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1 INTRODUCTION TO THE DELIVERMBREKFLOW AND STRUCTURE
1.1 Context in the LabPlagroject

The LaneBased Solutions for Plastics in the Sea (LabPlas) project addresses the challenge of plastic pollution
by applying technological advances regarding sampling, analysis, quantificesalable models, and novel
materials to evaluate the intetians 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, distributiorgxaeity tdetermination of plastics

in the environment, giving the opportunity to new developments of cattjgtechnologies.

The project comprises two outstanding catigdies (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 ThsnRRiver 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).

Depth (m)
@ LABPLAS_ElbeR I 50
© (ABPLAS ThamesR [l -60
@ LABPLAS NorthSea [l -40
Rivers B -20

b)

|l A i —— | —————————

Figurel - LabPlas case study areas. a): Thames, North Sea, and Elbe. bBaegs 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
(D482 Final reporteodetdetiresudftr smadorophasti cs usi ng
of the Task 4.5 Advanced satellite techniques f
detection was carried out using satellite data. Under this task it is aimethtmsirate 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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Floating macroplastics (larger than 2.5 cm) can persist in the ocean and be detegtabtesors about
satellites. However, macroplastics density at the sea surface is extremdlgldbai floating macrolitter
densities mostly composed of plasticangebetween 00.06 items / 100 m2; Galgeaet al., 2015). Hence,
individual macroplastics pieces are nearly undetectable by current satellite technologies, especially if using
satellite images that are free of charge, wiiakat most a 10 m resolution (i,eL00 m2) such as the recent
Copernicus Sentin@l 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 ofthe present workvas on metresize aggregations of macroplastics at skasurface, the sealled

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

Detection othesemacroplastics aggregations by satellites investigatetly selecting the most appropriate
Earth Observation (EO) satellite data, namely of the Copernicus Sentlisdion, developing and
implementing methods for pgrocessing these data, conducting spectral and statistical analysis of the optical
signatureof floating macroplastics and other floating materials and features thatgpin satellite imagery,
training and validation of differemachine learning (ML) models to dete¢he floating macroplastics
occurrence in a given satellite imagery, teglingof thesemodelsand approaabsin differentcase studies.

Based on this workflow, an automatic timolthe detection of suspected macroplastic patches using machine
learning modeland SentineR imagerywas created called POS2IDON (Pipeline for Ocean Features Detection
with SentineR). POS2IDON is an opsaurce modulaframework,and itssourcecodeis available online

( ). The toolaccommodatemodules fordataacquisition from different
providers of Sentinél imagery, preprocessing stepgatmospheric correction, and cloud and land masking)
and classification usinghree types of ML models(Random Foresand Xtreme Gradient Boosting decision
trees, and Convolutional Neural Netwpskgcifically the UNet model)

POS2IDON offethe community a framework to refirmmdadd newML modelsconfiguratios and pre or
postprocessingmethodologiesand get one step closer to automatically detect plastics aggregatiibins
Sentinel2 and machinelearning Despite limitations, related to current satellite technology and optical
similarities between plastic patches and other features, POS2IDON detaetisuiciento mappotential
accumulation zones and trendssoispectedplastic patchesespecially in coastal areasavidy impacted by
plastic pollution such as the Gulf of Honduddfgringnovelinsighs into theissue ofmarine plastic pollution.

The presentocuments structurednto eightsections representing the subtasks carried out under Task 4.5.

The first five sections essentially correspond to the previous deliverableé (D&41 r st report on
the detection of macr opl a s6twhiah svasalse present i peevioug Det.7,9se n s i
now updated with content regardimgew machine learning model3he new ection7 presens a unified
frameworkfor plastic patch detction withSentinel2 andmachine learningnd evaluates this approach for
differentapplicationgind geographical regions.

The following sectior? presents astateof-the-art review on satellite techniques for determination of
macroplasticswith a particular focus on available satellite sensors and detection techopsderations
from literature represented the base for the adopted approach carriediagsk 4.51n section 3, it is outlined

the efforts regarding thegatheringof data from various sources and the correspondent availability and
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suitability obatellitamagery particularly Sentiné imagery. lincludescompiling data fgplastic debris events
and other featurelBased on previous related works (section 3.1.1), for artifiplakyictargets (section 3.1.2)
as well ador unreportedevents inthe literature of plastic satellite detection (section 3.1A8)ditionally, data
from field campaigns conducted under the LabPlas project within the Field Sampling Work Package (WP2)
alsopresented (section 3.1.4Yhe preprocessingtepsof Sentinel2 data are presented in section 4. Analysis
of the spectral signatures of macroplastics patches and 6tteting materials are presented in section 5.
Development of machine learning models to detect floating macroplastic patches in-3enmtagsry is
presented in section 6. In section 7, it is described POS2IDON, arsaper modular framework for the
detection of suspected macroplastics patches in Seffimehgery using machine learning modeifferent
approaches and potentiases for different geographic regioase described A resume of the work and
recommendations for future work is provided in Sedion

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 wasNie¢ tthined with the original
MARIDA dataset, as described in Section 6 2RNDA is a benchmark dataset for floating plastic detection,
which allows for direct comparison with previous studies. Tietunodel outperformed other models we
trained on MARIDA (Random Forest and XGBoosshanekd superior scores compared to those reported in
earlier MARIDAased studies. Due to its comparability and robust performance,-tet 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 nespelkifisaly

relevant to the North Sea, such as foam/spume filaments and-fecarimg phytoplankton blooms (e.qg.,
Noctiluca scintillangyanobacteria, arfdhaeocystis Among the models trained with this augmented dataset,
XGBoost performed better than Random ForestN&tunodel was ndtrainedwith this augmented dataset,

as its strength relies omanually digitized spatial delineation of featusesh as fullength filamengs rather

than pixelbased spectral signatures, which were used to label the newly added classes.

2 REVIEW ON SATELLITE TECHNIQUESHTERMINATION OF MACROPLASTICS

Plastics are widely acknowledged as one ofita@rthreats to our oceans, causing significant ecological and
socioeconomimegativémpacts Marine plasticeanharm biota by ingestion and entanglemalter habitats,
transport pathogenand invasivepecies andrelease toxic chemicatlditiveswvith potentiaimpacts on human
health.The overarchingffectsare unpredictableas this new plastic component of the ocean rimégrfere
with fundamentatjlobal processes such as biological carbon pamgoceanheat storage.

Macroplastis (items> 25 mm)represent the major fraction of plastiassfloating in the ocearkstimatons
indicatethat a total of 3,200 kilotonnes of plastic floats in the ocean, with nearly all mass (95%) contained in
macroplastics (Kaandorp et,&023).Theseargeparticlesenter the ocean througrarioussources including
coastal zones (littering and mismanaged waste) and riverine iQuéstime macroplasticbreak dowrinto

smaler micro and nanoplastics (SMN®hich not only ar@early impossible to remove from theean but

canbe more easilyntegrated intonarinefood websandbecome amicroscopiaubiquitous component of the
ocean with complex and unpredictable effects on ecosystems, climate and hunzaeingll
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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
innovativamonitoringmethods. One of these methods is the use of Earth Observation (EO) satellite imagery.
Usingsatellitedatafor macroplasticsletectionin the ocean has been under investigation during thedast

years and different methodologies have been proposed. Sathbitegyreat advatages with respect to
traditional survey methodsecausehey offerregularmonitoringover large areasyhich can helguide clean

up, evaluate the success plastic pollution mitigaticstrategiesand better understand the temporal and spatial
distributions of marine plasti¢MartinezVi cent e et al ., 2019; Topouzelis

In terms of satellite data availabilitgysral satellite EO missions are currently orbiting the earth, each having
varied capabilities in terms of spectral sensitivity, temporal revisit and spatial resdiutios task ofloating
macroplastics detection, suitable satellite sengt@allyproduceHigh-Resolution(~ 13300 m resolution) or
Very-High Resolutionimagery(up to 0.3 m resolutio). However, finer levels spatialdetais imposetrade

offs. For instance, with VHR imagdiye observable ption of the ocearfswath width)generally decreases
Therefore, aalance must be satisfied amospatial resolutionswath width revisit frequencyspectral
discretizationas well as of thacquisition costs.

Since the initial efforts to detect floatinm@croplasticsn the oceanpassive optical sensors habeen the
most usedgspeciallthe High-Resolutionopticalimageryfrom Copernicusentinel2 which offers the highest
spatial resolution (up to 10 m) free of charge, while providing a balanced complmtisenspectral
resolution, swath width and revisit tim@swablel). VHRdatahave also been tested. WorldVi@wWHRimagery

was used for example Byoyama (2016for the detection of marine debris in the Sea of Japa®dk et al.
(2021)to study floating plastic accumulation in the North Pacific Garbage Patch or to improve the detection
potential of Sentinél through image fusiobhy Kremezi et al. (2022PlanetScop&HRdata supported the
detecton offloating litterin the Gulf of Hondurg¥ikaki et a.2020)and was used to investigatkegal waste
detection irrivers (Magyar et al., 2023NeverthelessysingVHR data comes at a cqser inage which is
prohibitive forregularmonitoring purposes. Other sensors, such gpdrspectrakensors(Kremezi et al.,
2021; Taggio et al., 2028jfer more detailedpectrainformationputhave the disadvantage of a lower spatial
resolution (30 m, Table I). As fadtive radar sensoréTopouzelis et al., 2019; Savastano et al., 2021; Lavender,
2022) while they can detect objedfsrough cloud cover or at nighihey lack thespectralinformation offered

by optical data, which makptastic detection chahging

Tablel - Satellite sensor and characteristics usethmliterature for the detection of macroplastic

Satellite/Sensor Spatial Resolution | Swath width Spectral Resolution Revisit Time
Name (GSD) (days)
Sentinel2/MSI 10 m (max) 290 km Multispectral (13 bands) 5
WorldViews 0.31 cm (max) 13.1 km Multispectral (29 bands) 1
PlanetScope 3 m (max) 24.6 km Multispectral (4 bands) 1
Sentinell/SAR 5 m (max) 410 km 6 (12)
PRISMA 30m 30 km Hyperspectral (239 bands) 29

Currently, lhe Copernicu$entinel2 missionwith itsMultiSpectral Instrumestands otiasa promisingsource

of optical satellitelata for macroplastic detectigopouzelis et al., 2018iermannret al., 2020Hu, 2021
Kikaki et b, 2022 Sakti et al., 2023Cozar et al., 2024This is mainly because offersthe highest spatial
resolutions (up to 10 m) with free accesghile providing balanced spectral resolution and temporal revisits
Otherfreely availableptical sensors (e.g. Landsat) have lower spatial resolut@unsently, theSentinel2
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mission onsistsin a constellationf two identical satellites, Senti# and SentinédB. Together, the data
from these two satellitgzrovides systematic globedverageof thecoastabcean (every 5 daya the equator
and up to 2 days at high latitudewith reflectancedata onspectral bands in sible, neatinfrared, and
shortwaveinfrared(Tablell).

Tablell - Sentinel2 spectral bands.

. Spatial Central .
Band Description resoIEtion (m)| 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 InfraredCirrus 60 13735 31
Band 11 SWIR 1 20 1613.7 91
Band 12 SWIR 2 20 2202.4 175

Using Sentine? imagery,studies demonstratethe capacity to discriminate pixels containing plastic debris
from adjacent water pixeils controlled experimentsy deploying artificigdlastictargets(Figure?) of different
compositions, sizes and with variable degrees of submersion and biological (fboingzelis et al., 2019;
Topouzelis et al., 2020; Themistocleous et al., 2020; Papageorgiou et al.Thé28)studiesoncluded that
the spectral contrast between floating matters and background watensostly in theNear InfraRed (IR,
regardless of the type of floating matter (plastiesod and otheps Basically, this is because floating materials
reflects thesunight in the NIR bandwhereas the neighbouringvater strongly absoris light at these
wavelengthsThereflectance of floating matten the ShortWave InfreRed SWIR bandswasseveral times
lower than in the NIR bandswas alsdound that the portion of plastic should be at least 3®8% of the
pixel area to be sufficiently reflective in the NIR band. The presence of biological material on the plastic
(biofouling), influenakthe spectral behaviour in thésible YIS part of the spectrum. At the same time,
hyperspectral measurements of virgin and ocean pladims thatvetnesseduces reflectance and that ocean
plastics havéower rébectance compared to virgin plast{¢araba et al., 2021

Figure2 - A target made up of plastic water bott{&@semistocleoust al.,2020
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Recognizing the ability to distinguish plaatitficial target§rom water,the detection ofreallife floating
macroplasticén the ocearhas been attempted hisnextstep issubject tomultipleconstraints Perhaps the
mainoneis related tothe relatively low density of macroplastic in the ocead the relatively lovspatial
resolution of Sentiné pixels(10x10m, i.e. area of 100 m2Jhese factorsestrictthe detection capabilityf
Sentinel2 to aggregation®f macroplastics;ather than individual macroplastic ite(hisl et al., 2021)These
metresizeaggregationsknown as plastic patches or litter windrows (Cozar 2Gf21; Biermann et al., 202
Cozar et al., 20249ccur through convergence (e.g., by currents, tides, winds) and besides plastics, a mix of
other materials coccuss such as branches and leaves, foam and macrodfggere3). Still, thereis very
limited knowledge on theg#astic patchesr litter windrowssuch as their formation, duration, distributan
macroplastic concentrationi$.has been reported that thikensity of macrolittemfainlyplastic) can increase
up to 10,00€fold in thesestructurescompared to the surroundings, reaching ranges of 1MW) items / 100
m2 (Cozar et al., 2021), which is much higher than the macrolitter density ranges at globalGO&l#éms
/ 100 m2; Galgaret al., 2015). Thus, the focus of most studiesluding present work, was on mesize
aggregations of surface macroplastics, that could be detectable by the resol&@miinéi2.

Differentmethods have beepresentedor detection otheseplasticpatchesin SentineR imagery including
spectral anomaliefCiappa, 2022 spectral unmixingTopouzelis et al., 2020; Papageorgiou et al., 022
spectral indexeand machine learning modeBpecificspectral indexebave been proposed yrias et al.
(2021), Themistocleous et al. (2020), and Biermann et al. (26pectively the Windrows Spectral Index
(WSI), the Plastic Index (PI1) and the Floating Debris Index (F®Il3tt&h based on the floating algae index

(FAJl Hu, 2009 wasemployed in combination with the Normalised Vegetation Difference Index (NDVI) to train
a Naive Bayes mod#iat differentiatednacroplastic patcheom otherfloating material¢e.g. vegetation,
driftwood). Ciappa (222) and Ciappa (20219n its handleveraged changes in the Red Edge bands to
differentiatepixels with plastemixed with vegetation.

Figure3 - Observed plastipatches off Honduras (lefiKikaki et al., 2020; rightCozar et al., 2021; photos Baroline Powégr

Different machine learnirand deep learning approachesve beerpresented in the literaturejotivated by
theadvances in the field of artificial intelligence and #s¢ data produced by satellites and the complex task
of discriminatindloating plastipatchesfrom other featuresUsing as the training thartificial plastic target
datg Basu et al. (2021yeveloped two unsupervised-feans and fuzzy-means) and two supervised
(support vector regression and sesuipervised fuzzy-means) classification algorithms to identify floating
plastics. Usin@lso plastic targe dataas training Support Vector MachindSVM)and Random Forest (RF)
models were developed I8amnigrahi et al. (2022)ased on the spectrgignaturesand spectral indexes, such
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as the kernel Normalized Difference Vegetation Index (kNID\Wyercome the scarcity of gromwvalidated

datg Nagy et al. (2022gvera@d synthetic data from marine debris, plastic, and wood to train a RF classifier.
Duarte and Azevedo (202BedeXtreme Gradient Boostifg§GBoogtand theirtraininglibrary composed of
artificial targetsas well agecentlypublishedlasticpatchesevents(Kikaki et al., 2020; Biermann et al., 2020

A different ML approach was used l§fdal et al. (2021who employed a Convolutional Neural Networks
(CNN) UNet predictor to learn the spatial characteristics of floating objects, rather than using spectral
information and distinguishing the different types of objdéeteesume, untiVery recently, ML models were
mainly trained witkitherthe spectral signatures of thatificial plastic targets, or the locations of the suspected
plastic patches described by Biermann et al. (2@2d)Kikaki et a(2020).

Therecent publication of the opesourceMARIDA (MARIne Debris Archigpgctrallibraryof Sentinel2 by
Kikaki et al. (2022%)reated more solid opportunities for the applicatiadiofechniquesTargeting theask of
discriminating plastidebris patchesMARIDA providespectralsignatures of plastic debrigatchesfrom
known pollution eventandother features such as floatimgacroalgaefoam ships and cloudsé Sentinel
imagery It alsopresented baselinglL approaches based on RF and a CNNethrchitectureSinceMARIDA
release a few studiesstarted toexploral this dataset.Olyaei et al. (2022)sed MARIDA to develop a deep
neural network (DNN) and uncover the spectral signatures of marine Gelpia.et al. (2023)tilizedVARIDA
with a multifeature pyramid network (MFPNBooth et al. (2023¢reatel semiautomated density maps of
potentially plastipolluted areas usingnadaptation of a Blet model trained with the MARIDA library.

While showing potential, the identification of floating macroplasiitg Sentine is still subject tanultiple
constraintsatvariouslevel§ Topouzel i s et alincludingriyla fegturek @pticaligimild, 2 0 2
to floating plasticge.qg.,clouds, sunglint,whitecapsandfloating materials such as foam, blooms and ppllen

There are also limitations duesioboptimaladiometric, spatial, and temporal resolutionsusfentsatellites,

as well as a lackf groundtruth data

The pre-processing methodsan impact the ultimate detection results. Atmospheric disturbances such as
clouds, aerosols, as well as ssarface interferences like sunglimfluencesthe capacityto detect floating
plasticsas they introduce reflectance variability and result in bpigktsthat can be confused with plastics
These disturbancesnpotentially benitigated through atmospheric correction andpmacessing algorithms.
Nevertheless, executing these procedures can be corapktrodu@s uncertaintief Kar a k u. s 202
an example, atmospheric correctiormfopp Ot Atmosphere TOA images igdesired to remove the effect of the
atmosphereACOLITE/anhellemont and Ruddick, 2018) and Sen2Cor {Kfeom et al., 2017drecommon
atmosphericorrection tools for Sentin@ldata. However, disparities have been observed when applying these
tools to the same pixéTopouzelis et al., 202)ncertainty camlsooccur when correcting for sunglint using
NIR and SWIR bands, since these wavelengths are also employed for sligtiggfloating plastic
accumulationgrom water.Hu (2022)also highlighted spectral distortions and misalignment occurring when
resampling all the Sentir2lbands to the same resolutioesulting ina misleading peak in the NIR band.

The presence deatures, such agessels, whitecapsvavebreakingnear coastandcoastal structurege.g.
intertidal rocks or isletsvind farm$ affect the accuracy performanas they also reflect in the NHIding
brightnessand couldbe falselydetected as a macroplastic pattimaddition, floating macroplastics are not the
only floatingnaterialfound at sea. Pollescumforming phytoplanktohloons, sea snotpumicealsoreflect

in the NIRpotentiallyresulting inmisidentifications amacr@lasic patches(Hu et al., 2021Papageorgiou et
al., 2022; Kikaki et al., 2022; Hu et al., 20ikeli et al., 202K a r a k u ¥ Furtfen@r@mixingof a
naturally occurring material like foam and floatiagroalgaevith plastic debrismayresamplethe signature
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of the macrplastic patch Finally, a stressed byvarious studieshindering the development of effective
methodsis the scarcity of grounttuth datasetgor plastic patches or litter windrowsgsulting inunbalanced
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 designetbr floating plastics detectiosentinel currentlyrepresents thenost promising data
source The use oVHRsatellite imagery (e.g., WorldVi@wPlanetScope) offers improved spatial capabilities
compared to Sentind. However, these have associated cosisdering their uséor regularmonitoring. As

a result of thesehallenges, 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 plastiqgMartinezVicente, 2022Cozar et al., 2024)easibility studies, requirements

and specificationfor future satellite prototypes have been studied and defined in some initiatives such as
OPTIMAY, RESMAE| and MARLISE

3 DATACOLLECTIORDR PLASTIC POLLUTION EVENRSIFICIAL TARGETS ANDSATELLITE IMAGERY

3.1 Data ollectionfor plasticsdebrisand other events

Initial efforts to gather satellite imageRjgured) withoccurrences omacr@lasticpatchesand othelfeatures

have been achieved based on information in published litecatgatellite detection of macroplastic patches
(Annex11.]). Biermann et al. (202@glected different locations on coastal watefenassociatedvith river

plumes and fronts. From thigork we acquired images fahe events containing plastic patchesd other
floatingmaterial 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 plastipollution as documentedby Kikaki et al. (2020and Kikaki et al. (2022andin the Haiti

where also events wereported Additional locationfr litter windrows were collected in the coastal area of

the southeast of the Bay of Biscay based on the studRuf et al. (2020Examples of images showing the
presence otlebrisdischarged to the sea after heavy rain events are takenGrappa (2021), Ciappa (2022)

and Sannigrahi et al. (2023 .selection of images in several coastal areas tvbfdal et al. (20213howing

the presence of floating objectgere also taken int@wonsideration to test remote sensing methodologies in

our study. We alsgatheredevens of other floating materials éil®ating pumicéDuarte and Azevedo, 2023
andanoutbreak of sea sngHu et al., 202p

! https://nebula.esa.int/content/optiropticatmethodsmarinelitter-detection
2 https://nebula.esa.int/content/resaralinote sensingmarinelitter
% https://activities.esa.int/sites/default/files/203/5essionl_Livens_13.pdf
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Figured - Examples of Sentinglsatellite scenes of reported cases in the literaturbtte) windrows irBay of Biscay, France (Dg-
2018). b)plastic patch irGulf of Honduras (:89-2020). c)sea snot outbreak iNlarmara Sea, Turkey (0B-2021). d)plastic patch
in Calabria, Italy (220-2018). e)plastic patch ifNorth Adriatic, ltaly (168-2020. f) plastic patch irAccra, Ghana (310-2018). g)
floating objects iba Nang, Vietnam (6B)-2018). h)floating pumice i©kinawa, Japan (280-2021).

3.1.2 Controlledartificial plastic targets

The Sentine? data collection also included images (Anb&@ from controlled experimenis.e. artificial
targets)conducted in Cyprugrhemistocleous et al., 20R0n these experiments, a 3x10 m target made of
PET bottlesKigure5) was deployed. Additionally, a series of Plastic Litter Projects (PLP), as detailed by
Topouzelis et al. (2019), Topouzelis et al. (2@B@Papageorgiou et al. (2022 yolved the construction and
installation of artificial targets with different compositions of plastic and organic nmatetial beaches of
Mytilene, GreecdFigure6). Given the scarcity of reahse scenarios depicting verified floating plastic debris,
these images and standardized datagetee utilized folinvestigatinghe spectral behaviour of plastics.
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Figure5 - a,b) 3x10 m target made of PET bottled) Sentinel LevellC image true color composite ¢12-2018) showing the
pixels covered by the target (red square).

Figure6 - Sentinel2 Levell1C images true colour composite on@%2021 (a,b) and 199-2022 (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 PVCatrget
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3.1.3 Additional list of events

In addition to the existing collections of images featuring plastic depogtedin previousstudiesfocused

on detectingplastic debrigusing Sentine? imagery, we have compiled further relevant evexénplified in
Figure7. This was achieved by consulting repof@seandeanUp efforts, news and social media posts.
Moreover, we relied on input from expert aniglyssearching possible cases, in familiar locations, known
polluted areas and in the aftermath of natural disasters. The detailed list, including dates;2Senatitusits,

and reference sources, is provideddnnex11.3

Figure7 - a,b) Ocean Cleddp Interceptor Los Angeles (November 2022) and Ses2ibeVel1C images true color composite on
09-22-2022 showing the collected debris. ¢) microalgae bloom (phaeocystis) in Zeebrugge, Beldiiv2006). d) microalgae
bloom (noctilucpin Vigo, Spain (089-2021). e) mixeglasticdebris at a dam in Potpec, Serbia{152021). f) suspected marine
debris and vegetation in Manila, Phillipines@8%2022), g) suspected marine debris in Durban, South Afric@41022), h)
suspectedmarine debris in Acapulco, Mexico {282023).

3.1.4 LabPlas field campaign

To enhance thedata collectionefforts were made to obtain groutrdith data on macroplassichrough
collaborative efforts with Task 2.2 of WP2, and by gathering data during field campaigns conducted in the North
Sea, Thameglbe rivers, and the Mei®arcés river basin. To facilitate this process, a protocol document
(Annex11.4) was provided for reporting any observed sighting event.

Throughout the field campaigns in the North Sea (winter and summer), the AIRaardgrgoported the
cruise by reatime satelliteimage acquisition ananalysis During and before the cruis8entinel2 images
were acquired processed and analyseh realtime to detect possible locations ofloating plastics
Furthermore, VHREEOSAT imagegere simultaneoushacquiredat the same location during-gitu data
collection(Annex11.5. The goal was tguide field operations fahip route adjustment to targdtoating
plastic aggregatiofi.e.,marine litter windrows or slickanpdother features ointerest andsupport synergistic
uses of insitu data taest and refine detectiorapacityand validate the satellibased detectiooutputs.

During the winter campaign -2 February 2023), no significant floating aggregations or detectable
macroplastics were observed or reported during the fieldWbheSentinel satellite screening revealed some
suspected structures~{gure8) buttheywere notclose enouglwithin the track of the cruide allow changes

of route(Annex11.3. In addition three VHR GEOSAP images Figure9) were purposely ordered and
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acquired with the intention @fpturingthe vessel in thenarrow FieldDfView (FOV) of this type of VHR
imagery. Wfortunatelythe cloud conditions were unfavourable during the craisd while one image was
cloudfree it failed to capture tHsoat,and it did not show any suspected feature in terms of floating plastic

a)

Figure8 - Sentinel2 acquired on 0®2-2023 (a) andn 07-02-2023(b) showing floating structures.

Figure9 - GEOSA®P acquired images on 6&-2023 (a), 0702-2023 (b), 0802-2023(c).

During the summer field campaign in the North Sea (from 26 June 2023 to 1 Jull2©23R Centre joined

the cruise and performed litter spotting, being responsible for this activity with the support of the crew (Annex
11.6. Howeverno macroplastE aggregation was visually found during the 8 litter spotting sur@@myly
individual litter items were foundith anaverage litter density of 0.009 / 100 nfhesedensitiesare in line

with studies in North Sea reporting densities -@&.@3 items/100 m2Thiel et al., 2011) and@.0272 / 100

m2, with mean 00.0031 items / 100 m2 (Gutow et al., 201B)om theSentinel2 and GEOSAT satellite

image acquisition and processing for this cruise there were also no suspected patches or filamentous features
with plastielike signatures in the ship route, to guiddealicatedn-situ surveyof these featuresHowever, it

is noted that anajor phytoplankton bloom ®foctiluca scintillangvisuallysupportedby microscopy)wvas
observed both from satellite on figldar station 1Kigurel0O-a, b). TheSentinel2 (Figurel0-d) and GEOSAT

2 (FigurelQ-c) datacaptured this extraordinagvent(Annex11.3and Annex 1.5, offering new data to help
discriminate between phytoplankton blooms and other features in satellite images.
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FigurelO - Photographs taken by LabPlas team showing the Noctiluca scintillans bloom (a,b),-@BGf#kEd images on 36
2023 (c), Sentine? acquired images on 236-2023 (d).

3.2 EO data sources

The acquisition of satellite data was done manually through online platforrgeapititaluser interface and
in an automated waythrough Application Programming Interfaces (AP§ble llpresents the satellite data
products used during the project and the data providers.

Tablelll - Satellite products and data providers.

Satellite Product Data provider

Sentinel2 LevellC and Leve?A | Google Earth Engihe

SentinelHub EO Browser

Google Cloudhrough FelLS

Copernicus Data Space Ecosystemugh CDSETdol

GEOSA® LevellC PS3 GEOSAT

WorldViewB pansharpened RGB| MAXAR Open Data Progfam

4 https://earthengine.google.com/

5 https://www.sentinddub.com/explore/ecbrowser/

5 https://cloud.google.com/storage/docs/pubititasets/sentinet

" https://github.com/vascobnunes/fetchLandsatSentinelFromGoogleCloud
8 https://dataspace.copernicus.eu/

® https://github.com/SDFIdk/CDSETool

10 https://geosat.space/

11 https://www.maxar.com/opeatata
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Initially, images from Copernicus SentindlevellC and Leve2A 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, dnelNW Iberian Peninsutagion,constitute extensive regions of
interest (ROI), and consideringtiallythe year 2021 as the analysis period, a script was created in Google
Earth Engine (GEE) to facilitate the acquisition process. This script wagp&eed by Sentinel[Hub EO
Browser platform for rapid verificationesentsidentified in literature, media, and news.

To have more development freedom and save the data locally for future processinbsegientlgreated

a Python script that automates the acquisition of SerRihelvel1C 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 Saelidata, whilethe CDSETool retrieselata from the new Copernicus Data Space
Ecosystem (CDSH)ata had also been initially obtained ftbim Copernicus OpeAccess Hub (COAHjut

this ceasedoperations at the end of October 2023d was replaced by the CDSHFe developd scrips

outputs a list of available identifiers that are used to download the S@npireelucts automatically.

Regarding th&HRsatellites, the GEOSARTLevellC PS3 data was obtained through a partnership based on
credits, in which the AIR Centre made a taskingiest,and the download was done througlsecure File
Transfer ProtocolSFTR account provided by GEOSAT. In the case of Worldvipamsharpened RGB, we
used the MAXAR Open Data Progeatalogue which provides free data before and after disaster events.
TheseVHR data were uséd correlate irsitu results with satellitbased observations, test arefine detection
algorithms, and validate the outputs of satelidieed detectionf Sentinel imagery

4  PREPROCESSING OF SATELLITE IMAGERY

After identifying and downloading the satellite imagmsralpre-processingnethods were developedlated
to cropping, atmospheric correction (AC), application of gain and offset \a@éuesand lananasking, and
reprojection of bands to the same coordinate reference system (CRS) and spatial resolution.

Initially, Sentine2 Level2A data wasused since it was already provided atmospherically corrected
reflectanceshowever the operationahlgorithmfor the correction is Sen2Céwhich provides Bottor®df
AtmospherdBOAYeflectance®ptimized for terrestrial applicatioi$erefore, we changed our working focus
to SentineR LevellC data to explore algorithms dedicated to atmospheric corraatibe oceannamely
ACOLITEand Case 2 Regional CoastColour (C2REGllowing thepublication of th@pensourceSentinel

2 spectral libraryMARIDA that wasreated using the ACOLITE processor to obtain Ragleigdcted
reflectancesijt was considered important to maintain consistency with this reference workiesndied to
follow the sameapproachthus 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 Seti{#¢B), and performs theorrectionby

default using the dark spectrum fitting approach but can be configured to use the exponential extrapolation.
Featureof ACOLITE alsoclude the cropping of satellite images to rectangular regidngeoést (defined by
bounding coordinates), calculation of reflectance derived parameters, and results exported as GeoTIFF. The

12 Sen2Corhttps://step.esa.int/main/snappportedplugins/sen2cor/
13 ACOLITE: https://odnature.naturalsciences.be/remsem/sedimedata/acolite
14 C2RCnttps://c2rcc.org/documentation/
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processor also takes the original UTM/WGS84 projection of Séntilesl 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 blirse. The source code is availabl&#Hub®, and a examplebetween

TOA and Rayleigtorrected obtained with ACOLITE is showigarell.

Figurell - Atmospheric correction applied to a LabPlas case study 1, site 6, scenr@2021. a) Sentine?2 L1C TOA. b)
Sentinel2 ACOLITE Rayleigbrrected.

Two mairpre-processing steps werdgevelopedifter ACthe creation of a land mask and of a cloud mask

create the land mask, we download the ESA Worldcovel° 2l for thegivenROI The product provides a
global land cover at 10 meters resolution with eleven generic classes for 2021 based onSantirgs#ntinel

2 data Figurel?), 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 S2itir@lproducts, mergedropped.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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Figurel2 - ESA Worldcover 2021 visualization near LabPlas case study 2, site 6.

For the computing od cloud maskt was choserthe Sentinel Hub's cloud detector for Sentihéiagery

algorithm also known as s2cloudlg$sThe s2cloudless cloud masking was configured to utilize 10 out of the

13 TOA spectral bands (B0O1, B02, B0O4, BO5, B08, B8A, B09, B10, B11, B12) as input, resampled at a 10 m
resolution. The algorithm produces a cloud probability map ranging from 0 tel jsathien 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
examne the sensitivity of these parameters beyond their default values, we conslenxtedltests (Figure

13) on various images containing clouds with diverse shapes and charactélgitssted the sensitivity of

the parametergFigurel3-a,b,c)for optimal masking of very sméhigurel13-d) and thin cloudsKigurel3-

e), andcirrus clouds Figurel3-).

17 https://github.com/sentirlub/sentinelzlouddetector
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Figurel3 - Testing the performance and sensitivity of the cloud masking processor to different parameter settings. Threshold a)
equal to0.4, b)equal t00.6, c)equal t00.8 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 durifdl classification process. An example of both masks is showrFigurel4.

Land Mask
Cloud Mask

2021-07-22 Sentinel-2 (area from CASE STUDY 1

Figurel4d - Masks applied to a LabPlas case study 1 scene-bi722021. Land/water (land in brown and water in transparent) and
cloud (clouds in purple) masks are overlapped to a RGB Sehimele.
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Additional prgorocessing steps included the creation of masks for clear oceanic waters using thresholds for
the Normalized Difference Water Index (ND&pctral index and the neirfrared band (B8) based on the
basic principle that clearer watanthout any floating material at sea surfatsngly absorbs radiance in the
nearinfrared part of the spectruteading tdower reflectance at B8 (see alsmure23). Application of clear

water mask was made tedue computationatime during ML classification process though it also helps
exclude firstorder pixels that have a too low reflectance for a floating matter.

Concerning the processing ¥YHRsatellite imagery, no additional processing was required, as all acquired
images were already processed to Leahcludingatmospheric correction and orthorectification, with the
bands pansharpened to achieve the highest resolution.

5 ANALYSIS OFPECTRAL SIGNATURES OF MACROPLASTICS PATCHES AND OTHER FEATURES

The spectral signature analysis consistechafracterizinthe reflectancepectrafor different floating materials

and featuresthe 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 consideredWe started by exploring existing Copernicus Seffisglectral librarieghat could be later
expanded by us with new materigidthough the focus was on caltang spectral signaturex plastigpatches,

we also considered signatures from other features, which allow us to obtain a more detailed classification and
apply this research to other case studiesl regions

We performed several tests on Sentidg@roducts using manual spectral extraction techniques. We calculated
plastic abundance using Linear Spectral Unmixing (LSU), which tallobtain an estimate of the percentage

of the pixel covered by plastic, thus providing a preliminary level of confidence during estragti@iso

applied spectral indices to the satellite images, such as Floating Debris Index (FDI), Normalized Difference
Vegetation Index (NDVI), Normalized Difference Water Index (NDWI), aheysg which facilitated the
distinction of floatinglasticdebris, floating vegetation, and the background water.

LSUis 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 endmember) present within the pixel. The equation for linear spectral
unmixing of a pixel containing plastic and water is the follo{®imgageorgiou et al., 2022

R0 =Ff*R 0+1-F )R 0 @

Where Rxi s t he mixed (plastic and wajgisthe)reflgotangeefdr the e f | €
pl astic target e n dunehaeiectantedorthewater tarhet emdmerhberlfor watRelength

U, aigthee pléstic target endmember abundance fractiba.LSU and endmembers selection were applied

to the artificial plastic targets of tHeLP2018 sample@opouzelis et al., 2019igurel5) and other PLP§

allowing forthe detection and estimation of the abundance of plastieachpixel

18 http://plp.aegean.gr/
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Using Sentinel-2 and LSU to
calculate plastic abundance

Plastic abundance calculated by

drone in each square with size of

—

(comparing with results from
drone).

a Sentinel-2 pixel (geolocated).

18% 15% . Z

Processed by AIR Centre

Processed by AIR Centre

True-color

Figurel5 - Application of the LSU method and Fidex to a PLP2018 sample.

Spectral indices are mathematical expressions derivedréfbestance at differespectral bands. To help on
the extraction of signatures wsedthe followingndexes

FDI =R .- [R rez T (R swipn — R REZ)* ((R NIR A REZ)/(7t SWIRL A REZ))* 10] 2)
NDVI = (R NIR - R RED)/(R NIR + R RE.D) (3)
NDWI = (R GREEN - R N[R)/(R GREEN +R NIR) (4)

Where Rr Reez Rowiri Rrepand Rreenare the reflectance for the bands néafrared, reeedge 2, shortwave
infrared 1, red and green bands respectively, a

FDI was applied in PLP2018 as showRigurel5 being able to highlight the three deployed plastic targets.
NDVI and FDI were calculated using a script developed in GEE for a-3émégd of the LabPlas case study
1, site 6, in 2207-2021 Figurel6) highlighting a suspected ocean feature of floating vegetation. NDVI, NDWI

and FDI were also applied to other Sentthetenes of LabPlas case study sites after ACOLITE atmospheric
correction Figurel?).
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Figurel6 - GEE script for Sentin2ldata acquisition and spectral indices calculation showcasing (@ptare (b) NDVI and (c) FDI
images for LabPlas case studysite 6, in 2207-2021.
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Figurel? - Application of spectral indices after ACOLITE atmospheric correction to a Restaret of Thames river in 118-2018.
(a) Truecolor, (b) NDVI, (c) NDWI and (d) FDI images.

We identified aecentstateof-the-art spectral library for Copernicus Sentidedalled MARID®ith existing
annotations of floating plastic delaisd other featurefKikaki et al., 2022The dataset was developed through

a meticulous process giollutionevents compilatioletween2015 and 2021 around several worldwide
locations. This information was gathered based on reports from citizen scientists, the media, and scientific
literature. The events @batingplastic 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 Chihadnt annotatiomvolvedauxiliaryweather datacollection

spectral indices calculation and image interpreta@mmversion offOA reflectances of LevEC into the
Rayleigkcorrected reflectanceised the ACOLITE atmospheric correction algoritiARIDAannotation

process yield a vector dataset of digitized polygons in shapefile forwilaich after conversioimto a raster
structure followed bycropgng, providesnonoverlapping 256x256 pixeized patches. Eactinal patch
includes a raster stack with 11 bands of Raylemected reflectances, a mask with 15 thematic classes and

a mask withthreevalues of confidence. The raster stack and the class mask for eactcpateh used with

the UNet modelDataorganizatiorirom all patches into a tabular structsigportsuses with RF.

TheMarineDebrisclassin MARIDAsd e f i ned as fl oating plastics or o
d e b rThesafnotations dhe spectral signatures tifis class comeverified plastic debris events in several
geographical region3heyare hereconsidered asignatures oflenser aggregations @ibatingplastic items

at sea surface anthereforerepresentative of the scalled plastic patches or litter windrows.

Figurel8illustrates 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 eaklostassels

were classified as Sedimeishden Water, while Natural Organic Material represents a small percentage of the
total pixels classified. Marine debais also underrepresentedach class bar represents the percentage of
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pixels allocated to training (blue), validation (yellow) and test (green). The pink bars represemnttitef
total pixels allocated for the training, validation and testinglatasetdn the original study

Class Description Pixels Percentage [%]
- . ) ) ) 0,5%
Marine Debris Floating plastics or other polymers, mixed
. . 0,5%
anthropogenic debris.
MD 0,2%
0,2%
Dense Sargassum )
Dense floating Sargassum macroalgae. 0,5%
DenS 0,4%
0,3%
Sparse Sargassum .
Sparse floating Sargassum macroalgae. 0,2%
SpS 0,5%
Natural Organic 0,2%
Material Vegetation and Wood. 0,0%
NatMm 0,0%
0,
Ship B | 0,8%
Sailing and Anchored Vessels. 0,6%
Ship \ 0,6%
0,
Clouds ) ) ) . 15.2%
Clouds including thin Clouds. 9,0%
Cloud 16,9%
Marine Water Super |Clear water, water near floating materials, - 23,5%
Class waves (including waves from sailing vessels), 11,4%
MWaterSC wakes and cloud shadows. u 15.7%
Sediment-Laden | ) ) ) ) - 35,9%
Water High-Sediment river discharges with brown 58.9%
colour. el
SLWwater 47,7%
0,1%
Foam Foam recorded at river fronts or coastal wave
! 0,2%
breaking area.
Foam 0,2%
20,29
Turbid Water __ 0.2%
Turbid waters close to coastal areas. 18,1%
Twater _ 16,5%
- l 32%
Shallow Water | Coastal waters, including coral reefs and 0.5%
submerged vegetation. =7
Swater |I 1,3%
IS 12
i 213102
Pixels Number R - 310
Test B 1oss63
837377

Figurel8 - MARIDA spectral library summary. Classes full and short names, their description, atistpibelon for train,

validation, and test.

To the MARIDA datasete 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, bein@teidith irsitu observations, and normalizetb

to the MARIDAformat standardzations for consistency and replicatidrhe added extractions included
aquaculture structures from Portugal and China, plastic, and wood targeth&®LPs and natural events,
reported phytoplanktoblooms, natural slicks, and clouds, foam aifferentwater types registered in the
Azoreswith some examples given Figurelo.
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Figurel9 - Examples of Sentin@limagery used on extraction of signatures. a) Aquaculture cages in China. b) Targets of PLP2021.
c) Debris in a dam near Visegrad. d) Noctibic@min Vigo. e) Natural slicks in Hawaii. f) Foam filaments in Azores.

The mean Rayldigcorrected spectra of tenlassesfrom the final spectrdibraryare shown irFigure20-a.
Only 10 classes are shown to facilitate the visualizaflarine debrihas a mostly a flat spectral shape in
accordance with other studies (Hu et al., 2021). Foam filamEiysré19-b) appear to be the ones with
closest spectral shape to Marine Debris. These filanartiso known as spumandlike derived from the
agitation of dissolved organic matter following wareaking near the coastllowed by offshore advection.
Phaeocystis blooms also have a similar spectral signature as Marine Delbigure20-b we focus on the
related plastic debris signatures of the targets and natural events and compdteswitrine waterclass
The Marine Debrislassfrom MARIDA, which is from rdde events of plastic patches, has essentially the
same spectral shape of the artificial plastic targets, though at a lower magytiictés explained by the fact
thatin reatlife scenarios plastic is mixed with other materialsgotdntiallydoes notcoverthe entire pixel.
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Figure20 - 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 componetistributed Stochastic Neighborhood EmbeddiRINE) analysis

using Spectral Angle Mapping (SAM) as a distance metric to the spectral library to find possible clusters and
facilitate the class reduction duridggetclassification process. The analysis was done with a maximum of 100
pixels for each class of the dataget computational demand$he overall distribution of all signatures is
shown inFigure 21. Isolated tusters emerge forsedimentaden water (SLWater), floatimgacroalgae
Sargassum (DenS and SpS), aquaculture structures (AquSt), among BtheneDebrisdispersionin the t
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SNE analysishows that it could beonfused withother materials, namelfoans, such as the one from the
filaments in the Azores (FilFoAz), due to spectral signature similagtyo gmtentn Figure20-a.

2 component t-SNE

60 - AQUSLCH
= AquStPT
«  Clouds
Cloud
= DambDebr
o Dens
40 4 = DCloudAZ
= FilFoAz
e Foam
= LCloudAZ
MD
~N p . Mwater
- 20 *  Mwater
5 . MixNMT
c I = MixPIT
o MixWater
8_ - o NaM
= 04 = PINMT
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= SLWaterAZ
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Figure21 - 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 salNte tethodologiFigure22) shows an
evident the separation betweBenseSargassum and Marine Debititoweverpartial overlapoccurbetween
Sparce Sargassumatural OrganidMaterial and Marine Debrisighlighing that these materialscan
occasionally not be separatiedm a pure spectral perspectividye tofactors such agoloured plasticanda
low coverage of th@ixelby these materials
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Figure22 - t-SNE analysis of four main classes in MARIDA.

By using whisker plotsith SentineR band 8 (B08) NIR reflectance and threshdfigure23-a), some outliers
in the MARIDA dataseinerge For example, although the pixeFigure23-b (red asteriskwas labelled as
marine water it presents a high value of BO8 (higher than 0.4) indicating that the manualvedsticgrect
Visual analysi€onfirmsthat the pixel(red asterisk)corresponds to cloud-or an advanced quality control
removal ofthese outliersis beneficial although they do not have a major impact during the prooéss
developing machine learning modatsthey correspond to a very small percentage of the entire dataset.
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Figure23 - a) Whisker plot for some of the dataset classes with BO8 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@&29008.

6 DEVELOPING MACHINE LEARNING MODELS FOR MACROPLASTICS PATCH DETECTION

Machinelearning (ML) is dield of study in artificial intelligendedicated to algorithmthat can learn from

data, identify patterns anqmerformdecisions witreducednuman interventiorOur research focused on three

types of ML models, Random Forests (RF), eXtreme Gradient Boosting (XGBoost) and Convolutional Neural
Networks (specifically, the-Net).

RF supervised modedsewidely used in various fields due to their effectivenefiading patterns icomplex

data and producing accurate predictions. They areim example of ensemble modelling, which involves
generatingvariousestimators during thprocess ofmodelling and then combining their outputs to prodace
ultimateprediction(Breiman, 200l RF is also a meta estimator rooted in decision trees, this means that the
algorithm trains numerous decision trees on random subsets of both sam@evaiiens and predictive
variables using techniques like bagging (bootstrap aggregation). The Decision Tree -ipasametric
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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 sutodes. Each decision tree is essentially a "weak learner" that might not
perform exceptionally on its own, khtoughtheir combinatiorthe overall predictive accurasjgnificantly
improvesand helps prevent overfittirflylohsen et al., 2023The final class prediction for each data point (in
image analysis, a pixel) is determined by a majority vote among thetioresifrom all the individual trees
(Sol6rzano et al., 2021

In present work weised the classifier ensemble.RandomForestClassifier fromiISekit r n ®s ( Pedr e g
2011) (v1.1.1) open source ML library for Python (v3.9T@&pptimizemodelperformance and ensuleetter
metricsthe hyperparameter tuning was usddheRandomi zed Sear chCV f u-teart i on
libraryallowed tdind the best hyperparameters from a gfithismethod provides faster results compared to
GridSearchCVI o evaluate the performance of the cresdidation model on the test siéttwas used the
Intersection over Union (loU) metric

XGBoosts ahighly effective implementation of the gradient boostiggrithm,and it is also efficient from a
computation perspectivéradient Boosting stands as a ttmesed ensemble ML algorithm traineith the

boosting techniquéChen and Guestrin 201@oosting 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 modsiisidomaches a more
accurate modelXGBoost 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 parars¢hat 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 positionniiaimizethe models from overfitting, XGBoost also computes

the seconebrder gradients of the loss function and can use both L1 and L2 regularizations to penalize the
values of the weight®uarte and Azevedo, 2023

TheXGBCIl assi fier from Pyt hon®s wdsusbdimpregent et devetop ( D M|
our eXtreme Gradient Boosting mod#hoosing an appropriaearning rates keyin gradient descentf the

learning ratas excessively high ihay cause thenodelto overshoot the minimunmesulting indivergence,

whereas a too smalate slove down convergence ambtentially leadsonvergence to a local optimuifo
effectivelyoptimizeand mitigate overfittinggwas crucial to adjust the learning rate and other hyperparameters

The UNetmodelis a convolutional neural netwaakd itsarchitecture was initially proposéat biomedical

image segmentatiofRonneberger et al., 20LFhreedimensional arrayare received as inputs in the model.

Two correspond tespatial dimension&hereas thehird is the number of bandas the imagd(i.e. channels).

The UNetoutputis also a threadimensional array with same two spatial dimensionsififeedimensionis

the number of clastabels used. The outpabnsists inthe probability that given pixel belongs to given

class The purpose of thedet is to assign a class label (with respective probability) to every pixel of the input
image. The architectur# this models similar to a convolutional asémcoder. For autencoders, 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 (encoderFpart) the compressed image
representation, an image with the full salesize 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-Netimplementatiortan work withan arbitrary number of layers and activation funciidms
assumes that image used as input is sufficiently large, as every reduction step halves thdirsgsisidn.
Concatenation skip connectidsm performedas in Ronneberger et al. (2015) and transposed convolistion
usedto increase the spatial resolutidine model ismplemented in the Julia programming language (Bezanson
et al. 2017) using the Flux.jl ML library (Innes 20&8j thetraining loss functioit is usedthe classical cross
entropy loss, with a potential L2 regularization tetmch penalizes large weightsqin the neural network,
scaled by a factdr (c).

J(y.3) == vilogG)+B ) w? (5)
i J

Withwgepresenting the predicted probability for pixel i. It is important to note that in the training dataset, some
pixels remain unclassified and are | abelled as u
The loss function excludespix s bel onging to the ~unclassified® ¢
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 ittipemalized for those that are unclassified. This
design is logical, as no ground truth exists for comparison in such cBeesnodel tunning the following
hyperparameters were considered: hg tdepth of the encoder and decoddefined asthe number of
convolutional layer®) the rumber of output channels the first convolutional laye(the subset convolution

layers always increase the number of channels by a factoBptt® karning rate4) the rumber of epochs

5) the regularization terrn, and6) the ectivation function whichotild be either Rectified Linear Unit (ReLU,
Fukushima (1975)), Scaled Exponential Linear Unit (SELU, Klambauer et al. (2017)) and Gaussian Error Lineal
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 andhet edge were rotated inside the view area. The latter were assigned

to the unclassified® <c¢cl ass | ab-step protesspFast, heyrwarenet er
optimized with a random search across the parameter space (Bergstra and Beét@jioSubsequently, each
numeric hyperparameter was fineed by increasing and decreasing its value by 5%.

Modelperformance wereevaluatedisingthe traditional metricsRecall Intersection over Union (loU) and F1
score (also called Jaccard indexThese metrics ardefined bythe following equationsvhere TP is true
positive, TN is true negative, FP is false positive, and FN is false negative

x w o YO

R T ©)

‘08 Y. YO
€ TN T e~ e~
"YO "O0 "O0 (7)
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6.1 Decision treemodel(RA 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 offrioterest
MARIDA datas€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, NDW
and NDMI- Normalized Difference Moisture IndeXhe Sargassum class includes Derend Sparse
Sargassum, the Marine Water Super Class includes Turbid, Shallow, avikbthrine Watersand Waves

and WakesMarineDebrisared e f i ned as ~fl oating plastics or othert
hencean alias of aggregations of floatiptastics occurring in the oceamhe 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_subsampledotétoap as True and random_state equal to 42, the other
hyperparameters were kept at default.

TablelV presents the metrics for each of the classes of the trained RF nidagRFmodel presentwvery

good metricqclose to }, indicating a successful detection of nearly all MD pigelthe test datasefFigure

24-a shows the confusion matrix for the model with only a few false detections, especially between Natural
Organic Material and Marine Water Super CKigsre24-b shows the ML features importance, highlighting
band B03, and spectral indices NDVI and NDWI.

TablelV - Metrics of thes-classRF model.

Class loU 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 (MWater{ 1.00 1.00 1.00
Sedimenti_aden 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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Figure24 - Additional information about the RElassmodel. a) Confusion matrix. b) Feature importance.

We give two examples of application of the trained FFguine25, the model is applied to PLP2021 containing
two main artificial targets (one made of plastic and the other made of wood), thus actisiflasatidation.

In Figure26, the model is used on one of the LabPlas sampling sitesTt&mes 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 targetisessfullydetected 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 rivétixels close to the floating vegetation patelve been classified as marine

debris and hence can be identified as suspected macroplastic padcms pixels near the coaappear to

be false detections d¥ID that correspond to human made structures not removed by the land mask
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Figure25 - Application of the preliminary RF model on the PLP2021 use caB6:2221. a) Skala Loutron site in the Gulf of Gera,
Island of Lesvos (Greece). b) RGB Sentnietage after ACOLITE. c) RF model classification.
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Figure26 - Application of the preliminary RF model close to sampling site 6 of case study8i@742021. a) River Thames
estuary, United Kingdom. b) RGB Senthiehage after ACOLITE. c) RF model classification.
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In this sectiondifferentML modelsare presentedising the entire MARIDA datase®he objectivewas to
improvedmodels compared to previous works, namely the MARIDA original study (Kikaki et al., 2021). To
facilitate comparisothe same dataset arrangements were usHoke originalll classes wereonsidered
(Figurel8) and thesame TrairValidateTest split arrangement wapplied.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-meterresolution 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, anfidence level.

Four modelsn total are presented: two Random Forest, one XGBoost andeeribdelTwo modelsvere
trained with all features,Random Foresty"00 & &)@ X®@Boost§ "06 0 a §. @ ané presenting better
metrics (XGBoostwas then trained with theost important features testhow feature engineeringpuld
change the metrigghis modelis referred as thé "06 "O"'Q"QEigatypa tNet model islescribed

The first two models, Random Fore¥t"00 a &) @@ &EGBoostif "06 0 & g, WEex@inedvith all bands

(B1-B8, B8A, B11, B1ariousspectral indiceand segment morpholog¥he used spectral indices were the

NDVI, FDI, NDWI, NDMI, F8hadow Index (Sl), Bare Soil Index (BSI), NRD (Kikaki et al, Ra2ib),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
(MARYI) (Gitelson et al. 2009) ananplified Version of Kernel NDVI (kNDVI) (Damayanti et al. ZagPent
morphologywas incorporatedbased onChen et al. (2016)which leverages the spectral variation trend
(categorized into ascending, descending, or flat branches) and is described as follows:

6 &=6 &1VY O
6&>6 1Y 11

6 E<6 &1Y +1 (10

WithBn being the reflectance of band nSéntinel2. For example, if BO1 is equal to BOghowsa flat branch.

For the'Y 00 & a ixfdeb, ¢he optimal hyperparametevsre true foroutof-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 ®"06 0 a g tiEbasdconfiguration comprised a subsample of 0.5, a maximum depth of 18, a learning rate
of 0.2, and a column samplipgrtree of 0.5. The XGBoost model outperformed the Random Forest model in
terms of metricsHence, we use XGBoost to test the relevance of usityghe most significant featurdssain

a new modelg "06 "0 Q" QT daportance of features weslected using &hreshold of 0.02. Out of the 35
features, only 17B01, B03, B04, B08, B8A, B12, FAI, FDI, SI, NDWI, NRD, sB02B03, sB07B08, sB11B12, PI,
NDSI, and Opsurpassed 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 sarpplitrge of 0.5.Lastly, a fourth model,

the UNet, was trained. The bestnfiguration for this networkasthe Scaled Exponential Linear Unit (SELU)

as theactivation function, a batch size of 8, output channeisnmolutional 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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Tables showsthe metricgor the trained modsl Among all modelthe UNet modepresentedhe best overall
performancewith a macreaverageloU and F1-Scoreof 0.76 and 0.84, respectivelyhe macreaveraged
metrics mearthat they are the average over all classes (excluding unclassified fdilsdg).only thanost
significant featuresrainthe model® "06 "O"Q"QiRh@tdmprove overall metrics comparedid6OAII"OQ @ O
In the MARIDAstudy, variants of Random Forest aneNdt models werg@resented, and the beshacro
averages ofloU and F1-Scorewere obtained for a Random Forest model, with values of 0.69.Z8d
respectively. Hence, results indicate thatiperioroverall modeberformancevas achieved in this work with
U-Net. Concerning the MD class, theN¢t model had the highest Recall but not the highest scores for loU
and F1, indicating that while the model identifies most true positives (high retsdi¥itffers from imprecise
predictions with false positivdsalse positives are identified in the confusion mattixe UNet mode(Figure
28). Natural Organic Matter clastand out as the main source of false positives

Table5 - Metrics of the RFXGBoost and Mletmodes trained with MARIDA

RF_AllFeat XGB_AllFeat XGB_HighFeat U-Net
Class loU | Recall| F1 loU | Recall| F1 loU Recall F1 loU | Recall F1
MarineDebris 062| 092 | 0.77| 0.72| 0.90 | 0.83 | 0.69 0.87 0.82 | 0.61| 0.94 0.76

Dense Sargassum 0.88| 093 [ 094|089 093 | 094 0.89 0.93 094 | 0.86| 0.95 0.92

Sparse Sargassum | 0.87 | 094 | 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] 037 | 039 0.33| 055 | 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| 082 | 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| 084 | 0.80| 0.65| 0.80 | 0.79 | 0.66 0.81 0.80 | 0.82 | 0.92 0.90

SedimentLaden

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 086| 089 | 0.92| 0.84| 0.89 | 0.91]| 0.85 0.90 092 | 0.88 | 0.93 0.94
Shallow Water 0.20| 038 | 0.33| 0.24| 040 | 0.39] 0.21 0.36 0.34 | 059 | 0.86 0.74
MacroAvg 0.63| 077 | 0.74]| 0.64| 0.78 | 0.75] 0.61 0.75 0.72 |1 0.76 | 0.89 0.85
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Figure28 - Confusion matrix for the-Net model.

Quditativevalidation of the {Net modelwas alsodoneby visually comparing its outputs in verified events.
The Honduras Gulf @e of the regions most affected phasticpollution with multiple events of floating plastic
pollution(Kikaki et al., 2020; Kikaki et al., 2022he of the higltonfidence events in MARIDA library, with
largeplasticpatches, is on the 18 of September of 2QRyure29). This event occurred following river outflow
of plastics from Motagua River and had strong media covefagee29-c shows the classification with the
U-Net model for this evenThis output includes the processing steps aheland and cloud maskn line
with MARIDA annotations for this eveitapients with suspected plastics ocativarious locations along the
front of the turbid plume of the Motagua River.
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Figure29 - Imageclassification of a plastfollutionevent in Honduras Gulf on 18 of September 262&creenshot showing plastic
patches near the shore (Sourdgtps://www.youtube.com/watch?v=@ly9QAx b) RGBimagewith region of interest, d)-Net
classifiedmage withpixels forMarine Debriglass highlighted éd dots) d) enhanced RGB imaghowing suspected plastic patch

6.3 Decision treesnodels(RF and XGBogstvith anaugmentedVARIDAibrary

This section presentsvo machine learning models based on decision t{&ndom Forest and XGBQost
develogdwith an augmented version of tMARIDA spectral librarjjo the originaspectral signatures of the

11 classes Figure18) from MARIDAve added spectral signatures for foam and for three new classes of
phytoplankton blooms (Noctiluca scintillans, Cyanobacteria and Phaeocystis), whose signatuserckan be

to floating plasticsThe augmented library was divided into 50% for training, 25% for validation of the training
and 25% for testing. The mosl@leretrained using spectral signatur@31-B8, B8A, B11, B12)nd spectral
indices (e.g.,FO, NDVJ NDWI,FAI, SI, NDMI, BSI and NRDCrossValidation is used to identify the
combination of hyperparameters that provide the best model performance.

For the'Y "@nodel, the optimal hyperparametersre true forout-of-bag score,120estimatorsa minimum of

2 samples leafa maximum depth d20, and a balanced subsample for class weightetstrap as True and
randomstate equal to 42, the other hyperparameters were kept at defatiie case othe XGBoost model
the best configuration comprised a subsampld,ch maximum depth of 18, a learning rate of 0.2, and a
column samplingertree of 08.
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The metrics for the models are presented able6. The performances similar between botmodels with
XGBoost resulting in slightly higher scores. Some classes/baygigh scores, namely Sediment Laden Water

and Cyanobacteridooms Concerning the MD class, tK&Boosimodelalsohad the highest scores f&ecall,

loU and F1The confusion matrix for the XGBoost model is showigure30. False positives occur for Natural
Organic Matteras in previous sectionand now also Foanhighlighting this material as source of
misclassificationg-or the new classes the metric scores are very,higtich 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 capafihigre is an overall increase in metrics with regards to the
models trained with MARIDA in firevioussection potentially due to overfitting. farine Debristhe metric

scores ardn the same rangef the models trained iprevioussection.

Table6 - Metrics of the Rnd XGBoost models trained wih augmentetARIDA

RF XGBoost
Class loU Recall F1-Score loU 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
SedimentLaden 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
Cyanohbcteria bloom 1.00 1.00 1.00 1.00 1.00 1.00
Noctilica bloom 0.99 0.99 0.99 0.99 1.00 1.00
Phaeogstis 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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Figure30 - Confusion matrix for thEGBoostnodel.

The classification model wasso validated quantitativetiirough visual analysis verifiedplastic pollution
events.Figure31 shows the classified image using the XGBoost model fohititer-confidenceplastic
pollution event in Honduras the 18 of September of 202Rreprocessing steps in this imageesides cloud

and land mask, included the clegater mask using a reflectance threshold of 0.01 in the B8 band and a mask
for negative reflectancekat resultedrom ACOLITE atmospheric correction. Vaffitaraents with suspected
plasticsare detecteclong the front of the Motagua River plume.

Overall, thiglassification output froime XGBoost modealhows multiple similarities the output from the U
Net presented in previous section, with both showing nearly the same filamentous stnwittusespected
plastic patchegFigure29). The main difference results from the added clasgéith this XGBoost model a
high number of pixels were classified as a Phaeocystis bloom. db@seednear the river mouth on the left
low corner, but also widely scattered at the centre of the image (near 15.825 Latitu@8.ardongitude).
While occurrence of this bloom in the region cannot be discartledieturrency of thes®haeocystis
classification in other images indicated that these are likely false positives.
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Figure31 - Image classification difie pollutionevent in Honduras on 18 of September 2080{GBoostlassifiedmage withpixels
for Marine Debriglass highlighted éd dots) b) RGB imagef the region of interest

7 ATOOL FOR MACROPLASTICS DETECTIOSBMTINEL2 AND MACHINE LEARNIROS2IDON)

This section presents a data pipeline called POS2IDON that accommodates all the various acquisition, pre
processing and classifications using machine learning (ML) m&@&2IDON (Valente et 8D23) is a data
processing engine and pipeline developed to identify and classify floating oceanic features, with a primary focus
on aggregation of floating plastic, thecadled plastic patches or litter windrows. The primary aim of developing

this tooland making it open source is to accelerate the uptakeeod¢veloped methods by researchers and
private companies. The tool is flexible for the communitgfioe and add neWML modelsconfigurations, as

well as to include other pqgrocessing masks and methods, getting progressively closer to the goal of
monitoring plastics aggregations in the ocean via satéilitdhermore, the tool is easily adaptable for the
detection of other features in Senti2elprovided 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 generaljadditle 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 th©meodel.
problem comes with the False Positives, that is pixels that are classified as MDohgth®ther classes.

BEven ifthe MDclass has high accuracy scores on the test dat@senonitoring scenarios (i.eultiple images
processedover time) false positives will count as M&r&l obscure exercises such aseaton of longterm
timeseries andlistributionmaps. To overcome this challenge, ppsicessing 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 provideg mwanfidence 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, therqguuestsing methods are presented and
applications of POS2IDON are evaluttegost-disasterimpactassessmentind longterm assessmentd-or
the latter, events inSouth Africa and Western Ibedee presentedwhereasfor the formerthe regions of
Honduras Gulf and LabPlas Case Study 2 in Nortlat@edescribedThe choice of ML model was theNet
of the MARIDA dataset, since providesiiperioroverallperformancecompared to the other models trained
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with MARIDAIN the case of the North SeagtXGBoost trained with an augmented MARI& also used as
it includes training witphhytoplankton blooms thate known taccur inthis region

7.1 Data pipeline escription

POS2IDON is an opsnource platform, released under the GNU General Public License, Version 3. It is built
using Python with some modules in Judindintegraes 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 iterativentsfin
POS21 DON i s host ed higpa/ghlbRomG\ERRannee”®S2PGH t Hu b (

The core structure of POS2IDON, illustratédgare32, comprises three key components: acquisition (search
and download), prerocessing (including atmospheric correction and masking), and classification. An
exception exists when using theNgt model, where masks are applied after classification. Ov&aRI/BPON
functions as a modular and adaptable tool capable of downloadin@opessing, and classifying Senti@el
imagery for a usedefined area and time periolnages can be processethd classifiedsequentially after
download or collectively after all images have been downloaded.is a key step aseguential processing
enables the deletion of original dééend other intermediary data) once processed and clasdifidping to
reducestoragewhich is a major aspect to consider when processing several years of data, even if for a small
region (e.g., 30x30 kmPuring the workflow, substantial data volumes are generated to achieve the final
classification. Users cdhereforechoose options to delete intermediate files or dloaded products.

P A

/7)) Data Providers
Google Cloud Copernicus Data Space Ecosystem
using FelLS or using CDSETool

+

£ userinputs
[ Region of Interest ] + [ Sensing Period ] + [ Credentials ]
\
[ J; Download of Sentinel-2 Level-1C products ]
| Iﬂwc Atmospheric Correction using ACOLITE |
| % Masking \
{ Remove Land using ESA WorldCover 2021 with TerraScope ]
[ Remove Maiority of Water Pixels using NOWI or Band 8 ]
\ { Remove Clouds using s2cloudiess ] /
E%g} Classification ]
[ Split into patches and mosaic are optional, except for Unet }
[Haﬂdum Fures(] or [ XGBoost ] or [ Unet ]
\ /

Figure32- POS2IDOMata Pipeline Framework
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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 SedtinmbellC images from two primary
providers. FeLS (Nunes 2021) provides asdesGoogle Cloud Sentinel data, while CDSETool (SDFI 2024)
accesseghe 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 iderdifiedowgdoad

Sentinel2 products which are themlownloadedequentially ocollectively as previously defined.

The next phase involves applying atmospheric correction to derive Ragleigied reflectances using the
ACOLITE atmospheric correction processor, ensuring consistency with the MARIDAH#briangges are

cropped to fit the usedefined ROI. Subsequently, spectral indisescomputedndstored 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, witietHd resolution. Foextensive areas, the

number of pixels may impose a high computational cost. In such cases,-awateamask can be created by
applying a threshold to band 8 (neafrared) or the Normalized Difference Water Index (NDWI). This mask
leverages the weknown property that floating matter clusters exhibit higher reflectance than surrounding
ocean water. Finally, a cloud mask is created using the s2cloudless (SentinelHub 2023) algorittinis While
latterstep may obscure some MD patches, it reduces falséipes.

For the classification POS2IDON apple® of threeML modes (RF, XGBoost, or-Net) to the image,
producing a scene classification and probability map. Splitting the product into patches and later mosaicking
is required for tNet but optional for RF and XGBoost. This approach can accelerate the processing of extensive
ROIs. RF and XGBoost modelsdeployedn Python, while the et modedeploymaet is available in both

Python and Julial'he analysis ofclassification mapand use of posprocessing methodare doneoutside
POS2IDON.

Afterrunning POS2IDO&Nd obtainingclassification mapis a geographical area for long periods of titrie
always advisedisual inspection of the quicklooks understand the overall performané®r this, ineach
classifiedimage,we generate quicklooks (in PNG formait)cluding thetrue-color images with and without
Marine Debrisdetections overlaid, classification pgaand the different maskShese are then visually
inspected.

Obvious false positivesan beidentifiedthrough visualization as a resultffattors such agoastalstructures,
cloud edges, sunglingndwhitecapsHence the following posprocessing methodaere developed to cope
with thesefalse positives and increase confidence in results

1 Land- nearland coastalstructures may not be fully removed, and features such as-tmaaking
and foam can lead to falp®sitives To mitigate these issues, buffers were applied to the land mask.
1 doudks - false detections at the edges of clouds were addressed by applying a buffer to the cloud mask.
1 Isolated pixal - to eliminate isolated pixel classifications (speckle), wtaamccur due tosunglint
andwhitecaps, a threshold was applied basea®@ighbouringixels.
1 Sunglint- in images affected by sungliqgarallellike bands of high reflectivity due to glint and wave
crests/throughs areommon in Sentiné?. The ML mode tend to classifghese glinpixels as a mix
of MD and cloudsApplied slutionswerea buffer to the Cloud class to exclude surrounding M
more aggressivelDWIthresholdmask whichcanmaskmanypixelsat once
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These atomatedpostprocessingproceduresan beappliedo reduce false positiveblevertheless,\en after
applying thee proceduresimagesoften still needo be manually excluded due @bvious artifactsFor the
most part,the automatedoroceduresconsidered in present womkere alsocontemplatedn a recentstudy
(Cozar et al. 2024), which relies on a spectral index rather than MLsmodel

In this section, the use of POS2IDOMB\Maluatedor two main applicationgost-disasterimpactassessment
andlongterm plasticpollutionassessmentFor the application inogt-disasterimpactassessmentwo events
arepresentedthe ® ut h Af r i -Naaoods kamddah2 micraplastic pellets cargo ship loss off Western
Iberia (Europe). For the applicatiorongterm assessments two regioase usedthe Honduras Gulf prone

to extreme plastic pollution, and the LabPlas Case Stagya in theNorth Sea which is less prone to large
macroplasti@aggregationgsee Sectior8.1.4.

Sout h Af r i-Na@l®mwevintevas idhpattad by aevere flooding event in April 20&artingon 7

April 2022 the coastal areas around Durban experienced extraordinary rainfall, with some stations recording
totals of approximately 300 mm within two days, whiaktwo to four times higher than the typical monthly
precipitation for Apriin 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 mgsaistic accumulébn on local
beachas. The assessment of plastic debris outflow from satellites from this event has not been attempted to
the best of our knowledgeUs i ng Maxar ®s Open Dat a Program
(https://www.maxar.com/opefata/southafriclooding22), a verpighresolution Worldviex® image from 14

April 2022 was found, revealing an extensive stripe of plastic debris along a beachrbearvithich is
corroborated by photos from the CleanSurfPrdjéicfure33-a,b). Running POS2IDON for thimadareaand

over several dayshowed severdilamens detectedas MDnearthe beach in Durban where plastics were
found Figure33 shows the Senting? imagery orthe 22 April 20D and thefilamentary and patchy structures
classifiedor, asMarine Debrigred) as well as Dense and Sparse Sargassum (green).
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Figure332 Plastic debris detection followiggo ut h A f r i-Natalf®eds.d Waldviews satellite image acquired 44 April
2022 through Maxar open data program (activation 757) shghastic accumulation idmbogintwini Beaclb) Photo by the
cleansurfprojecof the same fasticaccumulationn the Umbogintwini Beacb) Region of study and location dmbogintwini Beach
(asterisk). dxlassification mapf Sentinel2 on the22 April 20D. e) corresponding RGB image

Spain and Portugal faced an environmental crisis in Ja@02das large quantities of plastic pellets started
washing up on beaches. Plastic pelltetedto 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, 2asiipmeaning that millions

of plastics pellets, and likely other debris, had been releasethinticeanFollowing this event, POS2IDON
was used to processeveral days in the areas surrounding the spillaggetatify potential marine debris along
the coastal areas of Galicia and Portugéiile pellets were confirmed to be released, ddrgerdebris such

as larger containers could be drifting at sEae SentineR image closest to the loss of containers and with
better conditionsqunglint clouds, white caps) was on the D&cembe2023(Figure34). Processing of this
image with POS2IDON revealed potential locations for marine debris, which were then v@uhkzatbas
with higher probability off the coastal city of Vigo in Galicia (red starsjous large objectsere not found
(possiblyhadsink), butsuspectedlasticpatches were identifiealong filaments and other frontal structures
(red dots inFigure34).
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Figure34 - Plastic pellets spillage off Portugal and SpEi@RGBSentinel2 image on the 18th Decembeir2023shows 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 tbptastic
Motagua river. This river is knover its "trash tsunamisdnd the @eanCleanUp hasinstallech e ~ | nt er c ¢
B a r r iincaa dpstream locatiohongterm synopticassessments of plastic pollutiane the primary goal

and theHonduras Gulfepresents an outstanding example of a region todestlopednethods However,
processing Senting? imagery for ay givenregion over multiple years is one of the most demanding tasks

due to significant computational requirements and the risk of classification errors. However, byatitiziag

years of theSentinel2 archive patterns and trends in highly polluted coastal regicans potentially be
uncovered. Confidence in results can be taken especiale iHonduras Gulf region since itkisownfor
recurrentand largeaggregations of floating plastics in the coastal odeanthisreason POS2IDON wassed

to perform a longerm analysis of the Honduras Gulf over three consecutive years (2020, 2021, and 2022).

After runningPOS2IDON in the region of the Motagua River plafri&classification imagegere obtained
approximately one every five dayssualization confirmed obvious false positaredtherefore the previously
mentioned automated peptocessingorocedures werapplied These methods included the buffer of cloud

and land masks (50 pixels for both), buffer of cloud class (10 pixeteshold in NDWI (0.01) and threshold

for isolated pixel$30 %.,i.e. if only one MD pixels is adjacent to a clasdifiiD pixel, that classified pixel is
excludegl. Afterwardsthrough visual analysig4 imagestill affected bysunglintandwhitecapsveremanually
excluded. Thishows that th@erformance of thevholeautomate@pproaci{POS2IDON plus post processing)
had89% accuracyJsing the remaining 194 images, madealongterm analysis andompared ito monthly
precipitationVisual analysis of these images ensured that the MD detections were mainly associated with
filamentous patchesot otherreflectivefeatures such as cloud edges, glint or whitecaps.

In generalperiods with lower precipitation (dry months: January to April 2020, December 2020 to March 2021,
and November 2021 to April 2022¢re found tchavesmaller 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 iRigure35 which presentshe timeseries omonthly precipitatioand theMD
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pixels per monthThe 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 di@gdarea in the imag@ot shown) Also,
cloud coverage is generally higher during the wet season when there are higher MD pixel counts.

These seasonglatternsare alsoevidentin the cumulative area of marine debris (MD) ogsr and wet
seasons, using the periods of lower and higher precipitgfaure35), which clearly indicate a higher
occurrence of plastic aggregations during the wet seaB@sefinding tend tovalidate the classificatioas
higher plastic inputs during the wet seaswr expected in this regiomhis analysislemonstrates the value

of POS2IDON as a monitoring tootonsistentlyassess seasonal and lotgym changesn the regionwhich

to our knowledge have not been attempted soThrs informatiomprovides useful and additional information

to support decisions bgtakeholderand, for example, assess the impact of mitigation strategies such as the
currentimplementonof @ eanCl eanUp I nterceptor Barricade?®
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Figure35 - Monthly satellitegauge precipitatioffom NASA Integrated Mu$iatellitE Retrievals (GPM 3IMERGM v06) processed in
Google Earth Engine over the Motagua River Basin (HydroSHEDS basin 7060053240) and monthlyMDipizes of
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Figure36 - Marine Debriscaumulated area in Honduras Guéfr seasorfrom three years of POS2IDON dat&londuras Gulf
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The LabPlas Case Stutlarea in the North Sea includi® German Bigiwhere a longerm analysis of MD
detections was performed. This area appears lesgeprone to macroplastic aggregations based on field work
performed in LabPlas and according to relatively low macroplastic densities previously reported for this region
(see SectiorB.1.4. Neverthelesd]oating 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 Ghikl et al. Z011) reported that higher abundancet

floating mattewere observed in areas where coastal fronts and eddies form during calm weather conditions
in opposition to lower abundances in stormy weathérating marine debriwere detected in almost all
surveyed transectsvith 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 t@ccumulations within the quastable estuarine front in this regioBverall the German
Bightcould be seeras both a retention and transit zone. The distribution of floatingdittencedetermined

by a complex interplay of riverine discharge, frontal systems, and meteorological factors

Considering the hydrodynamic aspects of the regiortte@ports onfloating objects teridg to accumulate
in frontal zonesPOS2IDON wassedto perform a longerm analysisn three distincareas of interest (AOI)
inshordoverlap(AOI1) overlap(AOI2)and dfshore (AOI3)of the frontal systemalong the 3@meter depth
contourthat demarcate the saltier North Sea waters from the fresher estuarine coastal watees et al.,
2011) The objective was to test if the areas overlapping the front shagleertMDoccurrences antest the
possibility of higher seasonal occurrence of MD in the calmer weather mbathepe with potential false
positives and retain the more relevant spatial and temporal patteenssed the entireSentinel2 archive
resulting in nearly 9 years pfocessedlata (20162024)
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Figure37 - The three areas analysed in German Bight. The areassame, overlapping andfshore of the 3émeter depth contour

After runningPOS2IDON ithe three regions ofnterest classificatioimageswere obtainedFor AOI 1 (tile
T32UMF) under relative orbit 008, a total of 585 images are available. For AOIls 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 oviapping with two relative orbits, resulting in a shorter revisit timé3tladys, effectively
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doubling the number of image& large portion of these imagase contaminated by clouds and automatically
excluded using cloud cover percentage threshodierwards visualizatiorof the U-Net classified images
confirmed obvious artifacts, especially due to glint,thadgreviously mentioned automated ppsicessing
procedures werapplied Thesewerethe buffer of cloud mask (50 pixels), buffer of cloud cl&gsp(xels),
and threshold for isolated pixeBS0(%, i.e.if lessthanfour MD pixelsare adjacent to alassifiedMD pixel,
that classified pixel is excludedAfterwards, through visual analysigere still affected by sunglinand
whitecapsandweremanually excluded.ogether, this latter manual exclusion plus the automated-clowet
removal, resulted ia total of 490, 1080 and 1085 image<luded for AO1, AO2 and AO3, respectiusing
the remaining®5, 97 and 92 image®r AO1, AO2 and AOS3, respeely (Table7) we made a longerm
analysiswith both UNet and XGBoasYVisual analysis ensured that the MD detectinrthese imagesvere
mostlydue toisolatedfilamentsandnot featuressuch asclouds or sunglint.

Table7 - Number of used images per season in each area.

Season AOl 1 AOIl 2 AOIl 3
Winter 21 4 7
Spring 38 45 46
Summer 31 45 36
Autumn 5 3 3
Total 95 97 92

Figure38 shows thetimeseries of the mmber of MD pixels per area of interest (AO1, AO2 and AO3)-with U
Net and XGBoost from 2016 to 20Z#hespatialdistribution othe MD pixeldor each seasgrmodel and area

of interest is shown inFigure39. Table8 shows thetotal number of days with more than 10 MD pixats,
well as the totahumber of MD pixels, per area of interest and model

A commortemporapatternbetween models that higher MD detections occur in spring and summer months
(Figure39), which is in line with previous reports ftidating material anchacrolitter accumulations being
higher during calm weath€fhiel et al., 2011)There are much less images in winter and autumn, but still in
winter in AQ there is a relatively high number of images supporting the idea that this observed temporal
pattern is not influenced by coveraddie commorspatial patterndbetween both models is that tlaeeas
overlapping th&0 m depth contou(i.e. AQIL and AOI2) have higher MD occurrences. These ateady

have more days with more than 10 MD pixigtected Furthermoretotal number oMD occurrenceare also
highereither in AQL or AQ2. These results agree with the idtet floating materialggregation irrontal
structuresalong the 30 m depth conto(rfhiel et al., 2011).
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Figure38 - Number of MD pixelper area of interest (AO1, AO2 and AO3) processed viitst énd XGBoostom 2016to 2024.
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