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Abstract

ABSTRACT

Is it possible to optically detect floating ocean plastic debris from dpaceperhaps from data acquired by
sensors on airborne platforms several thousand meters aboweatie surface®cean plastic waste is an
exponentially increasing environmental issue at global scale, yet current knowledgetalouantity and
distribution isprincipally basedon projections and estimates from oceanographic modelling.

Knowing exacty, based on actual measurementisere and how much plastic waste is driftatgsea would
beacompellingpiece ofinformationfor the public and, with regard to mitigation efforts, for clegnoperations
and policymakers alikelhe European Space Agen{iSA) is currently investigating this research questanmg
first scientific studieson the subject have been published recently s@studiegefer to the field of remote
sensing, which is the only one regarded to have potential in monitoring thes ateaal time antb provide the
relevant information

One ofthe approachesn the field is considered in this paper. It focuses on the passive remote sensing
method of imaging spectroscapfn explorative approach is applied to investigate the comditimder which
floating PET bottles can be detectedspectral imagerand, if at all possible, identifiedhe research questions
askedrelate to fundamental detectability limits such as the surface density of the floating plastic and the spatial
and most importantly spectral resolution requirements for imaging semtmrgver, no suitable data were
available at the onset of the projesmd in order to obtain meaningful imagéoy the planned investigationan
experiment with 492 PET bottles was carried out on Swiss lakes during the 2018 flight missionSzewavdl
image analysis and classification approaches were applied to thzedcdata from both the APEX and
AVIRIS-NG imaging spectroscopy sensoffie chosen methods essentially cover three selected elements of
data comparison: spectral similarity (e.g., SABpecific spectral absorption features of plastic materials (e. g.,
Indices, CR), andubpixel information extraction based on spectral mixture analysis for abundance estimation.

Our results, achieved for the first tinigr small surface fractions of floating plastinder real conditions
allow to significantly lower andarrow the detection limit range based on laboratory data and documented in the
research literature: A surface fractionleds than 1% plastic can be distinguisfreth the surrounding waten
imaging spectroscopy datBurthermore, small plastic propantis (1%, 2.5%, and 5%) wectassified however
not unambiguouslySignificantly higher signal components of the sought plastic material seem to be necessary
for precise material identification

In conclusion, it must be noted that the evaluated dataecéxtperimental test areas were primarily oriented
towards technical feasibility rather than real ocean conditions. Insofar, the technical feasibility of identifying and
monitoring floating plastic debris in the ocean is considered to be appropriatediplprialthough it may only
be applicable to extremely high waste concentratzmmsundenptimal conditions.
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ZUSAMMENFASSUNG

Ist es moglich, schwimmenden Plastikmill auf den Weltmeeren aus dem Weltiaden von Daten, die
durch Sensoren iRlugzeugen mehrere tausend Meter Uber der Wasseroberflache erfasst-vzeréekennen?
Plastikmlll im Meerist ein globales und exponentielachsendesUmweltproblem, doch der heutige
Kenntnisstand Uber Menge und Verbreitubgsiert grosstenteilsauf Daen die auf Hochrechnungen und
ozeanographische Strémungsmodelle zurtickzufisireh

Genau zu wissen, wo wieviel Plastikmill im Meer treibt, wére eine wichtige Information fur die
Offentlichkeit und politische Entscheidungstrager gleichermag&ierEurgpaische Weltraumorganisation ESA
geht aktuell dieser Forschungsfrage naginl erste wissenschaftlichBtudiensind in den letzten Jahren dazu
publiziert worden. Diese beziehen sich auf den Fachbereich der Fernerkundung, welchem als dEige
Potentialzur Beantwortung dieser Frage zugeschrieben wird.

In dieser Arbeit wird auf eine dieser Fernerkundungsmethoden fokusmidértie passive Methode der
BildspektroskopieEs wird mit einem explorativen Ansatz untersucht, unter welchen Rahmenbedingungen auf
Gewasser schwimmende PiElaschen in hyperspektralen Bilddaten detektiert und allenfalls identifiziert
werden kdnnerDie gestellten Forschungsfragen beziehen sich mufdgatzlicheDetektionsgrenzwerteie die
Oberflachendichte des schwimmenden Plastdavie auf raumliche und vor allem spektrale Auflésungs
anforderungen an Sensoréillerdings gab es fur die geplanten Untersuchungen keinerlei geeignete Daten.
Rahma der jahrlichen Flugkampagnamurde deshallim Sommer 2018 mehrmals ein aufwéndiges Experiment
auf Schweizer Gewassemit 492 PETFlaschen durchgefuhrt=ir die Auswertungn wurden nehrere
Bildanalyse und Klassifikationsansatze auf die erlangten Bilddatler hyperspektralen Fernerkundungs
sensoren APEX und AVIRISIG angewendet. Die gewahlten methodischen Anséatze konzentrieren sich
hauptsachlich auf drei Datenmerkmale: Spektrale Ahnlichkeit (z.B. SAM), spezifische spektrale
Absorptionsmerkmale von Pldatnaterialien (z.B. Indizes, CR) und Schatzung von unterschiedlich geringen
Plastilanteilenim SubpixeiBereich(basierend auf spektraler Mischungsanalyse)

Die erstmalig unter realen Bedingungen erzielResultaé ermdglichen esden einzigenbisher inder
Forschungliteratur dokumentierten (und auf Labordaten basierendeimimalen Detektionsbereich deutlich
nach untenzu reduzieren uneinzwschranken Ein PlastikOberflachenanteil von unter 1 % ist in hyper
spektralen Signalemom umgebenden Wassenterscheidbarlm Weiteren konntewischenPlastikanteilen von
1 %, 2.5 %und5 % unterschiedewerden allerdingsnicht eindedig. Fir eine prazise Materialidentifikation
scheinerjedochdeutlich hhere Signalanteile des gesucMeaterials notig zu sein.

Es muss abschliessend festgehalten werden, dass sich die ausgewerteten Daten der experimentellen
Testflachen vorwiegend an der technistiMachbarkeit und weniger an realen Bedingungeh dem Meer
orientierten. Insofermverdenlidentifikation und Monitoringzon schwimmendsn Plastikmll zwar grundsatzlich
als machbar angesehedlerdings ist dies in der Praxindglicherweise nur fur extrem dichte Muillkonzen
trationenund unteroptimalenRahmenbedingungammsetzbar
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Introduction

1 INTRODUCTION

It wasduringa coffee break with scientists of the RSL team when | askegquestion for the first timeThis
was backin September 2016nd| had just startedtny ma st e r dRemoteBensihg wonderingrwhat
chances and challengtiss chosen field would yield for the semesters to cabrethe evd had read quite by
chancea momentousuticle inthe latest print issue of a sciefgifournalabout thealarmingplastic pollution in
t he wor | Céessey,a2016)eherafore my concernedj u e st i 0 n actwallgpossiliid te detect all
that floating plastic in t heifiotteanlkrew afibutth at dmo tae gooms i
T justkeept hat question in mindo, Andy replied.

And so | did. The thematic focus othis masteés thesis research project lies on the aggravating
environmental pollution problem of marine plastic debris. To date, it is known that the amount of plastic debris
i n the wor hidlpenommous and £xpanentially increasiiigiksen et al., 2014)Oceanographic
models of current patterns and acwlation areas allow predictions of deboiscurrenceand density.But
reliable measurements tfielocation and quantity are sparse, considering ther slastness of the oceans total
surface area. It is believed that remote sensing is the only teghredpable of providingbservation coverage
of such vast areas within a practicable period of {{Maximenko et al., 2016; Hafeez et al., 2Q119pwever,
research on this topic is still in its infan@@oddijn-Murphy et al., 2018)

1.1 Scientific background

In the next subsections, this introductory part provides an overview of the framework topics related to the
localisation problem of floating plastic debris. This includes a short overview on the dimensions, effects and
environmental consequences of thelyg@n problem anan debris distribution processes in the oceassvell
as on material composition and categoriest importantly, the scientific framework that forms the background
to the work at hand is presented: Which approaches and methods, redegeinch projects and findings have
been achieved to date in the field of remote sensing technologies for the optical detection of floating macro
plastics?

1.1.1  Ocean plastic pollution

The uncontrolled release of plastic waste ending up in the obaari®ecoma global ecological problem of
gigantic proportions in the recent decad®sastic products offer shertrm benefits, but their lontgrm impacts
T due to ubiquitous distribution, inadequate waste disposal and extremely slow degradatibmastetargly
been neglected for decades. Recently, this environmental issue attracts considerable media and public attention.
While the emergingpcean plastic pollution problem has been known in scientific circles for half a century
already(Andrady, 2011; Thompson et al., 20098 real dimensionand harmful environmental effecse still
not fully understoodJambeck et al., 2015; Teuten et al., 2009)

What actually makes this plastic waste such a big probl@erhaps apart from visual impairmerasd
negative economic impacts on tourism destinafidnsxplored this question as a preparatory thematic basis for
this thesis and out of personal interest and concern. The summarized findings went into a lHeasede
semestestudyin the field of ecotoxicologyin the context of my minor subject asdpervised by Prof. Dr. Karl
Fent (Bertschi, 2018)Harmful impacts on the oceanic environment are caused by plastic waste as long as it
floats in the water columhand onour coastal living environment whetebrisis washed up in large quantities.

11
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Generally plastic waste directly affects marine wildlife via two means: entanglement and ingestion. A recent
study documented over 600 marine species affected by plastic waste in the (V¢dems et al., 2015)In
addition to these primarily physical effects, advdosarterm effects result from additives and toxicllpgants
adsorbed tdragmented and degrad@thstic debrisandingested by organisms of all trophic levéGregory,
2009) Since toxicity always depends on the concentration of a comdamithe processes of biomagnification
and trophic transfer from the smallest benthic organisms to fish and eventually to the human diet raise increasing
concern(Worm et al., 2017)For the present work, howevergeteecological fact arenot further elaborateds
the focudies onthe poorly known distributionparametersf macro plastics in the oceans.

The amount of plastic waste that globadlyters the sea each year is estimated to be approximately 10 million
tonnes(Jambeck et al., 2015A simple calculation allows a more concrete and better imaginable order of
magnitude of this quantity: This represents a full truck load of plastic waste that@mterzan$ every single
minute. Anditsant i ci pated that this amount wil/ increase ex
the year 2050, there wildl be (Aotaetal n201@)Bubhudeaifetencess i n 01
between estimates of plastic waste mass entering the oceans annually and of floating plasiitg seported
while the real quantity of plastic waste in the oceans is unkridambeck et al., 2015

What is the fate of plastic debris once thrown or washed into the sea? At first, there are physical process
involved in fragmentation and transportation of the waste itéinmsbelieved that vertical transport processes in
the ocean eventuallgad to the sedimentation of the fragmented plastic wasta itsspecific weights altered
by biofouling (Auta et al., 2017; Koelmans et al., 2017; Maes et al., 20A8}hermore huge quantities of
plastic waste with a lower specific weight are washed up on beaches all over thfLaxeld et al., 2016)

Plastics are a subgroup of the material class of polymers which are composed of large malacsiting
of organic compounds: hydrocarbof®olymers araubiquitousand @n be of natural or synthetic orig{nther
subgroups are elastomers (rubbers), fibres and fility are produced synthetically by polymerization of fow
weight monomers which are organic materials generally derived from petroleum. They come in thousands of
polymer combinations and with various chemical addit(Vgerm et al., 2017; Thompson et al., 20Q%pstics
are considered the most widely used polyn{Emadian et al., 207 and even the most widely used rraade
substancegWorm et al., 2017pecause otheir usefulness They are incredibly versatile materialcheap,
lightweight, strong, and corrosiemsistant, with high thermal and electrical insulatiowl plasticityproperties
(Thompson et al., 2009b)Another advantagé its durability i however poses enormous environmental
concerns, since the material accumulates and persists in the environment for centuries, even for up to thousands
of years, as some estimates prefiarnes et al., 2009; Li et al., 2016)

Which are thecategories ofmarine plastic waste? Plasticdebriscan be classified bgize categorytype,
composition, and with regard to their optical properties additionally by degradation and fragmentati@izstate.
categorydefinitions are various and inconsistent, even for the most common distinction between microplastic
and macrogstic. Whilecommon classifications often differ between macroplastics (> 2 cm), mesoplastics (5
mm<i 2 cm), microplastics (1 prim 5 mm), and nanoplastics (< 1 piiriksen et al., 2014; Worm et al., 2017)
detection using optical sensors is only considered posk&iblmacroplasticsPlastictypes includei besides
whole items such as drinking bottléssheet fragments, pellets, cosmetic beads, fibres, lines, and foams.
Regarding classes gomposition, dose to 5000 differentypes of plasticare known today. Butrdy a few
account for approximately 90 % of the total global production and are most abundantjnds#easfound in
ocean plastic wasig.i et al., 2016) These are listed in the table below.
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Table 11: Most common plastic types by composition.

Plastic material type Products and typical origin
Class Specific gravity'Substantiation
PA Polyamids (Nylons) 1.13-1.35 Fibers, nets, toothbrush bristles, fishing line
PC Polycarbonate 1.20 - 1.22 Compact discs, security windows, lenses, construction matel

PE (HDPI3polyethylene, high-density 0.94 Juice jugs
PE (LDPEPolyethylene, low-density ~ 0.91 - 0.93 Plastic bags, six-pack rings, bottles, netting, drinking straws

PES Polyester 1.4 Fibers, textiles

PET Polyethylene terephthalate 1.30 - 1.37 Plastic beverage bottles

PP Polypropylene 0.85 - 0.83 Rope, bottle caps, netting

PS Polystyrene 1.05 Plastic utensils, food containers (foam cups)

PU Polyurethane 112-115 t f1adA 0 UtyYs o260t Sax OdzLia
PVC Polyvinyl chloride 1.38 tarpaulings, shower curtains, sheets

1.1.2 Quantification and localisation of floating plastic waste

The total amount of plastic floating in the oceans today can only be estimated on the basis of projections.
These are based a@ountless tow net samples collected over the ygogar et al., 2014; van Sebille et al.,
2015) but only a very marginal proportion of the immense global water surfacé efeé216 16000000 km
(Leser, 2001has ber systematically sampled to daguch pojections are the result of complex oceanographic
surface current model®otemra, 2012; Lebreton et al., 2012; van Sebille et al., 2015; Erdtsaln 2014)
Despite the large spatial uncertainties contained in such tti@amagnitudes of the numbers are alarming.
Eriksen et al. (2014) published one of the momnhprehensiveand often cited studies estimating the global
amount of floating [astic debris at sea. Using an oceanographic model of floating debris dispersal, a large
volume of data that had been collected from ships during 24 expeditionsi(2003) was used to calibrate this
model . Calculations estimat @odarfiacmési memghbifndgd. 268494
world's oceangEriksen et al., 2014)And recent research has come to the conclusion that prefifaues
systematically underestimate the real quantity of ocean plaielmans et al., 2017)f one wants to get an
idea of how much plastic waste per unit area is floating osdhesurface on the basis of such numbers, then the
figures vary greagl. For example, rass concentrations of 0.01100 kg/kn# within the Great Pacific Garbage
Patch(Lebreton et al., 2018and an average @579 kg/kn? in the MediterraneakRuiz-Orejon et al., 2016)
have recently been reportelinother study has reportedmparableaverage quantities of 70 g/Rr(Eriksen et
al., 2013)for the accumulatiorzonesin the South Pacific. With regard to the data evaluatéat this thesis a
huge discrepancynust be notedWhile the latest example datorrespond to 0.00007/rg?, the evaluated
reference areacontain 1- 2 PET bottles/rh As for the number of debris itemsn average particle
concentratiorrange ofl007 1 6 0 0O Oitén®s/Brd anda maximum concentration of over a million items /%m
were reported by these examplesearch project3.his order of magnitude, on the other hand, corresponds
exactly to theevaluated data

The spatial distribution of plastic debris in the oceans is even more difficult to estimate than its total
guantity. Ocean distribution modebre subject to considerablear i ance fidue to high wunce!
dat a and glsubantsayatet ab, & R&Moreover, distribution pattern is subject to constant change.
Largescale oceanographic circulatiengreatly influence debris distribution and determine accumulation of
floating marine debris in the convergence zones at subtropical altitudes of all major(@eaahst al., 2018)

1¢KAE FNBE +O0O02dzyid F2NJ FLIINRBEAYFGSEE vwm s 2F GKS 91 NIKQa a
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In these anticyclonic eddies, debris material is collected due to Ekman transpass@socesulting in the often
menti oned g ardgoeatgxpanspsach ashtte GEGPo dverall terms, complex larggeale and
mesescale surface currents as well as climate oscillations (e.g., El Nifio/La Nifia) cause regional and temporal
variability in debris concentrations, further accentuated by seasonal climate patterns with altering prevailing
winds (e.g., monsoon cycles) and tides. With all this variability on multiple temporal and spatial scales, current
and detailedlistribution data ar&argely unknown

What is undoubtedly known, however, is the fact that today plastic waste is found everywhere in the oceans,
on the surface and throughout the water column down to benthic sed{iremtst al., 2014)washed ashore on
beaches and even near polar regimas Sebille et al., 2015%till, a a global scaledistribution map®f ocean
plasticwastearemainly based on oceanographic modelling, atuistrated in theexemplaryFigure 1-1 below.

SMALL LARGER MESOPLASTICS MACROPLASTICS
MICROPLASTICS (0.33-1 mm) MICROPLASTICS (1.01-4.75 mm) (4.76-200 mm) (>200 mm)

1,000 10,000 100,000 1,000,000 pieces per square kilometre * = 10 billion pieces

1,030 o prcee

WEIGHT

' 7.“4 kilotonnes

Figure 11: Distribution of floating plastics in counts and weight for different size clé#€sessey, 2016)

Simulations as in the above exampee inadequate particularly fanacroplastis distribution. But why
would it be useful to know where all the plastic in the oceans is? While globally monitoring and knowing about
the concentration and distribution of the debris is not a goal in itself, it is however a most relevant means to show
and quantify the scald the problem, to provide useful information to debris removal operaitiansl hopefully
to increase the pressuren decisiormakers in politics and economic#& global map showing litter
concentrations that is based on actual measurements alsafttovide important insights to scientists regarding
guantification and distribution pattexrMoreover, it would hold greater power in communicating the problem
for the public as well as for policymakdEsSA, 2018)

In order to have an illustrative presentation of the topic, examples of ocean plastiadebeilt as the tow
net sampling methodre compiled on the following pagéhe selection of examples was deliberately made in
order to contrast those images ofrlggge carpets" distorted by the media with the appeararmoeref realistic
debrisdensites
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Figure 12: Impressions adceanplasticdebris While (a)orresponds to a common conception oftsdied
"garbage carpets", thipicture represents an extreme case of garbage washég a river after a tropical
storm. (b) representfieavily polluteccoastal waters,d) showsderelict fishing gear, and (g) depicts barnacles
onfloating bottles However, typical sights @ibating plastics in the Aegean Saadwashed ashore are
illustratedin (c, e, f, h, i)The common sampling method using neuston tow nets for floating microplastic

particles is shown in (k).
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1.1.3 Remote sensing approaches

Remote sensing is seen as the dabhnology that has the potential to solve the problem of the location of
drifting plastic waste on the world's oceans through monitoring and spatial quantifiéditonregard to an
automated localization of plastics on the oceans, only satellites coutdt the enormous spatial dimensions
within reasonable time intervald$n fact, the European Space Agency has recently started a program to
investigate satellite detection requirements for marine plastic litter obserygts#h 2018) and international
scientific confereneg have been launched worldwide. However, research in the field of remote sensing is still in
its infancy and only a handful of research projects have been published tdNdatemotely sensed image
analysis of small abundancies of floating plastic atural waters seems to exist. In this sense, the present work
constitutes a novelty.

What has been achieved in remote sensing of ocean plastic debris t@é\ dadefilation of the research
papers in this field is presented in a complete ligtppendix AThese, however, are mainly theoretical concepts
regarding radiative transfer models, are based on laboratory measurements and modelling, or focus on very large
(> 1m) floating items and beached wasBaraba et al. (2018) presented the only research paperwhere
spectral feature comparison for large floating debris was applied on remotely sensed imagery of ocean debris.
This researchcomes closest to the presestudy in terms of its objective and methods of investigation.
Approaches have also been madth satellite datdAcuiaRuz et al., 2018; Aoyama, 2016; Biermann, 2019)
although it is still not poskle to identifyocean plastiavith existing satellitesThusthe relevanstatement in
Wikipedia still applie&

What remote sensing technologies, what sensors and sensing digt@igbésepresent a conceivable
solution?In a grounebreaking internatiodavorkshop in 2016 on remote sensing approaches for marine debris
sensing, the general possibilities offered by the various remote sensing platforms were summarized as follows:
ATraditional opti cal i magery ¢ anudbree areas;syhtheficoapertureh e |
radar imagery and interferometry is suited for-vadlather detections and drift measurements; imaging
spectroscopy can detect low concentrations of subpixel plastic particles; and Raman spectroscopy, which
penetratesdelow the surface, is useful for measuring debris sunk in shallow seas or suspended in the upper
0 ¢ e @vaxdmenko et al., 2016Based on this summary it becon@ssious thatfor the fundamental question
of this work, imaging spectroscogialso known as hyperspectral remote sensiagjonsidered the remote
sensingechnologyof choice.

The underlying physicsof image spectroscopyThe foundation obptical physics dates back to the 17th
century and the pioneering work by Isaac Newton, but only in tlec@0tury, spectroscopic instruments were
developed and in the 1950s and 1960s, the first remotely sensed spectred¢réatcorded(Mac Arthur and
Rabinson, 2015) The fundamental principles of optical physics form the physical basis of spectroscopy, stating
that photon energy level and flux density change occurs when light interacts with a surface material and that,
consequently, spectral measuents contain information on the light source (e.g., solar radiation intensity), the
atmosphere (e.g., gas content resulting in light scattering and/or absorption), and the surface with which the light
has interacted. In spectroscopy, the energy leveidgated by wavelength, and flux density is measured as
radiant flux(Mac Arthur and Robinson, 2015)

2 Under the lead of the National Oceanic and Atmospheric Administration (NOAA) and the UN Environment organization,
the probably most comprehensive International Marine Debris Conference is held regularly:
http://internationalmarinedebrisconference.orgllast accessed August 28, 2019)

3 https://len.wikipedia.org/wiki/Great_Pacific_garbage_patch (lastessed August 29, 2019)
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Why is remote sensing regarded as the only technology with potential in ocean plastic deBaticaiy,
the key point lies in the immense surfaceth® oceans: Optical satellite monitoring is the only way to capture
this surface in real time. An entir e fdcuseslomlargedaler e s e ar c
detection and monitoring of physical and biogeEmicaloceanic facta® such as water temperature aatinity,
wind force and wave height, ice cover extent and drifting icebergs, and suspended organic matter concentration
suchas algae bloom@Vartin, 2014; Frouin et al., 2016; Venkatesan et al., 2H@)vever,it is not (yet) about
wastemonitoring- thiswould be & obviousnextscope of applicatian

The detection of plastic debris by highly specialized spectral sensors is considered due to the specific spectral
properties of plastic materials. Material identifion and automated sorting of plastic types based on
spectroscopic technique igell established and succédly applied in waste separation planfgazquez
Guardado et al., 2015y he classification accuracy for these applications is remarkably close to(MiB%ni et
al., 2015) In this conext, normalized reflectance spectra can be fully characterized and identified when
considering the spectral NIR and MIR spectral rangesi (@ZBum).

In contrast to this spectral data acquisition under laboratory conditions, the specealf rdatg aquired by
remote snsing sensors is not suffemt for the detection of all commonly used plas{dézquezGuardado et
al., 2015) The reason for this lies in the light transmittance of the Earth's atmosphere. Some spectral regions
cannot be used in remote sensing because atmospheric gases absorb essentiallyitadidiselamradiationA
few gases among the approximately 30 atmospheric gases abkorbadiation at specific wavelengths over the
spectral range relevant in remote sensing (betweeni 28500 nm).In particular, the molecules of water vapor
(H20), carbon dioxidg(CQO,), ozone (Q), oxygen (Q), carbon monoxide (CO), methane (Hitrous oxide
(N20), and nitrogen dioxide (Nfpabsorb solar radiation, resulting in effective loss of energy to the atmosphere
(Gao et al., 2009)The wavelength ranges in which the atmosphere is transparent for solar radetidrihus
usable for remote sensifigare mostly in the VIS anlIR regions of the electromagnetic spectrum. They are
called atmospheric windowsillesand et al., 2008)

However, atradeoff is unavoidable:While plastic materials can benambiguouslyand automatically
identified usingspectroscop, this approach isnpairedin the natural environment due to atmospheric properties
and, as far as to our knowledge, has not yet been applied succegstightypical oceanic conditionsOnly
remote sensing technologjesn the other handllow global coverageof oceansurfacewithin a useful time
frame This is exactly where this study comes in.

Behind the spectral signaturesi the chemistry of hydrocarbons The wavelength position of spectral
features such as absorption peaks are strictly related to the chemicalrstmicthe materiabnd to the
underlying quantum mechanical mechanisms of electronic and vibrational(Mateslakis et al., 20d). Thus,
spectral absorption features are characteristic for certain materials. Absorption peak positions of plastics are
strictly related tothe chemical structuref polymers, aghe spectral organic features commonpolymers
absorb light in the NIR region via the first overtones of the normal vibrational modes that involve stretching of
the GH and GH bonds(Cloutis, 1989 Moroni et al., 2015)Thus, their spectra show a distinctive depression at
thesewavelength position For PET material samples, walbticeableabsorption peaks were identified at 1130
nm, 1170 nm, 1420 nm, and 1660 (Moroni et al., 2015)

An overview on both thenost importanatmospheriavindows (andaccordinglythe water vaporabsorption
regiong and the known plastiabsorption feature wavelengtt&gure 1-3 provides an overview vith is based
on (Gao et al., 2009; Jensen, 2016; Richter actd&pfer, 2016; VazqueBuardado et al., 2015}lighlighted in
blue are those known plastic absorption features that coincide with important atmospheric water vapor
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absorption bandsAnd highlightedin greenare those spectral regions known absorptiorby plastic materials
which will be systematically considered in flalowing analyses.
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Figurel-3: Solar radiation, atmospheric absorption barfgsllow)and known plastic absorption features.

Besides the detailed knowledge of material inherent properties, fustieal propertiessuch as size,
presence and concentration of encrusting organi@ssshown inFigure 1-2 (g)), and factors like surface
degradatiorand roughness adeterminant for the spectral sigifMcElwee et al., 2012)urthermore, sea state
and atmospheric conditions affect thygtical signal.Here it becomes obvious how many factors are ingblwe
the task at hand. In the discussion chapBerc{ion5.6) those factors which directly influence debris detection
using imaging spectroscopy are taken up again.

1.2 Research questiomand working hypothesis

Themainresearch focuss on the investigation of optical detection possibilities for floafitagtic debis at

the waterds surface. Thus, the research questions ar
remotely sensed imagery of experimental installations of floating PET bottles.

Thus, hemain research questionsre:
(1) What plastic surfaceasities on water bodies can be identified from spectral data?
(2) What spatial resolution is needed for detection?

(3) What spectral informatiolspectral range and resolutiois) relevant to distinguish between water
and plastic surfaces?

(4) Whichfactors influene the detectability?

Based on preliminary literature research, these questions are addressed with the passive remote sensing
technology ofimaging spectroscopyAnd consequent|ythe working hypothesis is:

filmage spectroscopy can be usedtodent i fy, quantify and map floating
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2 DATA

This chapter comins a compilation andharacterisation of the datasets used for the analysis isttiig
The following subsections first provide an insight into the consideratiorepamtions, and practical
implementation of the experimental setting for the purpose of controlled test data acqul$igon.data
acquisition parameters are described as well apriggrocessingteps, both radiometric and geometric, which
arenormally carried out by the data providers.

The most relevant datasets for this thesis consist of derade spectroscopyata acquired with the
AVIRIS-NG and APEXsensorgluring the RSL summer flight campaigns 2018 over temporary installations of
floating phstics with varying predefined surfaedundancesSpaceborne data eve acquiredtwice by the
Sentinel2 multispectral ESA satellitaghenorbiting over the experimentaétuplocations Additional field data
were purposively acquired in order to obtain further typical plastic and water spectra as reference values.
Together withother auxiliarydatg the datapool used forthis study comprises a solid diversity wittarying
spatial and spectral resolutiohable 2-1 at the end of thighaptergives an overview of theemotely sensed
imagery

2.1 Experimentaldesign and stup

At the onset of the work no data set was available and therefore an experimental design to acquire data was
required.How could the questions about technical feasibility of plastic detection on water surfaces be tackled?
What remotely sensed data wouldHsdpful? What kind oexperimental setupgould be necessary?

Since no remotely sens@daging spectroscopgata ofgroundreferencedloating plastic items was neither
known nor available, the main research questions of this thesis required quite sathe ddeas and
considerable efforts in order to acquire a meaningful data pumhotely sensed imagenf such "plastic
targets'with precisely documented local position and surface dewsitild representhe indispensable database
for explorative analges.

It was, however, a unique opportunity that emerged at the beginning of summer 2018. In the context of the
annual research flight operatiowith the European Airborne Prism Experiment (APEXganized by the RSL
department at UZH, some of the flightrips for data acquisition were planned across nearby Swiss lakes.
Furthermore, there was the prospect thBASA's Next GenerationAirborne Visible Infrared Imaging
SpectrometefAVIRIS-NG) would be operated in selected research areas over Switz@tehdther European
countrie$ as part of an international research collaboréti®heseflights were also coordinated at RSL, which
is why both the planning data of these flights were known and the collected data would be available for research.
The fact that this NASA sensor, considered to be the most outstanding of itarkinghprecederdein and
radiometric accuracy and spectral uniformityould beflown over Switzerland for the first timsince 1991
(AVIRIS-classic)was an extremely promising prospect!

Together with the fact that | am a passionate sea kayakeing agreat little foldhg kayak, these flight
operation plans were the starting point for the idea of an experimental setup of plastics prior to these data
acquisitions. But the framework conditions were a challenge, and the success of this idea was very uncertain.

4 Information by Andy Hueni who is responsible at RSL for research flight planning
51 aSk g2 NI K& AFYKRI éF VARARSTWY 0dzAt i Ay +1yO2dz@SNE /I y+FRIFEZ wn &SI
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2.1.1 Experimentd design and preparations

Nevertheless, sasoon as the possibility of targeted data collection on water surfaces became concrete, the
conceptual and practical preparations for the field expersgrimmgan.Generally, for optical detection of ocean
plastic waste, the relevant factors are object size, material composition, surface consistency, and its spatial
distribution both horizontally and vertically.

A fundamental question was: how large should a meaningful test area be attéessiface areashould
allow unambiguous identification of plastic containing pixels in the resulting image, considering pixel size and
expected geometric accuracy tfe imayery. The planned flight levelsvould result in data with a spatial
resolution 0f6.3 cm (HyperSpec) and between 2.4.1 m for the APEX anAVIRIS-NG airbornesensors.

The detection limit for plastic abundance on the water surfacés expected to bedow 5% surface
abundancg¢Bochow, 2013; Maximenko et al., 2016)hese expectations represent the only relecfaetin the
scientific literature. However, they are based on laboratory measureriémésher this estimation also applies
under realistic conditions was unknown at the time the experiments were planned and carried out. The latest
research project on this topic was publishedy cafterwards andnakesthe assumption thad 5% plastic
abundancé mi ght not be appropr i éQambatin Dierssent2018t i ng ocean pl

The aim was to prepare a test field above this limit and (at least) one test field below this limit in order to
approximate the actual detection limit based on this gradation. Howhigeplastic abundance could only be
roughly estimated during preparatidtor this purpose, the outlines from 5 of each of the selected PET bottles of
both sizes (irregularly flattened) were drawn on 5mm paper. Based on their averagegdasutliea of 30 cn?
was estimated for the smaller bottles &#8@D cn? for the larger ones. Supplementary observations of the
buoyancy behaviour of the bottles on the water revealed that an estimate88%0of their surface remains
submerged. Accordingly, estimat®af resultingplasticarea at the water surfageer PETbottle werereduced
to roughly 100 crhand 250 crfy respectivelyTherefore 1 2 bottles per rhtest area would be required.

High-resolution RGB drone data and in particular the frggolution HyperSpec data were intended for the
subsequent exact detemation of the abundangcéleally supplemented by mixture model analyHisnust be
emphasised thathe planned abundance of the test areas is targeted at the expected technical possibilities.
Realistic abundance in ocean gyres, on the other hand, igetorbe more than 1 piece pef imwith an
average size of plastic debbjects which make up onlgn extremelytiny fraction of a PET bottleNewest
results of average plastic mass concentrations estimate 1 g?gér im the GPGP(Lebreton et al., 2018)
Against this background, it is therefore of great importance to interpret the following methodical data
evaluations and results with regardéchnical feasibility.

Thepractical framework conditions were:

1 Due to weather conditions, the day of the flights are known only at very short aotigestallation of
the test areas must be set up and removed on the same day.

1 The lakeshore near the @mided test positions must be accessible for material transport, and all necessary
permits must be obtained in time.

1 All material must be manageable by one person alone and from a kayak, i.e. transport from the lakeshore
to the selected position on the lakeploymentandtemporaryanchoring

T Since the exact overflight time depends on actual
should be installed as early asd@ c linahe knorning.



Data

In spite of concerns about practical feasibilitgspeially due to time limitations during the very days of the
research flights surface net constructions with PET bottlesre preparedThe aim was tdave different
controlled abundances of plastic for spatially defined test areas on a natural bodgrdbmdata acquisition in
a realistic setting. These plastic net constructions however had to be within the scope of my possibilities,
lightweight and controllable for one person alone, since the plan was to deploy and anchor them only with the
aid of mygreat little folding kayak.

Plastic test area construction How do you create a total of 300 f plastic pollution on a lake, which
afterwards has to be completely removed? Since PET bottles were readily available and also oegre$dint
most comron types of marine plastic wastthis material was chosehlo special attention was paid to the
colours of the selected bottJesince colour does not show significant influence in the spectral figaatjuez
Guardado et al.,, 2015)They correspond largely to the average mixing ratio of recycled PET in central
Switzerland where at least 50% is transparent, about 20% is green, about 10% each are brown and yellow, and
only a few are light blue or completely dafkhese empty bottles eve flattened to some extent, closed, and
attached to their bottle necks with parcel cofdsst attempts with a painstakingly measured and prepared cord
net of regularly interwoven small PET bottles on the lakeshore resulted in an inextricable, fgysweti
disaster once in the water. It turned out that the chosen parcel -catttl=sn wet - got entangled incredibly
quickly. It became obvious that the plastic fields could only be tied together on the water.

The solution found was to knot 20 PET bttles at regular intervals into individual, 1®long cords and
then hang them separately into a previously anchored "frame" using small material carabiners. This frame also
consisted of parcel cords, with prepared loops at regular intealszi$or marking. The individual test areas
contain 240 * 1.3 bottles (8 lines of 30 bottles each), 120 * Liottles (6 lines of 20 bottles each), and 120 *
0.51 bottles (6 lines of 20 bottles each), all temporarily anchored to the bottom of the lake amesutthg
plastic surface abundances of approximately 5%, 2.5%, and 1%Additional bottles were used in all test area
corners for anchor positions and were partly submerged because of the tension on the anchoringataids.
the test installation consistef 492 PET bottlesComparable test data never seem to have been generated in a
natural body of water. Few research projects in our field have mapped artificial floating plastic surfaces near the
beach(Topouzelis et al., 2019r acquired their reflectance spectrahaa field spectrometdGoddijn-Murphy
and Dufaur, 2018)

Another challenge was the selectionsaitable locations for which the lakeshore areas were explored and
identified onpreceding kayalexcursionsParticular attention was paid to the vegetation tapdgraphy at the
lake shore for considerations of light incidence and shadow effects, wheresaéssibilityand depth of the
water played amore practical role. In addition, there was the consideration of the shipping routes, nature
conservation zonesand popular bathing areas, which had to be avoided wherever poSyilge.the most
suitable locations had beeletermined, all the authorities involved had to be informed and the necessary permits
obtained.

2.1.2 Deployment of floating plasticeference fields

The chosen experimental setup solution finalbvered liree plastic test fields of 10m x 10m each with a
distance of 20m in between, resulting in a total test area of 760The distance between #egtest surfaces
should ensure that no different surface abundance occurs in the same pixel, with respect to satellite data
resolution.
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Figure2-1: Impressions from experimental setups and locations. (a) and (b) show the Hallwilersee location after
data acquisition when the wind had nearly calmed down, with (b) giving an imprexdioa 1% PEEst field.

The Grdensee location is shown in (c) at the moment when setup started at 5.20 am before sunrise and in (d)
with the 5% PET abundan¢®reground) and.5%(barely visible) test fields.

Irchel location: (edne of the carefully coiled bottle lines; (f) illaas one of the 14 handmadeheap and

reusable anchor nets temporarily filled with local stoRefined deployment (h) and deinstallation (i) technique
with gained practiceand (g) unique occasion of a zeppelin overflying the Irchel Ranttl the deployé test

areas- at an altitude of only 150 m AG((a)¢ (h) courtesy Daniel Furrer)
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2.1.3 Locations

The closer spatial environment of these threeldestionscan be characterized as follows:

The Irchel Pond is located in the middle of the park of the same name, which is directly adjacent to the
university campus Irchd km nort h of @nghewestdrrSlepe af thé&Zirichioesg mitf. it & an
artificially created pond with only megligibleinflow, a shallow maximum water depth of only abouh@vith a
total water area afnly 6 6 8n@.@f course, the environmental factors of the park are far from comparable to an
open ocean setting. The main reasons for conducting the experitdis docation however were for
practicability and flight plan restrictions. However, the unique chanccdoirei in a very first attempi
spectral data of specifically designadd controlledloating plastic targettopped thedisadvantage of the sih
water body and resulting adjacency effedihe pondis surrounded by playgrounds and some higher trees,
which nevertheless do not directly obstruct the direct solar radiation in the area of the test areas. However,
adjacency effects of these treestbha measured data cannot be ruled Wvhile interfering adjacency effects
both from land and atmosphegenerallyi ncr ease towards the shore, they fAr e
of f dqOdermadt,®2011)Therefore, adjacency effects can generally not be ruled\bthtis location, a small
adjustment had to be made to the deployment desigaubeof the small water area, the distance between the
individual test areas had to be shortened froom26 10m.

The plastic test areas on Lakeeifensee 10 km east of Zirich, are located in the western part of the ilake,
a distance of 97 120 m from the slightly sloping reedovered lake shore, at a water depth of abouh20his
lake is comparatively high in nutrients.

For the choice of the test area loake Hallwilersee a compromise had to be chosen between the position of
the flight strips, course ship lanes, closed protection zones, and shadows cast by tall shore vadetation.
chosen location is near a gravel dettee@ravelsserved as aakeshiftanchor weight), in a distance 80 - 50
m to the closéy nature reservation zone andi 90 m to the eastern lake shoet a water depth of 7416 m.

2.2 Data acquisitionrand baselineprocessing

The airborne data acquisition took place within the scogheofinnual flight missions at RSL, whereby the
spectral data of the relevant test areas were made available in the desired product levels. ESA's satellite data are
available online via the precisely researched product specifications, spatial parametersgusition dates.

ASD field data, GPS locationoordinatesand image acquisition with drones were collected especially for this
research projeéh 2018

2.2.1 APEX mborne data

APEX, the Airborne Prism Experiment, is a dispersive pushbroom imaging spectrdiaster on prisms,
covering thespectralrange between 372 and 254t with a spectral sampling interval 6f4%7.5 nm in the
VNIR (4007 1050 nm) and 5 10 nmin the SWIR(10507 2500 nm) respectively It is a SwissBelgian
developmenbn behalf of ESA and haseen introduced in 2009t is operated byITO and the RSL at the
University of Zurich(Schaepman et al., 2015)

6 Distance information on this page is based on the swisstopo online mapgewmpdmin.chpr derived from the imaging
spectroscopy data directly (pixel count based calculation of the Irchel pond surface area using the defined binary mask)
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The APEX imaging spectrometer was flowith a Cessnat an altitude 06.5 km with heading 062for the
first flight strip andproviding data witt2.6 macrosstrack GIFOV for the Irchel locationOver the Greifensee
location, the flight level was & km with heading 324°resulting inthe highestspatial resolutiorwith 2.1 m
GIFQV that could be acquired of the plastic test arS8age pixel sizes in acrossack drection are given by the
aboveground altitude and in alortgack direction by the flight speed over ground (and sensor technology), the
resulting pixels are rarely squafidueni et al., 2017)They were georectified argpatially resampledesulting
in pixel sizes for botHocations of 2.0 nwith an assumed geolocation accuracy of Hpixel. Radiometric
calibration of the raw dat® radiances generated lexdetata, which were exclusively geocoded on request. The
reason for this waiss intended use becauagnospheric correction modaifenemploya fidar k pi x el app
for water surfaces which might eliminate meaningful spedetdils(Goddijn-Murphy et al., 2018; Emberton et
al., 2016) The underlying assumption of tHidack pixel approach, initially made for clear ocean waters and
ocean colour satellite applications, is that the ocean is optically black in the NIR wheeofaleter leaving
radiance only contain atmospheric aerosol and ocean surface @fexdtsrton et al., 2016; Siegel et al., 2000)
Whil e this approach, it h o u(®ibgel ettab, 200@nayabe calidrfar teetaint o wi t
applications, it is Ararely \Baileyetlal f20l0andwadldeverslikelyi t h s i ¢
hide the signal from floating plastic. Therefoadétmosphericallyuncorrected data would be need&bddijn
Murphy et al., 2018)

By default, the radiance data were convertedbéttomof-atmospherereflectance leveR data (more
precisely: to HCRF) using the ATCOR4 atmospheric correction soft{i#ueni et al., 817) This algorithm
applies interpolations to bands of the atmospheric water vapor absorption regions&@uhdi30, 1400 and
1900nm and generally to bands with low signéichter and Schlapfe2016) For both the georectification
and atmospheric correction steps, the digital el evati
(Hueni et al., 2017)

2.2.2 AVIRISNGairborne data

NASA's Next Generation Airborne Visiblaefrared Imaging SpectrometeAVYIRIS-NG) was deeloped by
JPLat the California Institute of Technologg a successor of the AVIRIS spectrométéeighting 465kg, this
pushbroom mapping instrument is based on an Offner spectrometer desigreaseseflected light in the
spectral range from 3802510 nm with 480 continuous bands at a spectral resolution of 5 nhm + 0.5 nm
(Thompson et al., 2018a)

The AVIRIS-NG sensor waflown on the Beech B200C Super Kigr aircraft at a speed of 315 kmdiver
the Irchel locatiorthe same day and alsturing the same midday hours as APEX, but at a lower flight level.
This sensor also acquired the data over thwhilersee location on a windy day when occasional clouds blocked
the view down to théargetedsurfacearea One advantage of this carefully selected location was that it was to be
captured by two overlapping flight stripsnd because of such cloud$e planned flight strips had to be covered
twice, which finally resulted in a total of #nagesof the target locationDue tottes ens or 6 sIFO¥i f f er en
(compared to APEX)the GIFOV and thus the spatial resolution resulted in a image pixel size mffdrithe
Irchel location and slightly higher with 4.0 m for the Hallwilersee location. All these flights were made in an
eastwest direction.

7 https://avirisng.jpl.nasa.gov/specifications.html
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An alternative to conventional atmospheric correcimmapplied for theAVIRIS reflectance data product.
The method is based on th&Wospheric REMoval (ATREM) algorithiiTfhompson et al., 2015a combined
model of atmospheric scattering, absorption, and surface reflediaseel onprobabilistic model inversion
theory It achieves overall reflectance errors d@%.(Thompson et al., 2018b)

2.2.3 Sentinel2 satellite data

E S A &entinel2 is a wideswath, highresolution, multispectral satellite missionwhich involves a
constellation of two polar orbiting satellites (Sentigél and SentinePB) in the same susynchronous orbit,
offset by 180°. With a wide swath width of 290 km, thimstellation results in revisit times ofi23 days at
mid-latitudes. ts optical instrumestsamplein 13 spectral bands with spatial resolutions of 10 m, 20 m, and 60
m for selected banéls

While the spectral band configuration is designed for land applicatitmsyverall spectral and spatial
resolution characteristics make it one of the most promisihgwever not ideal operational satellite fothe
detection offloating plastics Data acquisition over the oceans, howevisronly provided for coastal waters,
enclosed seas (such as the Mediterranean) and other specified (Egimpean Space Agency, 201Besyte
the fact that there is tie prospect of a successfulastic detection due to the spatial and especially the spectral
resolution of these satellite dagentinel2 datais considerechereas well This is due particularly to the lucky
fact that on two of the experimental day®sesatellites flew over Switzerland itheir orbit at noon

Levell C i magery wa s downl oaded for anal ysis from
(scihub.copernicus.eu). This data containsabptmosphere (TOA) reflectances in cartographic geomefly an
is provided in tiles of 100 km *100 km spatial extent. For the area of central Switzertaseding the deployed
plastic test areas at the Irchel and Greifensee locatibegelevant tiles are 32TMT. Standardized radiometric
and geometric preprocesginsteps are applied on LeveC products. Radiometric processing includes
radiometric correction and a dark signal correction. Geometric processing includeseotification based on a
digital elevation model, and spatial registration on a global metergystem (in UTM/WGS4 projection) with
subpixel accuracyEuropean Space Agency, 2015)

2.2.4 Auxiliary data

Furthermore, on all experiment days in the Irgbatk, RGB pictures were taken with dronesfrom low
altitude (approx. 100 m). These images of the setting, taken from a bird's eye view in high spatial resolution,
were mainly used tascertainthe exact geolocations of the test field corner poitsciion3.1.]) and to
determine PET area fractionbthe test areas on the wa{Section3.5.1).

For the test area corner positions on the lai&€xS datawereacquired directly in the field using a handheld
GPS {Trimble GeoXT on Hallwilersee and Garmin Oregon 600t on Greiferfisga)the kayak. These positions,
acquired in thestandard map projection W&H, were later converted to a vector file and used as geometric
overlay information in various methods applicatiofke vector file was generated using the Point Collection
tooland i mporting point-fildiaENYI. from the GPS6 ASCI I

Standardizedield referencemeasurementswith the ASD3 fieldspectrometewere routinely carried oudn
selected surface types during the overflights for cross validdticaddition, field measements were acquired

89{ 1 Qa {SyiGAySt Nths¥/Sehtinefesinfiiveb/gebtindligidsiins/$eimine? (last accessed308.2019)
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in the Irchel park in order to obtain some reference spectra which could be useful in the context of the present
work.

The targets selected were a minimally reflective black plane, 90 of the PET bottles used during the
experimental stups, and the water body of the Irchel poali.bottles were arranged to create 100% surface
coverage. The black plane was used as a base to prevent reflective fractions of the lawn. Reflectance of this
plastic target was then measured both on land ladirfg with both dry and wetsurfaceson the water. The
surface roughness of the water was also of interest. The smooth surface of the water was measured as well as
small waves caused by water treading, which led to changes in the surface geometry.

Sincefield spectroscopy is based on relative measurements of target and reference panel ralipode, a
with bubble level was used to horizontally adjust thbite Spectralon reference panel, and reference
measurements were taken systematically beforeaftied target measurementsnsuring that the reflectance
panel completely fills the FOV of the spectromdtdilton et al., 20@; Milton, 1987) For each target, a series
of 30 measurements in vertical direction were taken applying the sweep sampling scheme while keeping a
distance of 1 m between sensor and target. Ideally, the operator should wear cotton clothing, tdk® a pos
perpendicular to the solar principidaneand keep at least one arm's length away from the target ¢Hjeeni
et al., 2017)For the measurements on land these specifications could be easily met, but for the measurements of
dry and vet floating PET bottles as well as the smooth and agitated water surface, these specHistinalisg
in cold water on uneven ground and loaded with the ASD spectrometer only partially feasible.

The ASD binary files were then imported into theEERCHIC spectral database at RSL and automatically
calibrated from DN to radiangé&iueni et al., 2009)Relevant metadata such as location and target descriptions,
sensor and sun geometries, and atmospheric conditions were bddezhannel adiometricsteps between the
ASD spectroradiometérspectral detectordue to temperatureesult inradiometric miscalibratiofHueni and
Bialek, 2017) To compensate fahese radiometric step#n the wavelength regions of 1000 and 1800 nm, a
correction model was developed and provided as a MATLABHgdHueni and Bialek (2017This function is
al so integrated in SPECCHI O6s reflectancalatonal cul at.i

In the context of the LSMD Demo Day 2018, data acquisition over the test setting at the Irchel location was
planned as fAO0Ocean Pl azeppelio NTEas pesearch mplatiormothe plastci tanggts wetee
imaged by a NanoHyperspec camé&iom two flight levels at 150 m and 300 m AGL, resulting in pixel sizes of
6.3 and 12.6 cm, respectively. This hyperspectral camera was mounted on a gimbal$ystewas installed
on the outside of the passenger cabin before the flight.

2.3 Resulting datgoool

The most relevant datasets for this thesis consist of devéling spectroscopgata AVIRIS-NG and
APEX), acquired during the RSL summer flight campaigns 2018 over temporary installations of floating plastics
with varying predefined surface dets$. In addition, spaceborne datgere acquired from the Sentinél
multispectral ESA satellites when orbiting at the same date over the experimental test areas.

Data products that were used for data analysis in this work comprise botR2Lefldctane and Levell
radiance images from boitmage spectroscoensors, andiop-of-Atmosphere reflectance (Lev&l) products
of the SentineR satellites.Spectral reference measurements from the laboratory and the field were added
supplementing

9 SPECEIO Spectral Information Systemmvw.speccio.ct{last accessed 20.09.2019)
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Unfortunately, it was only at a late stagdenour suspicion was confirmed that the higisolution data
collected duringhe unique experimental zeppelin flight were faulty duatmalfunction of the gimbal system
This mechanical system should have towrously orientated the attached NanoHyperspec sensor precisely
downwards during the irregular thrdamensional airborne platform motions (rolling, pitching and yawing) in
order to ensure constant acquisition geometry during the flidterefore, the mising hyperspectral dataset
with extremely high spatial resolution wafsno practical use for evaluation

Together with the collected field data both during the flight missions and sepdratelpbtain further
typical plastic and water spectra as refee value§ the data pool used for this study comprises a solid
diversity with different spatial and spectral resolution. The table below gives an ovenadlwerhotely sensed
dataof the PET test installation§hose entries which are highlightedbold have been used for the following
analysis.

Table2-1: Remotely sensed data sets acquired over the PET test install&tiigid and sensor parameters
were taken from the corresponding data headersfiltsom in house mission documentsyare computed®.

Acquisition date lllumination Flight parameters Sensor characteristics
date time location solar solar platform speed altitute pixel size  sensor spectral range spectral
(local) zenith [°] azimuth [°] [km/h] AGL [m] bands
11.06.2018 11:00 Irchel 52 117 UAV ~30 ~100m (cm) RGB camere. 380 - 2510 nm  RGB
27.06.2018 12:07 Hallwilersee 61 139 airplane 315 4.5 km 4 AVIRIS-NG 380 -2510 nm 425
12:16 62 142
12:55 65 161
13:04 65 166
01.07.2018 12:10 Irchel 61 140 airplane 260 6.5 km 2 APEX 372-2540 nm 334
01.07.2018 12:50 Irchel 64 158 airplane 315 4.5 km 4.1 AVIRIS-NG 380 -2510 nm 425
01.07.2018 12:20 Irchel 62 144 satellite 27'000 786 km 10-60 Sentinel-2A VIS - SWIR 13
01.07.2018 11:45 Irchel 58 130 UAV ~30 ~100m (cm) RGB camerél VIS RGB
24.07.2018 12:35 Greifensee 60 152 satellite 27'000 786 km 10-60 Sentinel-2B VIS - SWIR 13
24.07.2018 14:05 Greifensee 62 196 airplane 260 5 km 2 APEX 372 -2540nm 334
11.09.201€ 11:20 - Irchel 41 142 zeppelin 18 150m 6.3cm Nano- 400 - 1000 nrr 270
11:50 300 m 12.29 cr Hyperspec
11.09.2018 11:15 Irchel 39 137 UAV ~30 ~100m (cm) RGB camere. VIS RGB

10llumination parameters were calculated using the online tool by N&#dcompared with the image product metadata
where provided(https://www.esrl.noaa.gov/gmd/grad/solcalc/azel.html)he satellite speed was calculated with the orbit
time of 100 minutes, then rounded for easy comparison. .
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3 METHODS

According to the explorative character of this study, this methods chapter contains successive analytical
parts, starting with basic data analysis steps and progressively aiming at more specialized information extraction
methods designed forimaging specbmeter dataanalysis In the last subsectiondifferences between the
evaluated test settings compared to the optical conditions, which are to be expected in more realistic situations at

sea, will also be addressed.

During this explorative process, some of the most often used analytical methods in remote sensing are
discussed and applied on varying imagemhile the focus always remains on the previously stated research
guestionsThe chosen methods essentially coveee selected elements of data comparison: spectral similarity,
materialspecific absorption features, and subpixel fractewaluationbased on spectral mixture analysis.
However- and this design might differ slightly from comparable repeds additonal objecive of this thesis is
to provide an insight into the nature of remotely sensed imagery to the readittleviinevious expertisa the
field. This is in particular the reason for ttrtae colourvisualisation®f the data subsets in this chapter.

(Section 3.1) (Section 3.2) (Section 3.3) (Section 3.4) (Section 3.5)
Data Basic image Discrimination Plastic Spectroscopic
preprocessing evaluation approaches identification models
Geomet| .
Y Spectral + Imageen- +  Clustering S.pef:tre.ll Spatial
operations similari hancement (k-means) ] scalin
Y (SAM) 8
Quality
assessment
:::;:ratliun Spectral *  Spectral *  Continuum +  Derivative
Data trans- p profiles Indices Removal (CR) spectroscopy
formation features

Supervised +  Spectral
classification mixture
(min. dist.) analysis (MF)

Spectral
mixing model

Abundance + Spatial
estimation profiles

Figure3-1: Methods overviewThethree selected elements of data comparisose emphasized in yellow,
green, and orange, while trehapters structure follows the wdrlg process with increasing specialization in the
applied methods

3.1 Data preprocessing and quality assessment

Prior to image evaluatignsome basic preprocessing steps were applied. These inolym®ticular the
definition of spatial subsets for the taseas contained itlhe high volume inagery Subsequentlya basic image
guality assessment was performed on all image sybseisly to ensure that the data would not contain any
technicalissues Furthermore, another preparatory step included MNF data transformation, sincalgoritem
use noiseeducedVNF data as input.

3.1.1 Data preprocessing

First, image geometry operations were applied to the selected data prédudtselrchel location, spatal
subsetscontaining all available spectral bands, were defined with equal side lengths of 200 m (205 m for the
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AVIRIS-NG data) for each of the provided imagery. Due to different pixel sizes, the resulting subsets contain

400 pixels (S2, 10 m pixel sige, 26500 piNGel g1, QAW Bli X el size), and 10
pixel size), respectivelyDuring baselinepreprocessing, AVIRISNG products remain orientated in their flight

line direction. Thus, they generally am®t northoriented but comevith a defined rotation angldmage

rotation (70.0 ° clockwise, according to the rotation angle7@.0 °) was applied to this data in order to have all

images (and pixels) in the same orientation for easier comparison.

For thesatellite datg aresampihg to 10 m spatial resolutiomas necessary for all bands except for bands 2,
3, 4, and 8 of the downloaded datadifeior to layerstacking and spatial subsetting. The bicubic upsampling
met hod was chosen, and t heseSNAR ofpwaretactsr e al | perfor med

Masking: The focus in data processing here is on the water surfaces. In order to exclude all land areas from
further analysis, binary water masks were created for each of the image subsets, using the ENVI Build Mask tool
(Figure 4-1). These masks were defined based on the pixel values from one single image band. For the APEX
reflectance data, band 71 (with 744 nm central wavelength in the NIR range) was chosen tolaagdrata
water pixels. The data value range for water pixels was defined from 0 to 1000 after investigation of the pixel
values on the edges of the water body. This threshold implies that water reflects only up to 10% of the irradiance
at this wavelengtlpercentage values result from rescaling the reflectance values with the scale factor inherent in
the data product). For the AVIRISG data, band 75 (747 nm) was chosen to define reflectance values from 0 to
0.085aswater pixels. For the Sentinglsatelite image, only four of the 13 bands have an original pixel size of
10 m, with band 8 being the suitable band in the NIR, allowing for easy separation of land and water surface
pixels. The reflectance value range from 0 to 1100 was dedismdter pixels

Irchel test field corner position determinationwas done based on a drone imagigre 3-2 (a)) through
application of an image geocoding approadhgia geometric (polynomial) approximation mddelen control
points were defined at well identifiable positions (e.g., crossroads, bridge centre point) in the image, and
reference point coordinates were determined manually on the basis of the detailesl 8ap
(map.geo.admin.ch). The geometric model was then solved with the defined control points using the nearest
neighbour resampling method. Based on the resulting geocoded image, the test field corner positions were then
determined and stored as vecfmint data. All these steps were applied using the ERDAS Imagine 2014
software.

The available imagery frotie Greifensee test sitevas preprocessextcordingly Fromthe APEX radiance
data, two square subsets were defined with side lengths of 100 m (50 pixels) and 800 m (400 pixels),
respectively. The smaller subset covers only water surface containing the three PET test areas. The larger subset
also covers the lake shore and nearbyl lareas. Abinary water maskvas created for the latter one, based on
band 100 (983 nm) where values < 10 were used to select the water area. In this case, the shore zone was also
masked, and smoothing was necessary, using convolution (median filter Vb avindow size) and
morphology filtering (dilate option) as additional steplere, the satellite reflectancelata were subset to the
same areal extentss the APEX dataresulting in images of 10x10 and 80x80 pixels, respectively. For mask
definition, values < 1000 fronthes a t e lbdnd8twer® selected. Accuracy for both masks was verified using
ENVI 6s Window Overl ay f u@RStposibians oithettdst areeadctnets warennsepsarede n c y .
and converted into a vector layer, as describekeition2.2.4

11 This approach is based on exercise 6 within the framework of the lecture «GetR&®1gen zu Grundigen Fernerkund
ung» at RSL / UZH, 2014.
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The available imagery frorthe Hallwilersee test sitewas preprocessed similarly. lArger square spatial
subset with 10 i x el s on each axis was considered ideal|, rest
of 400m x 400m due to a slightly lower flight level (compared to the Irchel location)rasdlting AVIRISNG
pixel size of 4.0 m. Image rotation was appleghin, but the vegetated shore zone was not masked| as
intendedalgorithms are expected to deal with such land areas asAgelh, the acquiredsPS positions of the
test area corners were converted into a vector.layer

3.1.2 Initial image quality assessnm

A basic image quality assessment was performed on all image siisetd.comparison of these PET test
area positions with the derived corner positions of each test field was done for all georeferencedtlimages
AVIRIS-NG radiance imagef the Irché locationis the onlyonenot georeferencgdGeometry accuracyis
regarded an issue only for the satellite data, since the brighter patches of the PET test areas were identifiable in
thehigh resolutiordata visualizations.

Regardingradiometric accuracy, qualitative band examination was done, using the animation function
provided in ENVI for the imaging spectroscopy dat&he focus here was to find whether serious artefacts or
faulty spectral bands are present in the data. In addition, visual examioétthe water areas, using colour
composite image subsets, was done to verify that no cloud or sun glint artefact is obstructing the tfcation
interest.While geometric and radiometric quality can be easily estimated from ihigheresolutionimages
quality assessment for the satellite data was rather limited to statistical band inforAtatiog point, no further
statistical band examination was done, since the main focus of this qualitative assessment was in obtaining a first
general usabilitestimate of the imagery at hand.

As it turned out, the APEX reflectance dafahe Greifensee locatiozontains further artefacts along image
lines within the subsets. For this added reason, the APEX radiance data were used for subsequent analysis steps
only. A radiometric comparison of the image values with field measurements would have been a fusibé, sen
step to evaluating the image quality. Unfortunately, no field reference values of the water surface were acquired
accordingly, which would have allowed the most relevant comparison for the data subsdesf areas

For the Hallwilersee locatiod, datasets were acquired in total. Thus, a first quality assessmetbissegied
of selecting the most suitable image for the subsequent evaluations. While two of the pictures were affected by
clouds and shadows, the other two seemed suitable withaainted artefacts in the area of interest. Finally, the
dataset was selected where the pixels of the test areas were slightly better identifiable using histogram stretching
as shown irFigure 3-5 (b). Thus, thegeometry accuracgf the GPS points could be checked visuédly this
location as well

3.1.3 Data transformation

Data transformations aim at reducing redundancy in multispectral image data by comphesisiftymation
content into fewer bandsillesand et al., 2008)n addition to reducing computational effort, the main
advantage lies in the noise suppression which is achieved by decorrelating noise and image content and omitting
resulting noise bands in subseqt analysegKneubuhler et al., 2007Principal Component Analysis (PCA) is
one of the most widely applied statistical methods for dimensionality reduction. While there exist various
versions of this powerful statistical tool, the standard PCA is aspatial approach that is applied to rastata
and on the attribute space ofyDe mg ar e The eesultingVinbalIN8ige Fraction (MNF) bands
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contain decreasing variandencethe highest image vianceis contained in the first bands. Therefore, only
those MNF bands containing image information can be used with increased computational efficiency in
subsequent analysis.

Although this technique primarily distinguishes the most basic image categadetherefore does not seem
to be suitable for the detection erhall amounts oplastic components in mixed pixels, in the framework of the
chosen explorative approach, the method was appligevay. The reason is thpbssible findings could be
usefulwith regard to very large scale data products where efficient analytical methods are crucial. MNF forward
transformation was applied on the masked APEX radiance subset image, using the corresponding ENVI software
function. The smaller subset could not Isedas its number of pixels is too small for statistical calculations.

3.2 Basidmage evaluation

The main goabf this subsectioris to assess whether the acquired data products can be expected to form a
useful quality data basis for this research. fidoeis of this subsection lies on the following points:

1 Location: Data from the Irchel location are used for basic visualisation and comparison, since this is the
only location where data of treamefloating plastic installation could be obtained bythHee sensor
types (satellite and airborne) at the samediajng midday.

1 Sensors and data productsReflectance productsre in focus here, since they repregbet common
data product type used fepectral imaganalysis. Theyare available for all tlee sensors idiffering
spectral and spatial resolutiom addition,imaging spectroscopsadiance data is consulted foasic
product level comparison.

1 Methods: The applied methods include visualisation aistdlalenhancement approaches

Common basic imge analysis methods can be grouped based on the dimensionality of the spectral data
involved: An image dataset can basically be analysed (i) using only one spectral band (e.g., binary mask
definition, density slicing), (ii) using two or three spectral 8sufe.g., indexing, colour visualisation), (iii) using
all available spectral bands, (iv) or by taking the spectral curve characteristics into aecthistfirst methods
subsection, (i) is applied for binary mask definition of the water surface atbin \he spatial data subset
images, (ii) is applied for true colour and false colour image representations, and all spectral bands (iii) are
relevant for spectral profile visualisations. (iv) is addressed by more specialized methods and will be considered
in later sections.

Figure 3-2 below contains RGB representations of the drone photo, the satellite image, and both airborne
images of the APEX and the AVIRISG sensors. While the drone image does not cover the full spatial extent
of the subset images, its very high spatial resolugivas an impression both of the floating PET nretgich
are of primary interest hereand of the greenish water colour as it appeared to the human eye on that hot
summer day of data acquisition. The unequal spatial resolution of the images makettblevinas difference.
Different brightness levels, on the other hand, are merely a display effect, resulting from the average brightness
values of the original large datasets.
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47° 2355.06" . 47°2355.10"
Sentinel-2

Drone photo 8°32°34.77" 8°32°43.84"

T

47°23°48.91" 47°23°48.94"

8°32°34.82" 8°32°43.89"

47°24°00.59“ APEX 47°24°00.50" 47° 23’ 55.63" 47°23'55.67“
8°32°37.83“ 8°32°47.27“ 8°32°33.57“ AVIRIS-NG 8°32°43.15"

47°2354.18" 47°2354.09 47°23°49.12“ A47°2349.16“
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Figure3-2: RGB visualisatiaof the image subsets over Irchel Pond. (a) shows the drone image taken over the
relevant part of the pond shortly before airborne image acquisitimurtesy Dr Har€hristian Koch)b)

contains Sentine? data (R: band 4, G: band 3, B: band 2), (cCAREX reflectance data (R: band 40, G: band

17, B.: band 6) and (d) the AVIRIS reflectance data (R: band 54, G: band 36, B: band 18). Map coordinates
(WGS84) are indicated for all subset corner positions, based on the relevant image header information.
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3.2.1 Spectraland spatial profiles

Spectral profiles contain the image values of all spectral bands for one single pixel. Intordevide an
overview on the available data, reflectamacel radiancespectra from all image subsets were collected in groups
(according to themanuallydef i ned regions of interest ( ROI 6s) in E
ASCII files for further evaluation in MATLABSpectra were selected from the three PET testsaas well as
from the surrounding pond water surfackile avoidng the very shallovshore zones

Regarding the satellite datanfortunatelyit was not possible to specifically select the single image pixels
covering one of the test fields ea@sthe pixel boundariesneetin the middle of the PET test fieldgth the
result that many of the water pixels contain a fraction of the plastic si@tdlswith a simple approach in an
attempt to find those pixel values that are most likegyeringfloating plasticareas, the satellite image subset
was rescaled to a pixel size of 5ihus,3 - 5 small pixels could be selected per tsid, from which the mean
vector was calculatedzor the APEX data, over 20 pixels were selectedfipéd, while there wez only 47 6
pixels perfield for the AVIRIS-NG data,dueto different pixel sizes. Selection in all cases was based on the
central location within the pounals well as on the brightness differences visible inirtreeging spectroscopy
imagedisplays rather than on the vector corner point coordinates.

Thereforejn ordertof ocus on t he typical 0 spectra, only the ¢
in the spectral profilevisualizations Figure 4-3 and Figure 4-4). Reflectance values wewdl rescaled to the

range of0 1 100%. For reasons of completenesadiancespectravere alsaconsidered

Spatial profiles can bedefinedalong a usespecified line in a singtband or 3band composite imagae
order to extract brightness values of the pixels along this(lieesen, 2016)This was done for the APEX
reflectance image because of its smallest pixel size where the defined line across all three PET test areas touches
the largest number of pixels. This was dare ng ENVI &6s Ar bi t(Rigare 45). Phemdst | es To
important purpose of thigsualization is tanake a gradien(better)visible across the diérent PET abundances
while the consideration of acrate distance calculatiois less important in this casé. distancecalculation
based on pixel countgould be distorted due to the stepped nature of the defined transect with an inclined angle

to the image geometry.

3.2.2 Image enhancement approaches

Many methods exist to visualize pixel information contained in a multilevel image dataset. During a first
invegigative data assessment, many of th@ristogram stretching and density slicing; grey colour, true colour
and false colour displays)ere appliedln Figure 4-6 a selection of these visualisatiasgresentedo illustrate
a few commonly used methods and to highlight some obvious image features. For most of these steps, the
masked subsets were evaluat&étie APEX band for the grey colour display was raftosen randomly but
cal culated wusing ENVIG&6s Spectral Mat h Tool greemwo i mag
water and the mixed signaf the PET test field with the highest plastic abundaibe calculated difference of
these two spera was then analysed to find the wavelength position where the two spectra show the largest
difference over the whole spectrufirhe spectral band representing this wavelength position was then histogram
stretchedo enhance its variability for theater surface

33



34

Master@¢ K S ®Datectiomof floating plastic waste using imaging spectros€opy

3.2.3 Outline

This first partis not aimed at answering any of the research questions yet. But it provided some first image
characteristics that are promising for further analysis steps oAREX and AVIRISNG imagery. These
include the visibléorightness differences and even some scaling effect in the RGB visualisations where the PET
bottles are afloat.

However, the limitations of a multispectral satellite band configuration for our target of inteoésious.
This is a first indication towards answering research question (3) about spectral sensor resolution requirements.
Also, unwanted effectsar(issirg band information oband interpolatiorin atmospheric absorption regions as
well aswater leaving radiance approximations) due to atmospheric correction algorithms might advocate the
analysis of radiance images rather than the usual reflectance iragegvaluation corresponds to the latest
research literaturen this questior{Garaa and Dierssen, 2018; Goddijurphy et al., 2018)The small pond
area is also seen as no ideal location due to adjacency effects andhaboy depth resulting inmost
inhomogeneous water pixels in all images.

3.3 Discrimination approaches

The reasons for this subsectibmprior to the imaging spectroscopy dagaalysis approaches in focusare
twofold: First, in the framework of this explorative study, it was considered important to evaluate the level of
detail inherent in the acquired tda as well as finding what clusters are most obvious from a
mathematical/statistical point of viewlrhis seemed all the more appropriate in view of the fact that the
evaluation of water surfaces and at the same time of small hyperspectral signal @$ferentype of data
investigation in which no previous practical experience had been géinddsecond, only for imagery (sensor,
processing level) where these methods reveal significant differences in the relevant water pixels, further analysis
steps wi be advisable.

Thus, the guiding question in this method subsection is about finding differences in airborne (or even
satellite) imagery between water areas with small abundancies of floating plastic and surrounding water surfaces.
In this methodical dasection, the focus lies on the following points:

1 Location: Data from the Greifensee location afepriority in this subsectigrbecause the two available
datasets acquired over the floating plastic installatierecontain highest variability in both eptral
and spatial resolution parameters. In addition, good visibility and very little wind at time of data
acquisition were the favourable environmental parameteisifest possiblstarting position

1 Sensors and data productsThe APEX radiance datgeocoded and resampled to enJixel size, is
analysed and compared to the multispectral Ser®irsdtelliteLevel1C reflectanceproduct with a
resampled pixel size of 1@ for all bands

1 Methods: Commonimage analysis andlassification techniques aspplied here, subsequent to the
basic visual method§.hesetechniquesare for automated information extraction from remote sensing
data andwvere designed originally famultispectral imagery, thus therenot particularlydesigned to
extract subtle features in continuous spectral signatifesse methodprimarily aim at finding
statisticaldifferences and clusters in the dagend for unsupervised algorithms, thexpected results
generally cannot yield information on spac (plastic) surface material$:or supervised approaches
ground reference information about the precise location of the PET test areas is used for reference pixel
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specification. In addition, theoretical findings from scientific literature are inclutleis. applies in

particular to specific absorption features in the spectrum of plastic materials, which form the basis for

theHydrocarbon Indices

1 Researchfocus Discrimination analysis can only be an intermediate step towards more specific

answers abouhe detectabilityand identificatiorof floating plastics. It idikely, however, that this step
alreadymeans end of the lin@ith regard to satellite data, which is why initial results about spectral as
well as spatiabensormresolution requirements cdre expected herén addition, the application dhe
Hydrocarbon Indicewill show whether this approach can be applied at all to very small signal
fractions,since no such information was found in titerature

47°21°27.94“ 47°21°27.53" 47°21°22.02“ . 47°21°22.13“
8°39°46.34" APEX 8°40°24.37" 8°39°40.84" Sentinel-2 8°40° 18.49"

47°21°02.10“ 47°21°01.69“ 47°20°56.43" 47°20°56.54"
8°39°45.75" 8°40°23.77" 8°39°41.00" 8°40’ 18.65"

Figure3-3: RGB visualisations of the Greifensee location. (a) shows the APEX radiance values of the spectral
bands 8 (blue), 18 (green) and 43 (red). The Sertitrele colour reflectance satellite image shows bands 2
(blue), 3 (grer) and 4 (red). The zoomed details of the APEX (c) and Sentifedubsets are overlaid with the
corner positions of the PET test fields.
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The spatial subsets of the data from both the APEX hyperspectral and the Sentuébkpectral satellite
sensor,both acquired within less than 2 hours over the same plastic test fields at the Greifensee location are
presented irFigure 3-3. These true colour rementations provide a first impression especially of the spatial
resolution inherent in such i magery. Pbloecto thethumae 6 c ol o
eye, thus a colour just between the two appearances in these images. Quite ragigrtisbiPET test areas are
distinguishable even in the unmodified APEX RGB image. Close to the tiny delta (bright due to a bright gravel
surface), dloatingr af t of plastic materi al is also distinguishe
further north over the water originate from a campfire. These smoke clouds weratinetlat the time of the
satellite overpass. The striped pattern in the APEX data are precisely coherent with the flight path (southeast to
northwest) Theyrepresentan unvanted but wetknown sensor artefact that cannot be completely eliminated
during processingRogass et al., 2012The enlarged sections show the water area where the three PET test
fields were deployed (location highlighted by red rectangles in the subset imageBiguter3-3 (c) and (d),
linear histogram stretching was applied on each spectral band for contrast enhancement.

3.3.1 Clustering

When choosing a classification method, essential considerations always play a decisive role, such as: What is
the nature of th@roblem? What are the characteristics of the study?at#aat is known about the class(es) to
be identified, including their distribution in the ima@kensen, 2018)In the present case, the aim is to apply a
simple unsupervised algorithm for target discrimination basedhtan statistics onjywith the main objecte to
establishwhether there is a statistical pattern inherent inrnfaging spectroscopgata that would allow to find
specific similarities in those pixels where the PET bottiestributea small fractiorto the spectral signdl in
contrast to the surrounding smooth water surface where no other object was afloat at time of data acquisition.
Furthermore: Is it possible to identify a scaling effect of the varying PET surface abundances?

K-meansis one of the most common clustering methods in remote sensing and a common approach used in
image analysi¢Richards, 2013)It is an terative optimisation algorithm, based only on data statistics aiming at
identifying pixels in an image that are spectrally similar. The only parameter the analyst needs to provide
consists of the number of clusters to which the image pixel veet@stobe assigned I n a dAtypic
classification task, this information may be gained from visual image interpretation, ideally combined with prior
knowledge on the typical land surface categories present at the image location. For our location with the small
floating PET bottles setup, however, the imfaguresof interestare restricted to theshfferently smallsurface
fractions of plastic.

The datawereclustered using the-lneansunctionality inENVI. Regarding the ideal number of clustéos
a best pasible result, the kneans algorithm was run several tinf@svarying number of clustergurthermore,
the algorithm was run in a firgivaluationseriesusingall spectral bands. In a secoaedaluationseries, only 3
image bands were selected based on previous knowledge about specific wavelength positionska@und a
absorption feature of plastic materialhie APEX bands 183 (1667 nm), 190 (1728 nm), and 197 (1788 nm)
were closest to the selected Bamdicated in a successful mapping approédtirig et al., 2001)All results
were generated after 3 iterations. The colours for visualisation were assigned randomly by the software.

The classified i mages were then assessefawhichthesed on
GPS location information and visiblerightness differences in the image were udgeat. this purpose, all
resulting images of each evaluation series were stacked together with the refereagpdited into MATLAB
and evaluatedby an algorithm specially develope@he evaluation logic wamtentionally adapted to the
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peculiarities of this classification, as the focus was placed solely on the three tesDafwdsg the three

different PET abundancies of mixed pixels as separate classes contradicts the basic logic of such classification,
and thus a standard quality assessment. Nevertheless, this approach was intentionally chosen here, as the
advantages of the first insights seemed to outweigh the disadvantages. When interpreting the unusual accuracy
assessments, however, it must be nobed the user accuracy was summarized in one class, because an error
within different plastic abundancies should not be treated misclassifiedfhesetection ofthe kmeansresults

together with the accuracy metrics is showFkigure 4-7.

3.3.2 Band ratioing and indexing

Band ratios and indices allow to combine spectral information from two or more bands, using a
mathematical expression which will be applied on every image,diwelwn as ratioing(Prost, 2014) The
resulting image contains the calculated values in one single bardmain advantage of band ratios is that
brightness differences due to terrain badow effects within an image are ratioed away while the spectral
information remains. This can be useful for discriminating subtle variations in the spectral properties of materials
that are obscured by brightness variatifinibesand et al., 2008As an added bfit, ratios provide normalized
values that enable comparisons between different image data.

Indices are most useful when it comes to separating image features with well distinguishable spectral values
in the selected bands. Many indices have been daselonost abundantly for vegetation analyarsd many are
normalized indices based on ratiosnc® plastic materials show specific absorption features with absorption
maxima around®31, 1200, 1420, 1730 and 2310 rn(@loutis, 1989; Horig et al., 2001; Garaba and Dierssen,
2018) indices have also been developed for identifying these materials.

Although the 1730 nm feature is very close to a major atmospheric atmermption maximugrand radiance
values are extremely low at this spectaage theHydrocarbon Index (Hli739) has beerdeveloped to be used
for hydrocarbon material detection, similarly to the Normalized Difference Vegetation Index (NDVI) for
vegetationdentification and characteristi¢kiihn et al., 2004)This first hydrocarbon indelxas beemleveloped
for HyMap bands at wavelengths 170%,n1729 nmand 1741 nm, usable with both reflectance and radiance
data, ands claimed abldo detect any hydrocarbdyearing materialsvhere HI values are > (Kihn et al.,
2004) This includes most plastics. Plastic sheets, oil contaminated sand, and artificial grassicoesdfully
be identified as hydrocarbons, but the index did not work for plastic (&diisn et al., 2004)However, no
specified lower limit of surface abundance was reported, nor was the index applied on water surfaces. The
Hydrocarbon Index is, to oubest knowledge, the only approach in remote sensing for plastic detection,
documented in the scientific literature.

g« Mpo LLpW ool - YoXTPYpXTU YPpXTIUY X C W (1)

Applying a very similar index formula, anothidydrocarbon Index (Hli215 has beemleveloped, using the
absorption feature around 1215 nm with the AVIRIS radiance bands at 1197, 1215 and 1(@3&raiva and
Dierssen, 2018)In this recent study, botHydrocarbonln d e x es wer e appl i ed-maded showe
targets with moderate to strong concentrations of hydrocarbons or glé&#aba and Dierssen, 2018)
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Based on these two hydrocarbon indices documented in the scientific literatpesific"PET Index" was
newly developed for the present analydistakes into account the shifted matespkcific waelength position
for PET. Although this new index is based on the aforementioned formulas, it was defined empirically on the
basis of theAVIRIS-NG image radiancepectra( because of this sensoAtt@dmpts hi ghest
to normalisethis newly developed index have been made, but they have. failed

Frdk- ™lom <« Opocwpoouipextipeou ©)

The theory behind these indiceand the explanation why no normalization could be achiévsdketched
in Figure 3-4. The indices combine the values from three spectral bands, which would typically contain the
values of the twaabsorptionshoulders (locaradiance maxir) as well as the absorption maximum of an
absorption feature, as illustrated in (a). Considering¢taive value differences (or ratios) between shoulders
and absorption maxianallows for nomalized index valuesvhere brightness differeas are eliminated
However, thespecificspectral curve properties of plastic and water which form the basis of the index calculation
in this case show a different picture. The sketch (b) is based on the spectra predégtee 85 andthe bands
used for the Pet Index definition.déepicts thevery small relative value difference between absorption maximum
and shoulderThe more obvious difference the two spectral curves is indicated as absolute value difference,
because the effective radiance values of these bands are added to the Pet Index so that these absolute value
differences highly add to the resulting index vakieally, the theoreticaljstification of the initial Hydrocarbon
Index is supplementdd (c).

(a) Ideal absorption feature model (b) Spectral curves at absorption band (C) HI definition model (Kiihn et al., 2004)

A AN AR,

Water 95 %
+PET5 %

{Radiance value)
{Radiance value)

ve— e
L Water 100 %
> >
{wvl) 1623 nm 1658 nm 1676nm  (wv])
’ Absorption shoulder < relative value difference Absorption area
’ Absorption maximum  <#-----% absolute value difference

Figure3-4: Index calculation theory: Absorption feature model vs. spectral curves of mixed-plasicand
water spectra.

Equations {) to (3) were calculatedor radiance dataising the ENVI Band Math TooAPEX radiance
bands withthe nearest central wavelength to the suggested index bardsselectedas summarized belown
addition, for sensor comparison reasansl beause of some promising first resultse same equations were
also calculated for the AVIRISIG radiance Hallwilersee subset imageegented in the followin§ection3.4)
where slightly different wavelengths were selected.
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Table3-1: Selected bands for index calculations, including the ENVI Band Math formulase ity the band
wavelength is noted without digits.

Index spectral range APEX bands AVIRIS-NG bands ENVI Band Math formula

bl =133 (1194 nm) bl =164 (1193 nm)
Hls 1193 -1235nm b2 =135 (1213 nm) b2 =168 (1216 nm) I=(float(b3-b1))*0.5 + bl - b2
b3 =137 (1233 nm) b3 =172 (1235 nm)

bl =178 (1623 nm) bl =250 (1624 nm)
PET-hges 1623 -1676 nm b2 =182 (1658 nm) b2 =258 (1665 nm) I=b1 + b2 + (float(b3 - b2))
b3 =184 (1676 nm) b3 =260 (1674 nm)

bl =187 (1702 nm)
HI 173, 1702 - 1737 nm b2 =190 (1728 nm) I=2*(float(b3-b1))/3 + bl - b2
b3 =191 (1737 nm)

No quantitativeresult evaluation was performed for these index results, as no obvious index value ranges
were able to clearly separate the pixels containing plastic. It turned out that a possible clasdifisaiibon
index valuegby means of density slicing) is highly dependent andbfinition of the class boundaries, which
will differ from image to image, especially when radiance data is evalaat#uese indices are not normalized
indices For result comparisorhowever, density slicing was applied as defined in the table be&otur
density slicing is a method to map a range of brightness values to a single display value, thus to segment a scalar
image into distinct classes, in order to highlight fine differences or make details afjRéchatds, 2013)

Table3-2: Defined index value ranges for selected density iinges of theAPEXesult imagegshown in
Figure4-8).

Index image Index result range Defined density slice ranges Assigned colours
HI 1515 (b) ®=0.147149-4.671032 ®0.20-0.04 0.10-0.12 2.30-3.80 cyan yellow red

HI 1735 (e) =0.108471-1.701036 ®0.20-0.02 0.36-0.50 cyan  red

PET-kges (h) 0.469396 - 2.659658 0.00-1.53 153-1.60 2.20-2.70 cyan vyellow red
PET-kges (@) 0.700347 - 2.656569 1.25-1.50 150-2.70 1.53-1.80 yellow red orange

3.3.3 Supervised Classification

Classification algorithms are often distinguished by the level of information provided by the analyst. While
unsupervised classification (e.gsmeans clusteringis based entirely on statistical properties of the data,
supervised classification requires training classes defined by the analyst or selected from ground reference areas
with known surface materigProst, 2014)Training classes are sets of pixel data vectors that are typical for the
classes to be classified. Unclassified pixels are being compared to the training classes, and, depending on the
algorithm applied, will be assigned toetspectrally most similar class. Supervised classification results therefore
dependorimarily on the definition and fitness of the training classes employed.

Many different algorithms f or super vi s e ekist. cQoransosly #ppliad algonthms are:
Maximum Likelihood, Minimum Distance, Parallgliped and Spectral Angle Mappe(ENVI, 2002) The
widely used Maximum Likelihood algorithm requires a minimum number of reference pixels per training class
because it uses covariance informatfRichards, 2013)This requirement is not met @&l the small PET test
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areasln the case of insufficient training class samplesMidmum Distance algorithm can be applied since
it does not need the covariance information. It calculates the minimum Euclidean distance from each pixel to the
mean vectofor each training clas&ENVI, 2002)

Minimum Distance Classification: Here we try to find the mixegdixel areas solely on the basis of spectral
similarities between mean reference spectra, selected from the image itselfieandhgepixel spectra. Since
the unsupervised-kneans algorithm was able to discriminate between the test areas and the surrounding water, it
can be expected that a supervised classification algorithm finds this distinction in the same data as well.
Therefore, themain objective of this steds to find out whether different PET abundances can also be
distinguished, even if no method specialising in migee!| analysisis being appliedHere, too, the chosen
method does not correspond ideally to the task at hand, beicapsaciple, the reference classes should not
spectrally overlap for this methddRichards, 2013)The three training classes of varying gtia abundance
certainly overlap spectrallyn this explorative approadfie algorithmhas nevertheless beesed andcertain
knowledge of the material sought was taken into accaduditionally througtihe selection of input bands.

Training classes For the APEX radiance subset image, the location of the floating plastic is precisely
known. Thus, training classes were defined from the three different target surface areas and from the surrounding
water surface witbut plastic. Two sets of ground covipe classes were definettanually applying stratified
random sampling scherte

1 The first set contains two classes, aiming at the only distinction between wateE &test areas. From
all three test areas, the central pixels were selected to farrraining class (30 pixels), while the water
training class (30 pixels) contaipixels around the test areas at assumingly comparable mean water
depths.

1 The second set contains four classes, whér@ixels each were selected from the test a@akefire
(sub) training classes with varying plastic abundaridee fourth class again contains surrounding water
pixels.

In theory, many considerations refer to the optimal size of traidimgsesor algorithms without specific
training class requirements the present case, however, there is little room for manoeuvre, since this is not a
typical supervised classification task either, but rather an experimental application of a method that is not
specifically tailored to low target abundances or even subgieding issues.

Input bands: For both training sets, the algorithm was run with varying input band combinatiging the
ENVI functionality with standard settings to classify all image pixels (no standard deviation nor distance
threshold was definedlzor comparison reasons, the three single bands used inntlearks clusteringSection
3.3.] were selected for run B this methodthe Minimal Noise Fraction (MNF) bandgere also used as input
variants.However, this is the onlyexemplary)evaluation based on this transf@d image data becautdee
results were below expectation®hile the aim in the first runs is rather exploratispecial interest liem the
four spectral regions of the known plastic absorption featiifess.spectrahbsorption featureanges as defined
in (Garaba and Dierssen, 20Mre used to define the band séilens for run 5 8.

12 stratified random sampling involves two steps: First, the image subset is divided into the surface classes of interest. Then,
a minimum number of samples per surface class is selected randdenlgen (2016).
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Overviewof the input band selections for both training class sets:

1. All spectral bands299bands)

2. Selected spectral bands as in theéans classification: band 188667 nm), band 1901728nm) and
band 197 1788nm)

3. All MNF bands (299 bands)While input band reduction would be the goal using MNF bands, this run
using no reduced data volume was intended for comparison with run 1 only.

4. Selected MNF bandgontaining the most image information but omitting those bands containstty mo

sensor artefact patterfisands 6, 7, 8) and noideNF bands 1 50, except bandsi 8.

Absorption feature at 931 nm: bandsi9510 @801 980 nm rangge

Absorption feature at 1215 nm: bands 12544 (1100- 1300nmrangg

Absorptionfeature at 1417 nm: bands 16065 14007 1500 nm range

Absorption feature at 1732 nm: bands 18100 (1650- 1800nmrange

© N o »

For assessing the accuracygf the algorithm results from both training setsptherMATLAB script was
developed to analyselalins togethewith the labelled test data sets and training classed to create the
accuracy metricsisualisationsThe evaluation logic wabk as described in the-keans exampleSgction0) T
againadapted to the peculiarities of this unusual classification problém.assessment results are presented
together with the classification resultshigure 4-10 and Figure 4-11.

3.3.4 Outline

Both the unsupervisedikeans and the supesedMinimum Distance classificatioraspplied to airborne data
in this subsection clearly demonstrated that a distinction between the plastic test surfaces and the surrounding
water surface is indeed achievable even for the smallest PET abuofappeoximately 1%This is an answer
to the research question (1) regarding the detection Iitatvever, the results are ambiguous, which can be
explained in part by the inhomogeneity of the water surface along the shore, by lake depth variatmnthend
observed sensor artefacEirthermore, it must be assumed that the differences found are predominantly based
on differences in brightness and do not allow unambiguous indication of specific plastic components.

As for the satellite data, indicatistowards answering research quessi®) and (3)regarding spatial and
spectral sensor resolution requirememtsefound however indirectlyBut since the available test imagery does
not cover larger spatial areasmdgeometric accuracy did not allomyacertain selection of the pixtontaining
the PET signalsno further evaluations of the SentiwZimagery were carried oafter a few pointlesslustering
attempts (not documented here in detaif) all, due to the limited spectral resolution (asualized inFigure
4-3), it was also not expected that the satellite data would provide any major surprises.

The use of the established Hydrocarboridesl showed disappointing results, whereby the assumption here
is that the plastic abundance in the test data is insufficient for successful application. While this inglieation
points towards answeringsearchguestion {), a more elaboratevaluation method will be applied to the same
plastic absorption features in the following subchapter, making use not only of single band values but also of the
spectral curve characteristics.
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3.4 Plastic identification

In this method subsectiothe focus isnow on plastic detection approaches, where methods of imaging
spectroscopy are applied. These are analysis methodsgforspectral resolutiodatacontaining continuous
bands over the VIS, NIR and SWIR spectral ranges. In particular, these methape@atized to enable
information extraction in the syixel range Herg the focus lies on the following points:

1 Location: Data from both the previously presented locations are considered again. In addition, data
from the Hallwilersee site are taken irtocount. They differ above all with regard to theather
situation: The test areas were exposed to viBehufort 21 3) and waves, which is why the PET
targets were wet or even partialybmergedAlso, the water surface was agitated, resulting in small
scale geometry variations of the-aiater interfacemaking this test setup probably the most realistic.

1 Sensors and data productsMainly L1 radiance datareanalysed Thesecomprisetwo APEX image
subsets (Irchel and Greifensee locationgth the highest spatial resolutioand two AVIRIS-NG
image subsets (Irchel and Hallwilersee locatiooghtaining the highest spectral resolutiohthe
available imagery

1 Methods. The chosen appaches in this subsection basically ground on twderlyingideas First,
two methods which take the most promising approaches from the preubsesctiorone step further
are applied: The Spectral Angle Mapper (SAMgthod focuses on spectral similarityhile the
Continuum Removal (CRalgorithmfocuses on specific absorption features. Second, the fact that the
floating plastic targets make up only a tiny part of the corresponding pixel spectrum, mixed pixel
considerations (e.g., SMA) must be a fundatalepart of every more sophisticated approach.

1 Researchfocus Now it &s ab ouf{andtpbssiblydnappiggef spadificplastit materias,
while abundance estimations and more realistic settinget targets and agitated water surfacae
also evaluatedrirst indications towards answering research questionr{4&nvironmental influences
are expected here, while more specific results are expected with regard to the other research questions.

The Hallwilersee test location differs from thier two in several points. The flight strips over the test area
of this lake were overflown twice with the AVIRISG sensor, and with two of the planned flight strips
overlapping at the selected test site, this resulted imdging spectrometémages.The flight strip was flown
twice because of cumulus clouds which blocked the view downwards on this rather windy day. This wind also
made it difficult and very timeonsuming to deploy the test areas on a lake at wind force 2 without prior
practical expegnce. This is why only two of the three test fields could be installed during the morning prior to
data acquisition. However, this test installation probably comes closest to reality at sea, because most of the
bottles were constantly washed over by waaed were mostly wet if not submerged at the time of data
acquisition.

Important observations to thisxage subset below areh@& test area is right at the outer edge of the image
strips, which can be recognized from the (irregular) northern imageimengtaining zero valugblack pixels)
Furthermore, e bright shore areas can in principle be attributed to two causes: It is possible that a small cloud
has covered this image area, or this is a sun glint eBect.glint effects are caused by diregecular reflection
of sunlight off the water surface into the FOV of the sensor, resulting in an oversaturation of the pixel values that
are manifested as extremely bright image areas. The factors affecting sun glint are acquisition geometry related,
that is, the relative position of the Sun, the viewing angle of the sensor, and water surface geometry, since
rougher water surfaces create more angles for the light to refld&mfferton et al., 2016Avoiding sun glint
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is regarded as a most portant factor in optical remote sensing of water surfaces and can be avoided best by
flying within 10° of the solar azimuth during data collection and by acquiring data only in a specific range of
solar elevation between 30° and g®filler, 2005). A sun glint effect is possible here since the ideal illumination
geometry was narrowly missed. What the bright effect really is could be clarified or at least narrowed down by
analysing the spectrum. Hower, this was not done because it is of no further relevance here.

47°16°33.29“ 47°16°33.42“
8°13723.25" AVIRIS-NG 8°13°42.10“

47°16°20.46" 47°16°20.59“
8°13°23.44" 8°13°42.29"

Figure3-5: RGB visualisations of the AVIRIS geerectified radiance image containing the Hallwilersee

location. The subset istated, showing the image strip edge north of the experiment location (a) and the

slightly shifted brighter PET test areas as compared to their measured GPS corner positions indicated by white
cross symbols in the enlarged detail (b). Both visualisaim&GB true colour representations (R: band 54, G:
band 36, B: band 18).

3.4.1 Spectral Angle Mapper

The SpectralAngle Mapper is a physically based algorithm, using alimensional angle to match- n
dimensional image pixels to a reference spectrum in thes sadimensions. It is therefore a comparable
algorithm to the Minimum Distancelassifier, however designed famaging spectroscopy datAnd while a
pixel value contains both a magnitude and angular direction, here, only its angular direction isdanalyse
(Richards, 2013)This can be regarded as an advantage over the Minimum Distance classification, since
brightness differences should not iagp its accuracyThe spectral similarity is determined by calculating the
angle between the spectra by treating them as vectors in a space with a dimensionality equal to the number of
spectral bands. The smaller the resulting angle, the higher is the spectral similhiigyfol/each reference
spectrum, a SAM output image containing the angle values originally results from the algorithm, it is possible to
convert these output images into one classification map where all pixels are assigned to the class with the
smallest agle, as long as the angle is below a specified thre¢betsen, 2016; ENVI, 2002)
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This supervised classificatioalgorithm was applie@xtensivelyto all awilable radiance images. Since a
threshold was defined for each evaluation, masking of the image subsets was not rBgf@memce spectra

were derived directly from the images by manually definingso!l | ed Regi ons Of I nterest
image subsets, consisting of 2080 and 41 12 pixel values eaclior the APEX images and the AVIRISG

images, respectively These ROl &6s contain all i mage pixels from
surrounding water pixels with similar aveeag wat e r dept hs. For each i mage, t

calculated in MATLAB and stored in the SPECCHIO database for repeated use (and evaluation). They were then
imported into ENVI again as SLIB (spectral library) files and used as reference dpedtraalgorithm For
classification, a specified maximum spectral angle threshold was apffied evaluating the rule images of
several threshold variations, a singfeeshold of 0.08 radiansfor all classes was defined. The class colours
were manudy assigned using the meanwhile standardized red, orange, and yellow colours for tiestFE
abundancesin view of the result discussion, various factors were then varied: The maximum spectral angle
threshold; the spatial subset area; amahalogas to the kmeansand minimuradistanceevaluatiors - the

spectral range was constrained.

For assessing the accuracgf the algorithm results, another MATLAB script was developed to analyse all
results based on the reference imaged to create the accuracy metrics plots. For the Greifensee location, the
same reference image was used as for the Minimum Distance mietndtie Irchel and Hallwilersee locations,
reference images were deriviealsed orthe relevant vector files and distinguishable brightness differences in the
histogram stretched imageBhe evaluation logic wak as described in thpreviousexample (Setions 0 and
3.3.3 i again adapted to the peculiarities of this unusual classification problemwever, this time the user
accuracies were evaluated for each of the PET abundancies separately, because here the exact allocation to the
PET abundancy class, according to teference pixel, is expecte@his makes the result values less clear, but
they allow differentiated assessments of the individual abundancies.

3.4.2 Continuum Removal

In the previoudHydrocarbon Indexvaluation(Section3.3.2), the only reference information dhe plastic
absorption featuresonsisted in selecting certain spectral bands as inpuhéalgorithm Now, the shape and
sizeof the (normalized)absorption features, as defined by spectralcurve in that relevant spectral regiame
alsotaken into accountThis relates to the method category (iv), as outlined at the beginniBgctibn3.1
Therefore, while using the same spectral absorption region, better results can be expected here than with the
index calculation. This advantage however requires spectrally continnmaging spectroscopy datavhich is
not a strict requirement for index calculations in general.

Continuum Remova|CR) analysis is a method usually applied to L2 reflectance imgdensen, 2016; Qu
and Liu, 2017) It allows identification and comparison of individual absorption features and utilizes spectral
data subsets of the relevant wavelength regiorispag. This method enhances subtle absorption features and
may improve separability of spectsakimilar classeg¢Jensen, 2016ps is the case here for the mixed water and
PET pixels of the test areadlthough this method is intended for reflectance spectra, it has baso
specifically applied for the very detection of floating plastic debrison radiance datéGaraba and Dierssen,
2018) Radiance datés preferablén order to avoid the loss of information by the usual atmospheric correction
algorithms over water surface€onsequently the CR methodis systematically applied here to both data
products.
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A convex hull fit over the top of a spectrusefines the continuum, witstraight line segmentsonnecting
local spectum maxima(ENVI, 2002) CR normalizes spectra from this common baseline,ishéte local peaks
in the spectrunfabsorption shouldeysThese should be the first and last bands in the spectral subset and are set
equal to 1.0 for normalization of the continuemoved spectrurfdensen, 2016)

The continuurremoved spectral bands were compui@dthe plastic absorption features at 1215 nm and
1665nmusi ng ENVI 6s Continuum Removal spectr al mapping
was used to integrate the area inside the contimeumnoved curve under the hull between the two absorption
shoulders. Equatiord) for AUC (area under curve) was used where n is the number of spectral bands of the
spectral subset,-CR and CR.1 are the values at the j and j+1 spectral bands,epach ¢.: a the band
wavelengths [nnif.

0°Y6 ™z B _zp 6Y p 0 (4)

The selected spectral subset of Hile2is absorption region consists of 9 AVIRMNG bands {1937 1233
nm, bandsl64i 172) and5 APEX bands 11947 1233, bands 133 137), respectively. For th&®ET-lie65
absorption region, 11 AVIRIBIG bands 16241 1674nm, band2507 260) andfor the Hhzs2region, 5SAPEX
bands {7027 1737 nm, bands 187 191) were selected. The first and last band of eggéctralsubset
correspond to thosthat were used as input bands for the index calculatidresdefined spectral ranges, bands,
and AUC calculation formulas are compiled in the table below.

Table3-3: Spectral subset definitions and ENVId&fath formulas for CR calculations.

Spectral subset feature spectral range bands ENVI Band Math formula

AUC=(

((1204.1230-1194.4000) * ((1-float(b2))+(1-float(bl)))) +
APEX (L) Hijs 1194 - 1233 nm133 - 137 ((1213.9430-1204.1230) * ((1-float(b3))+(1-float(b2)))) +

((1223.7581-1213.9430) * ((1-float(bd))+(1-float(b3)))) +
((1233.4690-1223.7581) * ((1-float(bs))+(1-float(bd)))) )*0.5

AUC=(
((1711.0100-1702.2740) * ((1-float(b2))+(1-float(b1)))) +
((1719.7460-1711.0100) * ((1-float(b3))+(1-float(b2)))) +
((1728.4830-1719.7460) * ((1-float(bd))+(1-float(b3)))) +
((1737.2190-1728.4830) * ((1-float(b5))+(1-float(b4)))) 0.5

APEX (L) Hly7s 1702 - 1737 nmi187 - 191

AUC=(
((1198.2800-1193.2700) * ((1-float(b2))+(1-float(b1)))) +
AVIRIS-ng (L, RiHl 1515 1193 - 1233 nni164 - 172

((1233.3400-1228.3300) * ((1-float(b9))+(1-float(bs)))) 0.5

AUC=(

oomMcHMPNnonn ¢ McHRNR®AHANO F
AVIRIS-ng (L, RIPET-hees 1624 - 1674 nmi250 - 260

oomMcTnd®mMMAan ¢ Mccpd®mnanuv F

13This approach, including the integration formula, is based>@rase 10 (chlorophyll content estimation) within the
framework of the lecture «Geo442Spectroscopy of the Earth System» at RSL / UZH, 2017.
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As for the index calculations, no quantitatiesult evaluation was performed, since no obvious CR value
ranges were able to clearly separate the pixels containing plastic. However, for the APEX results, density slicing
was applied to highlight one specific finding. The density slicing range definitions are sumnhefaed

Table3-4: Defined CR value ranges for selected density slice ranges of the APEX result images

Feature image CR result range Density slice ranges Assigned colours
CRi94- 1233 (c) 0-5.4679 3-4 4-6 yellow red
CR702- 1737 (d) 0-7.3647 3-4 4-8 yellow red

3.4.3 SpectralMixture Analysis

Not only floating plastic items become part of spectrally mixed pixels. Essentially, the spectrum of any
remotely sensed image pixel is a mixturesoftalled endmembey that is, spectrally pure pixels containing the
spectral signal ophysically meaningfl scene material§Manolakis et al., 2016; Kneubuhler et al., 2007)
Therefore, the analysis of mixed spectra is an important application for image interpretation and subpixel target
detection in imaging spectrometeimages. Twogeneralquestionsare tackled with this methoda) what
materials are contributing to a mikeixel, thus, what are the spectra of these endmembers? And (b) what are the
proportions of these individual endmembers?

This approach seems to fit perfectly to the situation here, because the plastic bottles searched for represent
small proportions of med pixelscoveringmainly lake water. For this reason, the use of methods based on
spectral mixture analysis was considered to be the methodologically "most correct” afjomoatie outset.

But the evaluation planned here turned out to be a biggeétehtivan expected. This was mainly because the
available data do not sufficiently fulfil the basic conditions for the application of such methods specifically
designed for mixed pixenalysisThe yr st and mpestial uanixingcanadysisss tt op yinrd figoo
endmembers which are typically determined from the image data. However, spectra must be spectrally distinct
(l'inearly independent) from one another because col |
(Manolakis et al., 2016)Moreover, thelLinear Spectral Unmixing method requires all endmembers of
materials that are present in the imggVI, 2002) Since these conditions could not be met for both the
Greifensee and the Hallwilersee locasoanother similar method seemed more applicaldieture Tuned
Matched Filtering (MTMF) is a partial unmixing approach where not all of thdreembers in the image need
to be known, providing a means of detecting specific materials based on matches to endmember spectra
However, this method requires the MNF transformed image kmmtisnput spectra must be pure and spectrally
extreme endmembetkat are equally transforméBNVI, 2002) Sincepreviousmapping results with the MNF
transformed image data yietibstandardesults andreference endmembers could not be extracted from the
transformed image (at least not for the PET material which does not odéug ast r e me pigetsdithip ur e o
the image) this optionwas only applied using a semiut omat ed process (ENVI &s Map
allows minimal user control over the entire evaluation process. Since the result was indeed disappointing and not
worth documenting, it is only the infeasibility orimationfrom that approaclthat was added to the results
section for pointing towards thieits of this approach.

Finally, theMatched Filtering method was applied, where there is a risk of more false positives for rare
materials, but no MNF transformeéchage data is required as input. It is a somewhat simplified variant of the
MTMF, in which however the potentially meaningful infeasibility image is not generated as the result
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componen{ENVI, 2002) The problem of the not pure and roniform water spectra remained. Howethe
relevantendmember reference specirdfor PET could be derived from field measuremeiitsis was done

despite the explicit warning that comparing remotely sensed spectra with reference measurements from another
location, measured under different illumination conditions and with yet a differe sensor fii s no sm
(Jensen, 2016a nd r eqn giekerfiabl e exper i ence(Manolakibetalh20l6per ti ne
For theimplementatiorhere, the use of radiance data represents an additional hurdle, since it is not possible to

fall back on standard reflectance reference spectra thatseesitive to illumination variation§he radiance
endmember for PET materisli t h t he APEX sensordés spectral resol ut
spectral mixing modelSection3.5.1), then stored in the SPECCHIO spat database fodocumentation and

repeated useand extracted as spectral library file (ENVI SLIB file format).

3.4.4 Outline

The results of the methods chosen in this section contain some surprising findings. Comparisons of
equivalent outcomes on APEX and IRIS-NG data may not be a priorityith regard tahe research questions,
but they are certainly interestinip terms of the radiometric qualityof these sophisticatedinstruments
Expectations of bettenappingresults were rather disappointed. Yet the studies conducted doftam a good
basis for assessing thdetectability optionsand also indicated possible further directiongh regard to
augmented test dat@and experimental environmenéquirements The last chapter on methods accordingly
concentrates on complementary theoretical approaches

3.5 Spectroscopic models

In this concluding method part, theoretical analyses based on reference spectra ar€oagib&dup again
the subject of satellite datand n order to evaluate the minimum requirements for spatial resolution, a previous
discrimination approacts carried outgainon spatially upscaled APEX data.

Here,the focus lies on the following points:

1 Sensors and data productsSelected APEX radiance egtra and ASD field reference spectra are
investigated.

1 Methods: A linear spectral mixing model was created to model abundance variations of water and PET
between @ i 100%. Based on this model, the PET abundancies of the three test areas could then be
verified. Derivative spectroscopy wdsrther applied in exploratory approaches for spectral feature
determinationand plastic absorption band position evaluati@he method, results, and discussion
thereof are documented in Appendix B sittlsis approach provides a tool for further analysis rather
than a new finding in this instance.

1 Researchfocus The verification of the testreaabundancies is an important partasding research
guestion {) which now can be answered more precisely, thedspatial scaling experiment concerns
research question (2).

3.5.1 Spectral mixing model

A spectral mixture model is physically based on pure spemtrandmembers. Mixed spectra of ske
endmembers are then modelled as combinations of {Manolakis et al., 2016)Most spectra of remotely
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sensed data contain a mixture of surface materéasis the case for the floating PET bottles on the water
surface.The proportion in which these materials contribute to the resulting images preekalled fractional
abundanes (Keshava and Mustard, 2003)ysually in spectral mixinga linear model is applied using the
equation formulg5) for a linear mixing ofn components wherg is the spectrum of each endmember and

its fractional abundanceThe residuale includes measurement error, noise, and contributions from any
endmembe that mayadd to the mixed pixel signal but has been left out in the endmember selection. This
residual is relevant due to the stiorone (and nonnegativity) constraints of this mqdiéhnolakis et al., 2016)

D"QGJ‘SY’@'Q&)(‘)HédBi Y m 1+ m (5)

Using ASD field reference spectra,linear spectral mixing model was computed in MATLAB to model
mixing variations of water and PET mixtures in steps offidm 0% PETand100% water to 100% PET and
0% water abundance. The computational step$uded: Selection ofa SpectralonASD radiane with best
approximation of the illumination conditions of tday, time, and location of airborne data acquisition from the
SPECCHIO databas@&his reference spectrum was corrected using a correction Yespercific for the near
perfect reflectance prepties of the whiteSpectralon panelAlso, thefield reference measuremer(Section
2.2.4 of floating PET bottles (that totally covered the watarface) were selected from the SPECCHIO
databaseand their mean reflectance spectruras calculatedBased on these ASD spectra, the PET radiance
spectrum was determined in accordance with the illumination conditions of the day of airborne data acquisition
and interpolated to the APEX sensorbs spectral resol

Based on thidinear mixing model the plastic fractions of the 3 PET test fieldswvere then evaluated by
comparing the mean radiance spectra from the APEX image data with the most similar mixture variants. The
calculatedradianceendmembespectrum for PET material was also used as referem¢bddatched Filtering
method inspectral mixture analys{$ection3.4.3.

3.5.2 Spatial scaling

As expected, no systematic difference between the ralgieels of the water surface aresuldbe found in
the satellite data, as can be seen in the visualisations of the bands with best spatial resolutior-mfut® 3n3(
(b) for a RGB visualisation, anBigure 4-6 (c) for a CIR visualisation). However, it fanot yet been verified
whether the cause lies in the low spatial resolution or the lower spectral resolution. Therefore, as is usual with
such research designs, one of the two varying parameters is held static while the other is scaled in such a way
thatdifferent datasets can be compared with a resolution difference in only one dimension.

For this purpose, the APEX subset was spatially upscaled, resulting in a still hyperspectral subset with the
lower spatial resolution of satellite data. Thenkans clasfication as appliegreviouslybased on the same
three selected spectral bands was applied again. Using a range of upscaled pixel sizes (and thus slightly varying
image subset sizes), the clustering algorithm results were again evaluated by anotlitbmakgmecially
developed for this purpose. The classification results are presented together with the accuracy figiies in
4-17.

14 Thiscorrection file was provided in the context of exerciseithin the framework of the lecture «Gdd2- Sectroscopy
of the Earth System» at RSL / UZH, 2017.
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4 RESULTS

4.1 Data peprocessing and quality assessment

4.1.1 Data preprocessing

Data preprocessing is illustrated exemplafdy the defined water masks at Irchel locafitbecause here,
spatial resolution has an evident impdttis also recognisablaow water surfaces in general cha distinct
from land in the NIR range of the spectral signal. Furtherntbeeposition accuracgf the derived test field
corner positiongan be compared

a) APEX: Band 71 (c) s2:Band8

- & - I
. . :_. - !

Figure4-1: Binary water masks for the Irchel locatiwith superimposed position vectoo§the test fields

4.1.2 Initial image quality assessment

Irchel test field corner position determindion resulted in a geocoded image of high accuracy. Model
residuals were acceptably small in the range of 0i082L74 and 0.009 0.360 for the X and Y coordinates,
respectively. In the water maskadure 4-1), these corner positions are overlaid.

Geometry accuracy Visual comparison of the PET test area pixels with the derived corner positions of each
test field revealed a consistent shifictor of approximately 5 10 mat the Irchel locationSurprisingly, while
this shift vector was of the same length for all data products, its position orientation differs between data
products. As can be seen on the drone imaggife 3-2 (a)), the PET areas were placed exactly in the middle of
the water bodyFor the APEX Greifensee data, t&PS position accuracy is excellent with an estimated
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uncertinty below 1 m. And for the AVIRISNG Hallwilersee data, a GPS positidisplacement vector of
approximately 6 meters is present, comparable to the Irchel loctioie rescaledsatellite subses, the
deviation is estimated a maximum of 2 pixels, resulting from image overlay.

Radiometric accuracyrevealed no major issue in data quality, but one important fact regardimgagéng
spectroscopy dataecame obvious: Due to the L2 preprocessing step for atmospheric correction, refleceance dat
contains fewer spectral bands, as summariséhbie 4-1 below. Another important observation concethe
APEX radiancedataof the Greifensee lodan: Since these data were acquired over a larger water body with an
average depth of 20 m in the section of interest, a sensor and processing artefact along the flight line over the
water surface was clearly visible in many bands, especially in the yi&ref the spectrum. Furthermore, these
sensor artefacts were accentuated when image transformation was applied. No faulty bands were identified in the
radiance image apart from this observatibhe APEX reflectance image contains further artefacts ¥athg
certain image lines in a horizontal eaststdirection. For this reason, analysis was done using the radiance data
only. Regarding the satellite datag obvious quality limitation was observed, except for the uncertain geometric

accuracy

Table4-1: Image spectroscopyata product image band assessment.

Data Product Bands Interplolated bands for L2 products Omitted spectral ranges Bad bands

L1 APEXRadianc:: 299 none none band 299 (noise)
(artefacts)

L2 APEX 284 TOo ( TTT \

. 377 - 398 nm; 2432 - 2515 nm(artefacts

Reflectance (15 omitted) mnH ¢ McoOT M. ( )

L1 AVIRIS_NG 425 bands none none none

Radiance

L2 AVIRIS-NG 372 bands uT M th c wwuT o] yHM “X'YT om MO N (none

Reflectance (53 omitted) P M T FlyT cq M ppn A

4.1.3 Data transformation

MNF data transformation as a preparatory step for evaluations with reduced data volume did not show the
expected result, and MNF bands were not further used for subsequent ahaligisone exception. The
relevant variation at the test locations was only discernible in oggesiiNF band (band 4), as highlighted
below, while spatial image (and artefact) patterns could be found in as many as the first 100 MNF bands. The
sensor artefacts along the scan line (from seast to nortfwest direction) were strongly accentuatedhe t
first 10 bands. The resulting first banotainingthe most relevant image variability are presented here.
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MNF 4 zoom

Figure4-2: MNF bands of the masked APEX radiance subset. The red symbols highlight &s¢ &€& torner
positions.

4.2 Basic image evaluation

4.2.1 Spectraland spatial profiles

In Figure 4-3 reflectancespectraof all sensorsare displayed with the goal of providing a first impression of
the different sensor characteristacswell as reflectance value rangist all three meanPT surface abundance
values are plotted but only the densest one for easier comparison with theeflettsincespectra of the same
sensor. Typically, the water surfaces containing PET show slightly higher reflectance values than the
surrounding water stace over the entire spectrum. However, this observation does not hold true for the satellite
spectra in all bands. The most obvious differences between the sensor data are observed at the edges of the
covered spectral range.

For the representation of dlsatellite band values the individual bandvaluesare visualizedover the
wavelength rangeto emphasize the corresponding different widthtledse bandsThis wasalso done to
highlight that multispectral satellite imagesually do not contain continugs spectral values over the whole
range.In the plot, he thin lines between the band valwesistituteonly interpolation lines and are not to be
confounded withthe band valueanges (thick horizontal lines)

In Figure 4-4, only image spectroscopgpectra are plotted, both reflectance and radidat&and this time,
all PET test areas are visualizéhrticulaly in the AVIRISNG data a gradient between water and highest
plastic content is easily recognizalffer the APEX data, values overlap this visualisation but also become
distinguishable if the representation is sufficiently enlargkdihe radianceplots, the prominent atmospheric
water vapor absorption bands around 940, 1130, 1400, and 185(Richter and Schlapfer, 201&re
recognisable due to very low values.
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Figure 4-5 shows the enhanced image subset with the defined transe@uliite line) through thebrighter
test aread\, B and C. Thecorresponding band values of the pixels under this transedirkénésualized in the
spatial profiles plot. These band value plots contdire spatial profilesof each image band. The chosen profile
colours correspond to the displayed bands (RGB)aKdhree test fields, approximated dashed lines indicate the
correspading increase in pixel value.

Spatial Profiles
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(R=band 40, G =band 17, B= band 6)

450

-
Q
k=]

b v Iy |

350

300

Reflectance [% + 1000]

C
(1% PET)
250

|
\

200

|
[
[
|
[
[

/ R
|

lh[lll}llf\llf

Location

Figured-5: Spatial profile of the APEX reflectance RGB bands (ENVI visualizations with overlaid lines indicating
the PET test aread)ocation values on the x axis refer to pixel numbers along the defined profile line.

4.2.2 Image enhancement approaches

Figure 4-6 contains for each of the sensor images two masked reflectance visualizations where histogram
stretching was applied on selected bafde APEX band 92 (at 849 nm in the NIR) showed the lagpmectral
difference (a). Colour infrared images (CIR) also highlight spectral characteristics in the NIR (b, c). However,
this common visualization option focusses on vegetation information and is not particularly suited for water
surfaces. Still, the delish pond margins indicate higher vegetation, which largely corresponds with reed growth
at these positions. The histogram stretching approdcfies) simply expand the original band brightness values
to make use of the whole dynamic display rangesigugarious mathematical equations. Thus, these methods
are only to apply for visualisation enhancement, as was the purpose in this methods part.
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(@) APEX: b92 (linear stretch) (b) ANG: CIR (R: b97 G: b56B: b36)  (C) S2: CIR colour (R:b8 G:b3 B:b2)

(d) APEX: RGB bands (equal. stretch) (e) ANG: RGB bands (linear stretch) (f) $2:Band 8 (gaussian stretch)

Figure4-6: Enhancement methods: Histogram stigingfor maskedsingle bandtrue colour and false colour
images

4.3 Discrimination approaches

4.3.1 Clustering

In Figure 4-7, only selected results of thenkeansalgorithm using all image bands (a)c), and using only
selected image bands around the known 1730 nm plastic absorption feaiu(,(dje displayed. Choosing 7
cluster classes led to the best results with the selected bands, as can be sed¢hdrclasgified image as in the
accuracy metrics. All classified images are overlaid with the test field corner positions for easier identification.
The accuracy assessment results, calculated based on the manually defined reference file, are plati@)l for al
cluster class numbers that were evaluated.

For any thematic map, quality considerations should contain information about the nature of the accuracy
assessment problem, the classes of interest and of course about the result accuracy and sooir¢ésnsea,
2016) Since the problem is unusual for this method, the results were not thematically classified afterwards. Only
the most dominant cluster covering the PET areas was interpreted as the class of interest in each result image.
This was always the last clustgass with the highest cluster number, thus covering the least pixels. Since PET
abundance differences might result in more than one classest is the case iRigure 4-7 (f) T an accuracy
assessment based on only one class of interest gets biased considering the abundance difference that can be seen
in this result.
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However, it was the main goal of this unsmyiged clusteringapproachto find a general answer (and
possibly a trend) to whether there are statistical differences in the data that can be found without ampaggven
parameter relating to plastic targets. It was not primarily focused on PET abardifiarences, although in the
accuracy metrics, the three PET test areas were evaluated separately for producer accuracy, resulting in an
expected increase in producer accuracy with higher PET abundance. At this locatimautitereference pixels
perfectly fit the visible brighter target patches in the data (estimated location uncertainty. < 1

Explanatory notes to the accuracy metrics Calculation of theproducer accuraciesis orientated at the
reference class definitions. The count of all correcthgsified pixels in the class are dived by the total count of
pixels in the same reference c(dmission erromsimaushould hadedeer r r or s
classified in the same class but were not. The calculation af the rcéusacieahowever is orientated at the
classification results. It is usually done for each of the classes as well, by dividing all correctly classified pixels
in the class by the count of all classified pixels in this class. Errors relate to pixels thatlagsified in &lass
but should not have be¢nommission error)Therefore, this accuracy measure yields the relevant information
on how well a classified class matches with the re@lignsen, 2016)

The overall accuracy might seem rather misleading, since it is calculated by dividing all correctly classified
pixels by the total pixel number of the classified image. Typically, this metric is very high for images where the
relevant pixels only cover a smallrpaf the image, as it is the case for the present water subset image. Most of
the image pixels are water pixels and therefore were classified correctly. And consequently, the mean accuracy
also shows high values, because it is calculated by averagingetire user accuracies and the overall accuracy
(Congalton and Green, 2009)
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Figure4-7: Kmeans results of the APEX radiance subset data, using all spectral ban@3 émd using only
selected hAnds (d} (f) for evaluationThe accuracy metrics are based on the reference file definitions.
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4.3.2 Band ratioing and indexing

The indices using three bands of a known absorption feature each were applied on both APEX and AVIRIS
NG radiance dataThe greyscale result imageBiqure 4-8: a, d, gand Figure 4-9: a, d were histogram
stretched for better visual judgment, and the PET areas are greatly enlarged and mankied wigng Figure
4-8: ¢, f, i, andFigure 4-9: c, f). While the grey scale results already allow a good estimation of their relevance,
the added coloured value ranges confirm their heterogert@guyré 4-8: b, e, h, ). Although the PET Index
results are the only ones that show a clear distinctionthaf plastiecontaining pixelsand eventhe PET
abundancest is to be noted that the dsity slicing (range values as definedTiable 3-2) was carried out with
the best "matching"” range values and is therefore only tuned to the curaget sobsets.

(a) Hl,,,; (equalized) Hl,,,s (density
TN, 2 ; 2 : R et

T

A
ey

Figured-8: Index results for APEX radiance data.
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The coloured results of the AVIRISG data were density sliced in a similar way as for the APEX results,
with additionally applying thgreen colour for the land zonik.is to be noted that at this locatigorésented in
Section3.4), only 2 of the PET test fields were deployed.

(a) Hl,,,; (gaussian stretch) (b) Hl,,,5 (density sliced) (C) Hl,,,s (zoomed detail)

P

(e) PET Index,g (density sliced) (f) PET Index,¢q; (zoomed detail)

Figure4-9: Index results for AVIRNE radiance data (Hallwilersee location with only 2 PET test areas).

4.3.3 Supervised Classification

The results from thdlinimum Distance classifications are displayedFigure 4-10 where only the water
pixels were to distinguish from the plastic containing test fields, aRejire 4-11 where scaling results were in
the focusadditionally. All differences between these two figures stem from the disparate reference classes used
as input variables for the algorithm.

Colouring for the classified images was chosen again using red, orange, and yellow for the decreasing plastic
abundancies. The reference class pixels are depicted on a black background, and the defined ground reference
pixels (showing slightly darker colours as the corresponding reference classes) are both plotted based on the
evaluated layer stack data.

The accuracy metrics were calculated as describeBention4.3.1 Bar plot diagrams were chosen for
display, because the individual evaluations per run do not follow a specific scaling (as was the case for the k
means evaluations) but are to seoimdyasabasi s f or compari son. I't seems ap]
accuracy values, displayed as bright green bars, rather than the potentially misleading overall or mean
accuracies.
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(a) Radiance all bands (b) Radiance 3 bands (C) MNF all bands (d) MNF selected bands

(f) Feature 1215 nm (g) Feature 1417 nm

Accuracy Metrics
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Figure4-10: Results o$upervised classification usingly 2reference classe$Vater and water + PET mixed, as

indicated in the Reference Class legend.
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(a) Radiance all bands (b) Radiance 3 bands (C) MNF all bands (d) MNF selected bands
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Figure4-11: Results of supervised classification using 4 referelasses, as indicated in the Reference Class
legend.

4.4 Plastic identification

4.4.1 Spectral Angle Mapper

Result images (&) (d) of Figure 4-12 on the next pagshow the classification based on only two reference
classes with the red pixels being classified as BP&ifaining wateand blue pixels referring to watenly. The
result images (e) (h) show the classification results based on all PET abundancy classes. For comparison, the
GPS corner positions of the test areas are indicated. Black pixels refer to unclassified areas where the difference
between reference spectra and pixymicira was larger than the defined threshohe kar diagramsontaining
the accuracy metricshow gaps for the medium PET abundancies due to the lack of this test area at location #3
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(a) SAM (APEX, GRFS) (b) sAM (APEX, Irchel) (c) SAM (ANG, HAWS) (d) sAM (ANG, Irchel)
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Figure4-12: SAM results for all locations and both AVIRGand APEX data.
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4.4.2 ContinuumRemoval

In the Continuum Removal result imagesght valuesrepresentigher absorption feature areas, therefore,
the pixels should be bright all plastic locations.

Figure4-13: Continuum Removal results for the Hallwilersee location (a) and the Greifensee Idzatjon (

For the Hallwilersee location, the method was applied on both tlencadand reflectance data and for the
1215 as well as for the 1665 absorption feature. Here,amdpf the resulimagesis shown, since all must be
regarded as equally disappointing: In the greyscale result image with highlighted PET loddtons 4-13
(a)), the CR radiance differences are somewhat more pronogocepared to reflectance data evaluation (not
shown),but in all result images, higher (brighter) CR valwee scattered all ovéhe water surface are@he
indicated test fields show even lower values than those areas on the lake thabreeegposed to the windll
theseresults are far away from a clear distinction of materials.

For the Greifensee location, the results wesesity sliced to draw attention to one particular finding: While
again there is no clear distinction for the PET areas,intieatedimage positionwith highest CR values
highlighted in red especially in the 1215 absorption feature regtijfre 4-13 (b)) - indicates the plastic raft in
the image Besides, his plastic raft is documented in the foreground of the early morning picture presented in
Figure 2-1 (c)). The result of the 1665 PET absorption regigiainis not presenteteresince it yields the same
uselessgesults for the test areasile not indicating the raft of another plastic type.

4.4.3 SpectralMixture Analysis

Applied methods based on spectral mixture analysis were Mixture Tuned Matched Filtering (MTMF) and the
comparable Matched Filtering (MF) algoriththe results of which are documented hi@rigiure 4-14). Results
of the MF method consist in a series of greyscale images for each endmember. Hehe iomdge for the PET
endmember is presented, although the result of the water endmember was slightly diff¢egrand (b), tis
greyscale image provide first impression of relative matching degree to the reference spectrum. However, the
targeted material is only present in the brightest pixels while medium values (medium grey colour) represent
background materidENVI, 2002) For this purpose, only values > 0.002 were selected for histogram stretching
(c) showirg only pixels containing the targetptasticmaterial.The few bright pixels in the image all are located
within the campground area.
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Since the results here are rather unexpected, the infeasibility image from the MTMF approach has been
added (d). This imethodically not quite correct, but it may be helpful as a hint for interpretation.

(C) MFper (highest values) (d) MTMF,g; (infeasibility)

Figured-14: Matched Filtering results (APEX, Greifenséth) indicated test field locations (red).
4.5 Spectroscopic models

4.5.1 Spectral mixing model

The linear spectral mixing modgFigure 4-15) is based on radiance spectra alhgstrates the spectral
characteristics of mixtures from dry PET endmember spectra and mean water spectra in steps of 1%. The highest
spectral curve representhe radiance spectrum of PET, while the lowest curve represents the spectral signal
from water, which in this case is representative for the smooth water surface of the Greifensee location.

Linear Mixing Model (Dry PET + GRFS APEX water)
| I T T T I

I T T
10 A, .
IWIAN
N AT /
.E A8 | gfé é
g ¢ | ?/ﬁ»a % AF 1215 (Plastics) -
= I | \
0 7 A \
é 2 ~ % AF 1665 (PET)
0 1 | |

400 600 800 1000 1200 1400 1600 1800 2000 2200 2400
Wavelength [nm]

Figured-15: Spectral mixing model with APEX water (Greifensee) andPESBpectralhe precise location of
the most promising absorption features are indicated.
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Although the small differences between the two extremes cannot be seen in detail in the plot, the PET
spectrum shows not only generally higher values, but also more pronounced features than the curve shape of the
water, which is mainly due to atmospheric absorption bands (at 930, 1150, 1400, 1850 nm).

This mixing model approach offers the possibility to fijp&erify the estimated plastic abundancies of the

three test fieldskigure 4-16 (b) s h o w's

t he

the mean image spectra from the reference fields.
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Figure4-16: Approximation of PET abundancies in the 3 test fields based on mixture ahal¢eishe whole
spectal range is plotted with high PET abundancies for comparison while (b) highligtwsned rangef best
matching spectra from the linear mixing maoagth mean image spectra of the test fields.

45.2 Spatial scaling

The same result colouring and accuracy visualization as for the clustering resuiscijon4.3.1) are

bet ween

applied also to the pixel size scaling experiment, as presenkéglire 4-17. Here, an additional linear trendline
highlights the (green) user accuracy decrease with larger pixeinsihe accuracy metrics diagram for all 10
conducted and evaluatedriants of the pixel siz@again, only a selection of the result images is displayed)
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(b) Pixelsize:6m (C) Pixelsize:8m

(a) Pixel size:4m

(f) Pixelsize:20 m
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Figured-17: Kmeans results of spatially upscaled APEX data, using the same selected spectral bands for
evaluation as in the step abovEigure4-7 (d) ¢ (f)).
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5 DISCUSSION

This section discusses the research and data exploration results as presented in chapter 4. While its structure
is oriented on the methodsubsections,selected results are summarized and discussed together where
comparable approaches are concerned. The last subsection additionally focuses on more theoretical
considerations in relation to the whole complex of factors influencing optical detectabilityathg ocean
waste thus discussinghe obtained outcomewith respect to theuitability of the experimental setting and its
restrictions with regard to the more complex situation in reality.

5.1 Data preprocessing and quality assessment

Geometry accuracyof the imagesrom the Irchel locationas compared with the derived test field corner
positions,is regarded as helpful for identifying the exact test area positions on the lakes where no drone data
were acquired because drone flights at the chosen locations were banned for environmental reasons. The
systematic discrepancy in geometric accuracy of ab@ut for all datasets of the Irchel location is of no further
consequence for the data analysis h&eometry accuracys regarded an issue only for the satellite data
Therefore,evaluation of the satellite data was only possible to a very limited textea to itsgeometric
uncertainty ofabout one pixel i.e. the area in which an entire PET test field would be contaifieid.
uncertaintyof +/- 1 satellite pixel (10 mgould be estimated adequately thanks to the small watematba
Irchel pond

Since theMNF data transformation did notyield the expectegdvantages, the transformed data was not
applied as expected (e.g. for MTMF). Howewvevaluating MNF transformed dapmssibly works better for
homogenous ocean water areltsseems advisableo treconsider this approach, as its advantages of noise
reduction and reduced data volume are likely to be of great use

5.2 Basic image evaluation

First indications based apectral profiles suggest a higher radiometric accuracy of the AVHRIS sensor
data, compared to the APEX data. This can be seen in a higher distinction of the spectra with varying PET
abundancén both the reflectance and the radiance pkdsyell as in a more detailedrve characteristic, which
is due to the sensorlbisalsh appaneatrthatdhp timagingaspectnoseapsedsars i o n .
show great differences at both ends of their spectral range. However, this observation is unlikely to have any
effect on plastic detection, as the spectral ranges in focus do not affect these wavetentms was to be
expected due to the band configuration of the Serfirgdtellite, the reflectance curve of this sensor clearly
shows the big difference between Itrapectral and hyperspectral sensors. The generally higher reflectance
values of the satellite data are related to atmospheric scattering that makes up a share of the spectral signal
sensed at the top of atmosphere (TOA).

Sensor and data product selectionlt is likely that satellite data amot suitable for further analysis. As far
asimaging spectroscopgensors are concerned, these initial data analyses show that the evaluation of radiance
products offers the most promising basis, as it is also recadedenrespectivepapergGaraba and Dierssen,

2018; GoddijaMurphy et al., 2018) The basic radiometric accuracy assessment revealed the unwanted
consequences of the atmospheric preprocessing step generally applied to L2 data. While in remote sensing
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applications this is the data product of choice for the vast majority of probtbimsommon procedure is not
appropriate for water surface analysimsically for atmospheric correction algorithms reasdierefore,
mostly L1 radiance data is considered for all further analytical steps in the subsequent method subsections.

Essentily, the data situation looks promising, since already in basic image enhancement appr@sches
well as most clearly in the spatial profdenot only the three test areas were recognizable, but even a certain
gradation between these test ar&sespite this, it is important to point out the very low reflectance values of a
few percentonly, especially in the NIRThese low values are typical for water leaving reflectance since water
nearly absorbs all irradian¢g®dermatt, 2011)Such low values generally lead to less favourable SNR values,
which requires high radiometric performance of a sensor

5.3 Discrimination approaches

Quite some rather unexpected findings resulted from the application of common image analysis and
classification techniques. Overall, the PET test areas were identified surprisingly well, but the question remains
as to what thesachievements are attributable to. Are they only differences in briglitrmessan they actually
be attributed to specific material properties?

5.3.1 Clustering

The striped artefact pattexndetected in the previous subsectaready highly influence the mlt in an
undesired way, but the focus lies on the small plastic abundance in certain waterRigeisapression®f
these early resultd={gure 4-7) may look quite striking. It is important, however, to point out that the small
imagesubset covers an area of 10xr@00 m only, with rather homogenous water depth, quality, and surface
structure. Therefore, the samenkeans algorithm was appliedjainfor 7 clusters and run over 3 iterations on
the same dataset, but this time with a lafgesked)subset area.

The optimistic intermediate result is highly relativizathen clusteringthe lager area of the subset, as
documented ifrigure 5-1: Here, it can be clearly seen that especially in a shallow water zone near the shore, the
main differences in the spectral vectors are mostly bathymetry related (a). The resuttesng clusters using
all spectral bands show again the stripe pattern in the direction of flight (b) which stems from the detected sensor
artefact inherent in the dateigudized inFigure 3-3 (a) and (c). This is much more obvious in the VNIR range
of the spectrum than around 1700 nm (the region of the selected bands). When selecting the same 3 spectral
bands for classification, the zoomed result (c) shows again a specific cluster assigned only to she pixel
containing floating plastic targets.

So, here it becomes obvious that the algorithmds ac
and clustering is ambiguous for the plastic targets. Logically, as the resulting clusters highlight threagein
data content, they cannot be expected to identify any rare variability of plastic signals in mixed pixels.

Furthermore,lie accuracy metrics must be interpreted with care, since it rather gives an idea about statistical
differences in theimagingspectroscopy datinan describing the mapping accuracies with undistorted numbers.
This applies in particular to the boundary areas ofpilastic areaswhere lower abundancy classes may be
classified more correctly than was possible in the manually etkfieference fields. Therefore, the result images
possibly provide a more precise impression.
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After all, since the selected bands relate to a known plastic absorption feature, the positive results in this
methods subsection give reason to come back te tidarim results and to analyias absorption feature in

subsequent method parts with a more specialised approach.

Figureb-1: Kmeans results using the whole spatial subset area for evaluation. Fanmdajs zoomed detail (c),
only selected bands were used as input, while (b) shows the result of the same method applied on all spectral
bands.

5.3.2 Band ratioing and indexing

When comparing the index results, it is noticeable that the walgsbility for Hli2isand Hhrz is very large
in the water range and that no indications of the PET test areas are discernible in the respective detail sections
(Figure 4-8 (c) and (j). This impression is also confirmed by the colouring for selected index value ranges
(Figure 4-8 (b) and (e), where the water surface shows very h@jeneous values. At least the water area can
be clearly distinguished from the land area. In addition, high concentrations of plastic are now visible through
the red colouring. This concerns the area of the campsite, where some of the values highlrghtesgem to
refer to tentscontaining plastic surface materialdowever, these results are not unambigu®us the more
importantobservation isFor the few pixelstthe plastic raft location, the indices show acceptable results.

This is also the case for the PET Index resultich combine band value differences (due to curve
characteristics) with the overall higher band values in plastic containing siglmaigver it must be admitted
that the density slicethdex imagecolouring is ambiguous as well. This is most evident for the scaling effect
(Figure 4-8 (i)) where the chosen index ranges for denser PET areas (red) and medium PET abundance overlap
(Table 3-2). And thesmoke clouds at the upper image sectiom misclassified, an effect that did not occur as
strongly with the other indices
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As for the AVIRISNG index results(Figure 4-9), the established Hydrocarbon Index calculati¢c)s
resulted in a better resuhanwith the APEX data, but the PET Index results were less distinct. This may partly
be due to the general conditions at this third location, wheretaolyf the three PET test fields were deployed
and the bottles were mostly wet or even submer@®u the other hand, all these indiadisl not provide
unambiguous result§ his must probably be explained mainly by the fact that the PET abundances of all test
areas arbarelyhigh enough for the spectral curves of these mixed pixels to show the required feature. This must
be assumed all the more since the indices are said fgpbieable both for reflectance data anak applied here
- for radiance datgKuhn et al., 2004)Still, reports on detection limits are scarand vague due to limited
studies. The closest estimate found in the literature relates to the application af#fertil spill detection on
coasts with variations between 2.5 and 38¥adzadeh and Souza Filho, 2017)

In order to verify this assumption, reference is made tospleetral curve sectionsshown inFigure 5-5
(Section5.4.2, where the bands for the index calculations are specially markedthyipd. The different
performance of the Hliscan thus be attributed to sensor differences: While the highest spectral resolution of the
AVIRIS-NG sensor reveals a corresponding small absorption feature (a), this is missing in the APEX spectrum
(c). However, it is distinct for the high plastic abundance in the raft signal (e). The absorption feature at 1665
nm, in contrast, is discernible in the signals of both sensors (b) arfeir@lly, when considering the scaling of
the yaxis in these plots, it isnly for the plastic raft signal (f) where larger radiance value differences can be
observed between the three bands and compared to the generally very low water leaving radiance values.

Outline: Despite these observations, these indices seem to be lg pighmising approach. It would be
revealing to investigate the performances on an open water surface not restricted by near land areas and
bathymetry and with higher plastic abundartés then probable that the matergdecific absorptions features
will come to bear more clearlfhe most important question to be answereabsutthe detection limitThis is
defined as the smallest areal extent tdfrget material within a pixel that is detectable spect(@lsadzadeh and
Souza Filho, 2017)f the difference is lost in the noise, thetection limit is reachedvhich seens to be the
case for the applied indices with a plastic proportion ofds%ess

5.3.3 Supervised Classification

The results of both the classifications with 2 and 4 defined reference classes show similar resstigpd
patterns (#1) and (#3re especidy striking where spectral bands in the VIS and NIR regions were evaluated.
The high proportion of incorrectly classified water pixelsgesnerally easy to detect, especially for the
disappointingMNF applicationswhere thestripepatterncould besuppresed to some extent by excluding a few
bands where these features seemed to constitute the main image varialsiitsr, this data transformation
approach may well have potential. Nevertheless, the MNF bands were no longer considered for the present work
with the focus on plastic discrimination and identification. Quite astonishinglynplose band ranges around the
specific absorption regions show very good resutiduding very high accuracy with regard to density variation
(Figure 4-11). The highest accuracy resulted from the spectral subset containing 20 bands amply covering the
the most prominent plastic absorption feature within the 168800 nm spectral range (#8).

Outline: A concluding answer to the guiding question in this methdabection can explicitly be answered
in the affirmative: Not only the test surfaces could be identified with different methods, but also a grading of the
plastic proportion has been mapped successfully. Still, it is important to point out that thenckefeund
even with very high accuradymay only be a result of reflections due to target surface geometry factors. So far,
especially results of the hydrocarbon index approach, suggest that plastic materials have not been identified by
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these common aksification methods. Therefore, the next steps must focus on more refined methods using
imaging spectroscopy for subpixel information extraction.

5.4 Plastic identification

5.4.1 Spectral Angle Mapper

The results of this method reveal some interesting findingis. i$ also due to the fact that only here, both
images from the Irchel location were evaluated, making a comparison between tineatyirtg spectroscopy
sensors possible since they captured the very same target within 40 minutes only.

Sensor comparison:Although the AVIRISNG sensor has a spatial resolution of 4.1 m (compared to 2.0 m
for APEX), the comparisons between (b) and (d) show striking differences iorfalvthe AVIRISNG sensor
where less commission errors resuitaddition to some misclassiations at the shore, the three test areas have
been clearly identified, whereas with the APEX image the test areas can only be identified with goodwill. When
comparing the results with all PET reference classes in (f) and (h), the classification desudis differ as
much, but a diagonal misclassified pattérrthe middle of the pond only visible in the APEX image. This
might have the same cause as the stripe patterns on the Greff@hggeare due to a sensor artefastnce the
orientation othis effectcoincidesto the ENE 1 W-SW flight direction

Classification success:While there are again numerous misclassifications that must be explained by
brightness differencedue to surface geometry and reflexion rather than by surface material properties, the
results must be judged as rather disappointiitly regard to the expéed plastic identification. ¥en with this
method, it does not seem possible to unambiguously identify the plastic material in the tested surface proportions
- whereas discrimination was successful even for the lowest plastic abundance of approximat€his1%.
assessment applies in particular to the lake aMNsgerthelessimage (c) is regarded as the possibly bésbf
all evaluations in this study'wo of the three identified plastic spots can easily be explained: First there is the
denser test fieldand then there is the kayak (polyurethane surface material which is a plastic as well) which was
positioned at the very edge of the gravel delta during the overfligisis documentedn Figure 21 (a) (the
empty material bags were mostlgvered by &etop3. And what if the third clueloesuncover illegally dumped
plastic waste? Unfortunately, the corresponding ground reference is not availablehisinmssitionis within
the inaccessible reed belt of a nature conservation zone, which can neititeseloved from the lake nor from
the shoreand where drone data acquisition is prohibited.

Figure 5-2 points at a most relevant issue related to 8%M classification images: Based on the
Hallwilersee location (and the AVIRING sensor data), it visualizes the relevance of the chosen classification
threshold. The higher the allowed difference between image pixel spectrum and reference spectrgherthe hi
the chance to fifindd the targeted materi al (high
increase (low user accuracy). On the other hand, with very low thresholds, the risk of misclassification can be
greatly avoided. The choice dfd thresholds depends on the data analyst, who weighs thitfaael through
his individual decision strongly influences the mapping resulorder to avoid numerous unclassified picture
areas, numerous reference classes would have to be definetheFekisting lakeshore areas, this seems
extremely difficult. In the open sea, however, where the water surface shows neither bathymetry nor shore and
thus adjacency effects, significantly better results are expected.
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SAM threshold: 0.2 rad SAM threshold: 0.1 rad SAM threshold: 0.06 rad

(d) SAM threshold: 0.04 rad (e) SAM threshold: 0.02 rad (f) SAM threshold: 0.01 rad

e

Figureb-3: Spatial subset extent considerations for the SAM results (APEX image atsgecif@ation).
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A similar relativization was also conducted for the APEX results from the Greifensee lo¢agjore @-12
(e)). Except for the sensor artefact, the results of the small subset seemed accurate. Considering a larger area
(Figure 5-3 (a) for all PET reference classes and (b) for only two reference cladseajever, numerous
misclassifications become visible in the shore area and the smoke patches. These misclassifications again are
much higher thaby the AVIRISNG sensor in the Hallwilersee shoreline. Nevertheless, again as in the example
above, with very small threshold definitions (for (c) a threshold of 0.03 rad was defined), such misclassifications
can be greatly avoided. Again, the resultsperowater are expected to be considerably better without influences
from the land area and shallow waters.

Figure5-4: Spectral subset considerations for the SAM results (APEX image at Grédeates).

Further modification was made based on the findings obtained witflitheaum Distance algorithm, where
arestriction of the spectral rangeprovided significantly better resulfBigure 4-10 (h) andFigure 4-11 (h)). In
addition, a reduced volume of input data would in principle be desirable for any evaluation for performance
reasons. Therefore, the SAM algorithm was applied with 35 bands only, on the broadly defined spectral subset
around specific plastic absorption featurePEX bands 165 199, 15041 1804 nm). Selected results are
presented ifFigure 5-4. This approach is regarded as surprisingly disappointing, becausm@ rtduction of
the thresholds or a further restriction to only 5 spectral bands (APEX bands 1187 as used in the CR
application) did not improve the classification of the experimental areas. In all, at a comparable threshold, much
fewer pixels wereclassified at all, indicating that this algorithm ideally takes the entire spectrum as basis for
comparison. This observation, however, makes an efficient application to large volumes of data questionable.

Accuracy metrics Considering all the above factp the accuracy metrics of the classification results must
be consulted with care. It is the user accuracy that yields the most informative measure, since mean and overall
accuracies are rather misleading for rare target mapping. In addition, as isatierall accuracy evaluations in
this project, the reference file contains certain uncertainties, since the definition of the pixels belonging to a
certain reference class could only be defined based on the visible differences (in combination wit® the GP
vertices). This uncertainty is particularly increased for edge pixels of the test areas.














































































