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Abstract

The contamination of marine environments with
man-made litter is a growing nation-wide concern.
Satellite imagery combined with deep learning–based
detection models has emerged as a robust and cost-
effective solution for large-scale marine litter mon-
itoring. In this article, we present a novel deep
learning-based scheme to detect marine litter using
Sentinel-2 imagery based on the Deep UNet archi-
tecture, introducing self- and cross-attention mecha-
nisms into the decoder via transformer layers. The
model leverages all Sentinel-2 bands except B10, and
the NDVI and FDI indices are additionally incorpo-
rated to better guide the segmentation process. To
evaluate the proposed model, we train it on the Float-
ingObjects dataset, a widely used benchmark for ma-
rine debris detection, and compare its performance
against state-of-the-art approaches.

Keywords: Marine Litter, Plastics, Detection, Se-
mantic Segmentation, Sentinel-2, U-Net, Transform-
ers.

1 Introduction

Marine litter is increasingly common along coastlines,
where items such as bags, food wrappings, and tin
cans are frequently found. While the composition of
marine litter is varied, about 80% of man-made items
that end up on marine environments are made from
plastic [38]. The contamination of marine ecosystems

with large quantities of plastics and microplastics has
escalated rapidly over recent decades [32], becoming a
global environmental, health, and socioeconomic con-
cern [42]. More than 350 million tonnes (Mt) of plas-
tic are produced annually, of which approximately
14.5 Mt are estimated to enter the ocean [55]—a fig-
ure likely underestimated due to the challenges asso-
ciated with detecting microplastics [16]. The funda-
mental issue with this type of contamination lies in its
persistence, as the degradation process is extremely
slow [1].

Because of this persistence, plastic pollution gen-
erates multiple environmental and socioeconomic im-
pacts. First and foremost is the harm caused to ma-
rine wildlife [48, 27, 56]. From entanglement in dis-
carded fishing nets to the ingestion of plastic debris,
numerous species of seabirds, turtles, and marine
mammals are adversely affected [27] in different parts
of the world [48, 34]. Human health is also at risk.
Exposure can occur indirectly, through the consump-
tion of marine organisms such as fish or crustaceans
that have ingested plastic residues [2], or directly,
via chemical substances leaching from plastics into
seawater, potentially altering water quality, temper-
ature, and pH [18]. Economic wise, marine litter and
plastic pollution entail costs of preventive measures,
direct damage to equipment and commercial stocks,
remediation, and indirect costs associated with inac-
tion [33]. McIlgorm et al. [34] estimated that in 2020
marine litter caused damages of US$21.3 billion to
the global marine economy, with projections rising

1



to US$197 billion by 2030, or US$229 billion if plas-
tic waste continues to increase proportionally with
plastic production.
Marine litter contamination is distributed across

beaches, the sea surface, and the seafloor, with beach
litter being the easiest to detect and seafloor pollution
the most challenging. Floating debris fall in between.
Globally, the density of floating debris ranges from
nearly 0 to over 600 items per km2 [17]. This large
variability makes the detection of small residues par-
ticularly difficult. Traditional monitoring has relied
on ship-based visual surveys, which require consider-
able human and financial resources [46], or numerical
models, which may lack the desired accuracy [52].
In recent years, the use of unmanned aerial vehicles

(UAVs) and satellite imagery for detecting marine lit-
ter has also been explored. UAVs provide very high
spatial resolution but scale poorly in space and time,
as acquiring imagery over large regions and extended
periods is not feasible. Conversely, certain satellite
missions, such as Sentinel-2 (S2) [14], despite having
low to medium resolution (of up to 10 m in the case of
S2), offer global coverage at a high revisit frequency.
Despite the fact that, at this scale, detecting small-
to medium-sized floating debris is difficult, natural
phenomena, such as wind, tides and ocean currents,
can lead to convergence zones in which marine litter
accumulates [10]. What is more, it has been observed
that plastics exhibit distinctive spectral signatures
in the near-infrared (NIR) and short-wave infrared
(SWIR) regions [5], which can be effectively detected
by spectral sensors onboard satellites such as S2 [25].
This has lead researches to develop marine litter de-
tection schemes using satellite imagery only. While
machine learning-based models have been proposed
to this end [5, 47], deep learning architectures have
shown the most promising results [37, 23].
In this article, we propose a deep learning–based,

end-to-end semantic segmentation model for detect-
ing marine litter using Sentinel-2 imagery. The model
is built upon a Deep U-Net architecture [29] and ex-
tends our previous work [9]. It incorporates an en-
coder and a transformer-assisted decoder with skip
connections, designed to optimize the number of
learnable parameters. Our primary contribution lies
in the integration of a transformer layer into the U-

Net decoder, which enhances the model’s ability to
capture long-range dependencies. Specifically, self-
attention is employed in the transformer layers at
the lowest level of the U-Net, while at higher levels
cross-attention is applied by leveraging information
from the corresponding encoder layers to compute
the attention maps. To evaluate the proposed model,
we train it on the FloatingObjects dataset [37, 6], a
widely used benchmark for marine debris detection,
and compare its performance against state-of-the-art
approaches.

The remainder of the paper is organized as follows:
Section 2 provides a comprehensive review of recent
work concerning S2 marine litter detection and deep
learning-based image segmentation. Section 3 details
the proposed model and justifies the choice of its ar-
chitecture. A detailed performance analysis of the
proposed model alongside similar approaches is given
in Section 4, comparing both qualitative and quan-
titative results. The dataset used for training and
evaluation is also described in this section. Finally,
Section 5 summarizes the main conclusions and out-
lines directions for future work.

2 Related Work

As mentioned in the introduction, the traditional
marine litter detection and monitoring approach
involves human expeditions conducted at different
times and locations, in which floating litter is visu-
ally identified and subsequently sampled to study its
properties [46]. Although simple and effective, this
method is not efficient, and its reliance on human la-
bor introduces several limitations. The requirement
for personnel to remain constantly vigilant for float-
ing debris is often impractical and costly [57]. To
reduce the dependence on manual observation, some
alternatives have been proposed, such as installing
multiple motion cameras on the bows of fishing ves-
sels [12, 57]. These cameras produce photo time-
lapses at intervals of a few seconds, resulting in near-
continuous data from the surveyed region. However,
human involvement is still necessary for data collec-
tion, and the acquired images must be further pro-
cessed to analyze the quantity and type of plastics
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present.
To overcome these limitations, considerable re-

search has focused on detection and monitoring using
UAVs and satellite imagery. On one hand, UAV-
based missions are less intrusive than boat expe-
ditions and do not disturb the marine ecosystem
[36, 13]. Drone-acquired data is usually georefer-
enced, allowing for more precise detection of plastics
and the identification of potential accumulation zones
[36]. Nevertheless, despite the growing accessibility of
UAV technology, no standardized processing pipeline
exists for analyzing drone imagery. Image process-
ing methods often vary according to project-specific
goals, making it difficult to establish a unified frame-
work for UAV-based marine debris detection [35].
On the other hand, satellite data, despite its lower

resolution, offers the advantage of providing long-
term observations over extensive areas without the
need for direct human intervention. Satellite sen-
sors have proven highly valuable for plastic detection.
Topouzelis et al. [53] proved that the detection of cer-
tain types of plastics requires multi- and hyperspec-
tral imagery, as their reflectance is easily detected
in the NIR wavelengths. Several satellites have been
employed in the literature to detect and study marine
litter, such as WorldView-3, used to observe plastics
in the Great Pacific Garbage Patch [40]; PRISMA,
applied to study the Greek island of Lesvos [49]; and
Sentinel-2, which has been widely used in different
scenarios [53, 8, 50].

2.1 Sentinel-2 Marine Litter Detec-
tion

The Sentinel-2 (S2) mission, part of the Copernicus
program of the European Space Agency (ESA), is
particularly attractive due to its high spatial resolu-
tion when compared to other satellites and the open-
access policy of the program. The mission consists
of two twin satellites orbiting the Earth, providing
a 5-day revisit cycle at the equator [14]. S2 satel-
lites acquire imagery in 13 spectral bands: four at
10 m resolution, covering the visible and NIR spec-
trum; six at 20 m resolution, including several within
the SWIR range; and three additional bands at 60
m resolution—see Figure 1. While the coarser bands
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Figure 1: Distribution of the Sentinel-2 bands across the
wavelength spectrum.

provide less spatial detail, they capture unique spec-
tral information that can be highly valuable for spe-
cific applications.

One of the first studies to investigate the use of S2
imagery for marine litter detection is [53]. Serving
primarily as a proof of concept, the study combines
unmanned aerial systems with Sentinel-2A imagery
to detect artificially deployed floating plastic targets.
The detection is performed manually, with an empha-
sis on identifying the wavelengths that best highlight
the targets.

Subsequent studies incorporate detection algo-
rithms to automate the task. Some employ classi-
cal methods, such as [51], which applies a spectral
signature detection procedure that extracts plastic
target signatures through inverse spectral unmixing
followed by matched filtering on S2 imagery, and oth-
ers adopt machine learning techniques. Among the
latter, Biermann et al. [5] introduced the FDI index
and use it, together with NDVI and remote sensing
reflectance values from S2 imagery, as inputs to a
Naive Bayes classifier in order to assign pixels to dif-
ferent material classes—water, seaweed, timber, plas-
tic, foam and pumice. In [3], the authors evaluate
the floating plastic detection performance of two un-
supervised (K-means and fuzzy c-means) and two su-
pervised (support vector regression (SVR) and semi-
supervised fuzzy c-means) classification algorithms,
concluding that the supervised ones, especially SVR,
achieve the best results. Similarly, [47] compares
the effectiveness of SVR and Random Forest (RF)
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in the same task using different combinations of in-
put data comprising Sentinel-2 bands and spectral
indices. More recently, in [39], the authors expand
on the work of Briemann et al. by using the NDVI
together with the FDI and selected S2 reflectances to
derive spectral fingerprints. These features are then
fed into a Naive Bayes classifier to categorize pixels
into the same material classes.
The use of deep learning-based schemes for ma-

rine debris detection using S2 imagery has also been
explored. For example, [37] trains and evaluates a U-
Net convolutional neural network to classify the pix-
els of S2 imagery into five material classes, matching
those defined in [5]. In [23], a deep learning-based
Generative Adversarial Network-Random Forest is
shown to outperform the traditional machine learn-
ing algorithms RF and SVR for large-scale marine
pollution detection using S2 imagery. Solé et al. [19]
focuse on detecting plastic debris in rivers by adapt-
ing the image segmentation procedures U-Net and
DeeplabV3+ to the S2 setting. Similarly, the au-
thors of [44] perform marine debris detection using
the aforementioned segmentation scheme U-Net and
an enhanced version, U-Net++, that replaces the en-
coder by a residual-network feature extractor.

2.2 Attention Mechanisms in Remote
Sensing Image Segmentation

In recent years, semantic segmentation networks have
incorporated attention mechanisms [58, 31, 24] to ex-
tract the main features, relying on the fact that at-
tention mimics the human eye: it ignores irrelevant
parts of the image to focus on the main characteris-
tics. From a quantitative point of view, architectures
with attention modules have been proven to be more
accurate [43].
In particular, we highlight the increasing use of at-

tention mechanisms in remote sensing segmentation
networks. Li et al. [28] combine a channel attention
module; to learn the relationships between channels,
with a spatial attention one; to aggregate spatial in-
formation, which useful when detecting smaller ob-
jects. Cui et al. [11] introduce channel attention
and residual modules in the encoder, a multi-feature
fusion mechanism in the decoder, and improved sub-

pixel convolution for upsampling, achieving superior
accuracy and efficiency in remote sensing semantic
segmentation compared to U-Net and other baselines.

However, more refined attention mechanisms have
been used. Ben Salah et al. [4] introduce a multi-
head attention mechanism [54], which enables the
network to focus on different parts of the input im-
age simultaneously to improve the spatial details of
roads and paths. Others, such as Liu et al. [30]
rely on transformer-based architectures. They pro-
pose building a segmentation network using chan-
nel and spatial attention blocks after each U-shaped
residual block to make up the encoder and decoder.
They also add a Swin Transformer with two multi-
head self-attention modules installed at the skip-
connections. The Swin Transformers were previously
used by Cheng et al. [7] to develop Mask2Former,
which incorporates a pixel decoder to upsample the
low-resolution features produced by the encoder and
a transformer decoder that generates object queries
from image features. Then, the resulting mask is
decoded from per-pixel embeddings from the object
queries obtained from the transformer decoder.

2.3 Spectral Indices for Plastic Detec-
tion

All models can benefit by using spectral indicies
as additional inputs of the proposed architectures.
While this procedure may seem redundant, it is a
common strategy in satellite-based marine litter de-
tection. Even though the spectral indices are com-
puted using the bands which are already fed into
the model, it has been argued that this addition bet-
ter guides the detection of specific materials and in-
creases performance [37]. Let us give a summary of
the indices more commonly used for this purpose.

The Floating Debris Index (FDI) introduced in [5],
was specifically designed for marine litter detection.
Its precise formula in terms of S2 bands is

FDI = B8−
(
B6 + (B11−B6) · λB8 − λB4

λB11 − λB4

)
,

(1)
where here and throughout this subsection Bn de-
notes the corresponding S2 band and λBn its central
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Figure 2: (a) Overall architecture of the TAUNet. (b) Transformer Layer architecture, with the Multi-Head Attention
module (c) Residual convolutional block.

wavelength—in practice, λB4 = 665, λB8 = 842, and
λB11 = 1610. We interpret the index as the subtrac-
tion of the actual NIR reflectance (B8) and the ex-
pected NIR reflectance, which is estimated by linear
interpolation between the red edge (B6) and SWIR
(B11) bands. This way, FDI measures anomalous
NIR reflectance values, which should highlight float-
ing debris, as both plastic and organic material reflect
much more NIR than water.
The FDI is often paired with the Normalized Dif-

ference Vegetation Index (NDVI), which in a marine
context is used for detecting patches of algae and
other plant material. This index helps to differen-
tiate floating debris and vegetation patches, reducing
false positives [5]. In terms of S2 bands, the NDVI
reads as

NDVI =
B8−B4

B8 +B4
.

Even though FDI and NDVI are the most used for
marine litter detection, other spectral indices which
are more ad hoc and designed for specific settings are
the Plastic Index (PI) [50], which is tailored specif-
ically for plastic detection; the Adjusted Plastic In-
dex, proposed in [45] as an alternative version of PI
better suited for detecting plastics in rivers and other

watersheds; and the Beached Plastic Debris Index
[20], which, as its name implies, has been developed
to detect plastic accumulation on beaches.

3 Proposed Model

We propose to use an end-to-end data-driven seman-
tic segmentation model. The model is based on a
Deep U-Net architecture [29] and extends the work of
Costa et al. [9]. It follows an encoder–decoder struc-
ture with skip-connections, while the decoder incor-
porates Transformer Layers to enhance the extrac-
tion of relevant features for marine litter segmenta-
tion. The complete architecture of our Transformer
Assisted U-Net (TAUNet from now on) is shown in
Figure 2a.

The model is fed all Sentinel-2 bands except B10,
which is mainly used for cirrus cloud detection and
does not contain much surface information [14]. In
addition, the NDVI and the FDI[5] are used to better
guide the segmentation process.

The encoder path follows the design of [29, 9] with
three resolution levels. At the lowest level, the fea-
ture map is passed through a Transformer Layer with
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Table 1: Quantitative metrics obtained by each method.
For all metrics, higher values indicate better performance.
The best values are highlighted in bold.

IoU κ Dice
UNet 0.3256 0.3858 0.4808
ResUNet 0.3907 0.4720 0.5633
MANet 0.4187 0.4772 0.5660
DUNet 0.4301 0.5159 0.6087
Ours 0.4712 0.5315 0.6257

self-attention, illustrated in Figure 2b, where both
keys and queries are copies of the same input. Self-
attention is used here to capture long-range depen-
dencies within the same feature map, enabling the
network to model relationships between distant re-
gions of the image. In the decoder, the downsampled
features from the encoder are used twice at each level:
first, as keys and queries for the Transformer Layer
operating on the upsampled feature map with cross-
attention; and second, concatenated with the output
of this Transformer Layer. Cross-attention allows the
decoder to integrate information from the encoder
features while refining the upsampled representation,
thereby enhancing the reconstruction of fine details.
The subsequent upsampling blocks follow the design
of Costa et al. [9].

Normalization layers are included throughout the
network to improve training stability. We employ In-
stance Normalization (IN) [51], which rescales and
recenters each image in a mini-batch independently.
Unlike Batch Normalization (BN) [21], IN computes
mean and variance dynamically during inference,
making it more suitable for this task due to the strong
variability observed in floating object regions.

Finally, following [9], the binary segmentation
mask M , which indicates the presence or absence of
floating objects, is obtained from the multispectral
image together with NDVI and FDI. The output of
the TAUNet is passed through an exponential activa-
tion function and then thresholded at 0.3 to produce
the final mask.

RGB NDVI FDI

GT U-Net ResUNet

MANet DUNet Ours

Figure 3: Qualitative comparison of the marine litter seg-
mentation networks. The proposed approach provides the
sharpest segmentation mask.

3.1 Implementation details

Concerning the loss function, we employ a combi-
nation of two metrics commonly used for semantic
segmentation. In particular, it is defined as

L := LBCE + LDice, (2)

where LBCE denotes the Binary Cross Entropy
(BCE) loss and LDice the Dice loss [22]. The BCE
loss compares the predicted probability p ∈ [0, 1] with
the ground truth label y ∈ {0, 1}, and it is computed
as

LBCE(y, p) := − (y log(p) + (1− y) log(1− p)) . (3)

The Dice loss is derived from the Dice Similarity Co-
efficient (DSC), which measures the overlap between
predicted and true masks. With a smoothing con-
stant ϵ to avoid division by zero, the DSC is defined
as

DSC(y, p) =
2yp+ ϵ

y + p+ ϵ
,
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and the Dice loss is computed as

LDice(y, p) := 1−DSC(y, p). (4)

The smoothing costant is usually set to ϵ = 1 [22].
The proposed model is trained over 50 epochs using

the loss function (2). We use Adam optimizer [26]
with a learning rate of 10−4.

4 Results

In this section we conduct a performance analysis
of the proposed model for detecting marine litter.
For the quantitative comparison, we use the following
metrics: Intersection over Union (IoU), which mea-
sures the overlap of correctly detected pixels and is
widely used in segmentation tasks; Cohen’s kappa in-
dex (κ), which evaluates performance taking chance
into account; and Dice Coefficient (Dice), which is
similar to IoU but more sensitive to small objects.
For all metrics, higher values indicate better perfor-
mance, with a maximum score of 1.
We train our model on the FloatingObjects

dataset, first introduced in [37] and later expanded
in [6], a large-scale hand-annotated dataset of float-
ing objects designed for remote sensing applications.
The dataset compromises 26 globally distributed S2
coastal scenes and is equipped with pixel-level bi-
nary labels distinguishing floating objects from non-
floating objects. All bands are have already been up-
scaled to 10m. To create the training and test sets,
each image was cropped into patches of size 64× 64,
and then divided into training and test with an 80%-
20% ratio.
We compare our model with the deep learning-

based models MANet [15], DUNet [9] and ResUNet.
This last model is a modified UNet architecture
whose details can be found in [41]. Additionally, we
compare with two FDI- and NDVI-based methods, in
which a pixel is classified as marine litter if the in-
dex value corresponding to the pixel exceeds a fixed
threshold (in practice the threshold is 0.3).
Specifically, we conducted both a quantitative and

qualitative comparison of our results with those
obtained by the aforementioned models. Table 1
presents the results across the various metrics, where

RGB NDVI FDI

GT U-Net ResUNet

MANet DUNet Ours

Figure 4: Qualitative comparison of the marine litter seg-
mentation networks. Our prediction is the only one able
to detect the floating objects in the top-center of the im-
age.

our model consistently demonstrates the best perfor-
mance in all of them. Regarding the qualitative com-
parison, Figures 3 and 4 display the RGB image to be
segmented, the FDI and NDVI indices, the reference
mask, and the resulting masks obtained by applying
the input to all methods.

In Figure 3, the masks produced by our model, to-
gether with those generated by DUNet, are the ones
that most closely resemble the reference mask. How-
ever, in our case, the mask is more clearly defined and
encompasses the majority of the target area, whereas
DUNet provides a coarser mask.

In Figure 4, the models that achieve the best seg-
mentation of the objects are DUNet and our proposed
approach. Nevertheless, for the floating objects in
the upper region, only our model is able to segment
them. Moreover, our segmentation is considerably
more sharply defined.
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5 Conclusions

In this article, we have presented a variation of
DUNet [29] that introduces attention mechanisms
into the decoder. Specifically, we have incorporated a
transformer layer in which self-attention is employed
at the lowest level, while cross-attention is applied
at subsequent levels using the corresponding encoder
outputs to compute the attention maps. A compara-
tive evaluation against several state-of-the-art models
have demonstrated the superiority of our approach
both quantitatively and qualitatively.
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