measures the accuracy of the predictions, indicating the proportion
of positive detections that were actually correct, while Recall assesses
the ability of the neural network to find all relevant instances in the
dataset. The F1 score is the harmonic mean of Precision and Recall and
it provides a single score that balances both metrics.

In addition to these metrics, the mean Average Precision (mAP)
nd the Average Precision at various Intersection over Union (IoU)
hresholds are important in evaluating the performance of object de-
ection techniques. The IoU criterion measures the overlap between
he predicted bounding box and the ground truth, with a higher IoU
ndicating a more accurate prediction. The Average Precision corre-
ponds to the area under the precision–recall curve, and it provides a
ummary measure that combines the precision and recall into a single
etric. The mAP is the mean of the average precision values across

ll classes and IoU thresholds, providing a single score to represent the
verall precision and recall of the neural network across different object
ategories (Henderson and Ferrari, 2017).

The results of training the YOLO network are presented in Table 1.
The YOLO network achieves a performance equal to 93.5% mAP at 0.5
IoU threshold, while specifically for the trash, the YOLO network can
achieve a performance of 92.9% mAP at 0.5 IoU threshold. It should
be noted that, as anticipated, the mAP exhibited a decline at higher
IoU thresholds. This is consistent with the nature of the mAP@0.5:0.95
metric, which averages the mAP over a range of IoU thresholds from
0.5 to 0.95, thereby affecting the true positive classification rate. The
reduction at higher thresholds is also due to the uncertainty in object
boundaries in underwater environments, where the visual conditions
such as turbidity, light scattering, and partial occlusions introduce
mall localization deviations that impact IoU. In addition, the imple-
entation of image enhancement methods was also explored, but they
id not yield a significant increase in performance, and hence they were
ot incorporated into the real-time application (Ilioudi et al., 2023).

To improve the accuracy and reliability of the YOLO-based detec-
tion module, a strict confidence threshold mechanism is implemented
in combination with a temporal validation method. Each detected
object in YOLO is associated with a confidence score, ranging from 0
to 1, representing the neural network’s certainty that the bounding box
accurately includes a specific class of object. We have implemented a
high confidence threshold of 0.85 in our approach. This ensures that
only detections with a high likelihood of correctness are considered,
thereby significantly reducing the probability of false positives. In addi-
tion to the confidence threshold, our approach incorporates a temporal
validation strategy to address the challenge of repetitive or erroneous
detections in successive frames. This approach involves a time-based
criterion for detection validity, where a detection must persist for a
certain duration, between 2 and 3 s, to be considered valid. This
duration is chosen based on empirical observations, ensuring a balance
between detection responsiveness and accuracy. In this way, we filter
out transient detections that are likely to be false positives.

The image frames from the video stream of the ROV’s camera are
fed as input to the YOLO neural network, which then outputs, for
ach detected object, the class label, the confidence score, and the
oordinates of the bounding box around the object (Fig. 7).

3 https://github.com/meituan/YOLOv6

https://conservancy.umn.edu/items/6dd6a960-c44a-4510-a679-efb8c82ebfb7
https://github.com/meituan/YOLOv6


A. Ilioudi et al. Engineering Applications of Artiϧcial Intelligence 170 (2026) 114094 
Table 1
Evaluation of YOLO performance.

Class Labeled images Labels P@.5iou R@.5iou F1@.5iou mAP@.5 mAP@.5:.95

all 1722 6321 0.925 0.89 0.907 0.935 0.711
rov 172 204 0.975 0.94 0.957 0.974 0.876
plant 84 92 0.932 0.89 0.91 0.92 0.649
trash 1542 3333 0.932 0.89 0.91 0.929 0.725
animal 685 2692 0.915 0.85 0.881 0.918 0.594
Fig. 7. Example result of the YOLO object detection algorithm.
Fig. 8. Mapping framework.
4.3.3. Litter mapping
Once the objects have been detected, they must be placed on a map

for later pickup by the Collection ROV. The SeaClear pipeline for doing
this is shown in Fig. 8. Litter detected in the UAV camera stream is
registered in a 2D occupancy grid. The ROV-based map is maintained
as a point cloud, initialized from the bathymetry scan performed by the
SeaCat USV. Litter detected in the Observation ROV sonar and camera
9 
streams is registered by labeling points in this point-cloud-based,
reference map.

Methodologically, we perform a forward projection for detections
by both the camera and the sonar on the Observation ROV, using a sep-
arate projection model for each sensor. The projection methods for the
camera and sonar are illustrated in Fig. 9, left and right respectively. A
pinhole camera model is used, for which the parameters are obtained
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Fig. 9. Left: Mapping from a marked camera image. The pre-selected points are shown in black, and the projection from the point cloud into the image is shown
by lines. The red object in the camera image corresponds via the red lines to the object points in the point cloud, also shown in red. Right: Mapping from a
marked sonar image. The symbolism is similar to the camera mapping. One difference is that here the black points are pre-selected using the more complicated
shape of the sonar field of view, shown in a red outline.
by performing a calibration in seawater. The image coordinates 𝑝 are
obtained from the homogeneous world coordinates of the point 𝑃𝑤
using:

𝑝 = 𝐾 𝑇 𝑃𝑤 (14)

where 𝑇 is the transform between the camera and the world coordinate
frames, and 𝐾 is the intrinsic matrix. For the sonar, the model assumes
that a point in the volume visible by the sensor produces an image in
the zero-elevation image plane at the range and azimuth of the point.
The image frame produced by the sonar, in this case, is a finite, scaled,
and discretized subset of the zero elevation image plane. Thus, the
projected point 𝑝 in the image plane can be found using the polar
coordinates of this point, consisting of range 𝑅 and azimuth angle 𝜃:

𝑝 = 𝑅
[

cos(𝜃)
sin(𝜃)

]

(15)

For both projection methods, we compute where a pre-selected part of
the bathymetry point cloud would fall in the image, given the ROV
pose, and subsequently, points that intersect the mask of the litter
detected in the image are labeled. Point pre-selection is performed to
reduce computational requirements. For the camera, the half-plane in
front of the ROV is pre-selected, while for the sonar we preselect points
found within the bounding azimuth and elevation angles reported by
the sonar itself. These points define a cone-like shape, illustrated in
magenta in Fig. 9, right. A mechanism to prevent duplicate detections
from subsequent image frames is also implemented: when a litter item
is detected closer than a threshold to an existing item, instead of
adding a new item, a first-order filter is applied to move the existing
item towards the new detection. The threshold is tuned based on the
precision of the pose estimate.

A final task in mapping is to design the ROV trajectory. A simple
lawnmower is applied in the field experiments, but in simulations and
proof-of-concept experiments in the lab we are also investigating meth-
ods to find more efficient paths, based either on reinforcement learn-
ing (Rosynski and Buşoniu, 2022) or model-based planning (Yousuf
et al., 2022).

4.4. Litter collection

Once objects have been cataloged in the reference map, they are
ready for collection by the Collection ROV.
10 
4.4.1. Path planning
To reach a litter location safely, various path planning frameworks

have been considered (Weston et al., 2024; Gammell et al., 2014). A
collision-free path is planned using informed-RRT* (Gammell et al.,
2014), aided by a local Nonlinear Model Predictive Control (NMPC)
planner with cascaded (position and velocity) control (see Fig. 10).

The planner works directly in the Robot Operating System (ROS)
and it is based on the octomap4 that is generated during the bathymetry
scan and mapping process. An octomap is based on octrees, an efficient
hierarchical data structure for spatial subdivision, and uses probabilis-
tic occupancy estimation for representing volumetric 3D environment
models (Hornung et al., 2013/04/01). An example from our simulation
can be found in Fig. 15 in Section 5.1.1.

4.4.2. Vision-based collection strategy
For collecting litter objects with the Collection ROV, we define a

strategy with three steps after reaching the estimated litter location:
searching, visual-servo tracking and collection, as illustrated in Fig. 11.

Searching. It should be noted that both the pose estimation during the
litter mapping and the pose estimation of the Collection ROV show
estimation errors (up to 1.3 m RMSE, see Section 5.2.3), which cumu-
latively can lead to the Collection ROV missing the true litter location
and having the object outside the field of view of the downward-facing
camera. To reacquire litter location, a spiral search pattern is tracked
in the 𝑥𝑦-plane with fixed height and constant velocity.

Visual-servo tracking. Upon detecting a litter object, we employ a
vision-based Nonlinear Model Predictive Controller (NMPC) based
on (Heshmati-Alamdari et al., 2018) for collection with the Collection
ROV. Using the frame definitions shown in Fig. 11, the goal is to
coincide the body-fixed frames of the gripper 𝐶 with the object
of interest 𝐶, tracking the object visually in the camera frame 𝐶
(with a static transformation to 𝐶). This robust sensor-based control
approach ensures accurate object grasping and (since it works in a
local camera reference frame) does not depend on the pose accuracy
in world coordinates. However, it introduces additional challenges
to maintain the object within the camera’s field of view (visibility

4 https://octomap.github.io

https://octomap.github.io
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Fig. 10. Control structure of the Collection ROV with switching reference inputs during path tracking and the collection sequence.
Fig. 11. (Left) Depiction of the inertial frame (𝐶), the vehicle-frame (𝐶 ), the body-fixed frames of the camera (𝐶), the gripper (𝐶), and the frame of the
object of interest (𝐶) (Right) Grasping phases: If no object is directly found at the map coordinates, a spiral search pattern is followed until a litter object is
detected in the gripper-camera image. With the object in sight, visual-servo tracking centers the object in the gripper frame during the decent. Once the object
is in reach it is collected for transportation to the basket..
constraint), as well as constraining the velocity of the ROV. A more
detailed description is provided in the upcoming Section 4.4.3.

Collection. Once the object is centered in the camera frame and the Col-
lection ROV descends, grasping is initiated based on an altitude thresh-
old determined by the DVL with respect to the object and seafloor, such
that the object is within reach of the gripper shovels and scraping on
the seafloor is minimal (but desired to envelope objects).

Remark. Should the persistent object tracking be lost at any point
during the grasping procedure, be it either by intermittent detection
due to unfavorable lighting or visibility conditions for the detection
algorithm, occlusion, or leaving the field of view, the last detected
position is tracked via means of a complementary filter (Marantos
et al., 2016). This robustifies against tracking losses in the range of
a few seconds. A special case of tracking loss can happen close to the
target object, with persistent visibility5 being lost for the remainder of
the approach. The algorithm then switches to an open-loop grasping
phase based on the last recorded pose of the litter target utilizing the
complementary filter.

4.4.3. Nonlinear Model Predictive Control
Here we provide details to the vision-NMPC controller to guide the

robot to the collection position while respecting operational limita-
tions defined below. Consider an underwater vehicle with dynamics
as described in Fossen (1999), equipped with a complete Attitude and
Heading Reference System (AHRS) scheme, a gripper, a camera system
and an online object detection algorithm. Given the real-time pose of
the camera relative to the object frame provided by the vision system,
𝜼 (𝑡), and the fixed, known pose of the camera frame 𝐶 with respect

5 determined by the object dimensions and the field of view of the camera:
for the specific field of view of the camera used in the SeaClear system (86 deg)
and debris objects up to a size of standard 1.5 liter bottles, this is typically
up to 5cm outside the gripper reach, with smaller objects being fully tracked
until grasped.
11 
to the gripper frame 𝐶, the pose of the gripper frame relative to
the object frame 𝜼(𝑡) =

[

𝒑𝑇 (𝑡)
𝝓𝑇 (𝑡)

]𝑇
with relative position

𝒑 ∈ R3 and relative orientation 𝝓 ∈ R3 can be readily computed.
Considering the collection point as the desired pose of the gripper with
respect to the object frame i.e., 𝜼𝑑, we could define the error between
the gripper and collection point as:

𝒆(𝑡) = 𝜼(𝑡) − 𝜼𝑑(𝑡) (16)

In sampled data NMPC, a finite-horizon optimal control problem is
solved at discrete sampling time instants 𝑡𝑗 based on the current mea-
surements 𝒆(𝑡𝑗 ), with prediction horizon 𝑇𝑃 and a constant sampling
time 0 < ℎ < 𝑇𝑃 , such that 𝑡𝑗+1 = 𝑡𝑗 +ℎ, ∀𝑗 ≥ 0. Thus, the control signal
applied in between the sampling instants is given by the solution of the
following finite-horizon optimal control problem (see (Fossen, 1994)):

min
𝒗̂ (⋅)

𝐽 (𝒆(𝑡𝑗 ), 𝒗̂ (⋅)) = (17a)

min
𝒗̂ (⋅)

{

∫

𝑡𝑗+𝑇𝑝

𝑡𝑗
𝐹
(

𝒆̂(𝜏), 𝒗̂ (𝜏)
)

𝑑 𝜏 + 𝐸
(

𝒆̂(𝑡𝑗 + 𝑇𝑃 )
)

}

subject to :
System dynamics ∶ ̇̂𝒆 = 𝑓 (𝒆̂(𝑡), 𝒗̂ (𝑡)), (17b)

𝒆̂(𝑡𝑗 ) = 𝒆(𝑡𝑗 ), 𝒗̂ (𝑡𝑗 ) = 𝒗 (𝑡𝑗 ), (17c)

𝒗̂ (𝑡) ∈ 𝑉 ,
𝜼 (𝑡) ∈ 𝐻 (17d)

𝒆̂(𝑡𝑗 + 𝑇𝑃 ) ∈ ℰ𝑓 (17e)

where ℰ𝑓 is a terminal region around the desired configuration and
𝐹 and 𝐸 are the running and terminal cost functions respectively
which are both of quadratic form i.e., 𝐹 (⋅) = 𝒆̂⊤𝑸𝒆̂ + 𝒗̂⊤𝑹𝒗̂ and
𝐸(⋅) = 𝒆̂⊤𝑷 𝒆̂, respectively, with 𝑷 , 𝑸, and 𝑹 being positive definite
matrices to be appropriately tuned (Heshmati-Alamdari et al., 2018).
𝒗 =

[

𝒗𝑇1 𝒗𝑇2

]𝑇
∈ R6 is the velocity vector of the vehicle expressed in

body fixed frame  and includes the linear (i.e., 𝒗 =
[

𝑢 𝑣 𝑤
]𝑇 )
1   
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Fig. 12. Modeling of the camera visibility limitations for an object with
dimensions 𝑦𝑇 and 𝑧𝑇 . The camera’s horizontal and vertical angles of view
are denoted by 𝛼ℎ and 𝛼𝑣 respectively. The inner cone describes a set of soft
constraints to keep the object within the field of view, whereas the pyramid
forms the set of hard constraints of the camera’s field of view.

and angular (i.e., 𝒗2 =
[

𝑝 𝑞 𝑟
]𝑇 ) velocity vectors. Please note that

(̂) denotes filtered estimates from an extended Kalman filter.

Field of view constraints 𝐻 . The underwater robot should be able to
always keep the object of interest within the camera field of view
during the visual-servo tracking operation. Given the dimensions of the
object6 and the camera’s horizontal and vertical angles of view 𝛼ℎ and
𝛼𝑣 as shown in Fig. 12, a set of inequalities can be defined that must
be satisfied for this. These inequalities are the 3D extended version of
the field of view constraints presented in our previous work (Heshmati-
Alamdari et al., 2014). A detailed description of the inequalities is
provided in A.

Velocity constraints 𝑉 . In order to allow the vision tracking system to
identify the object more frequently (Rozumnyi et al., 2021; Gao and
Spratling, 2022), it is required to impose a prescribed smoothness to the
system motion. In particular, the vehicle is required to move relatively
slowly with upper bound velocity vector 𝒗̄1 = [𝑢̄ , 𝑣̄ , 𝑤̄ ]⊤ ∈
𝑉 ⊂ R3, where (⋅̄) denotes the corresponding upper bounds for each
coefficient and 𝑉 is the constraint set given by:

𝑉 ∶=
{

𝒗 ∈ R3 ∶ |𝑢 | ≤ 𝑢̄ , |𝑣 | ≤ 𝑣̄ , |𝑤 | ≤ 𝑤̄
}

(18)

4.5. Coordination between UAV and USV during operation

Throughout the underwater mapping and collection phase, the UAV
is tethered to the SeaCat USV, hovering above the survey area in order
to provide position feedback for the ROVs and to enhance situational
awareness. During this operation, the UAV needs to maintain the
position with respect to the SeaCat USV, due to the kinematic constraint
imposed by the tether. This control task is split between the UAV and
the LARS.

The role of the UAV is to control the relative position with respect to
the SeaCat USV. To estimate the relative position, an extended Kalman
filter is implemented based on continuous RTK measurements obtained
from the two vehicles. Moreover, when in sight, the estimator is pro-
vided with the intermittent relative position information obtained from
the ArUco markers located on the landing platform. This additional
measurement is necessary to obtain centimeter-level landing accuracy
imposed by exceptionally small landing platform area (1 m2). Given the

6 Real-time bounding-box along the horizontal and vertical axes coming
from the algorithm described in Section 4.3.2
12 
Fig. 13. Tethered UAV control scheme overview.

relative position estimate, a proportional controller is employed for
set-point tracking, with its output feeding into the UAV’s proprietary
velocity controller.

To prevent potential entanglements and excessive pulling, espe-
cially during the take-off and landing phase, the tether needs to be
continuously winched in and out to match the UAV motion. This is
achieved by controlling the UAV LARS motor velocity. The deployed
cable length is estimated based on the LARS motor encoder data.
Then, using the L2 norm of the estimated UAV position as the length
reference signal, a Proportional-Integral-Derivative control loop runs on
the LARS onboard computer and outputs the motor velocity reference.
This velocity reference is subsequently passed to the integrated LARS
motor driver. The overall tethered UAV control scheme is shown in
Fig. 13.

4.6. Software architecture for system integration

The software architecture of the SeaClear system comprises two
main components: the Shore Operation Center (SOC) and the Robotic
System (Fig. 14). The SOC contains a collection of server-sided applica-
tions that host a web-based application accessible to registered users.
Because it provides services that facilitate users to monitor and interact
with the Robotic System, the web-based application is also called the
SeaClear Service Layer. The SOC also serves as the access point for
professional human intervention and provides high-level commands
to the Robotic System. It enables direct commanding of the Robotic
System and processing of user requests, by means of planning a mission,
setting a target position, or enabling and disabling the controllers.
It ensures a point-to-point communication with the Robotic System
and, at the same time, it exchanges mission information with the
web-based application. The SeaCat USV, the two ROVs, and the UAV
are all connected through a ROS framework. The Robotic System is
connected to the SOC via wireless communication, predominantly using
2.4 GHz WiFi. Sensory data is exchanged directly through native ROS
applications, or, in some cases, through ROS-bridge TCP or websockets.
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Fig. 14. Overview of the SeaClear software architecture.
Visual perception is enhanced through 1080 p video streams that are
directly fed from the onboard cameras through an RTSP7 protocol.

A digital twin of the Robotic System is connected within the afore-
mentioned architecture similar to the real system, enabling rapid de-
velopment and offering a cost-effective testing environment for control
and navigation of the SeaClear Robotic System. Multiple SeaClear
systems, real or digital-counterparts, could be integrated within the
same SeaClear Service Layer, provided that the correct transport layer
settings are made within each LAN where the fleet of robots operates.

5. Experimental results and analysis

5.1. Simulation results

To enable quick initial testing during the design phase and remote
development without a real marine environment, we have used robot
simulation tools such as Gazebo. This section presents the simulation
results that demonstrate the performance of the SeaClear system.

5.1.1. Simulation model
We developed our own simulation environment based on UUVsim-

ulator (Manhães et al., 2016)8 for the underwater part, Virtual
RobotX (VRX) (Bingham et al., 2019)9 for the water-level part, and
RotorS (Furrer et al., 2016)10 for the aerial domain. These elements
are extensions of Gazebo, a software tool for simulating physical sys-
tems such as robots, vehicles, and environments. Gazebo supports
realistic sensors, kinematics, and environments via various plugins.
We chose Gazebo because of its high modularity through plug-ins and
its strong connection to ROS, which we use for our control pipeline.
This allowed us to test and prototype the software pipeline without
the expense of real-world testing, leaving the fine-tuning for real-life
marine testing occasions. The creation of digital twins of both the robot
systems and the test sites helped to lower the hurdles for transferring
the algorithms to the real system and enabled the conceptual function-
ality test of the full system in an environmental setting mimicking the
demo sites. An illustration of such a functionality test for the collection
pipeline is shown in Fig. 19.

Test site digital twins were created via a fusion of bathymetry data
(sonar scans) for the seabed model, and Google Maps 3D data for the
surface models. For litter mapping and collection tasks, the digital twins
can be randomly populated with litter models. The resulting overall
model is imported as a Collada (.dae) file into the Gazebo simulation

7 https://datatracker.ietf.org/doc/html/rfc2326
8 https://github.com/uuvsimulator/
9 https://github.com/osrf/vrx

10 https://github.com/ethz-asl/rotors_simulator
13 
environment and used for visualization as well as a collision mesh for
objects and sensors.

Visualizations of the terrain for the Petroleumhafen (petrol harbor)
in Hamburg, Germany, can be seen in Fig. 16(a), and the combined
render with a simulated water volume in Fig. 16(b).

The robot digital twins are created via a fusion of CAD data and
kinematics of the robot and an estimate of its drag using linear and
quadratic approximations. In order to capture at least the dominant
dynamics of the real underwater vehicles, hydrodynamic effects are ap-
proximated from tank experiments, in which the pose of the underwater
vehicle is tracked from an overhead camera for various excitations
of the vehicle.11 Since the cable has a significant influence on ROV
dynamics as well, a beam-based tether dynamics model and simulation
is successfully implemented for a large number of links. It uses a finite
element model for modeling the movement of the umbilical in 3D.
Further details are presented in Bulić et al. (2022).

Integrating a robot’s geometry and actuator locations into the Sea-
Clear simulator is very similar to an existing framework in Gazebo
ROS. The description of the robot utilizes the Unified Robot Description
Format (URDF) with Xacro.

Sensors are added onto a simulated vehicle by using Gazebo plugins,
mostly readily available from UUVsimulator. Figs. 17(a) to 18(b)
show visualizations of the digital twins.

To showcase the simulation, Fig. 19 displays a simulated sequence
of the automated litter collection with the Collection ROV. For the
sake of clarity in presentation, after deployment the simulation time
between 10 s and 38 s has been cut from the plot to allow the system
to settle to the initial conditions before receiving its first command. The
robot follows a series of waypoints until it receives a litter location
from mapping at (−1.3 m, 0.2 m). Note that this does not coincide
with the true litter location at (−2.1 m, 0.9 m), so that the object is
outside the field of view of the camera. Therefore, the search strategy
for reacquisition of the litter item is followed until the downward-
facing camera detects the litter object for at least 2 s. As long as the
object is detected, the visual-servo tracking then ensures movement of
the Collection ROV to bring the object to the image center and align
with the gripper. At the required minimum altitude over the object,
determined by the DVL, the gripper is activated to grasp the litter
object. Fig. 20 shows the RMSE of the waypoint and object tracking
controller of the Collection ROV. Spikes in the RMSE plot appear due to
asynchronous switching of both the reference coordinate system (global
or object) and the desired position in the state machine simulation.
During tracking in the global frame, the RMSE never converges as new
path planning goals are constantly published ahead.

11 The dataset created and used for the system identification is publicly
available: https://doi.org/10.4121/012fc1f6-4363-4521-8fc1-81e24f39b821.
v1

https://gazebosim.org/home
https://gazebosim.org/home
https://datatracker.ietf.org/doc/html/rfc2326
https://github.com/uuvsimulator/
https://github.com/osrf/vrx
https://github.com/ethz-asl/rotors_simulator
https://doi.org/10.4121/012fc1f6-4363-4521-8fc1-81e24f39b821.v1
https://doi.org/10.4121/012fc1f6-4363-4521-8fc1-81e24f39b821.v1
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Fig. 15. Red: The planner bounds. Green: A downsampled path planned by the RRT* algorithm in the simulated octomap created from real bathymetry data.
Fig. 16. Hamburg port as a digital twin.
Fig. 17. ROV digital twins in Gazebo.
5.2. Field experiments

Multiple field experiments were carried out in real-world settings
in Hamburg, Germany, and in Dubrovnik, Croatia (specifically Lokrum
island and Bistrina Bay) to confirm the effectiveness and applicability
of the system that was designed. In this section, we present some
results concerning the ROV pose estimation, control, mapping, object
detection, and collection obtained during these field experiments.
14 
5.2.1. Field experiments infrastructure
The SeaClear operations have been planned taking in consideration

a minimal infrastructure for deploying the robotic system. Specifically,
for the Hamburg port environment a 20 ft container placed on a floating
pontoon has been used as land station, with a direct sight towards the
harbor basin. The wireless equipment has been mounted on the roof
of the container, ensuring at least 5 m height above sea level. In the
test site around Lokrum island, the equipment was placed on the lower
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Fig. 18. Rest digital twins in Gazebo.
Fig. 19. Simulation of the full automated collection sequence based on live object detection. The green shaded areas highlight the active tracking in global and
object coordinate frames, respectively. Upper plots show the 𝑥-coordinate, lower plots the 𝑦−coordinate in the respective frame. Both plots show convergence of
tracking in the object frame towards the center of the camera frame for picking up the object with the camera-aligned gripper.
deck of the carrier ship, at a height of about 4 m above sea level.
The antenna used was a 5G Hz, 19/20 dbi, 120 deg sector antenna,
which is guaranteed by the manufacturer for a few kilometers, with
a reasonable drop of bandwidth. The electromagnetic waves are sus-
ceptible to various environmental conditions, including temperature,
humidity, precipitation and are impacted by the reflections from the
water surface. In addition, the wireless communication link was limited
to a single Point-To-Point connection from the USV to shore, having
a frequency and channels tuned by the manufacturer to be hidden to
the other wireless network clients and therefore minimizing the noise
on the wireless channel. On land, the sector antenna was connected to
the operational team via cable. During demonstrations, the number of
clients to high-bandwidth data, such as video streams was limited to
the operator monitoring the specific process. Moreover, high-payload
data, such as sonar images, uncompressed images, or point cloud data
have been omitted from the operational log (in the form of rosbags) and
saved on the corresponding companion computers. A summary of the
bandwidth allocation and the acceptable latency is provided in Table 2:
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5.2.2. Litter detection
Fig. 21 presents a series of detections captured during the field

test in Bistrina, Dubrovnik, Croatia. The YOLO algorithm demonstrated
an 87% accuracy rate in litter detection. This validates the system’s
capability to effectively identify various types of marine debris. Specif-
ically, the system recognized both larger objects and smaller items,
such as rubber tires, plastic bottles, and entangled ropes, which are
commonly found in underwater environments. In addition to its litter
detection capabilities, the algorithm also demonstrated a high level of
accuracy in recognizing marine life. This functionality to differentiate
between litter and marine fauna highlights the algorithm’s performance
at the critical feature of preventing ecological harm during the cleanup
process.

However, it is important to acknowledge the algorithm’s limitations
in adapting to varied environmental conditions. The tests near Lokrum
Island, conducted in shallow waters approximately 15 m deep, revealed
that changing lighting conditions significantly affected the algorithm’s
performance. This limitation was particularly evident when the en-
vironmental conditions deviated from those of the training dataset,
indicating a need for further development in this area.
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Fig. 20. Plot of the RMSE for trajectory tracking and visual-servo object centering during the collection sequence. The numbered frames represent snapshots of
the downward-facing camera on the Collection ROV, indicating if a litter object is visible and detected. During successful detection, the visual servo tracking in
the object frame is active (highlighted in green), converging to the true object position.
Table 2
Wireless communication system bandwidth allocation and acceptable latencies (tested within LAN).

Data Type Frequency Bandwidth Allocation
[Mbit]

Latency [ms]

Text 1 Hz–1 kHz 0.8 40–60

PointCloud 300 000 pps 20 1000

RTSP HD VideoStream
(Operator)

30 fps 50 150

Web HD VideoStream
(Web client)

30 fps 50 3000
Fig. 21. Object detection results during the field experiment.
16 
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Fig. 22. Pose estimation result: evolution over time of the planar positions 𝑋 and 𝑌 . The horizontal axis depicts Unix epoch time in seconds.
Fig. 23. RMSE between pose estimate and SBL obtained for a range of UAV
feedback period choices.

5.2.3. ROV pose estimation
Fig. 22 shows the estimated planar position of the ROV in an exper-

iment run in Hamburg, Germany. The UAV-based position is shown in
black, and this is fed back into the ROV pose estimator with a period
of 153 s, where it is fused with onboard sensors, and the resulting
estimate is shown in green in the figure. To investigate the accuracy of
this estimate, we compare it against SBL acoustic positioning, shown
in orange, and the RMSE obtained is 1.3 m. It should be noted that
to avoid missing litter objects despite this relatively large error, the
Collection ROV performs a local, spiral search pattern to reacquire
visual contact with the object once reaching its approximate location.

Fig. 23 shows the influence of the period with which the UAV-
based position is read on the RMSE compared to the SBL reference.
As expected, errors generally increase with larger periods.
17 
Fig. 24. Planned waypoints (magenta disks) connected by lines, and actual
trajectory (teal) of the ROV.

5.2.4. ROV control
A series of waypoints describing a lawnmower trajectory was de-

fined for the Observation ROV to follow so as to perform mapping
of a litter hotspot area detected in Dubrovnik, Croatia. Fig. 24 shows
these waypoints as small disks and the real trajectory of the ROV.
Note that the waypoints are also connected by lines to clarify things
visually, but in reality the ROV runs a setpoint regulator that aims to
reach the next waypoint, rather than trajectory tracking. The curved
trajectories followed in-between waypoints are due to the fact that
the robot is strifing laterally, and unmodeled tether dynamics and
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Fig. 25. Tracking performance of the Collection ROV from Hamburg port demonstrations.
Fig. 26. Mapped litter positions.

dynamical couplings are affecting the control; nevertheless they are
useful to cover more area with the sensors.

During SeaClear demonstrations at the Hamburg test site, data was
collected from position tracking during experiments with the Collection
ROV. Raw data was collected from sensory, state estimation, and con-
trol input data to track errors in both position and velocity. Figs. 25(a)
and 25(b) show the desired positional references and observed posi-
tions via odometry from an extended Kalman filter, respectively. The
observed error consistently remains below 0.5 m and the RMSE values
for positions consistently stay below 0.3 m.

5.2.5. Litter mapping
Fig. 26 shows the mapping results in an experiment run in the same

location as the pose estimation experiment above. The bathymetry
point cloud is plotted, on top of which we show the positions of three
identified litter items. Three versions of each position are shown: as
manually identified on the bathymetry scan, as detected in the UAV
image, and finally, as automatically mapped in the sonar image through
the ROV mapping pipeline described earlier. The UAV detection serves
as a means to validate the others; note that in general, finding under-
water objects on the UAV image will not be possible. All three sets
of positions are in good agreement with each other, with the ROV
detections being slightly closer to the UAV ones.
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5.2.6. Litter collection
Fig. 27 shows the collection and deposition of litter during the

field test in Lokrum, Dubrovnik, Croatia. The Collection ROV show-
cased sufficiently accurate path following (within the magnitude of the
localization errors) to reach the mapped targets. The visual-servoing
approach managed to keep detected objects in the field of view of the
downward-facing camera, leading to successful grasping and drop-off
of the litter in the basket. The autonomous grasping procedure was
fully validated in the field tests in Bistrina, with 3 successful automatic
collections of a plastic bottle and two sandals. One collection attempt
failed as – quite close to the litter target – a part of the seafloor structure
was identified as litter with a higher confidence, leading the tracking
to switch to that and grab the empty floor. In the Lokrum trials, the
system operated under visual operator support to account for variable
environmental and visual conditions. Here we performed 5 collection
attempts, collecting 4 objects (bottles, can, glass jar). One collection
sequence was reinitiated when the litter item was insufficiently secured
in the gripper during lift-off and was completed on the second try. All
target litter objects were successfully collected, resulting in a 100%
collection success rate. It should be noted that due to a very limited
30-minute collection time-slot for the tests in Lokrum’s nature reserve
(governmental restrictions), 4 out of the 7 mapped items were collected
and deposited in the basket.

Remark. The first failure case was not previously seen in the conducted
simulated collection attempts due to the much finer-grained simulated
seafloor texture. Visual structures on that texture were small enough to
not be identified as objects even at a close view of the ROV camera. The
second failure case with the insufficiently stable grasp also occurred in
simulation and showed the necessity for mitigation through reinitial-
izing the collection attempt once the object was not detected by the
camera anymore during transportation.

5.2.7. Tethered UAV control
The effectiveness of the proposed control structure for the teth-

ered UAV was showcased during the final SeaClear demonstrations
in Dubrovnik, Croatia. The UAV LARS system was deployed from the
support vessel Naše more. The system demonstrated its capability to
autonomously execute the entire flight task, therefore validating the
UAV control approach.
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Fig. 27. Litter collection sequence during field trials at the Lokrum, Dubrovnik, Croatia test site. Figure (a) shows the grasping of a bottle on the seafloor after
identification with the in-gripper camera. In Figure (b), the collection ROV enters the funnel of the basket, which helps for guidance and a stable fit of the ROV
on top of the basket. Aruco markers indicate the entry position and orientation of the funnel. Figure (c) shows the ROV stationary on the basket. The gripper
entered the litter retainer and is opening to deposit the bottle.
Table B.3
SeaCat USV.

Type Catamaran, aluminum hull, inflatable lateral tubes

Dimensions L: 6.83 m, W: 3.1 m, H: 2.15 m (inflated)
L: 5.78 m, W: 2.15 m, H: 2.15 m (deflated)

Draught 0.73 m (empty), 0.9 m with max payload

Weight 1075 kg without payload

Payload 500 kg

Max. speed 6 knots

Max sea state 4 (operation), 6 (transit)

Power supply Generator, 8 kW diesel engine

Tank capacity 2 x 200 L for up to 8 days autonomy

Propulsion system 2 unidirectional Aziprop electrical thrusters

Mode of operation Manual or auto navigation

Navigation sensors High-resolution multibeam echosounder, 2 full HD
video cameras, DGPS (RTK in option), Gyrocompass,
Radar, AIS, INS

Communication 2.4 GHz WiFi antennas with 5 km range, 2 back-up
UHF antennas (900/1200 MHz and 430 MHz), 4
underwater GPS receivers

Sensor data interfaces Serial, USB, Ethernet

5.3. Cost analysis

A preliminary cost-effectiveness study estimates a daily operating
cost of 2584 e for one SeaClear team (considering two operators)
and 2000 e/day for a two-diver team (Hertel-ten Eikelder, 2021). In
addition, ship-based alternative approaches are priced at 2–3 e/m2.
For the Hamburg port for an area of 38000 m2, it is estimated that
SeaClear will cost approximately e11365 e – 22730 e while for a
ship-based approach, the cost can reach 76000 e. In Dubrovnik, for an
area of 8400 m2 SeaClear estimated cost is 3390 e – 9040 e, while
divers are 4667 e at 10 m depth and 8660e at 20 m depth. Further
information about the cost-effectiveness of the SeaClear approach can
be found in Hertel-ten Eikelder (2021).

6. Conclusions and future work

This paper provided a comprehensive description and analysis of
the SeaClear system, the first autonomous multi-robot system to collect
litter from the seabed using advanced control and AI methods. This
description includes a detailed explanation of the system’s infrastruc-
ture, the function of each module, and the design strategy for the
sensing and control scheme of the multi-robot platform. Field tests in
Hamburg, Germany, and near Dubrovnik, Croatia, demonstrated au-
tonomous detection, mapping, and collection capabilities, showcasing
the system’s performance as well as the potential of robotics technology
to assist or reduce human involvement, enhance operational efficiency,
and minimize the risk associated with marine litter collection.
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Table B.4
Observation (mini Tortuga) ROV.

Type Inspection class ROV

Dimensions L: 672 mm, W: 310 mm, H: 381 m
Weight 20 kg in air, neutral in water

Payload 5 kg (wet weight) and 10 kg (dry weight)

Max. speed 4 knots

Power supply 220 Vac (main power or generator)

Propulsion system 4 horizontal thrusters (3 kgf per thruster) with
azimuthal adjustment and 2 vertical thrusters (3 kgf
per thruster)

Mode of operation Manual or auto navigation

Sensors Full-HD video front camera pan & tilt (1920 × 1080
p), LED lights (2x 10 000 lumen), compass, pressure
(depth) sensor, temperature, leak detector, AHRS
(inertial navigation system), multibeam sonar Oculus
750d, USBL, altimeter, DVL Teledyne Wayfinder,
WaterLinked A50

Tether 500 m, 9.5 mm neutral/8 mm negative buoyant,
breaking strength 500 kg

Communication Power line communication (PLC)

Sensor data interfaces Serial, USB, Ethernet

Table B.5
Collection (Tortuga) ROV.

Type Inspection class ROV

Dimensions L: 996 mm, W: 430 mm, H: 461 mm (without gripper)

Weight 40 kg in air, neutral in water (without gripper)

Payload 5 kg (wet weight) and 10 kg (dry weight)

Max. speed 4 knots

Power supply 220 Vac (main power or generator)

Propulsion system 4 horizontal thrusters (3 kgf per thruster) with
azimuthal adjustment and 2 vertical thrusters (3 kgf
per thruster)

Mode of operation Manual or auto navigation

Sensors Full-HD video front camera pan & tilt (1920 × 1080
p), rear camera pan & tilt, compass, pressure (depth)
sensor, temperature, leak detector, AHRS (inertial
navigation system), multibeam sonar, USBL, altimeter,
DVL

Auto functions Heading, depth, altitude

Tether 500 m, 9.5 mm neutral/8 mm negative buoyant,
breaking strength 500 kg

Communication Power line communication (PLC)

Sensor data interfaces Serial, USB, Ethernet
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Table B.6
DJI Matrice 210 RTK V2 UAV.

Dimensions (unfolded) L: 883 mm, W: 886 mm, H: 427 mm

Weight 4.69 kg

Payload 1.23 kg

Max. speed Ascent: 5 m/s
Descent: 3 m/s

Max. wind resistance 12 m/s

Flight time No limit due to umbilical power supply

Integrated sensors Dual barometer and dual IMU, upward infrared
sensor, first-person view (FPV) forward vision system,
aircraft status indicator, antennas (relay aircraft
control and video signals)

Hovering accuracy
(GPS)

Vertical: ± 0.5 m
Horizontal: ± 1.5 m

Hovering accuracy
(D-RTK2)

Vertical ± 0.1 m
Horizontal: ± 0.1 m

Tether length 40 m
Camera Zenmuse X5S (3-axis stabilization)

As lessons learned, it is critical to highlight the inherent difficul-
ies encountered in accurate sensing within underwater environments.
recise estimation of the position and orientation of the ROVs poses
 non-trivial challenge, yet these metrics are essential for tasks like
apping, path planning, and picking up small objects. Moreover, the

fficacy of object detection is heavily reliant on sensor quality, while
nderwater conditions, such as water properties and lighting, often
iffer significantly from those in the training set, creating a discrep-
ncy between the algorithm’s training environment and its operational
etting. In addition, persistence of detection over a longer timespan
ith shifting points of view and lighting conditions is much more

hallenging than object detection in single image frames, but crucial for
he continuous tracking during visual-servo control. Finally, it should
e emphasized that significant challenges arise in the transition from
imulation to real-world testing in validating the architecture due to
he constrained and often simplified environment and hardware rep-
esentations. While the fidelity of the simulation is still insufficient
or a full evaluation of the system, it proved to be helpful for the
rototyping and validation of the logic of the system-wide workflow
nd the state transitions. Transferring results from the simulator to field
xperiments turned out to be especially challenging with respect to
ptical properties of water, sediment disturbance, or biological growth
hat affects perception. With recent developments in bridging close-to-
hotorealistic game engines with ROS (e.g., Unity3D), future work will
ocus on improving especially the visual, camera-based, environmental
epresentation to evaluate diverse conditions prior to field experiments.
urthermore, the digital twins of the test sites capture only relatively
avorable conditions for the operation of an underwater system, such as
ood lighting, shallow environments and limited currents. More chal-
enging, deeper environments, as well as utilizing techniques such as
omain randomization, will likely exhibit a larger sim2real gap then the
ne currently observed, with additional robustification requirements on
he system algorithms and controllers.

Future work will focus on extending the current computer vision
rchitecture and integrating it with additional state-of-the-art computer

vision algorithms. Moreover, further analysis is necessary to enhance
the interpretability of the neural networks in use, which is critical
for validating their decisions in underwater environments (Selvaraju
t al., 2017). Developing effective data augmentation strategies is

also crucial to address the variability encountered in different un-
derwater environments. Another important topic for future research
concerns the quantification of the effect of environmental variability
on the perception performance. This will be achieved by integrat-
ing uncertainty-aware strategies to weight sensor measurements under
20 
varying turbidity and lighting conditions, enabling the system to adapt
to unseen degradation in diverse underwater conditions (Tian et al.,
2020).

To enhance perception capabilities, future developments will enable
the fusion of camera and sonar data.12 This fusion aims to exploit
the complementary strengths of both sensing modalities, where sonar
rovides reliable structural information in highly turbid or low-light
onditions, and the camera captures detailed texture and color informa-
ion under favorable visibility. By combining these sources, the system
ill be capable of maintaining robust object detection even under

evere visual degradation or strong currents. In addition, the collection
f a more diverse and representative dataset covering a wide range of
nvironmental, geographic, and depth conditions will be a key objec-
ive. This will include data acquisition in varying marine environments
o evaluate and improve the system’s generalization ability.

A few important next steps to improve mapping are: better pose
estimation by using better sensors and algorithms; using octtree litter
representations instead of point clouds, together with Bayesian fusion
rom cameras and sonars; and developing a self-localization and map-
ing (SLAM) pipeline. For precise control of the Collection ROV during
he grasping operation, we plan on including online learning-based
ontrol strategies that account for uncertainties in the environment,
uch as currents, as well as unknown dynamics of the system, e.g., mass
nd drag changes from picking up litter. Furthermore, we plan to
ncrease the capabilities of the system for lifting larger and heavier
tems. In addition, we intend to enhance the robustness of ROV tracking
rom the UAV through the implementation of tracking failure detection
echanisms.

Ultimately, the paramount goal is to develop a comprehensive
strategy to tackle the complete life cycle of marine litter. This can be
achieved not only by scaling up the current SeaClear architecture to
multiple teams of autonomous robots, and validating it under harsher
operating conditions, such as deeper, high-turbidity waters, stronger
currents, but also by empowering community involvement and taking
steps to raise public awareness about marine litter as we currently
do in the following SeaClear2 project. We hope that this research will
pave the way for future investigation and advancements in the field,
contributing to maintaining cleaner seas.
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Appendix A. Field of view requirements

Let us first define vectors 𝒑𝑐 = [𝑥𝑐 , 𝑦𝑐 , 𝑧𝑐 ]⊤ and 𝝓𝑐 =
[𝜙𝑐 , 𝜃𝑐 , 𝜓𝑐 ]⊤ describing the pose of the camera frame 𝐶𝑐 with
espect to the object frame 𝐶, and 𝛼ℎ and 𝛼𝑣 the field of view angles
n horizontal and vertical axes (see Fig. 12).

Considering 𝑦𝑇 and 𝑧𝑇 to be the dimensions of the object with
espect to the object frame, the following inequalities describe the field
f view constraints of the systems, that must be satisfied in order to
lways maintain the object within the camera field of view. These
equirements are captured by the constraint set 𝐻 :

𝜼 =
[𝒑𝑇

𝝓𝑇
]𝑇 ∈ 𝐻 (A.1)

which can be defined as:

− 𝑦𝑐 + 𝑧𝑐 t an
(

−𝜙𝑐 −
𝛼ℎ
2

)

−
𝑦𝑇
2

≥ 0 (A.2a)

𝑦𝑐 − 𝑧𝑐 t an
(

−𝜙𝑐 +
𝛼ℎ
2

)

−
𝑦𝑇
2

≥ 0 (A.2b)

𝑥𝑐 + 𝑧𝑐 t an
(

𝜃𝑐 −
𝛼𝑣
2

)

−
𝑧𝑇
2

≥ 0 (A.2c)

− 𝑥𝑐 − 𝑧𝑐 t an
(

𝜃𝑐 +
𝛼𝑣
2

)

−
𝑧𝑇
2

≥ 0 (A.2d)

For locally grasping the identified object of interest, we consider
hat the vision tracking algorithm provides in real-time the pose of

camera with respect to the local inertial frame  i.e., 𝒑𝑐 and 𝝓𝑐 with
𝐶 ≈ 𝐶, as well as an estimation of the object dimensions, i.e., 𝑦𝑇
and 𝑧𝑇 as a bounding box along the horizontal and vertical axes on
the object frame. In the SeaClear system, this is fulfilled by the object
detection algorithm updating the bounding box and center of geometry
with 30 f ps.

Appendix. Technical specifications

See Tables B.3–B.6.

Data availability

Data will be made available on request.
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