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1 INTRODUCTION TO THE DELIVERABLE, WORKFLOW AND STRUCTURE 

1.1 Context in the LabPlas project 

The Land-Based Solutions for Plastics in the Sea (LabPlas) project addresses the challenge of plastic pollution 

by applying technological advances regarding sampling, analysis, quantification, up-scalable models, and novel 

materials to evaluate the interactions of plastics with all compartments (freshwater, marine, terrestrial, 

atmosphere and aquatic biota) and promote decision making by European agencies. The project also identifies 

methods for more accurate assessment of the abundance, distribution, and toxicity determination of plastics 

in the environment, giving the opportunity to new developments of cutting-edge technologies. 

The project comprises two outstanding case-studies (Figure 1) representing contrasting scenarios in terms of 

plastic potential origins and anthropogenic pressures, where plastic amounts within water, sediment and biota 

will be determined: the Elbe and Thames River basins feeding into the North Sea (case study site 1), and the 

Northwest Iberian Peninsula with a selected small Atlantic river basin (case study site 2).  

 

 

Figure 1 - LabPlas case study areas. a): Thames, North Sea, and Elbe. b): Mero-Barcés river basin. 

The WP4 (Smart Hubs) of Labplas is a technological WP that includes advanced analytics proposed to detect 

small micro and nanoplastics (SMNP), chemical additives, as well as macroplastics. The present deliverable 

(D4.8 ² ̄ Final report on the results for the detection of macroplastics using remote sensing°) reports the results 

of the Task 4.5 ¯Advanced satellite techniques for determination of macroplastics°, where macroplastics 

detection was carried out using satellite data. Under this task it is aimed to demonstrate the effectiveness of 

satellite remote sensing for macroplastics detection and to develop new tools to increase efficiency of remote 

sensing of plastic waste in the environment.  
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1.2 The problem and approach 

Floating macroplastics (larger than 2.5 cm) can persist in the ocean and be detectable by sensors about 

satellites. However, macroplastics density at the sea surface is extremely low (global floating macrolitter 

densities, mostly composed of plastic, range between 0-0.06 items / 100 m2; Galgani et al., 2015). Hence, 

individual macroplastics pieces are nearly undetectable by current satellite technologies, especially if using 

satellite images that are free of charge, which has at most a 10 m resolution (i.e., 100 m2) such as the recent 

Copernicus Sentinel-2 mission.  

However, through convergence motions by currents, tides, winds, and other physical processes, these 

individual pieces aggregate into patches, filaments or windrows, becoming detectable by satellites. Thus, the 

focus of the present work was on metre-size aggregations of macroplastics at the sea surface, the so-called 

plastic patches or litter windrows (Biermann et al., 2020; Cozar et al., 2024). 

Detection of these macroplastics aggregations by satellites was investigated by selecting the most appropriate 

Earth Observation (EO) satellite data, namely of the Copernicus Sentinel-2 Mission, developing and 

implementing methods for pre-processing these data, conducting spectral and statistical analysis of the optical 

signatures of floating macroplastics and other floating materials and features that co-occur in satellite imagery, 

training and validation of different machine learning (ML) models to detect the floating macroplastics 

occurrence in a given satellite imagery, and testing of these models and approaches in different case studies.  

Based on this workflow, an automatic tool for the detection of suspected macroplastic patches using machine 

learning models and Sentinel-2 imagery was created called POS2IDON (Pipeline for Ocean Features Detection 

with Sentinel-2). POS2IDON is an open-source modular framework, and its source-code is available online 

(https://github.com/AIRCentre/POS2IDON). The tool accommodates modules for data acquisition from different 

providers of Sentinel-2 imagery, pre-processing steps (atmospheric correction, and cloud and land masking) 

and classification using three types of ML models (Random Forest and Xtreme Gradient Boosting decision 

trees, and Convolutional Neural Networks, specifically the U-Net model).  

POS2IDON offers the community a framework to refine and add new ML models configurations and pre- or 

post-processing methodologies, and get one step closer to automatically detect plastics aggregations with 

Sentinel-2 and machine learning. Despite limitations, related to current satellite technology and optical 

similarities between plastic patches and other features, POS2IDON detections are sufficient to map potential 

accumulation zones and trends of suspected plastic patches, especially in coastal areas heavily impacted by 

plastic pollution such as the Gulf of Honduras, offering novel insights into the issue of marine plastic pollution.  

1.3 Document and workflow structure 

The present document is structured into eight sections, representing the subtasks carried out under Task 4.5. 

The first five sections essentially correspond to the previous deliverable (D4.7 ² ¯First report on the results for 

the detection of macroplastics using remote sensing°). Section 6 which was also present in previous D4.7, is 

now updated with content regarding new machine learning models. The new section 7 presents a unified 

framework for plastic patch detection with Sentinel-2 and machine learning and evaluates this approach for 

different applications and geographical regions.  

The following section 2 presents a state-of-the-art review on satellite techniques for determination of 

macroplastics, with a particular focus on available satellite sensors and detection techniques. Considerations 

from literature represented the base for the adopted approach carried out in Task 4.5. In section 3, it is outlined 

the efforts regarding the gathering of data from various sources and the correspondent availability and 

https://github.com/AIRCentre/POS2IDON
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suitability of satellite imagery, particularly Sentinel-2 imagery. It includes compiling data for plastic debris events 

and other features based on previous related works (section 3.1.1), for artificially plastic targets (section 3.1.2), 

as well as for unreported events in the literature of plastic satellite detection (section 3.1.3). Additionally, data 

from field campaigns conducted under the LabPlas project within the Field Sampling Work Package (WP2) are 

also presented (section 3.1.4). The pre-processing steps of Sentinel-2 data are presented in section 4. Analysis 

of the spectral signatures of macroplastics patches and other floating materials are presented in section 5. 

Development of machine learning models to detect floating macroplastic patches in Sentinel-2 imagery is 

presented in section 6. In section 7, it is described POS2IDON, an open-source modular framework for the 

detection of suspected macroplastics patches in Sentinel-2 imagery using machine learning models. Different 

approaches and potential uses for different geographic regions are described. A resume of the work and 

recommendations for future work is provided in Section 8. 

In Section 7.2, when applying the POS2IDON pipeline to different geographic regions, we selected the best-

performing machine learning models. The default model of choice was the U-Net trained with the original 

MARIDA dataset, as described in Section 6.2. MARIDA is a benchmark dataset for floating plastic detection, 

which allows for direct comparison with previous studies. This U-Net model outperformed other models we 

trained on MARIDA (Random Forest and XGBoost) and showed superior scores compared to those reported in 

earlier MARIDA-based studies. Due to its comparability and robust performance, this U-Net was selected as 

the default model and applied in various regions, such as the Gulf of Honduras (Section 7.2).  

Additionally, an XGBoost model was used for the North Sea region to improve retrieval reliability. This model, 

described in Section 6.3, was trained on an augmented version of MARIDA that includes new classes specifically 

relevant to the North Sea, such as foam/spume filaments and scum-forming phytoplankton blooms (e.g., 

Noctiluca scintillans, cyanobacteria, and Phaeocystis). Among the models trained with this augmented dataset, 

XGBoost performed better than Random Forest. A U-Net model was not trained with this augmented dataset, 

as its strength relies on manually digitized spatial delineation of features³such as full-length filaments³rather 

than pixel-based spectral signatures, which were used to label the newly added classes. 

 

2 REVIEW ON SATELLITE TECHNIQUES FOR DETERMINATION OF MACROPLASTICS 

Plastics are widely acknowledged as one of the major threats to our oceans, causing significant ecological and 

socio-economic negative impacts. Marine plastics can harm biota by ingestion and entanglement, alter habitats, 

transport pathogens and invasive species, and release toxic chemical additives with potential impacts on human 

health. The overarching effects are unpredictable, as this new plastic component of the ocean may interfere 

with fundamental global processes such as biological carbon pump and ocean heat storage. 

Macroplastics (items > 25 mm) represent the major fraction of plastic mass floating in the ocean. Estimations 

indicate that a total of 3,200 kilotonnes of plastic floats in the ocean, with nearly all mass (95%) contained in 

macroplastics (Kaandorp et al., 2023). These large particles enter the ocean through various sources including 

coastal zones (littering and mismanaged waste) and riverine inputs. Over time, macroplastics break down into 

smaller micro and nanoplastics (SMNP), which not only are nearly impossible to remove from the ocean, but 

can be more easily integrated into marine food webs and become a microscopic ubiquitous component of the 

ocean, with complex and unpredictable effects on ecosystems, climate and human well-being.  
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This makes it urgent to develop monitoring systems of floating macroplastics due to their relevance in global 

mass budgets and consequential hazards. This escalating necessity has prompted researchers to explore 

innovative monitoring methods. One of these methods is the use of Earth Observation (EO) satellite imagery. 

Using satellite data for macroplastics detection in the ocean has been under investigation during the last few 

years and different methodologies have been proposed. Satellites have great advantages with respect to 

traditional survey methods because they offer regular monitoring over large areas, which can help guide clean-

up, evaluate the success of plastic pollution mitigation strategies and better understand the temporal and spatial 

distributions of marine plastics (Martínez-Vicente et al., 2019; Topouzelis et al., 2021; Karakuŝ, 2023). 

In terms of satellite data availability, several satellite EO missions are currently orbiting the earth, each having 

varied capabilities in terms of spectral sensitivity, temporal revisit and spatial resolutions. In the task of floating 

macroplastics detection, suitable satellite sensors ideally produce High-Resolution (~ 10-300 m resolution) or 

Very-High Resolution imagery (up to 0.3 m resolution). However, finer levels of spatial details impose trade-

offs. For instance, with VHR imagery, the observable portion of the ocean (swath width) generally decreases. 

Therefore, a balance must be satisfied among spatial resolution, swath width, revisit frequency, spectral 

discretization, as well as of the acquisition costs. 

Since the initial efforts to detect floating macroplastics in the ocean, passive optical sensors have been the 

most used, especially the High-Resolution optical imagery from Copernicus Sentinel-2 which offers the highest 

spatial resolution (up to 10 m) free of charge, while providing a balanced compromise between spectral 

resolution, swath width and revisit times (Table I). VHR data have also been tested. WorldView-3 VHR imagery 

was used for example by Aoyama (2016) for the detection of marine debris in the Sea of Japan, by Park et al. 

(2021) to study floating plastic accumulation in the North Pacific Garbage Patch or to improve the detection 

potential of Sentinel-2 through image fusion by Kremezi et al. (2022). PlanetScope VHR data supported the 

detection of floating litter in the Gulf of Honduras (Kikaki et al., 2020) and was used to investigate illegal waste 

detection in rivers (Magyar et al., 2023). Nevertheless, using VHR data comes at a cost per image, which is 

prohibitive for regular monitoring purposes. Other sensors, such as hyperspectral sensors (Kremezi et al., 

2021; Taggio et al., 2022) offer more detailed spectral information, but have the disadvantage of a lower spatial 

resolution (30 m, Table I). As for active radar sensors (Topouzelis et al., 2019; Savastano et al., 2021; Lavender, 

2022), while they can detect objects through cloud cover or at night, they lack the spectral information offered 

by optical data, which makes plastic detection challenging. 

Table I - Satellite sensor and characteristics used in the literature for the detection of macroplastics. 

Satellite/Sensor 

Name 

Spatial Resolution 

(GSD) 

Swath width Spectral Resolution Revisit Time 

(days) 

Sentinel-2/MSI 10 m (max) 290 km Multispectral (13 bands) 5 

WorldView-3 0.31 cm (max) 13.1 km Multispectral (29 bands) 1 

PlanetScope 3 m (max) 24.6 km Multispectral (4 bands) 1 

Sentinel-1/SAR 5 m (max) 410 km --- 6 (12) 

PRISMA 30 m 30 km Hyperspectral (239 bands) 29 

 

Currently, the Copernicus Sentinel-2 mission with its MultiSpectral Instrument stands out as a promising source 

of optical satellite data for macroplastic detection (Topouzelis et al., 2019; Biermann et al., 2020; Hu, 2021; 

Kikaki et al., 2022; Sakti et al., 2023; Cozar et al., 2024). This is mainly because it offers the highest spatial 

resolutions (up to 10 m) with free access, while providing balanced spectral resolution and temporal revisits. 

Other freely available optical sensors (e.g. Landsat) have lower spatial resolutions. Currently, the Sentinel-2 
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mission consists in a constellation of two identical satellites, Sentinel-2A and Sentinel-2B. Together, the data 

from these two satellites provides systematic global coverage of the coastal ocean (every 5 days at the equator 

and up to 2 days at high latitudes) with reflectance data on spectral bands in visible, near-infrared, and 

shortwave-infrared (Table II). 

Table II - Sentinel-2 spectral bands. 

Band Description 
Spatial 

resolution (m) 

Central 

wavelength (nm) 
Bandwidth (nm) 

Band 1 Coastal aerosol 60 442.7 21 

Band 2 Blue 10 492.4 66 

Band 3 Green 10 559.8 36 

Band 4 Red 10 664.6 31 

Band 5 Vegetation red edge 1 20 704.1 15 

Band 6 Vegetation red edge 2 20 740.5 15 

Band 7 Vegetation red edge 3 20 782.8 20 

Band 8 Near Infrared 10 832.8 106 

Band 8A Narrow NIR 20 864.7 21 

Band 9 Water vapour 60 945.1 20 

Band 10 Shortwave Infrared - Cirrus 60 1373.5 31 

Band 11 SWIR 1 20 1613.7 91 

Band 12 SWIR 2 20 2202.4 175 

 

Using Sentinel-2 imagery, studies demonstrated the capacity to discriminate pixels containing plastic debris 

from adjacent water pixels in controlled experiments by deploying artificial plastic targets (Figure 2) of different 

compositions, sizes and with variable degrees of submersion and biological fouling (Topouzelis et al., 2019; 

Topouzelis et al., 2020; Themistocleous et al., 2020; Papageorgiou et al., 2022). These studies concluded that 

the spectral contrast between floating matters and background waters was mostly in the Near Infra-Red (NIR), 

regardless of the type of floating matter (plastics, wood and others). Basically, this is because floating materials 

reflects the sunlight in the NIR band, whereas the neighbouring water strongly absorbs light at these 

wavelengths. The reflectance of floating matter in the Short-Wave Infra-Red (SWIR) bands was several times 

lower than in the NIR bands. It was also found that the portion of plastic should be at least 30% ² 50% of the 

pixel area to be sufficiently reflective in the NIR band. The presence of biological material on the plastic 

(biofouling), influenced the spectral behaviour in the Visible (VIS) part of the spectrum. At the same time, 

hyperspectral measurements of virgin and ocean plastics show that wetness reduces reflectance and that ocean 

plastics have lower reþectance compared to virgin plastics (Garaba et al., 2021). 

 

Figure 2 - A target made up of plastic water bottles (Themistocleous et al., 2020) 
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Recognizing the ability to distinguish plastic artificial targets from water, the detection of real-life floating 

macroplastics in the ocean has been attempted. This next step is subject to multiple constraints. Perhaps the 

main one is related to the relatively low density of macroplastic in the ocean, and the relatively low spatial 

resolution of Sentinel-2 pixels (10x10 m, i.e. area of 100 m2). These factors restrict the detection capability of 

Sentinel-2 to aggregations of macroplastics, rather than individual macroplastic items (Hu et al., 2021). These 

metre-size aggregations, known as plastic patches or litter windrows (Cozar et al., 2021; Biermann et al., 2020; 

Cozar et al., 2024), occur through convergence (e.g., by currents, tides, winds) and besides plastics, a mix of 

other materials co-occurs such as branches and leaves, foam and macroalgae (Figure 3). Still, there is very 

limited knowledge on these plastic patches or litter windrows, such as their formation, duration, distribution or 

macroplastic concentrations. It has been reported that the density of macrolitter (mainly plastic) can increase 

up to 10,000-fold in these structures compared to the surroundings, reaching ranges of 100-1000 items / 100 

m2 (Cozar et al., 2021), which is much higher than the macrolitter density ranges at global scale (0-0.06 items 

/ 100 m2; Galgani et al., 2015). Thus, the focus of most studies, including present work, was on metre-size 

aggregations of surface macroplastics, that could be detectable by the resolution of Sentinel-2.  

Different methods have been presented for detection of these plastic patches in Sentinel-2 imagery, including 

spectral anomalies (Ciappa, 2022), spectral unmixing (Topouzelis et al., 2020; Papageorgiou et al., 2022), 

spectral indexes and machine learning models. Specific spectral indexes have been proposed by Arias et al. 

(2021), Themistocleous et al. (2020), and Biermann et al. (2020), respectively the Windrows Spectral Index 

(WSI), the Plastic Index (PI) and the Floating Debris Index (FDI). The latter, based on the floating algae index 

(FAI; Hu, 2009) was employed in combination with the Normalised Vegetation Difference Index (NDVI) to train 

a Näive Bayes model that differentiated macroplastic patches from other floating materials (e.g. vegetation, 

driftwood). Ciappa (2022) and Ciappa (2021) on its hand leveraged changes in the Red Edge bands to 

differentiate pixels with plastics mixed with vegetation. 

 

 

Figure 3 - Observed plastic patches off Honduras (left - Kikaki et al., 2020; right - Cozar et al., 2021; photos by Caroline Power) 

Different machine learning and deep learning approaches have been presented in the literature, motivated by 

the advances in the field of artificial intelligence and the vast data produced by satellites and the complex task 

of discriminating floating plastic patches from other features. Using as the training the artificial plastic target 

data, Basu et al. (2021) developed two unsupervised (K-means and fuzzy c-means) and two supervised 

(support vector regression and semi-supervised fuzzy c-means) classification algorithms to identify floating 

plastics. Using also plastic targets data as training, Support Vector Machines (SVM) and Random Forest (RF) 

models were developed by Sannigrahi et al. (2022) based on the spectra signatures and spectral indexes, such 
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as the kernel Normalized Difference Vegetation Index (kNDVI). To overcome the scarcity of ground-validated 

data, Nagy et al. (2022) leveraged synthetic data from marine debris, plastic, and wood to train a RF classifier. 

Duarte and Azevedo (2023) used eXtreme Gradient Boosting (XGBoost) and their training library composed of 

artificial targets, as well as recently published plastic patches events (Kikaki et al., 2020; Biermann et al., 2020). 

A different ML approach was used by Mifdal et al. (2021) who employed a Convolutional Neural Networks 

(CNN) U-Net predictor to learn the spatial characteristics of floating objects, rather than using spectral 

information and distinguishing the different types of objects. In resume, until very recently, ML models were 

mainly trained with either the spectral signatures of the artificial plastic targets, or the locations of the suspected 

plastic patches described by Biermann et al. (2020) and Kikaki et al. (2020). 

The recent publication of the open-source MARIDA (MARIne Debris Archive) spectral library of Sentinel-2 by 

Kikaki et al. (2022) created more solid opportunities for the application of ML techniques. Targeting the task of 

discriminating plastic debris patches, MARIDA provides spectral signatures of plastic debris patches from 

known pollution events and other features such as floating macroalgae, foam, ships and clouds in Sentinel-2 

imagery. It also presented baseline ML approaches based on RF and a CNN U-Net architecture. Since MARIDA 

release, a few studies started to explored this dataset. Olyaei et al. (2022) used MARIDA to develop a deep 

neural network (DNN) and uncover the spectral signatures of marine debris. Gupta et al. (2023) utilized MARIDA 

with a multi-feature pyramid network (MFPN). Booth et al. (2023) created semi-automated density maps of 

potentially plastic-polluted areas using an adaptation of a U-Net model trained with the MARIDA library.  

While showing potential, the identification of floating macroplastics using Sentinel-2 is still subject to multiple 

constraints at various levels (Topouzelis et al., 2021; Karakuŝ, 2023), including bright features optically-similar 

to floating plastics (e.g., clouds, sunglint, whitecaps, and floating materials such as foam, blooms and pollen). 

There are also limitations due to suboptimal radiometric, spatial, and temporal resolutions of current satellites, 

as well as a lack of ground-truth data. 

The pre-processing methods can impact the ultimate detection results. Atmospheric disturbances such as 

clouds, aerosols, as well as sea-surface interferences like sunglint, influences the capacity to detect floating 

plastics as they introduce reflectance variability and result in bright-pixels that can be confused with plastics. 

These disturbances can potentially be mitigated through atmospheric correction and pre-processing algorithms. 

Nevertheless, executing these procedures can be complex and introduces uncertainties (Karakuŝ, 2023). As 

an example, atmospheric correction of Top-Of-Atmosphere (TOA) images is desired to remove the effect of the 

atmosphere. ACOLITE (Vanhellemont and Ruddick, 2018) and Sen2Cor (Main-Knorn et al., 2017) are common 

atmospheric correction tools for Sentinel-2 data. However, disparities have been observed when applying these 

tools to the same pixel (Topouzelis et al., 2021). Uncertainty can also occur when correcting for sunglint using 

NIR and SWIR bands, since these wavelengths are also employed for distinguishing floating plastic 

accumulations from water. Hu (2022) also highlighted spectral distortions and misalignment occurring when 

resampling all the Sentinel-2 bands to the same resolution resulting in a misleading peak in the NIR band. 

The presence of features, such as vessels, whitecaps, wave-breaking near coast, and coastal structures (e.g. 

intertidal rocks or islets, wind farms) affect the accuracy performance as they also reflect in the NIR adding 

brightness and could be falsely detected as a macroplastic patch. In addition, floating macroplastics are not the 

only floating material found at sea. Pollen, scum-forming phytoplankton blooms, sea snot, pumice also reflect 

in the NIR potentially resulting in misidentifications as macroplastic patches (Hu et al., 2021; Papageorgiou et 

al., 2022; Kikaki et al., 2022; Hu et al., 2022; Mikeli et al., 2022; Karakuŝ, 2023;). Furthermore, mixing of a 

naturally occurring material like foam and floating macroalgae with plastic debris, may resample the signature 
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of the macroplastic patch. Finally, as stressed by various studies, hindering the development of effective 

methods is the scarcity of ground-truth datasets for plastic patches or litter windrows, resulting in unbalanced 

class distributions and few annotations made with a high degree of confidence. 

The current technology is still in its early stages, and at this time, there has not been a satellite mission 

particularly designed for floating plastics detection. Sentinel-2 currently represents the most promising data 

source. The use of VHR satellite imagery (e.g., WorldView-3, PlanetScope) offers improved spatial capabilities 

compared to Sentinel-2. However, these have associated costs, hindering their use for regular monitoring. As 

a result of these challenges, there has been a growing recognition for a dedicated satellite constellation tailored 

for this purpose, which would optimize spectral bands, spatial resolution, and revisit frequencies for better 

monitoring of floating plastics (Martinez-Vicente, 2022; Cozar et al., 2024). Feasibility studies, requirements 

and specifications for future satellite prototypes have been studied and defined in some initiatives such as 

OPTIMAL1, RESMALI2, and MARLISE3. 

 

 

3 DATA COLLECTION FOR PLASTIC POLLUTION EVENTS, ARTIFICIAL TARGETS AND EO SATELLITE IMAGERY 

3.1 Data collection for plastics debris and other events 

3.1.1 Reported cases in literature 

Initial efforts to gather satellite imagery (Figure 4) with occurrences of macroplastic patches and other features 

have been achieved based on information in published literature on satellite detection of macroplastic patches 

(Annex 11.1). Biermann et al. (2020) selected different locations on coastal waters, often associated with river 

plumes and fronts. From this work we acquired images for the events containing plastic patches, and other 

floating material, in imagery scenes from Ghana, Scotland, Tonga, and South Africa. A selection of images 

depicting marine debris were also collected by acquiring scenes in the Gulf of Honduras, a recognized area 

affected by plastic pollution, as documented by Kikaki et al. (2020) and Kikaki et al. (2022), and in the Haiti 

where also events were reported. Additional locations for litter windrows were collected in the coastal area of 

the south-east of the Bay of Biscay based on the study of Ruiz et al. (2020). Examples of images showing the 

presence of debris discharged to the sea after heavy rain events are taken from Ciappa (2021), Ciappa (2022) 

and Sannigrahi et al. (2022). A selection of images in several coastal areas from Mifdal et al. (2021) showing 

the presence of floating objects were also taken into consideration to test remote sensing methodologies in 

our study. We also gathered events of other floating materials as floating pumice (Duarte and Azevedo, 2023) 

and an outbreak of sea snot (Hu et al., 2022). 

 

 
1 https://nebula.esa.int/content/optimal-optical-methods-marine-litter-detection 
2 https://nebula.esa.int/content/resmali-remote-sensing-marine-litter 
3 https://activities.esa.int/sites/default/files/2024-03/Session1_Livens_13.pdf 
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Figure 4 - Examples of Sentinel-2 satellite scenes of reported cases in the literature. a) litter windrows in Bay of Biscay, France (19-04-

2018). b) plastic patch in Gulf of Honduras (18-09-2020). c) sea snot outbreak in Marmara Sea, Turkey (27-05-2021). d) plastic patch 

in Calabria, Italy (22-10-2018). e) plastic patch in North Adriatic, Italy (16-08-2020). f) plastic patch in Accra, Ghana (31-10-2018). g) 

floating objects in Da Nang, Vietnam (05-10-2018). h) floating pumice in Okinawa, Japan (26-10-2021). 

 

3.1.2 Controlled artificial plastic targets 

The Sentinel-2 data collection also included images (Annex 11.2) from controlled experiments (i.e. artificial 

targets) conducted in Cyprus (Themistocleous et al., 2020). In these experiments, a 3x10 m target made of 

PET bottles (Figure 5) was deployed. Additionally, a series of Plastic Litter Projects (PLP), as detailed by 

Topouzelis et al. (2019), Topouzelis et al. (2020) and Papageorgiou et al. (2022), involved the construction and 

installation of artificial targets with different compositions of plastic and organic material on the beaches of 

Mytilene, Greece  (Figure 6). Given the scarcity of real-case scenarios depicting verified floating plastic debris, 

these images and standardized datasets were utilized for investigating the spectral behaviour of plastics. 
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Figure 5 - a,b) 3x10 m target made of PET bottles. c,b) Sentinel-2 Level-1C image true color composite (15-12-2018) showing the 

pixels covered by the target (red square). 

 

Figure 6 - Sentinel-2 Level-1C images true colour composite on 26-06-2021 (a,b) and 19-09-2022 (d,e) showing the pixels covered 

by the target (red square).  c) 28 m diameter HDPE and 28 m wood/natural debris targets. f) 7 m diameter HDPE target + 5x15 m 

plastic PVC target. 
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3.1.3 Additional list of events 

In addition to the existing collections of images featuring plastic debris reported in previous studies focused 

on detecting plastic debris using Sentinel-2 imagery, we have compiled further relevant events exemplified in 

Figure 7. This was achieved by consulting reports, Ocean Clean-Up efforts, news and social media posts. 

Moreover, we relied on input from expert analysis researching possible cases, in familiar locations, known 

polluted areas and in the aftermath of natural disasters. The detailed list, including dates, Sentinel-2 products, 

and reference sources, is provided in Annex 11.3. 

 

Figure 7 - a,b) Ocean Clean-Up Interceptor Los Angeles (November 2022) and Sentinel-2 Level-1C images true color composite on 

09-22-2022 showing the collected debris. c) microalgae bloom (phaeocystis) in Zeebrugge, Belgium (05-01-2016). d) microalgae 

bloom (noctiluca) in Vigo, Spain (04-09-2021). e) mixed plastic debris at a dam in Potpec, Serbia (16-01-2021). f) suspected marine 

debris and vegetation in Manila, Phillipines (25-08-2022), g) suspected marine debris in Durban, South Africa (13-04-2022), h) 

suspected marine debris in Acapulco, Mexico (28-10-2023). 

3.1.4 LabPlas field campaign 

To enhance the data collection, efforts were made to obtain ground-truth data on macroplastics through 

collaborative efforts with Task 2.2 of WP2, and by gathering data during field campaigns conducted in the North 

Sea, Thames-Elbe rivers, and the Mero-Barcés river basin. To facilitate this process, a protocol document 

(Annex 11.4) was provided for reporting any observed sighting event. 

Throughout the field campaigns in the North Sea (winter and summer), the AIR Centre also supported the 

cruise by real-time satellite image acquisition and analysis. During and before the cruise, Sentinel-2 images 

were acquired, processed and analysed in real-time to detect possible locations of floating plastics. 

Furthermore, VHR GEOSAT images were simultaneously acquired at the same location during in-situ data 

collection (Annex 11.5). The goal was to guide field operations for ship route adjustment to target floating 

plastic aggregation (i.e., marine litter windrows or slicks) and other features of interest and support synergistic 

uses of in-situ data to test and refine detection capacity and validate the satellite-based detection outputs.  

During the winter campaign (4-12 February 2023), no significant floating aggregations or detectable 

macroplastics were observed or reported during the fieldwork. The Sentinel-2 satellite screening revealed some 

suspected structures (Figure 8) but they were not close enough within the track of the cruise to allow changes 

of route (Annex  11.3). In addition, three VHR GEOSAT-2 images (Figure 9) were purposely ordered and 
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acquired with the intention of capturing the vessel in the narrow Field-Of-View (FOV) of this type of VHR 

imagery. Unfortunately, the cloud conditions were unfavourable during the cruise, and while one image was 

cloud-free it failed to capture the boat, and it did not show any suspected feature in terms of floating plastic. 

 

Figure 8 - Sentinel-2 acquired on 06-02-2023 (a) and on 07-02-2023 (b) showing floating structures. 

 

Figure 9 - GEOSAT-2 acquired images on 05-02-2023 (a), 07-02-2023 (b), 08-02-2023 (c). 

During the summer field campaign in the North Sea (from 26 June 2023 to 1 July 2023) the AIR Centre joined 

the cruise and performed litter spotting, being responsible for this activity with the support of the crew (Annex 

11.6). However, no macroplastics aggregation was visually found during the 8 litter spotting surveys. Only 

individual litter items were found, with an average litter density of 0.009 / 100 m2. These densities are in line 

with studies in North Sea reporting densities of 0-0.03 items/100 m2 (Thiel et al., 2011) and 0-0.0272 / 100 

m2, with mean of 0.0031 items / 100 m2 (Gutow et al., 2018). From the Sentinel-2 and GEOSAT-2 satellite 

image acquisition and processing for this cruise there were also no suspected patches or filamentous features 

with plastic-like signatures in the ship route, to guide a dedicated in-situ survey of these features. However, it 

is noted that a major phytoplankton bloom of Noctiluca scintillans (visually supported by microscopy) was 

observed both from satellite on field near station 1 (Figure 10-a, b). The Sentinel-2 (Figure 10-d) and GEOSAT-

2 (Figure 10-c) data captured this extraordinary event (Annex 11.3 and Annex 11.5), offering new data to help 

discriminate between phytoplankton blooms and other features in satellite images. 
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Figure 10 - Photographs taken by LabPlas team showing the Noctiluca scintillans bloom (a,b), GEOSAT-2 acquired images on 30-06-

2023 (c), Sentinel-2 acquired images on 24-06-2023 (d). 

 

3.2 EO data sources 

The acquisition of satellite data was done manually through online platforms with graphical user interface and 

in an automated ways through Application Programming Interfaces (API).  Table III presents the satellite data 

products used during the project and the data providers. 

Table III - Satellite products and data providers. 

Satellite Product Data provider 

Sentinel-2 Level-1C and Level-2A Google Earth Engine4 

SentinelHub EO Browser5 

Google Cloud6 through FeLS7  

Copernicus Data Space Ecosystem8 trough CDSETool9  

GEOSAT-2 Level-1C PS3 GEOSAT10 

WorldView-3 pansharpened RGB MAXAR Open Data Program11 

 

 
4 https://earthengine.google.com/ 
5 https://www.sentinel-hub.com/explore/eobrowser/ 
6 https://cloud.google.com/storage/docs/public-datasets/sentinel-2 
7 https://github.com/vascobnunes/fetchLandsatSentinelFromGoogleCloud 
8 https://dataspace.copernicus.eu/) 
9 https://github.com/SDFIdk/CDSETool 
10 https://geosat.space/ 
11 https://www.maxar.com/open-data 

https://www.sentinel-hub.com/explore/eobrowser/
https://cloud.google.com/storage/docs/public-datasets/sentinel-2
https://github.com/vascobnunes/fetchLandsatSentinelFromGoogleCloud
https://dataspace.copernicus.eu/
https://github.com/SDFIdk/CDSETool
https://geosat.space/
https://www.maxar.com/open-data
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Initially, images from Copernicus Sentinel-2 Level-1C and Level-2A with low cloud cover percentage were 

manually identified for the several sample sites of the two LabPlas study cases. Since the Elbe and Thames 

river basins feeding into the North sea, and the NW Iberian Peninsula region, constitute extensive regions of 

interest (ROI), and considering initially the year 2021 as the analysis period, a script was created in Google 

Earth Engine (GEE) to facilitate the acquisition process. This script was later replaced by SentinelHub EO 

Browser platform for rapid verification of events identified in literature, media, and news. 

To have more development freedom and save the data locally for future processing, we subsequently created 

a Python script that automates the acquisition of Sentinel-2 Level-1C products from two main data providers 

based on the selection of a ROI, sensing period, product name filters and credentials. From FeLS it is possible 

to access Google Cloud Sentinel data, while the CDSETool retrieves data from the new Copernicus Data Space 

Ecosystem (CDSE). Data had also been initially obtained from the Copernicus Open Access Hub (COAH), but 

this ceased operations at the end of October 2023 and was replaced by the CDSE. The developed scripts 

outputs a list of available identifiers that are used to download the Sentinel-2 products automatically.  

Regarding the VHR satellites, the GEOSAT-2 Level-1C PS3 data was obtained through a partnership based on 

credits, in which the AIR Centre made a tasking request, and the download was done through a Secure File 

Transfer Protocol (SFTP) account provided by GEOSAT. In the case of WorldView-3 pansharpened RGB, we 

used the MAXAR Open Data Program catalogue, which provides free data before and after disaster events. 

These VHR data were used to correlate in-situ results with satellite-based observations, test and refine detection 

algorithms, and validate the outputs of satellite-based detection of Sentinel-2 imagery.  

 

4 PRE-PROCESSING OF SATELLITE IMAGERY 

After identifying and downloading the satellite images, several pre-processing methods were developed related 

to cropping, atmospheric correction (AC), application of gain and offset values, cloud and land masking, and 

reprojection of bands to the same coordinate reference system (CRS) and spatial resolution.  

Initially, Sentinel-2 Level-2A data was used since it was already provided atmospherically corrected 

reflectances; however, the operational algorithm for the correction is Sen2Cor12 which provides Bottom-Of-

Atmosphere (BOA) reflectances optimized for terrestrial applications. Therefore, we changed our working focus 

to Sentinel-2 Level-1C data to explore algorithms dedicated to atmospheric correction in the ocean, namely 

ACOLITE13 and Case 2 Regional CoastColour (C2RCC14). Following the publication of the open-source Sentinel-

2 spectral library MARIDA that was created using the ACOLITE processor to obtain Rayleigh-corrected 

reflectances, it was considered important to maintain consistency with this reference work and decided to 

follow the same approach, thus adopted the ACOLITE processor. 

ACOLITE is a generic processor for atmospheric correction and processing for coastal and inland water 

applications. It currently supports many sensors, including Sentinel-2 (A/B), and performs the correction by 

default using the dark spectrum fitting approach but can be configured to use the exponential extrapolation. 

Features of ACOLITE also include the cropping of satellite images to rectangular regions of interest (defined by 

bounding coordinates), calculation of reflectance derived parameters, and results exported as GeoTIFF. The 

 
12 Sen2Cor: https://step.esa.int/main/snap-supported-plugins/sen2cor/ 
13 ACOLITE: https://odnature.naturalsciences.be/remsem/software-and-data/acolite 
14 C2RCC: https://c2rcc.org/documentation/ 
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processor also takes the original UTM/WGS84 projection of Sentinel-2 tiles into consideration and resamples 

all spectral bands to 10 meters resolution while applying the necessary gain and offset values provided in the 

metadata following the processing baseline. The source code is available at GitHub15, and an example between 

TOA and Rayleigh-corrected obtained with ACOLITE is shown in Figure 11. 

 

Figure 11 - Atmospheric correction applied to a LabPlas case study 1, site 6, scene in 22-07-2021. a) Sentinel-2 L1C TOA. b) 

Sentinel-2 ACOLITE Rayleigh-corrected. 

Two main pre-processing steps were developed after AC, the creation of a land mask and of a cloud mask. To 

create the land mask, we download the ESA Worldcover 202116 tiles for the given ROI. The product provides a 

global land cover at 10 meters resolution with eleven generic classes for 2021 based on Sentinel-1 and Sentinel-

2 data (Figure 12), and it is delivered in a regular latitude/longitude grid (EPSG:4326) with the ellipsoid WGS 

1984. The tiles need to be reprojected to the same CRS as the Sentinel-2 L1C products, merged, cropped, and 

calculated into a binary mask of only two classes (water and land). 

 
15 https://github.com/acolite/acolite 
16 https://worldcover2021.esa.int/ 
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Figure 12 - ESA Worldcover 2021 visualization near LabPlas case study 2, site 6. 

For the computing of a cloud mask it was chosen the Sentinel Hub's cloud detector for Sentinel-2 imagery 

algorithm, also known as s2cloudless17. The s2cloudless cloud masking was configured to utilize 10 out of the 

13 TOA spectral bands (B01, B02, B04, B05, B08, B8A, B09, B10, B11, B12) as input, resampled at a 10 m 

resolution. The algorithm produces a cloud probability map ranging from 0 to 1, which is then transformed into 

a cloud mask through thresholding. Additional morphological operations are applied during this transformation, 

including convolution of the probability map (averaging) and dilation of the binary cloud mask using a disk. To 

examine the sensitivity of these parameters beyond their default values, we conducted several tests (Figure 

13) on various images containing clouds with diverse shapes and characteristics. We tested the sensitivity of 

the parameters (Figure 13-a,b,c) for optimal masking of very small (Figure 13-d) and thin clouds (Figure 13-

e), and cirrus clouds (Figure 13-f). 

 
17 https://github.com/sentinel-hub/sentinel2-cloud-detector 
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Figure 13 - Testing the performance and sensitivity of the cloud masking processor to different parameter settings. Threshold a) 

equal to 0.4, b) equal to 0.6, c) equal to 0.8 and different types of clouds (d,e,f). Light blue indicates the detected clouds. 

Application of the land and cloud masks to the satellite imagery allow us to focus on the ocean area and reduce 

the computational load during ML classification processes. An example of both masks is shown in Figure 14. 

 

Figure 14 - Masks applied to a LabPlas case study 1 scene in 22-07-2021. Land/water (land in brown and water in transparent) and 

cloud (clouds in purple) masks are overlapped to a RGB Sentinel-2 image. 
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Additional pre-processing steps included the creation of masks for clear oceanic waters using thresholds for 

the Normalized Difference Water Index (NDWI) spectral index and the near-infrared band (B8) based on the 

basic principle that clearer water, without any floating material at sea surface, strongly absorbs radiance in the 

near-infrared part of the spectrum leading to lower reflectance at B8 (see also Figure 23). Application of clear 

water mask was made to reduce computational time during ML classification processes though it also helps 

exclude first-order pixels that have a too low reflectance for a floating matter. 

Concerning the processing of VHR satellite imagery, no additional processing was required, as all acquired 

images were already processed to Level-2, including atmospheric correction and orthorectification, with the 

bands pansharpened to achieve the highest resolution. 

 

5 ANALYSIS OF SPECTRAL SIGNATURES OF MACROPLASTICS PATCHES AND OTHER FEATURES 

The spectral signature analysis consisted of characterizing the reflectance spectra for different floating materials 

and features; the unique signatures can change under various conditions, including atmospheric, thus it is 

important to collect a considerable number of signatures of the same material, such that most of the variations 

are considered. We started by exploring existing Copernicus Sentinel-2 spectral libraries that could be later 

expanded by us with new materials. Although the focus was on collecting spectral signatures of plastic patches, 

we also considered signatures from other features, which allow us to obtain a more detailed classification and 

apply this research to other case studies and regions. 

We performed several tests on Sentinel-2 products using manual spectral extraction techniques. We calculated 

plastic abundance using Linear Spectral Unmixing (LSU), which allows to obtain an estimate of the percentage 

of the pixel covered by plastic, thus providing a preliminary level of confidence during extractions. We also 

applied spectral indices to the satellite images, such as Floating Debris Index (FDI), Normalized Difference 

Vegetation Index (NDVI), Normalized Difference Water Index (NDWI), among others, which facilitated the 

distinction of floating plastic debris, floating vegetation, and the background water. 

LSU is used to determine the relative abundance of materials that are depicted in multispectral imagery based 

on the spectral characteristics. The reflectance at each pixel of the image is assumed to be a linear combination 

of the reflectance of each material (or endmember) present within the pixel. The equation for linear spectral 

unmixing of a pixel containing plastic and water is the following (Papageorgiou et al., 2022): 

 

 
(1) 

 

Where Rmix is the mixed (plastic and water) pixel reflectance for wavelength Ʋ, Rp is the reflectance for the 

plastic target endmember for wavelength Ʋ, Rw is the reflectance for the water target endmember for wavelength 

Ʋ, and fp is the plastic target endmember abundance fraction. The LSU and endmembers selection were applied 

to the artificial plastic targets of the PLP2018 samples (Topouzelis et al., 2019) (Figure 15) and other PLPs18, 

allowing for the detection and estimation of the abundance of plastics in each pixel. 

 

 
18 http://plp.aegean.gr/ 
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Figure 15 - Application of the LSU method and FDI index to a PLP2018 sample. 

Spectral indices are mathematical expressions derived from reflectance at different spectral bands. To help on 

the extraction of signatures we used the following indexes: 

 

 
(2) 

 

 
(3) 

 

 
(4) 

 

Where RNIR, RRE2, RSWIR1, RRED and RGREEN are the reflectance for the bands near-infrared, red-edge 2, shortwave-

infrared 1, red and green bands respectively, and Ʋ is the central wavelength for those bands. 

FDI was applied in PLP2018 as shown in Figure 15 being able to highlight the three deployed plastic targets. 

NDVI and FDI were calculated using a script developed in GEE for a Sentinel-2 image of the LabPlas case study 

1, site 6, in 22-07-2021 (Figure 16) highlighting a suspected ocean feature of floating vegetation. NDVI, NDWI 

and FDI were also applied to other Sentinel-2 scenes of LabPlas case study sites after ACOLITE atmospheric 

correction (Figure 17). 
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Figure 16 - GEE script for Sentinel-2 data acquisition and spectral indices calculation showcasing (a) true-color, (b) NDVI and (c) FDI 

images for LabPlas case study 1, site 6, in 22-07-2021. 
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Figure 17 - Application of spectral indices after ACOLITE atmospheric correction to a Sentinel-2 scene of Thames river in 18-11-2018. 

(a) True-color, (b) NDVI, (c) NDWI and (d) FDI images. 

 

We identified a recent state-of-the-art spectral library for Copernicus Sentinel-2 called MARIDA with existing 

annotations of floating plastic debris and other features (Kikaki et al., 2022). The dataset was developed through 

a meticulous process of pollution events compilation between 2015 and 2021 around several worldwide 

locations. This information was gathered based on reports from citizen scientists, the media, and scientific 

literature. The events of floating plastic debris are mostly from coastal regions affected by high plastic pollution, 

distributed over eleven countries (Honduras, Guatemala, Haiti, Santo Domingo, Vietnam, South Africa, Scotland, 

Indonesia, Philippines, South Korea, and China). Event annotation involved auxiliary weather data collection, 

spectral indices calculation and image interpretation. Conversion of TOA reflectances of Level-1C into the 

Rayleigh-corrected reflectance used the ACOLITE atmospheric correction algorithm. MARIDA annotation 

process yields a vector dataset of digitized polygons in shapefile format, which after conversion into a raster 

structure, followed by cropping, provides non-overlapping 256x256 pixel-sized patches. Each final patch 

includes a raster stack with 11 bands of Rayleigh-corrected reflectances, a mask with 15 thematic classes and 

a mask with three values of confidence. The raster stack and the class mask for each patch can be used with 

the U-Net model. Data organization from all patches into a tabular structure supports uses with RF. 

The Marine Debris class in MARIDA is defined as ¯floating plastics or other polymers, mixed with anthropogenic 

debris°. The annotations of the spectral signatures of this class come verified plastic debris events in several 

geographical regions. They are here considered as signatures of denser aggregations of floating plastic items 

at sea surface and therefore representative of the so-called plastic patches or litter windrows. 

Figure 18 illustrates the percentage of pixels for each class in the MARIDA library, for the training, validation, 

and testing. The dataset contains an imbalance in terms of the representativeness of each class. Most pixels 

were classified as Sediment-Laden Water, while Natural Organic Material represents a small percentage of the 

total pixels classified. Marine debris are also underrepresented. Each class bar represents the percentage of 
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pixels allocated to training (blue), validation (yellow) and test (green). The pink bars represent the number of 

total pixels allocated for the training, validation and testing sub-datasets in the original study. 

 

 

Figure 18 - MARIDA spectral library summary. Classes full and short names, their description, and pixel distribution for train, 

validation, and test. 

To the MARIDA dataset, we added spectral signatures extracted from various literature sources, but also 

through the analysis of satellite images and natural events reported in the media, totalizing 115010 extractions. 

All extractions are compiled into a single dataset, being validated with in-situ observations, and normalized into 

to the MARIDA format standardizations for consistency and replication. The added extractions included 

aquaculture structures from Portugal and China, plastic, and wood targets from the PLPs and natural events, 

reported phytoplankton blooms, natural slicks, and clouds, foam and different water types registered in the 

Azores, with some examples given in Figure 19. 
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Figure 19 - Examples of Sentinel-2 imagery used on extraction of signatures. a) Aquaculture cages in China. b) Targets of PLP2021. 

c) Debris in a dam near Visegrad. d) Noctiluca bloom in Vigo. e) Natural slicks in Hawaii. f) Foam filaments in Azores. 

The mean Rayleigh-corrected spectra of ten classes from the final spectral library are shown in Figure 20-a.  

Only 10 classes are shown to facilitate the visualization. Marine debris has a mostly a flat spectral shape in 

accordance with other studies (Hu et al., 2021). Foam filaments (Figure 19-b) appear to be the ones with 

closest spectral shape to Marine Debris. These filaments are also known as spume and like derived from the 

agitation of dissolved organic matter following wave-breaking near the coast followed by offshore advection. 

Phaeocystis blooms also have a similar spectral signature as Marine Debris. On Figure 20-b we focus on the 

related plastic debris signatures of the targets and natural events and compare with the marine water class. 

The Marine Debris class from MARIDA, which is from real-life events of plastic patches, has essentially the 

same spectral shape of the artificial plastic targets, though at a lower magnitude which is explained by the fact 

that in real-life scenarios plastic is mixed with other materials and potentially does not cover the entire pixel.  
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Figure 20 - Spectral signatures from the compiled dataset. a) Ten mean spectral signatures. b) Spectral comparison between Marine 

Debris from MARIDA and Plastic related targets from PLP using 25 and 75 percentiles together with mean. 

 

We also applied a two principal component t-distributed Stochastic Neighborhood Embedding (t-SNE) analysis 

using Spectral Angle Mapping (SAM) as a distance metric to the spectral library to find possible clusters and 

facilitate the class reduction during the classification process. The analysis was done with a maximum of 100 

pixels for each class of the dataset for computational demands. The overall distribution of all signatures is 

shown in Figure 21. Isolated clusters emerge for sediment-laden water (SLWater), floating macroalgae 

Sargassum (DenS and SpS), aquaculture structures (AquSt), among others. Marine Debris dispersion in the t-
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SNE analysis, shows that it could be confused with other materials, namely foams, such as the one from the 

filaments in the Azores (FilFoAz), due to spectral signature similarity, as also patent in Figure 20-a. 

 

Figure 21 - t-SNE analysis of 100 pixels of each class from the compiled dataset. Squares correspond to MARIDA extractions and 

circles are AIR Centre. 

A look into four main classes of the MARIDA dataset using the same t-SNE methodology (Figure 22) shows an 

evident the separation between Dense Sargassum and Marine Debris. However, partial overlaps occur between 

Sparce Sargassum, Natural Organic Material and Marine Debris, highlighting that these materials can 

occasionally not be separated from a pure spectral perspective, due to factors such as coloured plastics and a 

low coverage of the pixel by these materials. 
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Figure 22 - t-SNE analysis of four main classes in MARIDA. 

By using whisker plots with Sentinel-2 band 8 (B08) NIR reflectance and thresholds (Figure 23-a), some outliers 

in the MARIDA dataset emerge. For example, although the pixel in Figure 23-b (red asterisk) was labelled as 

marine water it presents a high value of B08 (higher than 0.4) indicating that the manual labelling was incorrect. 

Visual analysis confirms that the pixel (red asterisk) corresponds to cloud. For an advanced quality control 

removal of these outliers is beneficial, although they do not have a major impact during the process of 

developing machine learning models as they correspond to a very small percentage of the entire dataset.  
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Figure 23 - a) Whisker plot for some of the dataset classes with B08 threshold of 0.4. b) Thresholds allow to find possible outliers, 

such as cloud and marine water (red star), on MARIDA's tile 16QED, image 1 of date 08-03-2018. 

 

 

6 DEVELOPING MACHINE LEARNING MODELS FOR MACROPLASTICS PATCH DETECTION 

Machine learning (ML) is a field of study in artificial intelligence dedicated to algorithms that can learn from 

data, identify patterns and perform decisions with reduced human intervention. Our research focused on three 

types of ML models, Random Forests (RF), eXtreme Gradient Boosting (XGBoost) and Convolutional Neural 

Networks (specifically, the U-Net). 

RF supervised models are widely used in various fields due to their effectiveness in finding patterns in complex 

data and producing accurate predictions. They are a main example of ensemble modelling, which involves 

generating various estimators during the process of modelling and then combining their outputs to produce a 

ultimate prediction (Breiman, 2001). RF is also a meta estimator rooted in decision trees, this means that the 

algorithm trains numerous decision trees on random subsets of both sample observations and predictive 

variables using techniques like bagging (bootstrap aggregation). The Decision Tree is a non-parametric 
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supervised ML algorithm that makes splits based on all input features, leading to subsequent splits guided by 

the homogeneity of resulting sub-nodes. Each decision tree is essentially a "weak learner" that might not 

perform exceptionally on its own, but through their combination the overall predictive accuracy significantly 

improves and helps prevent overfitting (Mohsen et al., 2023). The final class prediction for each data point (in 

image analysis, a pixel) is determined by a majority vote among the predictions from all the individual trees 

(Solórzano et al., 2021).  

In present work we used the classifier ensemble.RandomForestClassifier from Scikit-learn®s (Pedregosa et al. 

2011) (v1.1.1) open source ML library for Python (v3.9.18). To optimize model performance and ensure better 

metrics the hyperparameter tuning was used. The RandomizedSearchCV function from Python®s Scikit-learn 

library allowed to find the best hyperparameters from a grid. This method provides faster results compared to 

GridSearchCV. To evaluate the performance of the cross-validation model on the test set it was used the 

Intersection over Union (IoU) metric. 

XGBoost is a highly effective implementation of the gradient boosting algorithm, and it is also efficient from a 

computation perspective. Gradient Boosting stands as a tree-based ensemble ML algorithm trained with the 

boosting technique (Chen and Guestrin 2016). Boosting is used to improve the predictive performance of 

models by sequentially training weak learners and giving more emphasis to misclassified data points in 

subsequent iterations. By iteratively correcting the errors made by previous models, boosting reaches a more 

accurate model. XGBoost models are fit using a loss function and gradient descent optimization technique. 

Gradient descent is a core optimization technique used in ML that helps the model to learn and improve its 

performance over time by finding the optimal set of parameters that results in the lowest possible value of the 

loss function. This process iteratively computes the next point in the parameter space using the negative 

gradient's guidance at the current position. To minimize the models from overfitting, XGBoost also computes 

the second-order gradients of the loss function and can use both L1 and L2 regularizations to penalize the 

values of the weights (Duarte and Azevedo, 2023). 

The XGBClassifier from Python®s library XGBoost (DMLC 2024) (v1.7.3) was used in present report to develop 

our eXtreme Gradient Boosting model. Choosing an appropriate learning rate is key in gradient descent. If the 

learning rate is excessively high it may cause the model to overshoot the minimum, resulting in divergence, 

whereas a too small rate slows down convergence and potentially leads convergence to a local optimum. To 

effectively optimize and mitigate overfitting it was crucial to adjust the learning rate and other hyperparameters.  

The U-Net model is a convolutional neural network and its architecture was initially proposed for biomedical 

image segmentation (Ronneberger et al., 2015). Three-dimensional arrays are received as inputs in the model. 

Two correspond to spatial dimensions whereas the third is the number of bands in the image (i.e. channels). 

The U-Net output is also a three-dimensional array with same two spatial dimensions. The third dimension is 

the number of class-labels used. The output consists in the probability that a given pixel belongs to a given 

class. The purpose of the U-Net is to assign a class label (with respective probability) to every pixel of the input 

image. The architecture of this model is similar to a convolutional auto-encoder. For auto-encoders, the spatial 

dimensions of the image are successively reduced via the application of convolutional layers (typically 

increasing the number of channels) followed by pooling layers (encoder part). From the compressed image 

representation, an image with the full spatial size is obtained successively upscaling the spatial dimensions via 

the application of convolution layers and interpolation layers (decoder part). The interpolation layers can also 

be replaced by transposed convolution operations.  
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The present U-Net implementation can work with an arbitrary number of layers and activation function. This 

assumes that image used as input is sufficiently large, as every reduction step halves the spatial dimension. 

Concatenation skip connection is performed as in Ronneberger et al. (2015) and transposed convolution is 

used to increase the spatial resolution. The model is implemented in the Julia programming language (Bezanson 

et al. 2017) using the Flux.jl ML library (Innes 2018). For the training loss function it is used the classical cross-

entropy loss, with a potential L2 regularization term which penalizes large weights ύὮ in the neural network, 

scaled by a factor ‍ (c). 

 

 
  

(5) 

With ώὭ representing the predicted probability for pixel i. It is important to note that in the training dataset, some 

pixels remain unclassified and are labelled as ¯unclassified.° This class is not generated by the neural network. 

The loss function excludes pixels belonging to the ¯unclassified° category, and the summation in the equation 

only considers the subset of classified pixels. Essentially, this approach ensures that the neural network is 

compelled to decide on the class label to all pixels, but it is not penalized for those that are unclassified. This 

design is logical, as no ground truth exists for comparison in such cases. For model tunning the following 

hyperparameters were considered: 1) the depth of the encoder and decoder defined as the number of 

convolutional layers; 2) the number of output channels in the first convolutional layers (the subset convolution 

layers always increase the number of channels by a factor of 2, 3) the learning rate, 4) the number of epochs, 

5) the regularization term ‍, and 6) the activation function which could be either Rectified Linear Unit (ReLU, 

Fukushima (1975)), Scaled Exponential Linear Unit (SELU, Klambauer et al. (2017)) and Gaussian Error Linear 

Unit (GELU, Hendrycks and Gimpel (2016)). 

To minimize overfitting, we augmented the training data by applying random rotations to the images, with 

angles ranging from 0° to 360°. Since the input images fed into the network must maintain a consistent size, 

some pixels out of the image frame and at the edge were rotated inside the view area. The latter were assigned 

to the ¯unclassified° class label. Hyperparameter optimization followed a two-step process. First, they were 

optimized with a random search across the parameter space (Bergstra and Bengio, 2012). Subsequently, each 

numeric hyperparameter was fine-tuned by increasing and decreasing its value by 5%. 

Model performances were evaluated using the traditional metrics, Recall, Intersection over Union (IoU) and F1 

score (also called Jaccard index). These metrics are defined by the following equations, where TP is true 

positive, TN is true negative, FP is false positive, and FN is false negative: 
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6.1 Decision tree model (RF) with partial MARIDA library 

To check the functioning and efficiency of the spectral library in validation targets and LabPlas regions of 

interest, we started with a preliminary exercise of training a RF model with only six classes of interest from 

MARIDA dataset (Marine Debris, Sargassum, Natural Organic Material, Marine Water Super Class, Sediment-

Laden Water and Foam) and the fifteen most relevant ML features (all available bands, and NDVI, FDI, NDWI 

and NDMI - Normalized Difference Moisture Index). The Sargassum class includes Dense and Sparse 

Sargassum, the Marine Water Super Class includes Turbid, Shallow, Mixed, and Marine Waters, and Waves 

and Wakes. Marine Debris are defined as ¯floating plastics or other polymers, mixed with anthropogenic debris°, 

hence an alias of aggregations of floating plastics occurring in the ocean. The remaining MARIDA classes 

(Cloud, Cloud Shadows, Ship) were not considered. 

The split of the MARIDA dataset was done only for train and test with percentages of 75% and 25%, respectively. 

Training parameters included 170 n_estimaters, 2 min_samples_split, 1 min_samples_leaf, max_depth of 25, 

class_weight as balanced_subsampled, bootstrap as True and random_state equal to 42, the other 

hyperparameters were kept at default. 

Table IV presents the metrics for each of the classes of the trained RF model. The RF model presents very 

good metrics (close to 1), indicating a successful detection of nearly all MD pixels for the test dataset. Figure 

24-a shows the confusion matrix for the model with only a few false detections, especially between Natural 

Organic Material and Marine Water Super Class. Figure 24-b shows the ML features importance, highlighting 

band B03, and spectral indices NDVI and NDWI.  

Table IV - Metrics of the 6-class RF model. 

Class IoU Recall F1 

Marine Debris (MD) 0.96 0.98 0.98 

Sargassum (Sarg) 0.98 0.98 0.99 

Natural Organic Matter (NatM) 0.93 0.93 0.96 

Marine Water Super Class (MWaterSC) 1.00 1.00 1.00 

Sediment-Laden Water (SLWater) 1.00 1.00 1.00 

Foam (Foam) 0.86 0.91 0.93 

Macro Average 0.96 0.97 0.98 
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Figure 24 - Additional information about the RF 6-class model. a) Confusion matrix. b) Feature importance. 

 

We give two examples of application of the trained RF. In Figure 25, the model is applied to PLP2021 containing 

two main artificial targets (one made of plastic and the other made of wood), thus acting as in-situ validation. 

In Figure 26, the model is used on one of the LabPlas sampling sites (6 - Thames estuary) from case study 

site 1, thus acting as a real case scenario applied to the project. 

We see that in the case of PLP2021, the plastic target is successfully detected by the model, while the wooden 

target is confused with SLWater and Sargassum, with only two pixels detected as NatMat. A possible reason 

for this confusion is the similarity in the composition of both floating vegetation and wood, as well as the 

brownish colour of the water with high sediment amount and wood. Still in PLP2021, it is possible to observe 

the detection of two small targets and some structures near the coast. 

In the case of the Thames estuary, the model detects a patch of Sargassum macroalgae which is possibly 

floating vegetation from the river. Pixels close to the floating vegetation patch have been classified as marine 

debris and hence can be identified as suspected macroplastic patches. Some pixels near the coast appear to 

be false detections of MD that correspond to human made structures not removed by the land mask.  
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Figure 25 - Application of the preliminary RF model on the PLP2021 use case, 26-06-2021. a) Skala Loutron site in the Gulf of Gera, 

Island of Lesvos (Greece). b) RGB Sentinel-2 image after ACOLITE. c) RF model classification. 

 

 

Figure 26 - Application of the preliminary RF model close to sampling site 6 of case study site 1, 22-07-2021. a) River Thames 

estuary, United Kingdom. b) RGB Sentinel-2 image after ACOLITE. c) RF model classification. 
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6.2 Decision trees (RF and XGBoost) and CNN (U-Net) models with MARIDA library 

In this section different ML models are presented using the entire MARIDA dataset. The objective was to 

improved models compared to previous works, namely the MARIDA original study (Kikaki et al., 2021). To 

facilitate comparison the same dataset arrangements were used. The original 11 classes were considered 

(Figure 18) and the same Train-Validate-Test split arrangement was applied. By transforming the MARIDA 

rasters into a tabular format, a dataset consisting of 837,377 rows is generated, with each row representing an 

annotated pixel. The table dataset contains 11 columns for the Rayleigh reflectance values obtained from the 

10-meter resolution bands (resampled with ACOLITE), along with 8 additional columns for the spectral indices 

calculated from these bands, and another 8 columns designated for metadata. This metadata includes 

information such as date, tile, thematic classes, and confidence level.  

Four models in total are presented: two Random Forest, one XGBoost and one U-Net model. Two models were 

trained with all features, a Random Forest (ὙὊὃὰὰὊὩὥὸ) and XGBoost (ὢὋὄὃὰὰὊὩὥὸ). The one presenting better 

metrics (XGBoost) was then trained with the most important features to test how feature engineering could 

change the metrics; this model is referred as the ὢὋὄὌὭὫὊὩὥὸ. Finally, a U-Net model is described.  

The first two models, Random Forest (ὙὊὃὰὰὊὩὥὸ) and XGBoost (ὢὋὄὃὰὰὊὩὥὸ), were trained with all bands 

(B1-B8, B8A, B11, B12), various spectral indices and segment morphology. The used spectral indices were the 

NDVI, FDI, NDWI, NDMI, FAI, Shadow Index (SI), Bare Soil Index (BSI), NRD (Kikaki et al, 2021), Ratio Re 

(Ciappa 2022), Plastic Index (PI) (Themistocleous et al. 2020), Normalized Difference Snow Index (NDSI) 

(Mishra et al. 2009), Oil Spill Index (OSI) (Rajendran et al. 2021), Modified Anthocyanin Reflectance Index 

(MARI) (Gitelson et al. 2009) and Simplified Version of Kernel NDVI (kNDVI) (Damayanti et al. 2022). Segment 

morphology was incorporated based on Chen et al. (2016), which leverages the spectral variation trend 

(categorized into ascending, descending, or flat branches) and is described as follows: 

 
ὄὲ =ὄὲ+1 Ÿ 0 

ὄὲ > ὄὲ+1 Ÿ ī1 

ὄὲ < ὄὲ+1 Ÿ +1 

 

 

(10) 

With Bn being the reflectance of band n of Sentinel-2. For example, if B01 is equal to B02 it shows a flat branch.  

For the ὙὊὃὰὰὊὩὥὸ model, the optimal hyperparameters were true for out-of-bag score, 120 estimators, a 

minimum of 2 samples leaf, a maximum depth of 18, and a balanced subsample for class weights. In the case 

of ὢὋὄὃὰὰὊὩὥὸ, the best configuration comprised a subsample of 0.5, a maximum depth of 18, a learning rate 

of 0.2, and a column sampling per tree of 0.5.  The XGBoost model outperformed the Random Forest model in 

terms of metrics. Hence, we use XGBoost to test the relevance of using only the most significant features train 

a new model, ὢὋὄὌὭὫὊὩὥὸ. The importance of features was selected using a threshold of 0.02. Out of the 35 

features, only 17 (B01, B03, B04, B08, B8A, B12, FAI, FDI, SI, NDWI, NRD, sB02B03, sB07B08, sB11B12, PI, 

NDSI, and OSI) surpassed the threshold. The optimal hyperparameters for this model were a subsample of 0.5, 

a maximum depth of 19, a learning rate of 0.1, and a column sampling per tree of 0.5. Lastly, a fourth model, 

the U-Net, was trained. The best configuration for this network was the Scaled Exponential Linear Unit (SELU) 

as the activation function, a batch size of 8, output channels in convolutional layers set at 64/128/256, a gradient 

clipping threshold of 5, a learning rate of 0.0001, and 1746 epochs. All other hyperparameters were kept at 

their default values. 
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Table 5 shows the metrics for the trained models. Among all models the U-Net model presented the best overall 

performance with a macro-average IoU and F1-Score of 0.76 and 0.84, respectively. The macro-averaged 

metrics mean that they are the average over all classes (excluding unclassified pixels). Using only the most 

significant features train the model ὢὋὄὌὭὫὊὩὥὸ did not improve overall metrics compared to ὢὋὄAllὊὩὥὸ. 

In the MARIDA study, variants of Random Forest and U-Net models were presented, and the best macro-

averages of IoU and F1-Score were obtained for a Random Forest model, with values of 0.69 and 0.79, 

respectively. Hence, results indicate that a superior overall model performance was achieved in this work with 

U-Net. Concerning the MD class, the U-Net model had the highest Recall but not the highest scores for IoU 

and F1, indicating that while the model identifies most true positives (high recall) it also suffers from imprecise 

predictions with false positives. False positives are identified in the confusion matrix of the U-Net model (Figure 

28). Natural Organic Matter class stands out as the main source of false positives.   

 

Table 5 - Metrics of the RF, XGBoost and U-Net models trained with MARIDA. 

 RF_AllFeat XGB_AllFeat XGB_HighFeat U-Net 

Class IoU Recall F1 IoU Recall F1 IoU Recall F1 IoU Recall F1 

Marine Debris 0.62 0.92 0.77 0.72 0.90 0.83 0.69 0.87 0.82 0.61 0.94 0.76 

Dense Sargassum 0.88 0.93 0.94 0.89 0.93 0.94 0.89 0.93 0.94 0.86 0.95 0.92 

Sparse Sargassum 0.87 0.94 0.93 0.85 0.92 0.92 0.69 0.89 0.82 0.82 0.89 0.90 

Natural Organic 

Material 0.24 0.37 0.39 0.33 0.55 0.50 0.18 0.41 0.31 0.35 0.57 0.52 

Ship 0.45 0.73 0.62 0.44 0.75 0.61 0.45 0.72 0.62 0.75 0.94 0.86 

Clouds 0.75 0.82 0.85 0.75 0.85 0.85 0.75 0.85 0.86 0.91 0.92 0.95 

Marine Water SC 0.67 0.84 0.80 0.65 0.80 0.79 0.66 0.81 0.80 0.82 0.92 0.90 

Sediment-Laden 

Water 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 

Foam 0.38 0.60 0.55 0.36 0.56 0.52 0.36 0.50 0.52 0.75 0.89 0.86 

Turbid Water 0.86 0.89 0.92 0.84 0.89 0.91 0.85 0.90 0.92 0.88 0.93 0.94 

Shallow Water 0.20 0.38 0.33 0.24 0.40 0.39 0.21 0.36 0.34 0.59 0.86 0.74 

MacroAvg 0.63 0.77 0.74 0.64 0.78 0.75 0.61 0.75 0.72 0.76 0.89 0.85 
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Figure 27 - Features importance of ὢὋὄὃὰὰὊὩὥὸ. The threshold for relevant features was set at 0.02. 

 

Figure 28 - Confusion matrix for the U-Net model. 

Qualitative validation of the U-Net model was also done by visually comparing its outputs in verified events. 

The Honduras Gulf is one of the regions most affected by plastic pollution with multiple events of floating plastic 

pollution (Kikaki et al., 2020; Kikaki et al., 2022). One of the high-confidence events in MARIDA library, with 

large plastic patches, is on the 18 of September of 2020 (Figure 29). This event occurred following river outflow 

of plastics from Motagua River and had strong media coverage. Figure 29-c shows the classification with the 

U-Net model for this event. This output includes the pre-processing steps of the land and cloud mask. In line 

with MARIDA annotations for this event, filaments with suspected plastics occur at various locations along the 

front of the turbid plume of the Motagua River.  



 

The contents of this document are the copyright of the LABPLAS consortium and shall not be copied in whole, in part, or otherwise reproduced, 

used, or disclosed to any other third parties without prior written authorisation. 

 

LABPLAS ² 101003954  Page 46 

 

 

Figure 29 - Image classification of a plastic pollution event in Honduras Gulf on 18 of September 2020. a) Screenshot showing plastic 

patches near the shore (Source: https://www.youtube.com/watch?v=j9L-a0y9QA4): b) RGB image with region of interest, c) U-Net 

classified image with pixels for Marine Debris class highlighted (red dots), d) enhanced RGB image showing suspected plastic patch. 

 

6.3 Decision trees models (RF and XGBoost) with an augmented MARIDA library 

This section presents two machine learning models based on decision trees (Random Forest and XGBoost) 

developed with an augmented version of the MARIDA spectral library. To the original spectral signatures of the 

11 classes (Figure 18) from MARIDA we added spectral signatures for foam and for three new classes of 

phytoplankton blooms (Noctiluca scintillans, Cyanobacteria and Phaeocystis), whose signature can be similar 

to floating plastics. The augmented library was divided into 50% for training, 25% for validation of the training 

and 25% for testing. The models were trained using spectral signatures (B1-B8, B8A, B11, B12) and spectral 

indices (e.g., FDI, NDVI, NDWI, FAI, SI, NDMI, BSI and NRD). Cross-Validation is used to identify the 

combination of hyperparameters that provide the best model performance.  

For the ὙὊ model, the optimal hyperparameters were true for out-of-bag score, 120 estimators, a minimum of 

2 samples leaf, a maximum depth of 20, and a balanced subsample for class weights, bootstrap as True and 

random state equal to 42, the other hyperparameters were kept at default. In the case of the XGBoost model, 

the best configuration comprised a subsample of 1, a maximum depth of 18, a learning rate of 0.2, and a 

column sampling per tree of 0.8.   
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The metrics for the models are presented in Table 6. The performance is similar between both models, with 

XGBoost resulting in slightly higher scores. Some classes have very high scores, namely Sediment Laden Water 

and Cyanobacteria blooms. Concerning the MD class, the XGBoost model also had the highest scores for Recall, 

IoU and F1. The confusion matrix for the XGBoost model is shown in Figure 30. False positives occur for Natural 

Organic Matter as in previous section, and now also Foam highlighting this material as source of 

misclassifications. For the new classes the metric scores are very high, which may be related to few bloom 

events annotated in the library, resulting in very similar reflectance signatures across the train, test, and 

validation data and hence high detection capability. There is an overall increase in metrics with regards to the 

models trained with MARIDA in the previous section potentially due to overfitting. For Marine Debris, the metric 

scores are in the same range of the models trained in previous section. 

 

Table 6 - Metrics of the RF and XGBoost models trained with an augmented MARIDA 

 RF XGBoost 

Class IoU Recall F1-Score IoU Recall F1-Score 

Marine Debris 0.68 0.83 0.81 0.73 0.84 0.84 

Dense Sargassum 0.92 0.95 0.96 0.93 0.96 0.96 

Sparse Sargassum 0.82 0.90 0.90 0.85 0.90 0.92 

Natural Organic Material 0.73 0.80 0.85 0.75 0.81 0.86 

Ship 0.69 0.75 0.82 0.76 0.81 0.86 

Clouds 0.93 0.96 0.96 0.97 0.98 0.98 

Marine Water SC 0.94 0.97 0.97 0.97 0.99 0.98 

Sediment-Laden Water 1.00 1.00 1.00 1.00 1.00 1.00 

Foam 0.59 0.74 0.74 0.66 0.78 0.80 

Turbid Water 0.99 1.00 1.00 0.99 1.00 1.00 

Shallow Water 0.93 0.96 0.96 0.96 0.97 0.98 

Cyanobacteria bloom 1.00 1.00 1.00 1.00 1.00 1.00 

Noctiluca bloom 0.99 0.99 0.99 0.99 1.00 1.00 

Phaeocystis bloom 0.86 0.94 0.92 0.91 0.96 0.95 

Macro Average 0.86 0.91 0.92 0.89 0.93 0.94 
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Figure 30 - Confusion matrix for the XGBoost model. 

The classification model was also validated quantitatively through visual analysis in verified plastic pollution 

events. Figure 31 shows the classified image using the XGBoost model for the higher-confidence plastic 

pollution event in Honduras on the 18 of September of 2020. Pre-processing steps in this image, besides cloud 

and land mask, included the clear-water mask using a reflectance threshold of 0.01 in the B8 band and a mask 

for negative reflectances that resulted from ACOLITE atmospheric correction. Various filaments with suspected 

plastics are detected along the front of the Motagua River plume.  

Overall, this classification output from the XGBoost model shows multiple similarities to the output from the U-

Net presented in previous section, with both showing nearly the same filamentous structures with suspected 

plastic patches (Figure 29). The main difference results from the added classes. With this XGBoost model a 

high number of pixels were classified as a Phaeocystis bloom. These occurred near the river mouth on the left 

low corner, but also widely scattered at the centre of the image (near 15.825 Latitude and -88.1 Longitude). 

While occurrence of this bloom in the region cannot be discarded, the recurrency of these Phaeocystis 

classification in other images indicated that these are likely false positives. 
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Figure 31 - Image classification of the pollution event in Honduras on 18 of September 2020. a) XGBoost classified image with pixels 

for Marine Debris class highlighted (red dots), b) RGB image of the region of interest. 

7 A TOOL FOR MACROPLASTICS DETECTION WITH SENTINEL-2 AND MACHINE LEARNING (POS2IDON)   

This section presents a data pipeline called POS2IDON that accommodates all the various acquisition, pre-

processing and classifications using machine learning (ML) models. POS2IDON (Valente et al., 2023) is a data 

processing engine and pipeline developed to identify and classify floating oceanic features, with a primary focus 

on aggregation of floating plastic, the so-called plastic patches or litter windrows. The primary aim of developing 

this tool and making it open source is to accelerate the uptake of the developed methods by researchers and 

private companies. The tool is flexible for the community to refine and add new ML models configurations, as 

well as to include other pre-processing masks and methods, getting progressively closer to the goal of 

monitoring plastics aggregations in the ocean via satellite. Furthermore, the tool is easily adaptable for the 

detection of other features in Sentinel-2, provided that the used ML model includes the desired feature. 

Various configurations of the POS2IDON framework can be made, from choosing appropriated parameters in 

the cloud masking algorithm to the choice of ML model. For the latter, in general, all the models developed in 

the present study show satisfactory performances. For instance, the Recall is nearly always around 90 %, 

meaning that nearly all annotated marine plastic debris (MD) are successfully detected by the model. One 

problem comes with the False Positives, that is pixels that are classified as MDs but belong to other classes. 

Even if the MD class has high accuracy scores on the test dataset, in monitoring scenarios (i.e. multiple images 

processed over time) false positives will count as MDs and obscure exercises such as creation of long-term 

timeseries and distribution maps. To overcome this challenge, post-processing methods were created to 

remove false positives after the run of POS2IDON and production of classified images. While this post-

processing potentially removes true MD detections, it provides more confidence in the results (even if 

conservative) and subsequent assessments of MD spatial distributions and temporal trends.  

In the next subsections POS2IDON data pipeline is described, the post-processing methods are presented and 

applications of POS2IDON are evaluated for post-disaster impact assessment and long-term assessments. For 

the latter, events in South Africa and Western Iberia are presented, whereas for the former the regions of 

Honduras Gulf and LabPlas Case Study 2 in North Sea are described. The choice of ML model was the U-Net 

of the MARIDA dataset, since provided a superior overall performance compared to the other models trained 
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with MARIDA. In the case of the North Sea, the XGBoost trained with an augmented MARIDA was also used as 

it includes training with phytoplankton blooms that are known to occur in this region. 

7.1 Data pipeline description 

POS2IDON is an open-source platform, released under the GNU General Public License, Version 3. It is built 

using Python with some modules in Julia, and integrates freely available satellite data accessed via APIs, such 

as those from the Copernicus Services and Google Cloud. Its overarching mission is to promote community 

involvement, encouraging rapid advancements, impactful feature enhancements, and iterative refinements. 

POS2IDON is hosted on AIR Centre®s GitHub (https://github.com/AIRCentre/POS2IDON). 

The core structure of POS2IDON, illustrated in Figure 32, comprises three key components: acquisition (search 

and download), pre-processing (including atmospheric correction and masking), and classification. An 

exception exists when using the U-Net model, where masks are applied after classification. Overall, POS2IDON 

functions as a modular and adaptable tool capable of downloading, pre-processing, and classifying Sentinel-2 

imagery for a user-defined area and time period. Images can be processed and classified sequentially after 

download, or collectively after all images have been downloaded. This is a key step as sequential processing 

enables the deletion of original data (and other intermediary data) once processed and classified, helping to 

reduce storage which is a major aspect to consider when processing several years of data, even if for a small 

region (e.g., 30x30 km). During the workflow, substantial data volumes are generated to achieve the final 

classification. Users can therefore choose options to delete intermediate files or downloaded products. 

 

Figure 32- POS2IDON Data Pipeline Framework 

https://github.com/AIRCentre/POS2IDON
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The workflow begins with the user defining the region of interest (ROI), sensing period, product filters, and 

credentials. This input is utilized to search and download Sentinel-2 Level-1C images from two primary 

providers. FeLS (Nunes 2021) provides access to Google Cloud Sentinel data, while CDSETool (SDFI 2024) 

accesses the new Copernicus Data Space Ecosystem (CDSE), necessary after the Copernicus Open Access 

Hub (COAH) ceased operations in 2023. This process generates a list of available identifiers used to download 

Sentinel-2 products, which are then downloaded sequentially or collectively as previously defined. 

The next phase involves applying atmospheric correction to derive Rayleigh-corrected reflectances using the 

ACOLITE atmospheric correction processor, ensuring consistency with the MARIDA library. The images are 

cropped to fit the user-defined ROI. Subsequently, spectral indices are computed and stored. Three masks are 

generated to aid the analysis. To exclude land pixels, a land mask is created by downloading ESA Worldcover 

2021 (Zanaga et al. 2022) tiles via the TerraScope API, with 10-meter resolution. For extensive areas, the 

number of pixels may impose a high computational cost. In such cases, a clear-water mask can be created by 

applying a threshold to band 8 (near-infrared) or the Normalized Difference Water Index (NDWI). This mask 

leverages the well-known property that floating matter clusters exhibit higher reflectance than surrounding 

ocean water. Finally, a cloud mask is created using the s2cloudless (SentinelHub 2023) algorithm. While this 

latter step may obscure some MD patches, it reduces false positives. 

For the classification POS2IDON applies one of three ML models (RF, XGBoost, or U-Net) to the image, 

producing a scene classification and probability map. Splitting the product into patches and later mosaicking, 

is required for U-Net but optional for RF and XGBoost. This approach can accelerate the processing of extensive 

ROIs. RF and XGBoost models are deployed in Python, while the U-Net model deployment is available in both 

Python and Julia. The analysis of classification maps and use of post-processing methods are done outside 

POS2IDON. 

7.2 Post-processing of POS2IDON classifications 

After running POS2IDON and obtaining classification maps in a geographical area for long periods of time it is 

always advised visual inspection of the quicklooks to understand the overall performance. For this, in each 

classified image, we generated quicklooks (in PNG format) including the true-color images with and without 

Marine Debris detections overlaid, classification maps and the different masks. These are then visually 

inspected.  

Obvious false positives can be identified through visualization as a result of factors such as coastal structures, 

cloud edges, sunglint, and whitecaps. Hence, the following post-processing methods were developed to cope 

with these false positives and increase confidence in results: 

¶ Land - near land, coastal structures may not be fully removed, and features such as wave-breaking 

and foam can lead to false positives. To mitigate these issues, buffers were applied to the land mask.  

¶ Clouds - false detections at the edges of clouds were addressed by applying a buffer to the cloud mask. 

¶ Isolated pixels - to eliminate isolated pixel classifications (speckle), which can occur due to sunglint 

and whitecaps, a threshold was applied based on neighbouring pixels.  

¶ Sunglint - in images affected by sunglint, parallel-like bands of high reflectivity due to glint and wave 

crests/throughs are common in Sentinel-2. The ML models tend to classify these glint pixels as a mix 

of MD and clouds. Applied solutions were a buffer to the Cloud class to exclude surrounding MD, or a 

more aggressive NDWI threshold mask, which can mask many pixels at once. 
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These automated post-processing procedures can be applied to reduce false positives. Nevertheless, even after 

applying these procedures, images often still need to be manually excluded due to obvious artifacts. For the 

most part, the automated procedures considered in present work were also contemplated in a recent study 

(Cozar et al. 2024), which relies on a spectral index rather than ML models. 

7.3 Evaluating POS2IDON applications 

In this section, the use of POS2IDON is evaluated for two main applications: post-disaster impact assessment, 

and long-term plastic pollution assessment. For the application in post-disaster impact assessment two events 

are presented: the South Africa®s KwaZulu-Natal floods, and the microplastic pellets cargo ship loss off Western 

Iberia (Europe). For the application in long-term assessments two regions are used: the Honduras Gulf prone 

to extreme plastic pollution, and the LabPlas Case Study 1 area in the North Sea which is less prone to large 

macroplastic aggregations (see Section 3.1.4).  

South Africa®s KwaZulu-Natal province was impacted by a severe flooding event in April 2022. Starting on 7 

April 2022, the coastal areas around Durban experienced extraordinary rainfall, with some stations recording 

totals of approximately 300 mm within two days, which was two to four times higher than the typical monthly 

precipitation for April in that region. The consequences were catastrophic, with nearly 400 fatalities and 

extensive damage to buildings and infrastructure. The intense water flow led to a significant transport of debris 

into the ocean from river catchments and waterways, resulting in massive plastic accumulation on local 

beaches. The assessment of plastic debris outflow from satellites from this event has not been attempted to 

the best of our knowledge. Using Maxar®s Open Data Program repository for this event 

(https://www.maxar.com/open-data/southafrica-flooding22), a very-high-resolution Worldview-3 image from 14 

April 2022 was found, revealing an extensive stripe of plastic debris along a beach near Durban, which is 

corroborated by photos from the CleanSurfProject (Figure 33-a,b). Running POS2IDON for this broad area and 

over several days showed several filaments detected as MD near the beach in Durban where plastics were 

found. Figure 33 shows the Sentinel-2 imagery on the 22 April 2020 and the filamentary and patchy structures 

classified for, as Marine Debris (red) as well as Dense and Sparse Sargassum (green). 
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Figure 33 ² Plastic debris detection following South Africa®s KwaZulu-Natal floods. a) Worldview-3 satellite image acquired on 14 April 

2022 through Maxar open data program (activation 757) showing plastic accumulation in Umbogintwini Beach. b) Photo by the 

cleansurfproject of the same plastic accumulation in the Umbogintwini Beach. c) Region of study and location of Umbogintwini Beach  

(asterisk). d) classification map of Sentinel-2 on the 22 April 2020. e) corresponding RGB image. 

Spain and Portugal faced an environmental crisis in January 2024 as large quantities of plastic pellets started 

washing up on beaches. Plastic pellets started to be found after 15th of December in Northern Spain, near the 

Portugal border. The problem started on December 8th, when a cargo vessel lost six containers about 80 km 

off the coast of Portugal. One container had a total of 1050 bags of pellets, 25 kilos each, meaning that millions 

of plastics pellets, and likely other debris, had been released into the ocean. Following this event, POS2IDON 

was used to process several days in the areas surrounding the spillage to identify potential marine debris along 

the coastal areas of Galicia and Portugal. While pellets were confirmed to be released, other larger debris such 

as larger containers could be drifting at sea. The Sentinel-2 image closest to the loss of containers and with 

better conditions (sunglint, clouds, white caps) was on the 18 December 2023 (Figure 34). Processing of this 

image with POS2IDON revealed potential locations for marine debris, which were then visualized for the areas 

with higher probability off the coastal city of Vigo in Galicia (red stars). Obvious large objects were not found 

(possibly had sink), but suspected plastic patches were identified along filaments and other frontal structures 

(red dots in Figure 34). 
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Figure 34 - Plastic pellets spillage off Portugal and Spain. The RGB Sentinel-2 image on the 18th December of 2023 shows the 

spillage location, and the analysed and potential locations of plastic debris aggregation. 

The Honduras Gulf is infamous for its plastic pollution, largely due to substantial riverine inputs of plastic from 

Motagua river. This river is known for its "trash tsunamis" and the OceanCleanUp has installed the ¯Interceptor 

Barricade° in an upstream location. Long-term synoptic assessments of plastic pollution are the primary goal 

and the Honduras Gulf represents an outstanding example of a region to test developed methods. However, 

processing Sentinel-2 imagery for any given region over multiple years is one of the most demanding tasks 

due to significant computational requirements and the risk of classification errors. However, by utilizing various 

years of the Sentinel-2 archive, patterns and trends in highly polluted coastal regions can potentially be 

uncovered. Confidence in results can be taken especially in the Honduras Gulf region since it is known for 

recurrent and large aggregations of floating plastics in the coastal ocean. For this reason, POS2IDON was used 

to perform a long-term analysis of the Honduras Gulf over three consecutive years (2020, 2021, and 2022).  

After running POS2IDON in the region of the Motagua River plume, 218 classification images were obtained, 

approximately one every five days. Visualization confirmed obvious false positives and therefore the previously 

mentioned automated post-processing procedures were applied. These methods included the buffer of cloud 

and land masks (50 pixels for both), buffer of cloud class (10 pixels), threshold in NDWI (0.01) and threshold 

for isolated pixels (30 %, i.e. if only one MD pixels is adjacent to a classified MD pixel, that classified pixel is 

excluded). Afterwards, through visual analysis, 24 images still affected by sunglint and whitecaps were manually 

excluded. This shows that the performance of the whole automated approach (POS2IDON plus post processing) 

had 89% accuracy. Using the remaining 194 images, we made a long-term analysis and compared it to monthly 

precipitation. Visual analysis of these images ensured that the MD detections were mainly associated with 

filamentous patches, not other reflective features such as cloud edges, glint or whitecaps.  

In general, periods with lower precipitation (dry months: January to April 2020, December 2020 to March 2021, 

and November 2021 to April 2022) were found to have smaller accumulations of suspected MD compared to 

higher precipitation periods (wet months: May to November 2020, April to October 2021, and May to October 

2022). This relation is shown in Figure 35 which presents the timeseries of monthly precipitation and the MD 
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pixels per month. The influence of cloud coverage does not appear relevant as the same pattern is obtained 

with the percentages of MD pixels in the image relative to the cloud-free area in the image (not shown). Also, 

cloud coverage is generally higher during the wet season when there are higher MD pixel counts.  

These seasonal patterns are also evident in the cumulative area of marine debris (MD) over dry and wet 

seasons, using the periods of lower and higher precipitation (Figure 35), which clearly indicate a higher 

occurrence of plastic aggregations during the wet season. These findings tend to validate the classifications as 

higher plastic inputs during the wet season are expected in this region. This analysis demonstrates the value 

of POS2IDON as a monitoring tool to consistently assess seasonal and long-term changes in the region, which 

to our knowledge have not been attempted so far. This information provides useful and additional information 

to support decisions by stakeholders and, for example, assess the impact of mitigation strategies such as the 

current implementation of OceanCleanUp ¯Interceptor Barricade°. 

 

Figure 35 - Monthly satellite-gauge precipitation from NASA Integrated Multi-satellitE Retrievals (GPM 3IMERGM v06) processed in 

Google Earth Engine over the Motagua River Basin (HydroSHEDS basin 7060053240) and monthly number of MD pixels 

 

Figure 36 - Marine Debris accumulated area in Honduras Gulf per season from three years of POS2IDON data in Honduras Gulf. 
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The LabPlas Case Study 1 area in the North Sea includes the German Bight where a long-term analysis of MD 

detections was performed. This area appears to be less prone to macroplastic aggregations based on field work 

performed in LabPlas and according to relatively low macroplastic densities previously reported for this region 

(see Section 3.1.4). Nevertheless, floating macrolitter has been reported in the region (Thiel et al., 2011; Gutow 

et al., 2018) indicating occurrence of macroplastic aggregations though at lower densities compared to extreme 

cases of plastic pollution as those in Honduras Gulf. Thiel et al. (2011) reported that higher abundances of 

floating matter were observed in areas where coastal fronts and eddies form during calm weather conditions, 

in opposition to lower abundances in stormy weather. Floating marine debris were detected in almost all 

surveyed transects, with only one transect lacking floating debris. Over 70% of the floating debris consisted of 

plastic items, with plastic fragments being the most prevalent type. The high densities of debris near Helgoland 

were attributed to accumulations within the quasi-stable estuarine front in this region. Overall, the German 

Bight could be seen as both a retention and transit zone. The distribution of floating litter is hence determined 

by a complex interplay of riverine discharge, frontal systems, and meteorological factors. 

Considering the hydrodynamic aspects of the region and the reports on floating objects tending to accumulate 

in frontal zones, POS2IDON was used to perform a long-term analysis in three distinct areas of interest (AOI): 

inshore/overlap (AOI1), overlap (AOI2) and offshore (AOI3) of the frontal system along the 30-meter depth 

contour that demarcates the saltier North Sea waters from the fresher estuarine coastal waters (Thiel et al., 

2011). The objective was to test if the areas overlapping the front showed higher MD occurrences and test the 

possibility of higher seasonal occurrence of MD in the calmer weather months. To cope with potential false 

positives and retain the more relevant spatial and temporal patterns, we used the entire Sentinel-2 archive 

resulting in nearly 9 years of processed data (2016-2024). 

 

Figure 37 - The three areas analysed in German Bight. The areas are inshore, overlapping and offshore of the 30-meter depth contour. 

After running POS2IDON in the three regions of interest, classification images were obtained. For AOI 1 (tile 

T32UMF) under relative orbit 008, a total of 585 images are available. For AOIs 2 and 3 (tile T32LMF), which 

fall under relative orbits 008 and 051, a total of 1177 images are available. This higher number of images is 

due to the areas overlapping with two relative orbits, resulting in a shorter revisit time of 2²3 days, effectively 
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doubling the number of images. A large portion of these images are contaminated by clouds and automatically 

excluded using cloud cover percentage thresholds. Afterwards, visualization of the U-Net classified images 

confirmed obvious artifacts, especially due to glint, and the previously mentioned automated post-processing 

procedures were applied. These were the buffer of cloud mask (50 pixels), buffer of cloud class (50 pixels), 

and threshold for isolated pixels (50 %, i.e. if less than four MD pixels are adjacent to a classified MD pixel, 

that classified pixel is excluded). Afterwards, through visual analysis, were still affected by sunglint and 

whitecaps, and were manually excluded. Together, this latter manual exclusion plus the automated cloud-cover 

removal, resulted in a total of 490, 1080 and 1085 images excluded for AO1, AO2 and AO3, respectively. Using 

the remaining 95, 97 and 92 images for AO1, AO2 and AO3, respectively, (Table 7) we made a long-term 

analysis with both U-Net and XGBoost. Visual analysis ensured that the MD detections in these images were 

mostly due to isolated filaments and not features such as clouds or sunglint. 

Table 7 - Number of used images per season in each area. 

 

Figure 38 shows the timeseries of the number of MD pixels per area of interest (AO1, AO2 and AO3) with U-

Net and XGBoost from 2016 to 2024. The spatial distribution of the MD pixels for each season, model and area 

of interest, is shown in Figure 39. Table 8 shows the total number of days with more than 10 MD pixels, as 

well as the total number of MD pixels, per area of interest and model. 

A common temporal pattern between models is that higher MD detections occur in spring and summer months 

(Figure 39), which is in line with previous reports of floating material and macrolitter accumulations being 

higher during calm weather (Thiel et al., 2011). There are much less images in winter and autumn, but still in 

winter in AOI1 there is a relatively high number of images supporting the idea that this observed temporal 

pattern is not influenced by coverage. The common spatial patterns between both models is that the areas 

overlapping the 30 m depth contour (i.e. AOII1 and AOI2) have higher MD occurrences. These areas clearly 

have more days with more than 10 MD pixels detected. Furthermore, total number of MD occurrences are also 

higher either in AOI1 or AOI2. These results agree with the idea that floating material aggregation in frontal 

structures along the 30 m depth contour (Thiel et al., 2011). 
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Figure 38 - Number of MD pixels per area of interest (AO1, AO2 and AO3) processed with U-Net and XGBoost from 2016 to 2024. 


































