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Mit dem Start des Satelliten Landsa# TM am16. Juli 1982wurde der Beginn einer langen Ara
der Erhebung optischer Satellitenbildinformationen eingeldutet. Oe bis heute regelmafig
erganzteU.S. amerikanische Landsat Satellitenfamilie stellt insbesondere durch die Archivoffnung
der Bilddaten im Jahr 2008 ein bishr konkurrenzloses Erdbeobachtungsprogramm fir
retrospektive, wiederkehrende sowie aktuelle Analysen derglobalen Erdoberflache dar. Unver
gleichlich sind dabei die hohe rdumliche und zeitliche Abdeckung der zur Verfligung stehenden
Daten.In vielen Umweltdisziplinen zur Erforschung von Okosystemen oder forstwirtschaftlichg,
landwirtschaftlicher und urbaner Flachen kommen die Daten deSatelliten seit Jahrzehnten
erfolgreich zum Einsatz. Auch in der Geologie und der Bodenkunde sind digmessenen
Spektralinformationen ein zentrales Analyseelement um beispielsweise Folgen von Erosion,
Klimawandel oder Landnutzungsanderungen zu erfassen und zu quantifizieren.

Vor allem die Ressource Bodecharakterisiert fur viele Lebensraumeeine wichtige Grundlage
Durch Okosystemleistungen erméglichdiese Leben und Uberleben auf der ErdeDie Tatsache,
dass Boden den groRten terrestrischen Kohlenstoffspeicher darstellen, verdeutlicht dabei die
Relevanz der Geosphare. Beispielsweise kann durch aktive Kohlenstoffbidung in
landwirtschaftlichen Béden eine Minderung der Treibhausgasemissionen erreicht werden, um
somit einen wertvollen Beitrag zum Klimaschutz zu leistenln den vergangenen Jahren gab es
zahlreiche nationale und internationale Bestrebungen und Aktivitate, die Bedeutung des Bodens
hervorzuheben und eine nachhaltige Nutzung der Ressource zu realisierékktuell wird in den
von den Vereinten Nationen definierten Sustainable Development Goals (SDG) explizit der Schutz
sowie der nachhaltige Umgang miB&den aressiert. Vor allem der organische Kohlenstoffgehalt
(Corg) in landwirtschaftlichen Flachen stellt einen wesentlichen Parameter zur Beurteilung
gesunder, nachhaltig genutzter Béden dar. Kenntnisse Uber des3Gehalt sindhdchstrelevant
und lassenunter anderem Aussagen Uber Ernteertrage oder die Erosionsanfélligkeit zUEin
ausreichend hoher Gy-Gehalt ist deshalb Kernelementliverser politischer Reglementierungen.
Um denzahlreichen (politischen) Anforderungen gerecht zu werden, bedarf es hochaufgeligs
und flachenscharfer Informationen, die auch ein (rickblickendes) Verstandnis von
Bodenparameternerméglichen. Aktuelle Bodenkarten und Datenbankesind allerdings zeitlich
und raumlich zu limitiert , um eine nachhaltige Nutzung der Ressource Boden zu dokumentieren
und den formulierten Zielen gerecht zu werdenTraditionelle Methoden zur Bodenkartierung
sind mit einem hohen zeitlichen und finanziellen Aufwand verbunden.

Die optische Erdbeobachtung ligert Techniken und Auswertungsverfahren diesen zeitlichen
und raumlichen Limitierungen zu begegnenAls sog. Mapping Missiopermdglichen die Landsat
Satelliten mit deren seit mehr als 40 Jahren erhobenen Datemlabei groR3flachige und
wiederkehrende Beobatitungen und Analysen. Zudem sind durch die hohe Pixelauflosung (30 m)
Analysen auf Schlagebene méglichie Bilddaten bietensodie Mdglichkeit der Erfassung undles
Monitorings von Oberbdden landwirtschaftlicher Flachenund kdnnen helfen, die zeitliche ud
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raumliche Dimensionenbestehender Datenbankenzu optimieren. Fir verschiedene Regionen
konnten bereits diverse Bodenparameter erfolgreich mit validen Genauigkeiten modelliert
werden. Auch die Anwendungvon Landsat Datenzur Abschatzung von Gq-Gehaltenwurde
gezeigt.Eine Limitierung der Anwendung optischer Erdbeobachtungsdaten stellt die Tatsache
dar, dass ausschlieRlich Boden, die bei einem Uberflug unbedeckt und vegetationslos sind
analysiert werden kénnen In Deutschland sind dies hauptsachlich ackbaulich genutzte Flachen.
Um die Satellitenbilddaten in Wert setzen zu kdnnen, missen zunachst unbedeckte Boden
ermittelt und von anderen Landbedeckungsarten separiert werden. Der Zeitraum, in dem ein
Schlag unbedeckt ist, kanallerdings durch die regionale Fruchtfolge variieren und teilweise sehr
kurz sein. SogKomposittechniken multispektraler Bilddaten stellen eine Alternative zur Nutzung
singularer Aufnahmen dar und bieten die Moglichkejtdie Limitierung durch Vegetations
bedeckung zu Uberbriicken. Erste Studien haben bereits die Anwendbarkeit einer derart
optimierten Datenquelle in Hinblick auf die Ableitung von Bodenparametern gezeigtSog.
Bodenreflektanzkomposte (engl. surface reflectance composite, SRCjvelche mittels der
Kompoasittechniken generiert werden, werden dabei mit Feldproben verknipft, um Aussagen
Uber Oberbodenparameter zu treffen. Allerdings sind zahlreiche Fragen bezuglich einer
Verwendung solcherauf LandsatDatenbasierten SRC<ur Erfassung von Bodenparametermnd
vor allem zur Analyse von(riickblickenden) Veranderungenderzeit noch unbeantwortet.

Diese Dissertation umfasstAktivitdten zur Exploration der Méglichkeiten zur Ableitung und
des (retrospektiven) Monitorings von Oberbodeninformationen ackerbaulich genteter Flachen
ausSRCsgeneriert mittels langjahriger LandsatDaten. Zur Abschéatzung des Potentials wurde das
Bundesland Bayern in Deutschland als Testgebiet gewahiia hier neben Expertenwissen eine
umfangreiche Bodendatenbank zur Verfigung stehDer Fokus liegt auf der Ableitung de€org-
Gehalts Verwendet werden mehrjahrige SRCs die mittels des sog. Soil Composite Mapping
Processors (SCMaP) generievturden.

Zu Beginn wurde die Notwendigkeit der Uberarbeitung des Schwellwertverfahrensvelches
einen essentiellen Teil der SCMaP Methodik darstellt und débleitung unbedeckter Bédendient,
identifiziert . Vor allem fur Uberregionale Analysen ist ein standardisiertes Verfahren, welchkwer
auf dem Verhalten verschiedener Landbedeckungsklassen berykssentiell fur eine erfolgreiche
Separierung unbedeckter Bodenvon anderen Oberflachen.Die Ableitung der Grenzwerte
basierend auf Uberregionalerbio-geographischenRaumen zeigte sich dabei als der beste Ansatz.
Auch eine Validierung der raumlichen und eitlichen Verteilung unbedeckter Béden wurde
durchgefihrt, um das Verstdndnis der Datengrundlage flraufbauende Bodenparameter
modellierungen zu maximieren.

Bei einer anschlieBenden Studie zur Beurteilung der Anwendbarkeit eines ga@hrigen SRCs
zur Ableitung von Gg-Gehaltenvon Ackeroberbéden in Bayern wurde dieses mit zahlreichen
Feldproben verknupft. Algorithmen des maschinellen Lernens(Multiple Linear Regression,
Partial Least Square Regression und Random Forest Regressiam)rden dabei miteinander
verglichen, wobei sich der EinsatrlesRandom Forests als am besten geeignet herausstellte. Vor
allem die Verschneidung von Bodenpunktdatermit Fernerkundungspixeln, welche mehrere
Meter Kantenlange(Landsat: 30 m)besitzen, bedingen zahlreiche Quellen fir Ungenauigkeiten.
Hier wurde ein rdumlicher/spektraler Filteransatz, welcher auf spektralen Beziehungen des
Probenpixels und dessen Nachbaixeln beruht, entwickelt, um heterogene Pixelcluster vorer
Corg Modellierung auszuschlieRen Zudembestatigte eine zusatzlich durchgefuhrte Validierung
basierend auf einem externen unabhangigen Datensatz diehe Genauigkeides Modellierungs
ansatzes.
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Da fur eine Erfassung von Anderungen voiG,q im Oberboden ein 3@jahriger Komposit-
zeitraum eine zu lange Zeitspanne darstellen kanmyurden die im zweiten Teil gewonnenen
Erkenntnissedurch weitere Analysen vertieft,inwieweit dieser Zeitraumminimiert werden kann.
Obwohl nachgewiesen werden konnte, dass langere Zeitraum¢€l0/15 Jahre) hohere
Modellierungskapazitaten bieten, zeigt bereits ein funf-jahriger Zeitraum ausreichend hohe
Modellgenauigkeitenim Untersuchungsgebietfiir wiederkehrende Analysen Die Erstellung der
SRCsbasiert auf einem spektralen VegetationsindexDie Resultate dieser Arbeit zeigendass
Indices im Vergleich zu einer saisonalen Vorauswahl an Szenen, welche in das SRC integriert
werden, eine untergeodnete Rolle bezuglich der Modellierungskapazitaten von g spielen.
Einen weiteren zentralen Aspekt stellt ein Vergleich der zeitlichen Auswahl unbedeckter Boden
mit Daten, an denen das beobachtete Feld (wahrscheinlich) unbedeckt ist dar. Ein Vergleich de
extrahierten Daten unbedeckter Boden mit Feldbeobachtungen unghanologischen Infor-
mationen aus demregionalen Feldfruchtkalender zeigte dassder GrofRdteil der ermittelten
unbedeckten Bdden inZeitraumen lag, in denen der betrachtete Schlagegetationslos und vom
Satelliten sichtbar war. Auf Basis dieser Informationen wird eine Vorauswahl der Szenen
basierend auf den phanologischen Informationen der im jeweiligen Gebiet angebauten
Feldfrichte geraten.

Zusammenfassendkonnten im Rahmen dieserDissertation zahlreiche Erkenntnisse fir die
Modellierungen desCg-Gehaltsin Ackeroberboden aufBasis multispektraler SRCger Landsat
Satellitenfamilie gewonnen werden Die Ergebnisse liefern einen entscheidenden Beitrag zum
Verstandnis der groRRflachigen Anwendbarkeit satellitengestitzter Erdbeobachtungsdaten zur
Uberwindung der raumlichen und zeitlichen Limitierungen herkémmlicher Bodenkartierungen
und eines(retrospektiven) Monitorings von Gg.
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The launch of Landsatd TM satellite on July 16, 1982, marked the beginning of a long era of
optical satellite imagery. The U.S. Landsat family, which has been regularly expanded, represents
an unrivaled Earth Observation program for retrospective, recurrat and recent analyses of the
WAOOES O OOOZFZAAAR AOPAAEAI T U AOGA OF OEA TPATEITC 1
and temporal coverage of thdreely accessibledata is incomparable.For decadesl andsatdata
have been successfullysedin many environmental disciplines to study ecosystems or forestry,
agriculture and urban surfaces Measured spectral information is a central element of analgs in
geology and soil sciencee.g, to detectand quantify soil erosionimpacts ofclimate changeor land

cover changes.

Soils are an essential resource for human subsidence, as they carry out a number of ecosystem
services. The fact that soils represent the largest terrestrial carbgpool illustrates the relevance

of the geosphere. Active carbon seqséation in agricultural soils can reduce greenhouse gas
emissions and thus make a valuable contribution to climate protection. In recent years, there have
been numerous national and international efforts and activities to highlight the importance of
soils and to realize a sustainable use of the resource. Currently, the Sustainable Development
Goals (SDGYefined by the United Nationsexplicitly address the protection and sustainable use
of sails. Above all, soil organic carbon (SOC) in croplands represe@n essential parameter for
assessing healthy sustaindk used soils Knowledgeabout SOC contents is highly relevant and
allows conclusions about crop yields or erosion vulnerabilityTherefore, sufficiently high SOC
contents are a core element of varioas political regulations. In order to fulfil the numerous
(political) requirements, high-resolution information is needed that also enables to capture the
temporal development of soil parameters. However, current soil maps and databasesea
temporally and spatially limited to capture a sustainable use of the resource and achievethe
formulated goals. Traditional methods for soil mapping are associated with a high temporal and
financial effort.

Optical Earth Observation (EO) is a valuable data source fareawide soil mapping and
monitoring purposes to distinguish patterns between or even within fieldsand to overcome the
temporal and spatial limitations. As along-term mapping mission, Landsat enables recurring
observationsand analyses. In addition, thdigh pixel resolution (30 m) supports analyses at field
level. The image data thus offer the possibility of acquisition and monitoring of topsoil croplands
and can help to optimize the temporal and spatial dimensions of existing databas®&&rious soil
parameters have already been successfully modeledwith valid accuracies for different regions
(i.e., different climatic conditions, crop cycles, land management)lhe use of Landsat data to
estimate SOC was also demonstrated.limitation of the application of optical EOdata is the fact
that only soilswhich are exposedduring the satellite overpass can be analyzed. In Germany, these
are mainly cropland areas. In order to use the satellite imagery, uncovered soils must filsé
identified and separated from all other land cover types. However, the period during which a field
is uncovered can vary due to regional crop rotation and can be limited to a short window of time.
Soil mmpositing techniques of multispectral image dat@rovide an alternative to the use of single

V
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scenes and offer the possibility to bridge the limitation due to vegetation covefirst studies have
demonstrated the applicability of such an optimized data source for soil parameter estimation.
Soil reflectance composites (SRC)which are generated by these compositing techniques, are
linked with field samples to predict topsoil parameter information. However, numerous questions
regarding the use of sucltiandsat basedSRCs for the estimation of soil parametersnd especially
for analyzing (retrospective) changesre still unanswered.

The efforts in this dissertation comprise activities to explore the capabilities of derivingind
(retrospectively) monitoring topsoil cropland SOGnformation from SRCs, generatedvith long-
term Landsat data. D assess the potential, tb Federal state of Bavaria in Germany was chosen as
a test area since an extensive soil database is available here in addition to expert knowledgke
focus is on the derivation of SOC contents. Titefore, multi-year SRCs, generated by the Soll
Composite Mapping Processor (SCMaP) are used.

At first, the need to revise the index thresholding, which is an essential part of the SCMaP
methodologyas itis the baseline to separate soils from all other land cover classes, was identified.
Especially for areawide analyses, a standardizegrocedure, which in this case idased on the
behavior of different land cover classess essential for successful sepation of exposed soils from
other surfaces. The derivation of thresholds basedn bio-geographically classified regions was
shown to be the best approach. Validation of the spatial and tempodistribution of exposed soils
was also performed to maximizethe understanding of the SCMaP data basis for building soll
parameter models.

In a consecutive study the applicability of a 3@ear SRC to derive topsoil SOC contents of
croplands in Bavaria was tested. The SRC was linked to numerous legacy fislmples and
different machine learning algorithms (Multiple Linear Regression, Partial Least Square
Regression, and Random Forest Regressiomjere compared The use of theRandom Forest
algorithm was determined to be the most suitable. Especially the intersectioaf point soil samples
with remote sensing pixel, which have several meters resolutiofLandsat: 30 m) can be a source
of inaccuracies. Here, a spatial/spectral filtering approach based on spectral relationships of the
sample pixel and its eight neighborig pixels was developed to exclude heterogenous pixel
clusters. Furthermore, an additional validation based on an external independent data set
confirmed the high accuracy of the modeling approach.

Considering that a 30-year composite period could be too bng for detecting topsoil SOC
changes, the results obtained in the second part of this thesis were further analyzednnimize
the compositing period. Although it has been demonstrated that longer compositing lengths
(10/15 years) provide higher model performances, a fiveyear period already shoved sufficiently
high modeling accuracies in the study area. The SRC processing is based on a spectral vegetation
index. The results d this work showed that different spectral indices for SRC generatiorhave a
minor impact on SOC modeling compared to a seasonal pselection of scenes, integrated into the
SRC. Another key aspect of this thesis represents a comparison of the temporal selection of
exposed soils with dates when the observed field is likely toe bare. A comparison of the extracted
exposed soil dates with field observation and phenological information based on thegional crop
calendar showed that the majority of the identified exposed soils are located in periods when the
observedfield is vegetation-free and visible from the satellite. Based on these findings, a pre
selection of scenederived from regional phenological information of crops should beconsidered
for SRC generation and SOC estimation.

VI
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In summary, this dissertation contains numerous insights for modeling SOC in topsoil
croplands based on multispectral Landsat SRCs. The results provide a crucial contribution to the
understanding of largescale applicability of spaceborneEO data to minimize the spatid and
temporal limitations of traditional soil mapping and (retrospective) monitoring of SOC.

Vi
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1. Introduction

Annually on December B the World Soil Day organized by the United Nations (UN)is
celebrated in order to raise awareness of the critical role of soilend to advocate for the
sustainable management of soil resourcgBouma 2019).Soil is a complex system as a mixture of
minerals, organic materials, air, and waterand is the upper pa0O T £ 1 00 AAOOESO A
thickness of a few centimeters up to several tens of meters (Blume et al. 2010). In terms of the
earth radius of 6,370 km, soils form the thin and vulnerable skin of the earth (Blume et al. 2010).
Nevertheless, this thin skinis essential for human existence a# carries out a number of
ecosystem services throughout soil functiongBlounin et al. 2013 Adhikari and Hartemnik 2016.
One of the most recognizedervice of soil is its support for food production Nearly 95% of the
food is (in-)directly produced on soils (FAO 2015). In this context, soil health idefined asO O E A
continued capacity of soil to function as a vital living ecosystem that sustains plants, ardla and
EOI ATEGRDSOIL 2022and isamongst othersan indicator for food productivity (Lehmann et
al. 2020). Asan important component of solid soils (Lal 2018)Soil Organic Carbon (SO@ a key
soil property for several ecosystem services (Adhikand Hartemnik 2016). SOC directly impacts
a huge variety of services as water regulatioand filtering, nutrient conservation or climate and
gas regulation of weatheringor soil formation (Adhikari and Hartemnik 2016). Additionally, SOC
is aprinciple determinant of soil health (Lal 2014) for ensuring food security and agricultural
sustainability (Ren et al. 2020) Especially, SOC in cropland soils is of particularelevance and is
becoming increasingly important

1.1.Relevance of SG@r croplands

Soils arethe largest terrestrial carbon (C) pool, where more C is stored than ithe biosphere
and the atmosphere combined Jobbagy and Jackson 2000 odd-Brown et al. 2013. The soil C
stocks are comprised of two different C types, the soil inorganic C (SIC) and the soil organic C
(SOC)fractions (Lorenz and Lal 2016).For the organic carbon portion, the primary source
consists ofmaterialsfrom various biological origins (Kumar et al. 2006)and includes plant, animal
and microbial residues in all stages of decompositio(Post and Kwon 2000).CGroplands account
for 10% of the global SOC with an estimated amount of 1285 Pg C(Ren et al. 2020, Watson et
al. 2000). Cropland soilswith balanced and sufficient high SOC contents are less prone to soil
degradation and can serve as a fundamental basis for f@roduction (Lorenz and Lal 2016) A
threshold level of approximately 2% SOC in the root zone is essential and indicates healthy soils
(Lal 2014, Loveland and Webb 2003, Schjonning et al. 201usinguzi et al. 2013, Lal 2016
Panagos et al. 2018 Below this concentration, the productivity is about to reduce notably
(McBratney et al. 2014).However, in depleted soils an increase of SOC concentratiordue to
adequate managemenpractices can contribute toraising crop yields (Lal 2006, Seremesic et al.
2011, Seitz et al. 2022)This can also be achieved, for example, by the usiecover cropsbetween
two crop cycles (Seitz et al. 2022).During the last decades, écreasing SOC stocks have been
detected in many Eur@ean croplands €.g., Sleutel et al. 2006.al et al. 2007 Ciasis et al. 2010
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Wiesmeier et al. 2016, Guillaume et al. 2020which in addition to crop yield decreases have also
negative implications for climate change (Lal 2004)Sinceas described athe beginning,organic
carbon stocks in soils represent one of the largest reservoirs in the global carbon cycle (Jobbgay
et al. 2000, Scharlemann et al. 2014)

The rising concern about soil health has been answered with sevegibbal or Europeanwide
soil policies and regulationsaiming for a more detailed information gain on SOC contents for soil
management and soil protection (Chabrillat et al. 2019). E,gin the framework of the 17
Sustainable Development Goals (SDGdgfined by the United Nations, SOC is listed agse of the
most relevant soil propertieswith regard to climatic regulations (Toth et al. 2018)In this context,
carbon stocks, vith SOC as thénitial metric, are one of the three subindicators for SDG 15.3.1
(proportion of land that is degraded over total land (Lorenz et al.2019, Sims et al. 2012 SOC
contents are treated here as a proxy for land degradation (Giuliani et al. 2020)he European
Commission considered the decline of SOC as one of #ight threats for soil degradationin the
European Union Thematic Strategy for Soil Protectioback in 2006 (COM2006) and updated this
recently (Panagos and Montanarella 2018)herefore, the goal of maintaining and improving SOC
1 AGAT O EO ET Al OAAA ET OEA %OO1T PAAT #1011 EOOEIT T8
2011, Panagos et al. 2013Recently, the importance of SOC was-stated in the Soil Thematic
Strategy 2030 (Panagos and Montanarella 2018, Panagos et al. 202¥ithin the Paris Agreement
at the 21st Conference of Parties (COP21) of the United Nations Framework Convention on Clienat
Change (UNFCC@)limiting of global warming well below 2°C was stated $oussana et al. 2(3).
In preparation for the COP21amongst others, OEA OT1T 1 61 OAOU AAOQEI 1T Bl AT h
3TEIO A1 O &I TA 3AAOOEOU AT Ah Minisky oA/grkcditureid 20151 A OT AE /
(Poulton et al. 2017). The initiative is supported by 39 countries and is striving for SOC stock
increase at a rateof 0.4% (4 per 1000) per year for agricultural soils (Francaviglia et al. 2019,
Soussana et al. 2009 The targeted annual increasés supposed tocompensate a high percentage
of humarrinduced carbon emissions(Wiesmeier et al. 2016 van Groeningen et al. 201)7In the
AT 1T OA@0 T £ OEA %001 PAAT ' OAAT $AAl | % $AhRAXEEAE
first climatic-neutral continent by 2050, a sustainable soil management is explicitly addressed
(Montanarella and Panagos 202). As a measure fosustainably managed andhus healthy soils,
relevant factors include appropriateSOC contents in agricultral soils (Montanarella and Panagos
2021). The political programs mentioned represent only a small selection of aspirations to
emphasize the importance of soiand the relevance of SQC

o
(@)

To capture, quantify and monitor SOC contentsespecially in croplands, for efficient and
sustainable land use,and in order to control the implementation of policy objectives,SOC
estimations with high spatiotemporal resolution on a national to global scaleare urgently
required. For instance, progress toward aclaving the SO@elated SDGs is hampered by the lack
of basic soil data and reliable monitoring systems for several countries (Lorenz et al. 201FAence
there is an urgent need of adequate soil data to achieve the SDGs (Toth et al. 2048 McBratney
(2011 q PiT ET OAA 1 06069d O3/ # OAOEAO ET OBPAAA AT A OEI A
3/# AUT AT EAO ET AT OE AEI AT OEI 1068 (1 xAOAOh AO (A
a few studies on modelling SOC variations in tim&lost of the existirg studies and databases are
temporally and spatially limited. Changes in topsoil SOC contents are often related (local or
regional) land-use decisions and/or agricultural management adaptiongMeersmans et al. 2016)
and may require more frequent observations(Collier et al. 2021) Especially for this purpose
retrospective estimation of cropland SOC is of high importancén many European countries,
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monitoring networks are existing, using only a limited number of sis per country (Panagos et al.
2013). However, dobal soil monitoring programs are still immature (Jandl et al. 2014).

For applications with a large geographical extent (nation to Europeawide) maps are mostly
available with an insufficient spatial (i.e.,250 m to 1 km) and a low temporal resolution of more
than ten years.E.g, the European Soil Data Center (ESDAC) provides several gamropean SOC
maps. Both soil datases, the OCTOP: Topsoil Organic Carbon Contents for Europe (Jones et al.
2005) and the Topsoil Soil Organic Carbon Map based on the LUCAS (LanddddgeCoverageArea
frame Survey) for EU25 (de Brogniez et al. 2015) are generated in coarse 1 km raster format.
Distributed and coordinated by the Food and Agriculture OrganizatiofFAO) of the United
Nations the Global Soil Organic Carbon Map (GSOCmap) was release2D18 in support of the
SDG 15.3.1. The generic map is based on a consultative and participatory procies®lving
contributions of member countries and is availabl®n a 1 km raster format(FAOand ITIPS2018).
4EA )T OAOT ACETT AT 3TEI 2AEAOAT AA AT phovijes glBbaDi AOET 1
information about SOC in the upper 30 cm with a spitl resolution of 250 m (Hengel et al. 2017).
Suppliedby the Joint Research Center (JRC), the Harmonized World Soil Database (HSWD) is also
a well-known map, containing the spatial distribution of SOC contents (Nachtergaele et al. 2010,
Hiederer and Kochy2011). Althoughthe latter three are available worldwide, smallscale analyses
at field level are not feasibleln addition to the limitation of the spatial resolution, mostmaps have
in common that they representonly onetemporal snapshot for which conceivably a long period
of time is summarized The applicability of the vast majority of the maps forecurring field-scale
analysis is limited as thespatial and temporalresolution is insufficient.# OO OAT 61 Uh OOEA |
data needs and models for the assessment of SOC changes at a spatial resolution relevant for
decision-making in landOOA AOA 110 UAO OOAZEAEAT AdoBopldduAAT OAO
et al. (2020) defined especially for Germany the essential ndefor centralized and accurate
monitoring of SOC dynamics to copwith the rising management of climatedriven alterations of
SOC.

To fulfill the growing demand for high spatiotemporal SOC analysesatitional soil mapping
involves intense soil sampling &ort (in time and financial constraints) and laboratory analysis
(Stevens et al. 2013Ward et al. 202Q. Often, the high financial efforts of field sampling and
laboratory analysis restrict the monitoring of soil properties at large scale (Conant et al. 2011).
However, as elaborated, therés a growing demand for alternative soil mapping and monitoring
approaches applicable for an areavide mapping which enables recurring analyseg¢Chabrillat et
al. 2019, Castaldi et al. 2019)Earth Observation techniques and model approaches providena
alternative to traditional soil mapping because of the ability taovercomethe spatial and temporal
limitation of existing maps and databases.

1.2. Earth Observation for soil analysis

Earth Observation (EO) is a valuable data source for aredde soil mapping and monitoring
purposes to distinguish patterns between or even withirfields. Hyperspectral airbornedata(e.g.,
Ben-Dor et al. 2009, Bartholomeus et al. 2011, Bayer et al. 2016, Chabrillat et al. 2019) or
(simulated) data of theltalian PRISMA Hyperspectral Precursor and Application Mission Loizzo
et al. 2019;Mzid et al. 2022) andthe GermanEnMAP Environmental Mapping and Analysis
Program - Guanter et al. 2015Ward et al. 2020)satellites, as well as multispectral spaceborne
datasets g.g, Castaldi et al. 2019, Vaudour et al. 2019, Wang et al. 20Ztholizadeh et al. 208)
have beenintensively studied during the past years for soil analysigo derive cropland SOC

3



Introduction

contents. Especially the spaceborne multispectral mapping missions€., Landsat and Sentinel2)
are suitable for SOC topsoilestimation purposes due to theirhigh spatial and multitemporal
resolution, global coverage andecurring acquisitions.Mapping approachedased on spaceborne
multispectral sensorscan provide a temporal and spatial information increase to existing maps
and databases (section 1.1)For monitoring purposes and to understand changes due to
management adoptions special emphasis must be given to the long history of Landsat dgta40
years with global coverage) as Sentinel does not yet provide such a long data histor§Sentinel
2A:launched in2015, Sentinel2B:launched in2017, Phiri et al. 2020.

For SOC estimatiorsoil reflectance values acquired by the EO instrument are corraed with
field soil point information based on spectral and/or digital soil modeling techniqguesMachine
learning is a widely applied and effective approachto generate successful soil property prediction
models. Commonlytechniques such as random forests (RF), partial leastsquare regressions
(PLSR) support vector machines(SVM) or convolutional neural networks (CNN) are widely
applied for soil property estimation and mapping (Tziolas et al. 2021)For the use of gtical
sensors, which are only able to detect the upper nanometers of the observed surface, first bare
soil pixels have to be selected and separated from allher land cover classes. Due to tempat or
permanent surface vegetation cover, mapping of bare, uncoverednd undisturbed soils for SOC
prediction is challenging (Dematte et al. 2018)The area of exposed soiin temperate areasis
usually spatially limited, distributed differently throughout the year, and often restricted to a
short time period in the crop cycle E.g.at the beginning of the crop cycle, i.after tilling, when
the field is in seedbed conditions, the possibility of enhancing soil propertyrpdiction of exposed
soilsexists. However, this is related to theegional crop phenology of the observed fieléand varies
in time (e.g, winter and summer crops). Temporal compositing techniques of multispectral
satellite imagescan provide an alternative in contrast to the use dfingle data takesand are widely
applied in the literature to get a comprehensive understanding othe Earthd €urface including
soils (e.g., Hansen et al. 2011, White et al. 2014, Hermosilla et al. 20Diek et al. 2017Dematte
et al. 2018, Griffiths et al. 2019, Loiseau et al. 2019, Adams et al. 2020, Safanelli et al. 2020,
Vaudour et al. 202). In general, thecompositing technique initially introduced by Holben (1986),
strives for a reduction of arange of difficulties, as e.gcloud contamination, different atmospheric
compositions, and viewor illumination geometry by incorporating information from several
overpasses for the same pixgFlood 2013). In addition to these aspectsg compositing approach
for soil analysesenables to overcome the limitation oftemporal vegetation cover of cropland
during the overpass ofone satellite. All bare soil occurrences of all input scenes are combined
pixel wise to create soil reflectancecomposites (SRC). The SRC represem®stly the averaged
situation (sometimes also the barest situation)of all exposed soil occurrences in the observed
time period. This implies, that the spectra of the spatially enhanced data source are relatively
independent of seasonal differences in soil moisture and other soil surface conditions (e.g.,
occurring during rain events or longer drought periods) as only permanent spatial soil moisture
differences or texture characteristics remain at least foran SRC wheremultiple scenes are
averagedover time. Temporal and spatial averaging of exposed soil occurrences in an observed
area allows the processing of a spatially enhanced data sour@ee., SRCYor soil parameter
estimation. Based on multispectral spaceborne EO images(mainly Landsat and Sentinel2)
severalbare soilcompositing techniques were developed and applied for soil analysie.g., Diek
et al. 2017, Rogge et aP018, Dematte et al. 2020, Castaldi et.&021, Sorensm et al. 2021,
Vaudour et al. 2021).
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Dematte et al. (2018) developedhe first operational SRC processor (Geospatial Soil Sensing
System (GEOS3)) based on Landsat déa large scale soil mappingSafanelliet al. (2020) applied
the GEOS3 derivedare soil composite, called Synthetic Soil Image (SYSI),for large scale soil
analysis over Europe and estimated SOC contents amongst othesoil parameters. The Soil
Composite Mapping Processor (SCMalRogge et al2018, see chapter 1.3 established at the
German Aerospace Center (DLR} an alternative valuable tool to buildareawide SRCSsA unique
characteristic of SCMaP is its independence of external data sources for exposed soil identification.
Besides these twoareawide compositing methods, several studies have createdsmall scale
optimized SRCapproaches for different geographically regions in terms of soil parameter
modeling using multispectral Landsat and/or Sentinet2 data (e.g., Diek et al. 2017Zizala et al.
2019, Dvorakova et al. 2021Mzid et al. 2021,Sorenson et al. 2021, Zepp et al. 2021 b, Mdéller et
al. 2022). Some approachs are extended by the usef ancillary data to pre-select scenes for
compositing. Common aré&SAR(synthetic aperture radar) and Sentinet3 data (e.g., Lin et al. 2020,
Tziolas et al. 2020, Vaudoet al. 2021) or the preselection of input scenes(e.g, crop calendar,
minimal surface roughness, and minimal soil moisture}o improve the exposed soilselection
based on expertknowledge (e.g., Castaldi et al. 2019, Dvorakova et al. 2021, Mzid et aR2
Vaudour et al. 2019) However, most of these approaches are developed and applied at the local
level for asmall spatial extent (0.09 to 10000 km3).

When omparing available bare soil compositing techniques, thepectral index and index
threshold derivation, responsible for exposed soil selectigpis of particular importance for almost
all compositing techniques The well-known normalized difference vegetaton index (NDVI) is
used by a wide range of approaches individually (Vaudour et al. 20]1Qoiseau et al. 201pin
combination with other indices (Diek et al. 2016, Dematte et al. 201,&orenson et al. 2021Urbina
Salazar et al. 202} or is slightly modified (Rogge et al. 2018, Heiden et al. 2022n addition to
the NDVIthe majority of authors used the Normalized Burn Ratioll (NBR2) (e.g.,Dematte et al.
2018, Gallo et al. 2018Dvorakova et al. 2021, UrbingSalazar et al. 202, Castaldiet al. 2021)
and/or the Bare Soil Index (BSI) (e.g. Diek et al. 2@1 Mzid et al. 2021) separately or in
combination for bare soil selectionln general, @ch approach requires one or morethresholds to
separate exposed soils from other land cover classes. Thdkeesholds areeither set empirically
or by an expansion integratingLUCASLand Use and Coverage Area frame Surve9rigazzi et al.
2018) topsoil spectral measurements into the franework specified for local or sitespecific
conditions. The selection of the thresholds mainly determines the quality of the composites and
requires therefore special emphasisHowever, these methods have in common, that there is no
standardized systematicselection of the thresholdsand the determination is mainly focused on
regional characteristics A data-driven standardized and systematic index thresholding approach
can enable areavide mapping of exposed soiland an operational use of the technique without
ancillary data.

Beside the index and the index thresholding, responsible for exposed soil selectjahe
compositing length (i.e., how many years and a seasonal composition integrated into the
compositing process) is of particular importance for SRC generation. This is arucial point
especially forSOC monitoring purposes claimed by the political requirements. So far, only a small
number of studies investigatel and comparel different compositing lengths(Castaldi et al. 2021)
for long-term SOC estimation and monitoring purposesiowever, only by answering this question
a conceptfor recurrent (retrospective) analysescan be designedBy using the longterm Landsat
archive, the SCMaP approach enableachrecurrent and retrospective SOC predictiongo detect
changes
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1.3.Bare Soil Information(SCMaP)

The operational SCMaP chainas been developed bjRogge et al(2018) for the use of Landsat
imagery. Itis a multitemporal compositing approach, which enables an automateektraction of
exposed soil pixels and theyeneration of areawide cloud-free SRCs for a individually defined
period of time (Figure 1.1). This sectionprovides abrief summary of themethodology, whichis
described in detail by Rogge et al. (2018)

Landsat time 'JJ
series (L2)

check for valid
cloudfree pixels images

:

index
calculation

index - index
non-vegetation thresholding [+ index thresholding vegetation
image pixels (PV+BLUE < Thmin) images (PV+BLUE > Thmax) image pixels

intersection |+

compositing
(mean)

soil reflectance L [ exposed
composite (SRC) h soil mask

Figurel.1: Summary of the SCMaP processing chiagtuding index calculation, index threshold determination
and SRC generation.

To separate soils from photosynthetic activéPV) areas aspectral vegetation Index (PWBLUE
Equation 1) based orthe NDVI(Rouse et al. 1974)s used

0w 6070 (1)

where” is the reflectance [%] of the RedBlue, andNIR (nearinfrared) spectral regions (Landsat

4 TM, Landsat5 ETM, Landsat7 ETM+ Blue = Band (B) 1, Red = B3, NIR = R4ndsat8 OLI: Blue

= B2, Red = B4, NIR = B5)he PWBLUEIindex is based on the NDVI for effectively separating
photosynthetic active vegetation from most other materials. However, the index alone provides
no possibility to separate soils from othernot photosynthetically active land cover types To
overcome this limitation in the SCMaP methodology two thresholds are set, that can bsed
combined to extract exposed soil pixels. The addition of the second normalized difference ingdex
using the blue reflectance information of Landsais chosen to minimize increasd reflectance in
the blue channel caused by thin hazehich is not filtered during pre-processing
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SCMaP has been developed for temperate and continental climates. Hesgosed soils occur
mainly in agricultural areas not permanently covered by vegetatn (i.e., grasslands)Croplands
in this climatic region are characterized bya transition from bareness after field tillage (e.g.,
seedbed preparation) to vegetation cover during thevegetative active phaseTherefore, the
thresholding is optimized to sekct pixels with a change from vegetation cover to bare conditions.

To extract the exposed soil pixeldwo temporal composites containing the minimumPV+BLUE
index (PVmin) and the maximum PWBLUEindex (PVimax) per pixel and observed compositing
period are derived. Based on the spatial and temporal behavior of th&/Rwmax index composites
two thresholds (TH) are determined, built on specificland cover (LC) classegurban, deciduous
trees, and croplands), to distinguish between exposed soils and othekC classes Exposed soils
and urban surfaces show the lowest PM, composite values butare also intermixed with non-
photosynthetic active vegetation (e.g., crop residues after harvesting) or dry grassland. When soils
are covered with vegetation, they show an overlap with forests and grasslands the PV\nax
composite. Here, soils can be easily separated fromhan surfaces and areas showing permanent
low vegetation indices (i.e., water or mining sites). Therefore, Thhin is set to separate urban
surfaces and exposed soils fron.C classes with active vegetation cover. The Tk is set to
distinguish soils temporally covered by vegetation fromclasses never covered by vegetation, as
urban materials or water. By applying Thhinmax t0 the PVminmax COMposites, two masks are
generated one containing permanent nonvegetation pixels, while the other mask contains
permanent vegetatedpixels. The intersection of these masks allows the determination of the
exposed soilmask containing all pixels with an alternating vegetation cover. These pixels are
showing at least one exposed soil oocrence in the observed time period The SRC is calculated
at each pixel as the average reflectance per band of all exposed soils inithegedata stack, where
the index value is lower than Thi, and the pixel is spatially within the soil maskFigure 1.1).

Non-photosynthetic active vegetation (NPV, Daughtry et al. 2006) such as crop residues,
grassland (dry condition) or leafoff condition of deciduous forests show a spectral similarity with
soils. A clear separation of NPV and exposed soils is hamperadtbe limited spectral resolution
of multispectral images especially in the short-wave infrared (SWIR) region (Asner and
Heidebrecht2002, Okin 2007, Malec et al. 2015). For thdifferentiation of NPVfrom exposed sails,
these LC classelsave tobe considered with specific emphasis in the threshold derivation method.
The data-driven SCMaP index thresholding focuses on a clearer separation from grassland and
leaf-off conditions of deciduous forestsapplicable for an areawide mapping. A majority of other
small-scalecompositing approaches focus on empirically selected and locally limited thresholds.
Also, ancillary datasuchas urban or water masks areften used for a selection of exposed soils
There is aneed for a datadriven definition of two spectral index-based thresholdsto overcome
an empiricalderivation of the thresholds and to avoid the implementation of ancillary data masks
For SCMaPhe determination of the thresholds isoriginally based on mamally selectedLCdata
which show no change over the entire investigation timeThe approach is applicableor area
wide mappings of exposed soilsHowever, it is time consuming and prone to user errors, why a
revision to a datadriven automated, standardzed approach was identified andleveloped in this
thesis.

SCMaP is requiringa multispectral Level 2 database. Landsat collection dat®yvyer e al. 2018,
Landsat4 TM, Landsat5 ETM, Landsai7 ETM+, and Landsa8 OLI) between 1984 and 201%vere
used for SRC generationTo avoid external effects, the same prprocessing steps (i.e.,
atmospheric correction (ATCORz Atmospheric/ Topographic Correctionsoftware, Richter and
Schléapfer 2013 and cloud masking(FMask algorithm,Zhu et al. 2015) were applied to all scenes
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to prepare a consistent databaseSCMaP can be applied to different compositing length
However, for Landsat due to the temporal coveragand the resulting number of cloudless scenes
at least five yearsshould be integrated in the canpositing approach(Rogge et al. 2018)

1.4.Overall goal otthe thesis

As discussed in the last chapters,ucrently available soil maps and monitoring approaches
demonstrate a spatialand/ or temporal limitation for achieving the policy objectives andfor
creating an information gain on SOC contents for the various soil management and soil protection
aspirations for croplands. These spatiotemporal gaps cabe bridged by the use of multispectral
EOdata. Especialf the long-term archive of Landsaimageryis a valuable data source for various
(retrospective) soil analysis.Landsat, as a mapping mission, provides the opportunity for area
wide mapping approaches supported by a high spatial resolutiof80 m) enabling analysis on field
scaleg and it is the only optical mission on a global scale for the past 40 yeaBespite the high
potential, the Landsatdata have barely been used fdiretrospective) soil analysesand monitoring
purposes to overcome the spaial and/ or temporal limitation of current mapping approaches
However, moreresearch is heeded to capture the potential use and the applicability of Landsat
data for (retrospective) soil analysesintegrated to a soil compositing approach for bare soil
extraction. This paves the ground for increasingthe physical and chemical understanding on soil
developmentsand their impacts on e.g. climatic processeyield capacitiesor erosion resilience

To address the numerous demands for an areaide mapping and(retrospective) monitoring
of SOC contents in noipermanently covered cropland topsoils the overall goal of the thesis was
defined to explore the capabilities of the longerm Landsat based SCMaP SR for SOC prediction
and monitoring. The analyses were conducted for a subset of Germany, the Federal State of
Bavaria. In addition to indepth expert knowledge, extensive validation data were available here.
In order to answer the overall goal, several rralyses were conducted to fill some identified
scientific gaps(chapter 2). Theemerged research gaps and the conductethalyses are presented
and discussed in detail in the following chapter.
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2. Research Objectives and Framework of the Thesis

This work is a synthesis of the research done over the past years ailpublished in three
scientific international journals. In order to explore SOC monitoring capabilities different
research gapsand challengeswvere identified, and were alsohighlighted in the previous chapters.

A majority of them were addressed in this thesiby several analygs. Therefore, three research
objectives (RO) were established to focus on the different demands for exploring a monitoring
concept(Figure 2.1). Each RO is treated in a scientific publicatioand defines the overall goal of
the analyses conducted per publiation in order to address the overall scope of the thesighapter
1.4). The ROs are linked with and built on each other and are (partly) based on findings of the
previous objective. It must be emphasized, that there is a strong connection between the apsés.
The interaction and the combination of resultsof the three ROs gives a comprehensive analysis
addressing the different requirements and aspects needed for exposed soil retrieval and the
subsequent SOGQCestimation for monitoring purposes based on Earth Observation Landsat
timeseries data.
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Figure 2.1: Framework of this thesis aspects for SO@onitoring addressed by the three defined research
objectives (RO) and answered within the related scientific publication
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RO1: Derivation andvalidation of masks that contain exposed soil pixels from muyksar
Landsat data stacks for Germany from 1984 to 2019.

EOexposed soil information is essential for SOC estimation and monitoring purposes. In this
context, the SCMaP methodologyn combination with Landsat datafor bare soil selection was
used Currently, only few approaches use the areavide (retrospective) mapping potential of
Landsat images In contrast to other compositing approachesthe extraction of bare soil
information based on the SCMaP methodology can benefit areade mapping purposes (e.g.,
country-wide, continental) with a high satial resolution. However, for an areawide application
of the approach critical methodological constraints of the existingthresholding method were
recognized The need of a systematic and standardized threshold determination wadentified . A
re-definition of the thresholding also contributes to the uniqueness of the process, as st@f the
existing comparable composite approaches use empirically determined thresholds and atteus
mainly applicable for a regional use. The aim was to create a datariven concept, where no
auxiliary data was neededFurthermore, the resulting exposed soil areas identified fob-year
periods between 1984 and 2019 carbe of great value forstatistical analysisdue to land cover
changes orthe localization and monitoring of extensively used cropland areasover time.
Regarding the datadriven approach for threshold determination and the potential applicability
of the spatial and temporal exposed soil information for statisticgburposes, specal emphasis was
also dedicated to a comprehensive validation concepBased on the manual thresholding
approach, there was no validation of the spatial and temporal distribution of exposed soil pixels
conducted so far.

Both, the need of a standardized theshold derivation conceptto go beyond existing
approachesand the lack of a spatial and temporal validation of exposed soil pixels using the
SCMaP methodology resulted in ROL. It gives the methodological baseline (processor
optimization and output validation) in order to create an operational approach, which is
independentof auxiliary or empirical threshold fitting to prepare soil products for SOC estimation.
The first technical focus is seton the impact and theoptimization of atraining sampling strategy
to automatically and randomly select land cover(LC) pixels from CORINE Land Cover (CLC) data.
The spectrattemporal behavior of these LC classes ihen used for the determindion of two
thresholds required for the derivation of exposed soil informationThe aim is the development of
the originally manual selection of landcover pixels for threshold determination in the SCMaP
chain by Rogge et al. (2018jowards an automatically standardized approacHor an operational
use which is not limited to a local application A manual sampling is not robust enough, time
consuming and might not represent the gectral variability of the required LC classes. For the
selection of LCpixels, a datadriven random samplingapproach was chosepusing CLCdata sets
that do not change in the observed time periodrurther, it was tested, if the threshold definition
rule is still applicable or has to be adjustedlue to the automatedLCpixel selection processThe
second focus of RO1 is to validate the resultingasks ofexposed soilpixels covering Germany for
all time periods in order to enhance the understanding of the spatiand temporal extraction. For
this purpose, theresulting exposed soilmasks are correlated with two independent reference
datasets (surveys from the Federal Statistical Office (DESTATIS) and the CLC inventories)
available for different time stepscontaining information about the coverage of croplands in
Germany. Both data sets contain the spatial distribution of croplands for several timstepssince
1990.
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RO2: Estimating the potential of the SCMaP SRC generated from Landsat images covering 30
years to derive a higkresolution map of SOC contents in Bavarian croplands.

Shown by the good validation results given in the first publication, the methodological
revisions of the SCMaP chain were successful. Thilows the question, if the soil reflectance
composites (SRC), which are generated on behalf of the exposed soil masien be used for SOC
estimation of topsoil croplands. So far, the SCMaP SRCs have not been used for SOC prediction for
larger areas.However, the SCMaP SRQ@enerated wth multitemporal Landsat datacanserve as
a spatially enhanced data source for EO bas&DCestimation and modeling.Additionally, they
can benefit the temporal and spatial limitation of current approachesl'he applicability of Landsat
SCMaP SRC for top#oSOCpredictions of croplands has to be estimated. For this purpose,
methodological constraints for SOC modelingpave to beanalyzed and in this context several
components were identified (Figure 21). Beside apre-processingof the soil sample database an
appropriate machine learning algorithmfor spatial SOC predictiorhas to be selected. Further,
several publications show the successful implementation of additional spectral indices for
modeling purposes. Existing studies usally do not contain an external validationusing an
independent datasetthat goes beyondthe model validation. However,such an additional
validation is a central aspect to enhance the understanding of SOC estimation. All the formulated
requirements led to RO2.

In order to answer RO2, the second publication addresses the applicability of tB&€MaFSRC,
for SOC estimation of not permanently covered topsoil cropland3he focus of RO2 was on a
regional feasibility study to use Landsat SCMaP SRC for S&tlictions covering large parts of
Bavaria (Germany) and adjacent regionsThe SRC was generated for a tirgeriod of 30-years
(1984-2014) as no changes in cropland SOC contents are expected in the investigation area.
Furthermore, the cooperation with two Bavarian environmental agenciesenabled the use of a
unique soil database containingiumerousfield samples(n > 1,000) between 1986 and 2016 The
available legacySOdata were intersected with the SRC and the resulting database wased to
build spectral models.For the preparation of a modeling framework special focus was put on
several aspects Firstly, the intersection of point soil samples with EO pixelsan be a potential
source of inaccuracies. In this regard spatial/spectral filtering technique to prepare the dataset
for modeling purposewasdeveloped.Several establishedMachine Learning approachegMultiple
Linear Regression, Partial Least Square Regression, and Random Forest RegressumpOC
prediction were compared Furthermore, the influence ofspectralindicesas additional covariates
in combination with the reflectance composite pixel features on the model performanceswere
evaluated The prediction quality was assessedby established performance and accuracy
measures (R2, root mean squared error RMSE ratio of performance to deviation- RPD and
compared with existing approachesto better understand the advantages / disadvantages of the
developed model setupand database In order to answer RO2, special emphasis was also given to
an independent external validationpased on a datasetot integrated within the model calibration
and validation. From the authors point of view, an additional external validation offers a ew
perspectiveto the understanding of the applicability of SCMaP SRCs for S@adeling.
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RGO3: Optimization of parameters for SRC generation for recurrent assessments of SOC
contents using Landsat datzonsidering the reliability of the selection of exposed soil dates.

The results of RO2 showed a reliable applicability of the SCMaP SRC for $f@@iction of
topsoil croplandsin Bavariaand adjacent regions However, a 36year compositing length can be
too long, especially for monitoring purposesin areaswhere changes are expectedithin a shorter
period of time or to capture retrospective SOC development®ther studies barely give insights
into the impacts of different compositing lengths for SOC determinatigneven though Landsat
offers ahigh (retrospective) monitoring potential due to its long lifetime. This led to thoughts
about the role of the compositing length in general.Also, the influence ofother processing
parameters (e.g., a preselection of scenes, different spectral indices) for bare soil selection are
relevant issues in order to understand their implications on SRC generation and thus on SOC
estimation. Closing this research gagforms an integral part of RO3. In view of maximizing the
understanding of the SRC generation process, the reliabilibf the bare soil dakes identified by the
SCMaPapproach have not been evaluated yet. The question, if the indexcgmbination) used,
correctly extracts the acquisition dates, i.e., fields which are bare, smooth and show dry seilss
not addressed yet In addition to this, a clear separation of NPV and exposed solbly the index
thresholding is an essential part of bare soil compositing approaches. The validation aims to
improve the understanding of bare soil selectionthe separation between NPV and barsoilsand
forms the second focus of RO3.

All analysesaddressing RO3are presented in the third scientific publication and are based on
the findings of the first (index thresholding) and second publication (SOC prediction
methodology). Again, the analyss were conducted for the Federal State of Bavaria and adjacent
regions, even though ndigh temporal SOC changes are expected. The valuable, comprehensive
database and the expert knowledge available were the decisive factdos the decisionhere. First,
bare soil dates determined by the approach are validated against field observations and
information from the local crop calendar, when the fields are likely to be bareand visible from the
satellite. In this context also, the influence of different specttandices for bare soil selection were
discussed. Furthermore the impacts of SRCs composed of thesmectral indices for topsoil SOC
determination were analyzed in the test area Conclusively, the publication indicates which
compositing length andseasonakcomposition allows the most accurate derivation of SOC contents
in terms of (retrospective) monitoring purposes.

Based onthe topics addressedby the three scientific publications, a comprehensive analysis
was conductedto explore the potential of the novelsoil compositing approachSCMaFor long-
term SOC monitoringusing Landsat data In the following chapter, the findings of the analyses
addressing thedifferent ROs are presented and discussed in more detail.
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3. Publications

This cumulative thesis comprises three per-reviewed scientific publications in international
journals. Each publication is dedicated to a RO given in chapterir2 order to answer the scope of
the thesis.Two of the three publications have been published, the third is submitted and currently
under review. The scientific publications are presented in chronological order as this follows the
framework of the thesis. For all papersthe SCMaP approach is the methodological baseline for
the extraction of exposed soil informationln order to answer thescope of the thesisa revision of
the SCMaP methodology (Paper 1), a regional feasibility study of the applicability of SCMaP
exposed soil information for C estimation (Paper Il) followed by a comprehensivealidation of
identified bare soil dates and a analysis regarding an optimization of the parameters for SRC
generationand SOC modelingsing Landsat datgPaper Ill) was conducted.

In the following subsections, the findings ofhe analysis related to the scientific publications
are presentedin detail. Each is introduced by &onciseoverview page, where information about
the journal, the impact factor of the selected journal, the status of the paper, and the contribution
of the author and ceauthors are given.

In addition to the three publications, the author has contributed to research as eauthor in the
following articles, which are (partly) built on findings of the scientific publications

Moller, M., S. Zepp, M. Wiesmeier, H. Gerighausen, U. Heiden2 28ale-Specific Prediction

of Topsoil Organic Carbon Contents Using Terrain Attributes and SCMaP Soil Reflectance
Composites Remote Sensing, 14, 2295.

(AEAATh 58h 08 AG!'TCAlTh 08 3AExET Ah 08 +AO0OIlI OEE.
2022. Soil Reflectance Compositeg Improved Thresholding and Performance Evaluation.

Remote Sensing, 14, 4526.
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3.1. Sientific Publication t The Influence of Vegetation Index Thresholding on-EO
based Assessments of Exposed Soil Masks in Germany between 1984 and 2019

Reference: Zepp, S., M. Jilge, A. Mddlarconcini, U. Heiden, 2021The influence of vegetation
index thresholding on EGbased @&sessments of exposed soil masks in Germany between 1984
and 2019. ISPRS Journal of Photogrammetry and Remote Sensing, 178 (2021)385b.
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Abstract: Knowledge about the spatial and temporal distribution of exposed soils is necessary
for e.g., soil erosion mitigation. Earth Observation (EO) is a valuable data source for detecting
exposed sois on a large scale. In the last couple of years, the multitemporal compositing
technique has been used for the generation of smalled exposed soil composites that overcome
the limitation of temporarily coverage of the soils with vegetation as it is occuing at
agricultural sites. The selection of exposed soil pixels from the stack of multispectral images is
mainly done using spectral reflectance indices such as NDVI, NBR2 and others calculated on a
per-pixel basis. The definition of the thresholds that @ applicable to large areas such as
regions, countries or continents is still a challenge and requires a reliable and robust sampling
data base. In this study, the Soil Composite Mapping Processor (SCMaP) is used to build
exposed soil masks containing afpixels in a given time period showing at least once exposed
soil. For this purpose, a modified vegetation index (PV) based on the NDVI is used to separate
the soils from other land cover (LC) classes by two PV thresholds. The overall goal of this study
is to derive and validate exposed soil masks from mulyear Landsat data stacks for Germany
from 1984 to 2019. The first focus is set on the impact of a newly developed sampling approach
of LC classes such as urban areas, deciduous forests and agricultuiialds that are
automatically derived from Corine Land Cover (CLC) data. The specttamporal behavior of
these LC classes in RMmax index composites show larger variability of the PV values
compared to a manual sampling for selective LC classes sushuaban areas. It reveals that the
threshold definition method previously developed by Rogge et al. (2018) is not robust enough
and the percentile rule used to define the Jfaxthreshold had to be adapted from 0.995 to 0.900.
On the other hand, the samplinglata base has proven to be robust across time and region. The
second focus of the paper is to validate all generated exposed soil masks covering Germany for
seven time periods from 1984 to 2019. A linear correlation analysis was performed comparing
the SMMaP data with surveys from the Federal Statistical Office (Destatis) and the CLC
inventories. The comparison with both datasets showed high regression coefficients (R2 = 0.79
to 0.90) with small regional deviations for areas in the Northern part of GermanyStrong
correlation was found for time periods based on a higher number of cloud free Landsat images
OOAE AO AOTi1 c¢mmm Ol c¢nmmw8 4EEO AAIT1TOOOAOBOAO
exposed soil masks based on an automated sampling and a robust ttneld derivation. To
contribute to soil erosion studies that need information about where and when soils are bare,
accurate exposed soil masks in suitable time periods can be of great value.

Keywords : Soil exposure, Soil reflectance composites, Landsat, Ipectral, Thresholding
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1. Introduction

Soils provide numerous ecosystem services that are essential for human life on Earth (Adhikari
and Hartemink, 2016). Knowledge about the spatial and temporal distribution of exposed soils is
very informative for assessing ecosystem processes and statistical analyses and can serve as a
basis for further soil-related assessments (Lavelle et al., 2014). Natural or anthropogenically
induced soil degradation and erosion affects the quality of ecosystem services (Demadteal.,
2018). In particular, exposed soils that are not covered by vegetation are prone to erosion (Virto
et al., 2015), resulting in a notable amount of soil loss each year (Borelli et al., 2017; Borelli et al.,
2018; SteinhoffKnopp and Burkhard, 2018).In addition to the location and exposition of
uncovered soils (Panagos et al., 2014a; Panagos et al., 2015), the duration of exposure indicates
the vulnerability of an area (Cerdan et al., 2010; Panagos et al., 2014b) to different geofactors, such
as wind (Borelli et al., 2015; Schmidt et al., 2017) or water (Gobin et al., 2004; Steinh&fhopp
and Burkhard, 2018). Thus, information on the spatial and temporal distribution of exposed soils
enables estimations of the vulnerability of a region (Cerdan et aR010; Panagos et al., 2015a) and
can support the assessment of the future availability of sederived ecosystem services (Baude et
al., 2019).

Earth Observation (EO) is a valuable data source for detecting exposed soils. Merging
information from multiple images have been developed as suitable technique for many purposes
such as cloudfreeimages (Hermosilla et al., 2015), crop and land cover (LC) detection (White et
al., 2014; Griffiths et al., 2019; Hansen et al., 2011) and for analyzing foresAglams et al., 2020).

In the last couple of years, the compositing technique has also been used for the generation of
images containing reflectance values of exposed soils (Rogge et al., 2018; Dematt’e et al., 2018;
Diek et al., 2017; Vaudour et al., 2021This is an important step towards subsequent largecale

soil analyses that overcomes the temporarily coverage of soils by vegetation. The selection of
exposed soil pixels from the multitemporal time stack is still a challenge and there are different
solutions tested by previous studies. Loiseau et al. (2019) empirically defined a threshold based
on the Normalized Difference Vegetation Index (NDVI) to select exposed soil pixels. Deraattal.
(2018) used field soil samples spectrally measured in the labatory to define a suitable threshold
based on the NDVI and the Normalized Burn Ratio 2 (NBR) for exposed soil compositing. The
methodology was developed for an areavide automated processing to retrieve soil spectral
reflectances (Geospatial Soil SensingS8em (GEOS3)). Diek et al. (2017) used the Bare Soil Index
(BSI) to build a bare Soil Composite for topsoil characterization of the agricultural areas in
Switzerland. Different indices (NDVI, NBR2, BSI and Soil Surface Moisture Index (S2Wl)),
thresholds and regulations for creating composites were tested and compared by Vaudour et al.
(2021) for two test sites in France. In all these cases, exposed soils can be successfully separated
from photosynthetic active vegetation. Spectral index thresholds are usetlie to their simplicity

and applicability.

A lot of emphasis has been put to cope with the spectral similarity of soils with nen
photosynthetic active vegetation (NPV; Daughtry et al., 2006) such as grasslands (dry condition)
or deciduous forests (leafoff condition). But also crop residuals can have an impact on the soail
pixel purity. The clear spectral separation of NPV and exposed soils is hampered by the limited
spectral resolution of multispectral images in the SWIR region (Asner and Heidebrecht, 2002;
Okin, 2007; Dematt’e et al., 2018; Malec et al., 2015). However, studiesn Dematte et al. (2018)
and Rogge et al. (2018) have shown that this influence can be minimized. Dematté et al. (2018)
have tested different NBR2 values in order to minimize the influence of NPV in the soils spectra
that especially are traced back to sibbles and crop residuals. They concluded that the results can
be improved, if longer time ranges are considered that allows for a stricter threshold and thus,
purer bare soil pixels in the soil mask. Rogge et al. (2018) developments have focused on arelea
separation from grasslands and leabff conditions of deciduous forests. The developed technique
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uses the change of agricultural fields from soil exposure to vegetation coverage to derive two
spectral indexbased thresholds. The definition of these thesholds is based on LC classes derived
from CORINE Land Cover (CLC) data sets that do not change in the observation period. Thus, the
spectral-temporal behavior of urban areas, deciduous trees and agricultural fields are analyzed to
set the thresholds. Thee thresholds are applied to first, separate exposed soils from permanently
photosynthetic active vegetation and second, to distinguish between exposed soils and
permanently non-vegetated areas such as urban areas, water and mine sites. In the result, area
with a changing cover and an index value lower than a previously defined threshold are selected
as exposed soils (exposed soil mask) and averaged (mean) into a soil reflectance composite. The
advantage of this technique is that no further ancillary dat&s necessary to separate exposed soils
from other LC classes such as forests and urban areas (e.g. Diek et al., 2017).

CLC are selected for the derivation of thresholds because it is Europeaide available and
thus, has the potential to derive thresholdsuitable for continental processing. However, sampling
of CLC pixels in Rogge et al. (2018) has been done manually, which is very time consuming and a
pixel selection might not represent the spectral and spatial variability of the LC. For countwyide
and continental mappings of exposed soils, automated sampling strategies are needed that first,
can help to handle regional differences of LC dynamics (Ying et al., 2017) represented in
multispectral satellite data and second, allows for repeated derivation dhresholds in order to
analyze their stability across time. The influence of these parameters is not yet fully understood
or analyzed. For operational processors such as SCMaP and GEOS3, it is important to know the
effect of different threshold settings b optimize operational processors and find the best solution
for the regions of interest.

The overall goal of this study is to derive and validate masks that contain exposed soil pixels
from multi -year Landsat data stacks for Germany from 1984 to 2019. Fine exposed soil masks,
it is important to clearly separate grasslands in dry conditions and deciduous trees as examples
for NPV from exposed soils. The first focus is set on the impact of the sampling strategy to derive
spectral index thresholds. We usé&SCMaP for the detection of exposed soils that require two
spectral index thresholds and we also used the concept of threshold definition based on percentile
rules. For the definition of the threshold, this paper presents a new and fully automated sampling
strategy. In order to analyze the impact of the sampling scheme, we compared the results of the
automated sampling with the manual sampling (Rogge et al., 2018) by comparing the spatial
temporal behavior of the LC classes. Further, selection criteria suel the number of samples and
the repeatability of the results are analyzed. We also tested, if the threshold definition rule that is
used in Rogge et al. (2018) is still applicable. Therefore, the impact of the new sampling data base
on the resulting expsed soil masks is analyzed. We select the best approach for deriving seven
exposed soil masks for entire Germany for different time periods ranging between 1984 and 2019.

The second focus of the paper is to validate all exposed soil masks covering Germmmyall
time periods. For this objective, the selection of suitable and independent data sets that contain
country-wide repeated statistics is essential. In Germany and regions with similar climate
conditions, exposed soils are rare and occur predominartlin agricultural areas. The pixels that
SCMaP is collecting for the exposed soil masks are characterized by a change from vegetated to
non-vegetated condition. The majority of these pixels are occurring on agricultural sites. All other
permanently vegetated and permanently nonvegetated areas are neglected. Therefore, we used
two independent data sets that contain information on the coverage of agricultural areas at
different time steps. The Federal Statistical Office (Destatis) collects statistical datagarding
agricultural areas and crop types in Germany on a regular basis (Destatis, 2017). However,
determining the methods used for the data collection is in the responsibility of each federal state
and might result in regional differences. For that purpse and for future continental processing,
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we additionally used the agricultural classes of the CLC surveys for the validation of exposed soll
masks. Both data sets have their pros and cons and validation results are shown.

2. Study area

Germany stretchesover an area of 357,095 km2, of which 47% is used for agricultural
purposes (Destatis, 2020a). These areas are split into permanent grassland (14%) and cropland
(33%). In order to discuss the regional differences of the developments in this study, a brief
introduction to the characteristics of the federal states of Germany is necessary. Intensively used
arable land is the dominant land use in the federal states of Schleswhtplstein (41%), Lower
Saxony (39%), North Rhine Westphalia (31%), Brandenburg (35%)Mecklenburg-Western
Pomerania (47%), Saxony (39%), Saxongnhalt (49%) and Thuringia (38%) (Destatis, 2020a;
Destatis, 2020b). The federal states of Schleswig Holstein (22%), Lower Saxony (15%), Bremen
(17%) and Saarland (16%) show a higher portion of pananent grasslands compared to the areas
in the state. In particular, northern Germany is primarily covered by permanent grasslands.

The investigation area of Germany is covered by three bigeographical regions (EEA, 2016).
These biegeographical regionswere developed by the European Environmental Agency (EEA)
and represent similar biodiversity and biological structures based on comparable vegetation and
climatic conditions (EEA, 2016). All of Europe consists of eleven regions, which are defined
geographical reference units for characterizing the habitat types and species present in different
countries (EEA, 2020). Germany is mainly covered by the continental bgeographical region
(Fig. 3.11). Small portions in northwestern Germany are associated withhe atlantic bio
geographical region, whereas the high mountainous areas in southern Germany are classified as
an alpine biogeographical region (EEA, 2016).

Multiple analyses on the influence of thresholding on the derivation of the exposed soil masks
shown in this study are performed for five subportions of the study area (Fig.11). The test areas
were selected to cover all three biegeographical regions and land cover/land use types in
Germany.

3. Methods and data
3.1 Using SCMaP for mapping soil eagure

SCMaP is used to build exposed soil masks containing all pixels in a given time period showing
at least once exposed soil. For this purpose, a modified vegetation index (PV) (Rogge et al., 2018),
based on the NDVI (Rouse et al.,, 1974), is used to aggte the soils from other LC classes:
PV = ((NIR- RED)/(NIR + RED)/((NIR - BLUE)/(NIR + BLUE)). Although authors have tested
different indices for detecting bare soils such as BSI (e.g. Diek et al., 2017), combinations of NDVI
and NBR2 (Dematté et al.,®.8; Dematt'e et al., 2020), NBR2 and soil moisture indices (Vaudour
etal., 2021) or NDVI and Normalized Difference Builtup Index (NDBI) (Ying et al., 2017), we retain
the PV index for this study in order to compare the results of the manual sampling wittihe
automated sampling strategy. It is further important to remark that for the purpose of this study,
the focus is not on selecting the purest soil pixels, but on creating an exposed soil mask that
correspond to agricultural areas with changing covers ahexcludes all grasslands and deciduous
forests.

To extract the exposed soil pixels, two composites containing the minimum (R¥) and the
maximum PV index (PWMax) per pixel are generated for a given time frame. Using the spatial and
temporal behavior ofthe PV index values, two thresholds (fin and Tmax) are defined to distinguish

18



Scientific Publication |

the exposed soil areas from all other LC classes (F&12) to build the exposed soil mask. The
determination of the thresholds is based on different LC classes (Fi§.12a). Exposed soils
(referred to as fields) and urban surfaces show the lowest PV values in the f2Mcomposite but
also overlap with nonphotosynthetic active vegetation (e.g., stubble on fields), dry grassland and
deciduous forests. In the PMax composite, sdls are covered with vegetation, showing an overlap
with forests and grasslands, and can be clearly separated from urban surfaces and areas showing
permanent low vegetation indices, such as water. Therefore, the minimum threshold ) is to
separate urban surfaces and exposed soils from grassland, deciduous forests coniferous forests
and water. The maximum threshold (ha) is set to distinguish the soils covered by vegetation
from urban materials and water. By applying hin and Tmax thresholds to the PVhin and PVhax
composites, two masks are generated. The intersection of the two masks results in the exposed
soil mask.
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Figure 3.1.1 Coverage of the three bigeographical regions in Germany and the location of the five testaare
(BRE- Bremen, BRABrandenburg, HAL Halle, MAI- Mainz, BA\: Bavaria).

As Rogge et al. (2018) demonstrated in detail, the lower 0.005 percentile of the deciduous
forests defining Tmin (Fig. 3.12b) and the upper 0.995 percentile of the class urbaare used to
separate soils from all other LC classes (Fi§.12c). These points are selected to avoid as many
false positives as possible.
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Figure 3.12: P\min and P\haxcCharacteristics of a) six LC types for the study area, b) the behavior of exposed
soils (referred to as LC vlass fields) and LC class deciduous trees to defia@d c) the behavior of fields and
urban areas to define fax.

3.2 Data preparation
3.2.1 Landsat data base preparation

The Landsat database used in this study is built from reprocessed LandghiM, Landsat ETM
5, Landsat7 ETM+, and Landsa8 OLI collection data sets provided by the USGS (Dwyer e al.
2018) for all path/row combinations covering Germany (paths 192 to 197, rows 22 to 27)
between 1984 and 2019. The images were downloaded from the Google Archive in 2018 and
2019. All scenes available in the LevelC processing state flagged with the highest correction level
L1TP (calibration and orthorectification based on ground control points and digital elevation
model data to correct for relief displacements (USGS, 2020)) were downloaded. A total of 17,852
pre-processed Landsat images are used in this study (Tal3el 1). SCMaP is applito seven time
periods from 1984 to 2019 each making use of five years of data. However, the first time period
contains six years (198489).

For the seven composite periods, all available scenes per time period of the different sensors
are combined. Themerging of Landsat4 TM,-5 ETM and-7 ETM+ images is a weléstablished
method (Claverie et al., n2015; Kovalskyy and Roy, 2013; Teillet et al., 2001). For the time period
of 2015719, scenes from Landsa? ETM+ and-8 OLI were combined, even though the edyvalent
bands for the calculation of the PV index of the two sensors contained slightly different
wavelength ranges (Chastain et al., 2019). However, several studies have shown a minor to
negligible influence resulting from merging the different wavelengt ranges of LandsaZ7 ETM+
and -8 OLI bands (Langford, 2015;Xu and Guo 2014; Zhu et al., 2016; Roy et al., 2016; Holden and
Woodcock 2016; Flood 2014). Based on these findings, the Land§aETM+ and LandsaB OLI
data were merged as input to the SCMaP pressing chain and were not separated for the
generation of the 201519 composite.

For this study, Landsat collection data were used instead of the former Landsat peellection
data, as the Landsat rgprocessed data sets provided a higher data quality (ki al., 2018; Wulder
et al., 2019) and showed fewer artifacts in direct comparison.

Several preprocessing steps were applied to the Landsat path/row scenes. The FMask
algorithm (Zhu and Woodcock 2012; Zhu et al., 2015)detected and removed clouds, cloud
shadows and pixels that were covered by snow. An atmospheric correction was applied to all
scenes using Atmospheric Topographic Correction (ATCOR) software for satellite imagery
(Richter and Schiipfer, 2014; Richter 2010; Richter et al., 2006). Saturatedxels in urban areas
and water bodies were identified and eliminated. Furthermore, manual filtering was performed
to identify large-scale data artifacts as detector striping effects. The manually flagged path/row
scenes (approximately 330 scenes) were exalled from the database. In particular, large artifacts
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covering a whole scene can substantially affect the SCMaP output, as the processor occasionally
includes affected pixels in the exposed soil mask. Finally, the database was reorganizedUny11U
geogaphical tiles. For this purpose, lists of all intersecting path/row scenes per tile were
generated and used by SCMaP for achieving efficient data handling and processing benefits.

Table3.1.1: Overview of the number @re-processed Landsat scenes available for all fixgar time periods in
the investigation area between 1984 and 2019.

time period Landsat-4 TM  Landsat-5 ETM LaE;j_iﬂai-? Landsat-8 OLI total
1984-89 85 1,772 - - 1,857
1990-94 143 2,030 - - 2,173
1995-99 - 1,986 211 - 2,197
2000-04 - 1,612 1,421 - 3,033
2005-09 - 1,946 1,154 - 3,100
2010-14 - 644 1,547 460 2,681
2015-19 - - 1,319 1,982 3,301

1984-2019 228 9,990 5,652 2,472 18,342

3.2.2 Data preparation for automated sampling

Threshold determination requires the identification of known regions with no LC change over
the observed time frame. For this purpose, temporarily stable LC areas without transition to other
LC classes, preferably for the total investigation period (sinc&984), are needed. The CORINE
Land Cover (CLC) data set (EEA, 2007) is a European data set containing repeated LC surveys that
is provided by the EEA. To identify the stable areas, all available CLC layers and CLC change layers
in vector format were downloaded (https://land.copernicus.eu/pan-european/corine-land-
cover) and underwent several preprocessing steps (Fig3.1.3b).
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Figure 3.13: Workflow for preparation of the LC data for the required threshold determination for SCMaP: a)
summarized CLC classeaised to build theime LC classes for the automated selection of stable LC pixels; b)
deviation of randomly selected stable CLC pixels; and c) subsequent threshold determination using regional
settings per processing area (described in Section 3.3).
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In a first step, the CLC classes that also contain land use components are reorganized and
generalized to ensure that the resulting areas can be clearly assigned to a specific LC. The CLC data
set consist of classes with different levels of detail. Fi.1.3a shows the summarized CLC
subclasses for the subsequent threshold derivation (Section 3.3). In addition, the CLC change
layers containing the information regarding the transition of one LC class to another between two
classification periods was subtractedirom the data set. The reclassified and cleaned data sets
were rasterized to the Landsat spatial resolution of 30 m. The removal of single pixels as well as a
reduction of direct border pixels of individual class clusters was performed twice in order to
exclude edge effects. To remove them, a three by three pixel moving window was used to analyze
the relationships in a pixel neighborhood following von Neumann criteria (Toffoli and Margolous,
1987). Finally, the resulting stable and cleaned data set contaihs pixels that did not change
between 1990 and 2018 and are therefore called stable.

The threshold determination is built on randomly selected, automatically extracted stable CLC
pixels based on different regional settings (Fid3.1.3c), and is describedn Section 3.3.

3.2.3 Validation data sets

For the validation of the exposed soil masks for Germany generated by SCMaP, a countde
data set is needed that can be assigned to exposed soils. Following the philosophy of SCMaP that
is only extracting those exposed soil pixels that additionally shoa change to vegetated condition
in the observation time, a data set containing agricultural areas is needed. For Germany, the
statistical federal agency Destatis provides several surveys containing, for instance, the spatial
size of agricultural areas inGermany per federal state and per county. These data sets are available
for the years 1999, 2001, 2003, 2007, 2005, 2010 and 2016 (Destatis, 2020a; Destatis, 2020b).
The general agricultural structure survey and agricultural census data sets were downloadle
from the regional statistical database provided online by Destatis
(https://www.regionalstatistik.de/genesis/online/logon). The surveys contain the number of
farms and combined of agricultural area of common crop types, including grasslands in Germany
per federal state and county. Because SCMaP is applied to an optical multispectral remote sensing
database itis not possible todetect soils underneath permanent vegetation, the proportion of
grasslands was excluded from the Destatis agriculture statistical analysis. All spatial information
was converted to the percent coverage of agricultural area per federal state and per counsing
the size of each state and county provided by Destatis (2018). As the SCMaP time periods of 2000
04 and 2005709 contain two Destatis data sets each, the two respective statistics were averaged.
For the states Berlin, Bremen, Hamburg and Mecklenburg &stern Pomerania (Fig.3.1.1), no
statistical data were available for any given time step. For the federal state of Saxony, data for a
subset of the administrative districts were available.

The second validation data set used was the CLC inventories 0909 2000, 2006, 2012 and
2018 provided by the EEA (EEA, 2007). The data sets were downloaded as vector files for Europe
(https://land.copernicus.eu/pan -european/corine-land-cover), clipped to the extent of Germany,
re-projected, resampled to the spatial reolution of the soil mask (30 m by 30 m) and saved as
raster files. For validating the spatial distribution of the exposed soil masks in Germany extracted
by SCMaP, the agricultural classes were of interest. The LC classesinogated arable land (2.1.1)
and permanently irrigated land (2.1.2) were extracted from the whole data set and summarized
as the input for validation. For better comparability of the validation results to the Destatis survey,
the percent coverage of the agricultural areas in the Cldata sets was also calculated per county
and federal state.
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3.3 Automated sampling and threshold derivation

Thresholds are necessary to separate exposed soils from all other LC classes. The objective is
to derive thresholds that are applicable to the ente area of Germany. Therefore, a training data
set that can be derived from the CLC mapping is needed, as described in Section 3.2.2. For this
purpose, a new technique was developed that randomly selects CLC pixels that are stable over a
long time period (Section 3.2.2) and then applied to the Landsat database (Section 3.2.1).

Originally, the threshold determination was based on the behavior of RM and PVhax of the
manually selected LC pixels for the five test areas covering the spatial differences asr@ermany
(see Rogge et al., 2018). The manual selection of LC pixels is a toursuming step, which needs
to be repeated for every processed region. Furthermore, the manual selection process can be
influenced by the user. To overcome these limitations,neautomated and random selection of LC
pixels based on stable CLC pixels was developed. The stability of the new approach was tested via
an in-depth comparison with the manual determination approach, and an analysis of the influence
of the randomized seletion procedure on the derivation of the thresholds was performed.

Due to the automated nature of the pixel selection procedure, several settings were tested to
assess the performance of the new technique (Fig11.3c). In this method, the area (tiles, coutries,
geographic regions, etc.), the LC classes (different amounts and composition of LC classes), the
time steps, and the number of pixels per class can be selected individually, and enabling the
assessment of the influence of these settings on the ttalgolds and the resulting exposed soll
masks. To compare the random selection method with the manual selection method, the same
regional settings were chosen. For this purpose, pixels were selected from the same five tiles
covering Germany (Fig3.1.1). A total of 5,000 stable CLC pixels per class and tile were selected
using a random selection approach to avoid biased manual selection and a clustered distribution
to ensure that all expressions of a land use class were recordeer region.

To determine theinfluence of the random selection approach on the thresholds, the temporal
behavior of the LC classes needed to be analyzed in the first step. Therefore, the randomly selected
PVininmax pixel values for the LC classes urban, deciduous trees and fields (guenably exposed
soils), which are used to determine the thresholds, are shown in a histogram and compared to the
PVminmax Values derived from the manual selection approach.

Based on the PMwmax pixel values, the thresholds were defined. The defined thsholds based
on manually selected LC pixels are referred to as TiMmax and were compared with the thresholds
derived from the random selection approach (TAivmax). In the first step, the applicability of the
established percentiles for defining TAiwmax Was investigated. Furthermore, TAiwmax Were
compared to the original sets of TMiwmax for all tiles (2000z04; period with the largest overlap of
data between Landsats TM and-7 ETM+ and a minimum SCL failure of Landsa@ETM+) and all
time steps ofthe Bavarian tile to investigate the spatial and temporal stability of the random
selection approach. To estimate the influence of the random selection approach, ten sets of stable
pixels per LC class (5,000 per LC class) for all tiles (200@4) were seleded. The influence of the
TAnminmax ON the different sets of randomly selected pixels was investigated. Additionally, the
absolute number of random stable pixels per class was altered. The influence of fewer (2,500) and
more (10,000) stable pixels per clas was investigated. Therefore, the TAwmax Of ten sets of
different numbers of randomly stable pixels per class for the Bavarian test tile (20Q04) were
derived and compared.
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3.4 Validation of the exposed soil masks in Germany

The processing of the SCMaP exposed soil masks (Section 3.1) was performed by applying the
averaged TAvinmax Of all five test areas (200Q04) (Section 3.3) to all tiles in Germany for the seven
time periods. The validation of the spatial and temporal distbution of the extracted exposed soil
masks was performed using the two data sets described in Section 3.2.3. The five prepared
Destatis and CLC data sets were compared to the exposed soil masks for the time period
containing the year in which each surveywas conducted. To compare the validation
data set and the mask, the coverage of the exposed soils extracted by SCMaP, expressed as percent,
was calculated per federal state and county for each time step. To validate the spatial distribution
of the exposedsoil masks provided by SCMaP, a linear correlation analysis between the coverages
of the exposed soil masks extracted by SCMaP and the agricultural areas provided by the Destatis
statistics as well as the CLC data sets was explored for all 16 German fetlstates and at the
county level. The comparison was evaluated by calculating the correlation coefficients (R?) and
root mean squared errors (RMSE) for each comparison to estimate the potential of SCMaP to build
exposed soil masks for Germany based on tinew thresholding method.

4. Results
4.1 Index thresholding

In Fig.3.14, the frequencies of the summarized RMvmax pixel values for the LC classes urban,
fields and deciduous trees from all tiles comparing the manual and random pixel selection
approaches are visualized, as these classes are relevant for the derivation of thresholds. ForRV
the distributions are similar, excluding the LC class urban. Here, a clear shift of the maximum and
a higher variability of PViin values are visible. However, th shift of the class does not influence
the determination of the TAwin as the LC class urban is not used to determine FA Comparing
the PViax, the LC class shows a shifted and diversified distribution of values. The distribution of
the LC classes decicws trees and fields are less extreme and narrower than that of the manually
selected pixels. Excluding the LC class urban, the2Wax Of the automated selected pixels shows
a higher variance and standard deviation, whereas the median is similar. Theifstand differing
distribution of the PVnax0f the LC class urban indicates an adaption of the point at which the A
has to be set to realize the separation between soils and other LC classes.
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Figure 3.14: Histogram of the PWimmax frequencies summarized for all five test tiles comparing manual
(dashed line) and random, automated (solid line) selected LC class pixels for the time step02000

The behavior of the LC classes urban and deciduous trees is used for the determination of
TAnminmax (ROgge et al., 2018). Comparing the scatterplots of the RVmax values of the manually
(Fig.3.15a) and randomly (Fig.3.15b) selected LC pixels, a lower clustering tendency of the data
is visible. Mainly, the randomly selected pixel clusteof the LC class urban is not as selective
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compared to the manually selected pixel cluster. As mentioned, originally, the 0.995 percentile of
the class urban was used to define the Th«. Applying the 0.995 percentile to the automatically
sampled pixels extudes almost half of the data cloud from fields and this, seems to be too high.
Fig.3.15b shows that in the resulting exposed soil mask, a significant number of pixels is missing
compared to the original exposed soil mask generated based on the manuaingding (Fig.3.15a).
Therefore, an adjustment of the percentile to set the T« is required due to the less clustered
distribution and the less selective behavior of the LC class urban (FBj15b). For this purpose, a
test has been designed by varyinthe TAnafrom 0.995 to 0.89 for the exposed soil mask building.
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Figure 3.15: PVminmax pixel values for different LC classes comparing a) manual and b) randomly selected LC
pixels and the derivation of TMixand TAnaxusing the 0.995 percentile of the manually and randomly slected
pixels of the LC class urban.
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Figure 3.16: Influence of dferent percentiles on TAaxand the percentage coverage of exposed soil masks in
comparison to TMaxshown for the time period 200@4 for an area near Aschersleben.
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Fig. 3.1.6 shows the result of this test for an area surrounding Aschersleben (withinghest
region HAL) in which different percentiles for the derivation of TAaxhave been applied to the
PVhinmax cOmpaosites (time period 200¢04). Based on CLC, approximately 78% of the land surface
is covered by agricultural fields in the selectedegion. When using the TMax value, 71% of the
area is included in the exposed soil mask. Setting the FAat 0.995 results in a coverage of 36.6%
in the same area. Using different TAx values based on varying percentiles, the reduction in the
percentiles used for setting the TAa value resulted in an increase in the soil exposure mask
saturating at the 0.94 percentile (TAax = 1.723) (Fig. 3.1.7). As Fig. 3.1.6 shows, a percentile of
0.90 for the LC class urban is used to define T4, and the resultingsoil exposure is 71.3%, which
is comparable to the soil exposure (71%) defined by TMx.
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Figure 3.1.7: Varying soil exposure [%] determined for different percentiles to set thendkAor an area
around Aschersleben.

Following the selection of the percentile to be used in the definition of Twmax, Table3.12
displays all TAninmax Values and comparisons them to the TMmin/max used across the different
test areas for the time period of 200@04 and for all time stepsin the Bavarian tile. The TAin/ max
values for all areas are similar to the TiMwmax Values. Additionally, the averaged thresholds across
the test areas fall within a similar range. The standard deviations across the test areas ofnhfax
in comparisonto TMminmax are slightly lower. For the different time steps of the Bavarian tile, the
TAninmax Values are also similar to the TMinmax Values, reporting low standard deviations (STDs).

Table3.12: TAminmax in comparison toT Mminmax for all investigation areas (200604) and across time (only
for Bavaria).

tile (time step) TMmin TMmax TAmin TAmax
BRE (200604) 0.896 1.831 0.866 1.795
MAI (2000-04) 0.803 1.675 0.823 1.635
HAL (2000-04) 0.836 1.762 0.844 1.666
BRA(2000-04) 0.861 1.467 0.827 1.701
BAV (2000-04) 0.758 1.749 0.744 1.685
average (areas z 2000-04) 0.831 1.697 0.821 1.696
STD (areasz 2000-04) 0.053 0.140 0.046 0.060
BAV (1984-89) 0.758 1.738 0.762 1.733
BAV (1990-94) 0.722 1.757 0.748 1.724
BAV (199599) 0.744 1.741 0.767 1.724
BAV (2005-09) 0.741 1.795 0.779 1.713
BAV (2010-14) 0.794 1.763 0.756 1.702
BAV (201519) 0.818 1.741 0.815 1.709
average (BAV z time) 0.762 1.755 0.767 1.713
STD (BAVZztime) 0.033 0.020 0.024 0.016
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Additionally, the reliability of the automated random selection of the stable LC pixels was
investigated. The influence of the spatial distribution of the 5,000 randomly selected pixels was
found to be minor though a comparison of ten sets of derived thréslds based on different sets
of random stable pixels across the five test areas (Fig.18a and b). The ten sets of thresholds of
each test area show few differences, which are evidenced by low standard deviations (0.002 to
0.005).
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Figure 3.18: TAmin/max Variability across ten sets of randomly selected stable pixels for all test areas (2200
(a, b) and based on a different number of randomly selected stable pixels per LC class, extracted for the
Bavarian tile (2006:04) (c,d).

In addition to the spatial distribution of the random stable pixels, the influence of the total
number of selected pixels on the determination of the thresholds was analyzed. Hence, ten sets of
determined thresholds based on 5,000 randomly selected stablpixels per LC class were
investigated and further compared to ten sets of 2,500 and 10,000 randomly selected stable pixels
in the test area of Bavaria (Fig3.18c and d). Overall, low standard deviations are observed (0.02
to 0.003), and the determined TAax varies slightly (Fig.3.18c).

Due to the temporal and spatial stability of the defined thresholds and the statistically
significant small influence of the location and number of random stable pixels, the presented
derivation of the thresholdswas found to be suitable for further processing steps.

4.2 Application of new thresholds

The five sets of thresholds derived for the five test areas are averaged to one set of global
thresholds, resulting in a TAwn 0f 0.831 and a TAax0f 1.697. Both thresholdswere applied to all
tiles in Germany to produce the exposed soil masks for all seven time periods.

27



Scientific Publication |

6.0°E 7.0°E 8.0°E 9.0°E 10.0°E 11.0°E 12.0°E 13.0°E 14.0°E 15.0°E
55.0°N 4
54.0°N 4
53.0°N 4
52.0°N 4
51.0°N 4
50.0°N 4
49.0°N 4
48.0°N | [ soil exposure | 45.0on
m permanent
vegetation
0 s0 - permanent no
~ ) . vegetation
6.0°E 7.0°E 8.0°E 9.0°E 10.0°E 11.0°E 12.0°E 13.0°E 14.0°E 15.0°E

Figure3.19: Generic LC classification for the study area showing pixels with soil exposure (yellow), permanent
vegetation (green) ancgermanent no vegetation (gray) derived from 20004. The five test areas are marked.
(For interpretation of the references to color in this figure legend, the reader is referred to the web version of
this article.)
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Figure 3.1.10: Detail of the generic land use classification showing the temporal development between 1984
and 2014 of a mainly urbanized area in the west of the city of Munich within BAV (upper row) and the temporal
development of two mining areas (Etzweiler and Garzveg) near Juelich (bottom row).
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These soil exposure masks contain pixels that show at least once exposed soil in the given time
period. In addition, SCMaP provides two further binary masks per period containing the areas
showing permanently low PV indiceswhich comprise urban areas, infrastructure, bare rocks and
water bodies. In addition, a mask is generated in areas that show permanently high PV indices
representing areas with permanent vegetation (e.g., grassland or coniferous trees). The
combination ofthe three masks generates a generic LC classification of the investigation area (Fig.
3.1.9).

Since the soil mask is available for several time steps between 1984 and 2019, changes in the
spatial soil cover can be detected. Fig. 3.1.10 (upper row) showee temporal development of an
area in western Munich (within the test region BAV). Here, areas with permanently low vegetation
indices, which include the expansion of the city of Munich and the expansion of infrastructure, are
increasing. Due to the expasion of Munich, a decrease in the area with exposed soils in the shown
region is observed. Most agricultural areas have been transformed into settlement areas. The
southern part is dominated by forests, where, in the early 1990s, a thunderstorm event degsted
large portions, mainly in the southwest of Munich. The deforestation shows recovery in the
subsequent time periods up until 2014. Here, the exposed soil areas gradually fill with permanent
vegetation.

The bottom row of Fig. 3.1.10 shows the development of two mining (Etzweiler and
Garzweiler) near the city of Juelich in northeastern Germany. A spatial shift in the mining areas to
different local regions can be seen. In addition to the spatial shift, paial expansion of the mining
sites had resulted in a decreasing agricultural area around the sites was found to be suitable for
further processing steps.

Table 3.1.3: Correlation coefficients comparing the exposed soil masks deieed by SCMaP to the
agricultural areas provided by the statistical surveys by Destatis for allF®leralSates of Germany. However,
some states were not included in the statistical survey due to missing data.

agricultural 1995-99/ 2000-04/ 2005-09/ 2010-14/ 2015-19/
Federal state

area [%] 1999 2001/03 2005/07 2010 2019
BadenWuerttemberg 22.69 0.85 0.97 0.95 0.94 0.96
Bavaria 30.70 0.93 0.94 0.92 0.88 0.93
Berlin 8.58 - - - - -
Brandenburg 39.02 0.88 0.95 0.92 0.85 0.95
Bremen 8.62 - - - - -
Hamburg 6.61 - - - - -
Hesse 22.78 0.82 0.92 0.92 0.87 0.95
Mecklenburg-Western Pomerania 62.43 - - - - 0.94
Lower Saxony 37.95 0.68 0.78 0.66 0.70 0.59
North Rhine-Westphalia 27.39 0.90 0.95 0.94 0.93 0.92
Rhineland-Palatinate 27.27 0.93 0.94 0.93 0.90 0.91
Saarland 14.30 0.80 0.91 0.86 0.82 0.94
Saxony 49.23 0.81 - - - -
SaxonyAnhalt 60.26 0.84 0.88 0.92 0.91 0.91
SchleswigHolstein 36.39 0.82 0.86 0.90 0.90 0.94
Thuringia 48.75 0.93 0.93 0.93 0.91 0.94
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4.3 Validation of theexposed soil masks determined by SCMaP

The spatial and temporal distribution of exposed soil masks across Germany at several time
steps is first validated according to Destatis statistics. The correlation coefficients (R2) of the
comparison for all 16 Gernan federal states are shown in Table 3.1.3. Overall, high R2 for all time
steps and states can be derived. The lowest R2 values are detected in the Lower Saxony state (0.59
to 0.78). Here, the agricultural area covers 37.95% of the total state. The high&& values are
reported in the states of BadeANuerttemberg (0.85 to 0.97), North RhineWestphalia (0.90 to
0.95) and RhinelandPalatinate (0.90 to 0.94). For the states with a high amount of used
agricultural area (Brandenburg, Saxony, Schleswig Holsteiand Thuringia), the correlation
coefficients are higher than 0.82 (Schleswig HolsteipSCMaP: 199%99/Destatis: 1999) per time
step. As described above, the Destatis survey does not include all federal states as it does for the
city states; no data are aailable for Mecklenburg Western Pomerania and parts of Saxony.

Table3.14: R2 based on a comparison between the exposed soil masks derived by SCMaP and agricultural areas
of the CLC data inomparisonto the total amount of agricultural areas per stats.

agricultural 1990-94/ 2000-04/ 2005-09/ 2010-14/ 2015-19/
Federal state

area [%] 1990 2000 2006 2012 2018
BadenWuerttemberg 22.69 0.91 0.92 0.91 0.94 0.97
Bavaria 30.70 0.85 0.90 0.86 0.90 0.84
Berlin 8.58 - - -
Brandenburg 39.02 0.80 0.92 0.94 0.91 0.97
Bremen 8.62 - - -
Hamburg 6.61 - - -
Hesse 22.78 0.82 0.95 0.93 0.92 0.97
Mecklenburg-Western Pomerania 62.43 0.91 0.96 0.94 0.92 0.99
Lower Saxony 37.95 0.68 0.86 0.79 0.75 0.61
North Rhine-Westphalia 27.39 0.84 0.92 0.91 0.91 0.90
Rhineland-Palatinate 27.27 0.90 0.95 0.92 0.94 0.93
Saarland 14.30 0.85 0.88 0.90 0.95 0.99
Saxony 49.23 0.90 0.95 0.96 0.93 0.84
SaxonyAnhalt 60.26 0.86 0.95 0.96 0.97 0.95
SchleswigHolstein 36.39 0.90 0.65 0.94 0.92 0.80
Thuringia 48.75 0.91 0.96 0.96 0.96 0.94

Additionally, the comparison between the exposed soil masks determined by SCMaP and the
agricultural areas provided by CLC data sets show high R2 values for each time step (Table 3.1.4).
Comparing all federal states, the lowest correlation coefficients areported for the state of Lower
Saxony (0.61 to 0.86), as described for the validation with the Destatis data, whereas the highest
correlation coefficients can be found for BadeiWuerttemberg (0.91 to 0.97), Mecklenburg
Western Pomerania (0.91 to 0.97) ad RhinelandPalatinate (0.90 to 0.95). In contrast to the
correlation of the exposed soil masks provided by SCMaP and the Destatis data, the state North
Rhine Westphalia shows lower R2 (0.84 to 0.92) comparing SCMaP and CLC. Overall, the states
show similar R2 when comparing to the correlation of the SCMaP and Destatis data. For the states
with a large amount of agricultural area (i.e., the states of Brandenburg, Mecklenbtivgestern
Pomerania, Saxony, Schleswig Holstein and Thuringia), the correlation caefnts are higher
than 0.80 (Schleswig Holsteirg SCMaP: 199%599/Destatis: 1990) for all compared time steps. The
high R2 indicate high potential for the determination of exposed soil masks over time in
agricultural areas.
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Figure 3.1.11: Regression between exposed soil masks identified by SCMaP and the agricultural areas based on
Destatis at the county level for Germany.

In addition to the correlation per federal state, a comparison at the county level was conducted.
High R2 values and IowRMSE values (Fig. 3.1.11) demonstrate that SCMaP captures the exposed
soil masks in Germany well. For all time periods, high correlations between the percentage
proportion of SCMaP exposed soil masks and the agricultural areas provided by statistical seys
of Destatis are identified. The highest correlation can be found for the SCMaP time period 2900
04 (R2 = 0.88) compared to the respective averaged Destatis data sets of 2001/03, whereas the
SCMaP time period 199899 shows the lowest correlation (R2 = (B2) compared to the
corresponding Destatis data set from 1999. Although the general correlation is high, there is a
minor systematic underestimation of the higher soil exposure values in all analyzed time periods
(Fig. 3.1.112).

Moreover, a linear correldion analysis comparing the percentage of exposed soil masks per
county derived by SCMaP to the percentage of agricultural areas provided by the CLC data sets
was performed. The results show a strong correlation between the tested data sets (Fig. 3.1.12).
The highest correlation is reported for the SCMaP periods of 20004 and 200509 to the CLC
data sets of 2000 (R2 = 0.89) and 2006 (R2 = 0.88), respectively. The weakest correlation can be
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found for the SCMaP time period of 19994 when compared with the €C data set from 1990 (R2
= 0.80). Overall, low RMSE values are observed.
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Figure 3.1.12: Regression between exposed soil masks extracted by SCMaP and the agricultural used areas
based on CLC data for all counties in Germany.

Fig. 3.1.13 shows the variability between the differences in the percentages of exposed soll
masks extracted by SCMaP and the portion of agricultural areas provided by the validation data
sets for all counties and compared time steps. Comparing the expossail masks extracted by
SCMaP to the agricultural areas based on the Destatis surveys, a deviation to the mean, ranging on
average between- 1.46% (SCMaP: 200809/Destatis: 2007) and +1.43% (SCMaP: 20Q0
04/Destatis: 2001/03), is detected. However, the rage of 50% of the counties varies between +
5.04% (SCMaP: 200g09/Destatis: 2007) and + 7.38% (SCMaP: 19999/Destatis: 1999).
Excluding the outliers, there is a small absolute difference between the percentage of agricultural
areas documented by the Dest#é surveys and the exposed soil masks derived by SCMaP. The
differences between the percentages of exposed soil masks extracted by SCMaP and the CLC
derived agricultural areas show a slightly stronger underestimation, ranging between 5.61%
(SCMaP: 2005/CC: 2006) and- 2.90% (SCMaP: 200g04/CLC: 2000). Excluding the outliers, the
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range of 50% of the counties varies between * 5.63% (SCMaP: 2009/CLC: 2006) and + 3.42%
(2000z04/CLC: 2000).
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Figure 3.1.13: Variability of the difference in exposed soil masks extracted by SCMaP compared to the
validation data sets of Destatis and CLC based on all counties in Germany for all time periods.

Overall, the comparison between both validation data sets indicates a higonsistency across
all time periods. In particular, the time periods of 200Q04 and 200509 show the highest
correlation coefficients and lowest RMS errors for both validation data sets compared at the state
(Tables3.13 and3.14) and county level (Fig.3.111 and3.112).

5. Discussion
5.1 Sampling and threshold definition

Section 4.1 shows the results of the different settings used to derive the Jifmax thresholds.
The random selection of stable CLC pixels demonstrates an overall minor influence on the
frequency distribution of LC classes, such as deciduous trees and fields, comparing theiR\x
behaviors in relation to the manually selected LC pixel§he main differences were found for the
class urban (Figs.3.14 and 3.15). The manual selection of the land cover class urban was
concentrated in the downtown areas of metropolitan regions (e.g., central Munich in the Bavarian
test tile), the random seéction of stable CLC pixels resulted in an even distribution across the
complete tile. This better captures the variability associated with urban structures (e.g., densely
to less densely populated areas, industry, infrastructure, etc.) and can also inctudegetated
pixels from parks or trees and lawns along streets. The less clustered selection influences the
frequency distribution of the PV indices for the land cover class urban and thus, more pixels have
higher PVinax values (Fig.3.14).

To account forthe differences in the distribution of the LC classes in the R¥ composite, an
adaptation of the percentile used for the determination of the TfwxWwas necessary. Fig8.16 and
3.1.7 show the influence of the modified percentile rule depending on thapatialztemporal
behavior of the analyzed LC. However, we observed a gradual decrease A 0.897 0.98)
followed by a rapid decrease (TAa > 0.99) of the resulting soil exposure. A decrease of the
percentile (0.995 to 0.900) for the definition of theTAmax enabled the generation of an exposed
soil mask (Fig.3.16) comparable to the coverage of agricultural area provided by the reference
data set and comparable to the soil exposure mask based on the manual derivedmEMor an
example area in the Halldest tile.
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The adapted percentiles were the basis for further analyses. In this way, thresholds have been
derived separately for the five different regions across Germany (Fi§.18). In particular, the
TAnax Of Bremen ishigher than the four other TAnx values (Fig.3.1.8a). Although the T Avinimax
values of the individual test sites are comparable to the averaged TMmax Of all five areas, the
derivation of exposed soil masks could be affected, especially for the region near Bremen. A
varying TAminmax Value may impact the classification of exposed soil masks, so it might be more
feasible to process all of Germany not only using one set of ffifwax. A scheme summarizing
comparable areas should be established. This could include replacing political biers with larger
geographically homogenous units. For this purpose, the bigeographical regions (Section 2 and
Fig.3.11) (EEA, 2016) could provide a valuable baseline for the definition of the thresholds.
Germany is covered mainly by the continental biggeographical region (the test areas Bavaria,
Mainz, Brandenburg and Halle), whereas the areas near Bremen, as the northwestern part of
Germany, are covered by the atlantic bigeographical region. Applying SCMaP with Tf\max
adapted to the different regons could reduce the local effects on the thresholds and improve the
extraction of exposed soil masks.

Finally, we tested the influence of the number of pixels per class selected for the threshold
determination and found almost no influence. This suggesthat regardless of the number of
selected pixels, the thresholds are very stable when they are equally distributed over the area of
interest.

In summary, the new automated sampling is a very flexible and robust method to provide the
data base for the theshold derivation, whereas the threshold definition based on percentile
seemed not as the best method although its simplicity (Lobell et al., 2007; Zhao et al., 2012; Avisse
et al., 2017; Thonfeld et al., 2020; Zhuo et al., 2019). In this study, an adaptaf the percentile
rule was necessary for the changed sample data set and it is very likely that the percentile rule
need to be changed again if a different area is explored. Therefore, in the future, alternative
methods to extract exposed soil pixels shdd be tested for instance regression and classification
methods such as logistic regression (Kleinbaum et al., 2002), Random Forests (Breiman, 2001) or
maximum likelihood classification (Richards, 1993) or any other machine learning approaches.
For this gudy, it was important to use the same methodology as for the manual sampling to obtain
the highest possible comparability to the method of Rogge et al. (2018).

Table3.15: Average cloudless scenes per pixel for Germany and Rfeatounty level per time period.

time average cloud_less STD maximum cIouQIess R2(SCMaPz R (SCMaPz
: scenes per pixel scenes per pixel .

period (Germany) (Germany) (Germany) Destatis) CLC)
1984-89 35.0 12.1 112 - -

1990-94 44.3 15.0 112 - 0.80
1995-99 41.7 14.2 134 0.82 -

2000-04 56.0 18.6 102 0.88 0.89
2005-09 59.0 17.6 140 0.87 0.88
2010-14 41.6 12.3 104 0.86 0.86
2015-19 49.7 19.4 146 0.87 0.85

5.2 Validation of exposed soil masks across Germany

We have chosen T, of 0.831 and TAnwx Of 1.697 as the best results and used them for the
generation of exposed soil masks for several time periods. We validated the extraction of exposed
soil masks per selected time periods at the federal state and county level by using Destatis and
CLC data sets (see Section 4.3). The comparison of the soil exposure with both validation datasets
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showed overall high correlation results (R2>0.80 on county level for) for all time periods (Tables
3.13 and3.14, Figs3.111 and3.112).

In particular the five-year periods of 200204 (R? = 0.88 for Destatis; R? = 0.89 for CLC) and
2005z09 (R? = 0.87 for Destatis; R? = 0.88 for CLC) show the overall highest R?, and the periods of
1990794 (R2 = 0.80 for CLC) and 199®9 (R2 = 0.82 for Desatis) show the weakest R2 comparing
the exposed soil masks to the agricultural areas of the validation datasets on county level. These
results are similar at the state levels based on both validation datasets. The high R? in the periods
of 2000704 and 200509 might correlate to the high availability of input data. In 200@04 and
2005z09; even though the scan line correction failure of Landsat ETM+ appeared in 2002
(Markham et al., 2004), over 3,000 prgrocessed input images were available (200f04: 1946
Landsat5 TM, 1154 Landsai7 ETM+; 200%04: 1946 Landsat5 TM, 1154 Landsa{7 ETM+). In
comparison to the 19994 and 199599 periods with lower R? values, less than 3,000 images
per composite were available (199@94: 1857, 199%99: 2681 pre-processed scems). This
availability of scenes resulted in a large number of cloudless scenes per pixel (TaBl&5). On
average, 56.0 + 18.6 (200g04) and 59.0 = 17.6 (200%309) cloudless scenes per pixel were
included in the database for the extraction of exposed sathasks for Germany. In contrast, there
were 44.3 + 15.0 and 41.7 £ 14.2 cloudless scenes that built the database for the time periods of
1990794 and 199599, respectively. For the time periods showing weaker R2 values, fewer
cloudless input scenes are avhkible per pixel, which could indicate a higher deviation from the
validation data. Here, too few data are available to capture the exposed soil masks with high
accuracy compared to the following periods.

The correlation analysis showed an overall high R2F Germany on the state and county levels
(Tables3.13 and3.14, Figs.3.111 and3.1.12). The federal state of Lower Saxony shows a lower
R2 for all time periods for both scenarios compared. An idepth review of the input data has
shown no data artifads or comparable data quality limitations for the federal state or the entire
region in northwestern Germany. A possible source of the low accuracy of the soil mask in Lower
Saxony could be the lower number of cloudless scenes per pixel in comparison tbadlGermany.
The number of maximum cloudless scenes per pixel for the Lower Saxony state is lower than the
cloudless scenes available for all of Germany (Section 5.1). In Germany, a maximum number of
102 (2000z04) to 140 (2005z09) are available for the exraction of exposed soil masks. For the
state of Lower Saxony, a maximum number of 70 (19889) to 110 (1995z99) cloudless scenes
are available. This difference could have been driving the deviation in accuracy, as a certain
number of scenes should be aviible for the extraction of exposed soils.

Furthermore, as described in Section 4.2, all of Germany was processed using the averaged
TAnminmax Of the five test tiles. However, as discussed above, thed#vwax Value of Bremen, situated
in the center of Lower Saxony, varies more relative to the other four sets of TAs. Considering that
the different thresholds have an influence on the extraction of the soil pixels, the use of the bio
geographical region as the definition of thresholds in Germany could resditt better adjustment
to the natural conditions present in the northwestern parts of the country.

However, it should be mentioned that a possible source of inaccuracy could have resulted from
the comparison of a multiyear composite with a validation dataet collected in one year. In all
five-year composites, areas that show at least one exposed soil in the observed time period are
included in the exposed soil mask. The selection of the longer time period was performed based
on previous experience as it guanteed the capture of all agricultural exposed soils. As the five
year periods are compared to one reference data set, changes in land use could have had an
influence on the accuracy analysis. For instance, if a transition of permanent grassland to exgbse
soils occurred early within an observed period, the possibility of obtaining a sufficient number of
available scenes showing exposed soils is high. SCMaP would then classify these areas correctly
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as exposed soils. For validation purposes, a comparison @aodata set recorded early in the five
year period would then result in an erroneous identification of the area by SCMaP. As the fiyear
composites contain two LC types; grassland and exposed soils; however, the classification by
SCMaP for exposed soils correct. A reduction in the time for compositing could enable a decrease
in the occurrence of such cases.

For validation purpose of the SCMaP exposed soil masks two different data sets were chosen.
The Federal Statistical Office (Destatis) collects dtatical data regarding agricultural areas in
Germany on a regular basis since 1999. However, determining the methods used for the data
collection is in the responsibility of each federal state and might result in regional differences.
Additionally, the lowest available spatial resolution is on county level. For that purpose and for
future continental processing, we additionally used the agricultural classes of the CLC surveys for
the validation of exposed soil masks as the data sets are available since @98Ithough the CLC
inventories are derived from a pixetbased classification, the data also shows a lower spatial
resolution than the SCMaP exposed soil masks. This demonstrates that both data sets have their
advantages and disadvantages for the validatio of the exposed soil masks, since both
comparisons showed systematic differences with respect to lower correlations of the earlier
periods and regarding to lower R2 for the federal state Lower Saxony. However, since both
validation results are similar andin the same order of magnitude, we believe that they represent
realistic accuracy values. Both datasets seem to be suitable for large scale accuracy analyses,
whereas CLC has the potential for a Europeanide validation of the detection of exposed soils.

6. Conclusion and Outlook

In this study, we analyzed the influence of the new automated sampling strategy on
thresholding and the derivation of exposed soil masks. Further, we provided a Germanyde
validation for several time periods in order to show the accuracy of the resulting exposed soll
masks across time. An automatized random sampling of stable CLC pixels required for the
determination of two thresholds (TAminmax) t0 separate exposed soils from all other LC classes
was developed andimplemented in the SCMaP processing chain. The automatization of the
thresholding process is necessary for operational processors to ensure the fast and correct
adaption of the thresholds to regions of interest and to provide regionalize thresholds for the
processing of large areas, such as countries and continents. Our results demonstrated the large
dependencies that the vegetation index approach has on environmental conditions. Thus, we
suggest regionalizing the parameter setting by using e.g., bigograghical regions instead of
counties or countries. Furthermore, the rules to derive thresholds need to be evaluated depending
on the sample database. In this study, we used CLC information; however, we would not suggest
applying a fixed percentile rule sincat needs to be adapted according to the sampling scheme. A
more robust method that accounts for the minimal overlap of spectral similar LC classes would be
more suitable. Additionally, the nature of fixed thresholds for large regions are not suggested. A
flexible method to derive regionspecific thresholds or the use of dynamic thresholds using
machine learning techniques or artificial intelligence approaches could be a valuable topic for
future developments. The implementation of such approaches in opeiahal processors is
important for future studies. For this purpose, the automated and robust sampling such as
developed in this study is of high importance.

The validation using two independent reference data sets again shows the need to account for
the regional differentiation of the thresholds. For both data sets (CLC and Destatis) we selected
agricultural classes that can be assigned to exposed soils. Areas in northwestern Germany have
shown a systematic underestimation of exposed soils compared to botheference data.
Additionally, there is a difference in R2 based on the number of available input scenes per time
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step. We could show that the more scenes per time period are available, the higher the percentage

of cloudless scenes and thus, the higher thHe2. The implementation of SentineR data could

potentially shorten the recent composite time length of five years. This is also in line with the

findings of Dematte et al. (2018). Sentine? delivers data from two twin satellites with a combined

revisit time of less than five days (Lacroix et al., 2018; lenco et al., 2019). The use of Sengnel

data could therefore result in an increased accuracy in the building of exposed soil masks and the
shortening of the compositing time period. Additionally, the cub AT & AAOAT T BAA O( AO
Landsat and Sentinek OOOZAAAA OAZE AAOAT AA AAOA OAOGSs | #1 AOA
Since both data sets have been pgrocessed following the same protocols and methods, thisdata

set could be a highly valuable inpt regarding the large number of available scenes and needs to

be analyzed in the future. This could enable monitoring of soil more frequently than every five

years.

In summary, the automated and random sampling of LC pixels for the determination of
thresholds is a stable and reliable workflow that enables the identification of the spatial and
temporal distribution of exposed soils with high accuracy. Thus, it can be a valuable data source
for statistical surveys of agricultural areas in Germany. SCMaPadditionally used to generate
information about how frequently soils are exposed and how often these areas shift from
exposure to vegetation. To contribute to soil erosion studies that need information about where
and when soils are bare, accurate exposesil masks in suitable time period can be of great help
for these studies (Pimentel and Burgess, 2013; Labriere et al., 2015; Ayalew et al., 2020). The
exposed soil masks derived from SCMaP can additionally offer a new remote sensing database for
retrospective erosion and LC analysis.
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Abstract: For food security issues or global climate change, there is a growing need for large
scale knowledge of soil organic carbon (SOC) contents in agricultural soils. To capture and
guantify SOC contents at a field scale, Earth Observation (EO) can be a vakudhta source for
areawide mapping. The extraction of exposed soils from EO data is challenging due to
temporal or permanent vegetation cover, the influence of soil moisture or the condition of the
soil surface. Compositing techniques of multitemporal satlite images provide an alternative

to retrieve exposed soils and to produce a data source. The repeatable soil composites,
containing averaged exposed soil areas over several years, are relatively independent from
seasonal soil moisture and surface contibns and provide a new EGbased data source that
can be used to estimate SOC contents over large geographical areas with a high spatial
resolution. Here, we applied the Soil Composite Mapping Processor (SCMaP) to the Landsat
archive between 1984 and 2014of images covering Bavaria, Germany. Compared to existing
SOC modeling approaches based on single scenes, they88r SCMaP soil reflectance
composite (SRC) with a spatial resolution of 30 m is used. The SRC spectral information is
correlated with point soil data using different machine learning algorithms to estimate the SOC
contents in cropland topsoils of Bavaria. We developed a processing technique to address
the issue of combining point information with EO pixels for the purpose of modeling. We
applied different modeling methods often used in EO soil studies to choose the best SOC
prediction model. Based on the model accuracies and performances, the Random Forest (RF)
showed the best capabilities to predict the SOC contents in Bavaria (R2 = 0.67 38 1.24%,
RPD =1.77, CCC = 0.78). We further validated the model results with an independent dataset.
The comparison between the measured and predicted SOC contents showed a mean difference
of 0.11% SOC using the best RF model. The SCMaP SRC is a pngraigproach to predict the
spatial SOC distribution over large geographical extents with a high spatial resolution (30 m).

Keywords : soil reflectance composites, soil modeling, soil organic carbon, Landsat,
multispectral
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1. Introduction

Precise knowledgeabout the distribution of soil organic carbon (SOC) contents in agricultural
soils is a valuable information for, e.g., food security issues [1] or global climate change [2]. The
organic carbon stocks in soils represent one of the largest reservoirs in tigdobal carbon cycle
[3,4] and are affected by various drivers [5]. Soils with sufficientlyigh [6,7] and balanced SOC
contents are considered healthy soils [8,9] and are less prone to impacts of climate change [7].
Adequate land management is necessarg preserve soil health and soil quality [10] and enables
an increase of agroecosystem resiliency [11].

To capture and quantify SOC contents in agricultural soils for efficient and sustainable land use,
data with high spatial resolution is needed in ordeto understand the impacts of climate change
on soil quality [12]. High-resolution surveys at the national to regional scale are urgently required,
as detailed spatial patterns in SOC are an important aspect for land management at the farm or
even the field scale [13]. For applications with a large geographical extent [14] (national to
Europeanwide), SOC maps are mostly available with a spatial resolution of 250 m to 1 km. The
European Soil Data Center (ESDAC) provides several paaropean SOC maps. Howeveboth
well-known maps OCTOP: Topsoil Organic Carbon Contents for Europe [15] and the Topsoil Soil
Organic Carbon Map based on the LUCAS(d Use and Coverage Area frame Suryeypil datasets
for EU25 [16] are distributed in a coarse 1 km raster format. fie maps have, therefore, a limited
suitability as a basis for highresolution analysis at the farm or even the field scale.

Earth Observation (EO) can be a valuable datmurce for areawide mapping with a resolution
that allows distinguishing between oreven with field patterns [17]. In this context, hyperspectral
(e.g., [1&21]) and multispectral images (e.qg., [2224]) are commonly used EO datasets to derive
SOC contents. In Tablg.21, studies for different European regions are compared regarding their
capabilities of SOC modeling. Generally, point soil information was correlated with multor
hyperspectral pixel values using different machine learning (ML) techniques to derive SOC
contents. However, in most studies, the estimation of SOC was restridt® relatively small areas
(0.09 to 10.000 km2) in which the soil conditions (bare, smooth and dry soils) were considered
to be optimal. This optimization prevented applying the models to cover larger geographical
areas, except for a couple of previous fefrts [25,26]. Additionally, the use of hyperspectral and
multispectral remote sensing data for the estimation of SOC contents and other soil variables is
hampered by the need for data that provide bare soil conditions. Mapping of exposed soils and the
estimation of soil parameters is challenging due to temporal or permanent vegetation cover [27].
The area of exposed soils on a single remote sensing scene is limited, and often, the periods in
which exposed soils dominate are restricted to short time windowq28] when the soil is in
seedbed condition. Compositing techniques of mulemporal satellite image archives provide an
alternative and are widely used in the literature [2%34]. The compositing approach allows
combining all bare soils of all input sceng, which enables a joint estimation of soil parameters for
all exposed soils in the observed time period. For several years, new compositing techniques were
developed in the course of opening the Landsat archive [35] that can retrieve exposed soils from
multi -temporal satellite image archives [26,28,36,37]. An averaging of exposed soil areas over
several years allows producing a new and spatially enhanced data source for soil analyses. Here,
the soil spectra are relatively independent from seasonal differares in soil moisture and other
soil surface conditions occurring during rain events or longer drought periods. In the resulting
new data source, only permanent spatial soil moisture differences such as for the different soil
types and texture characteristcs remain. However, an irdepth proof of this assumption has not
yet been provided.

The operational Soil Composite Mapping Processor (SCMaP) is a multitemporal compositing
approach [36], which enables an automated generation of areside soil reflectance @mposites
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(SRC) for the estimation of soil parameters using all available multispectral reflectance images for

a defined period. So far, SCMaP SRC has not been used as an EO database for the SOC modeling of
exposed topsoils in croplands of large geographat extents. Therefore, in this study, the SOC
modeling capabilities of the SCMaP SRC are investigated and performed for a large portion of the
German federal state of Bavaria and adjacent areas (about 130,000 km2) as solid calibration and
validation datasds are available.

Generally, linking point data with EO images (30 m, 20 m pixel resolution) can be considered
as a potential source of inaccuracies for soil parameter modeling as not all samples are collected
at least 30 m from the field border the samples related to [38]. In this case, the EO pixel may
reflect the signal from adjacent fields with different spectral information, which is related to a
single soil sample. New approaches are necessary that can handle the misalignment of the soll
database awl the spectral pixel information from the EO images for SOC modeling.

The overall purpose is to test the potential of the SCMaP SRC database derived from Landsat
images covering 30 years to derive a highesolution map of SOC contents in Bavarian croplands
For this purpose, the SRC is correlated with point soil measurements to derive spatial SOC
contents for an areawide mapping approach. The objectives of the study are:

1. Develop a spatial/spectral filtering technique to prepare the point dataset of th&avarian
test site for modeling purpose using the novel SCMaP SRC.

2. Apply the 30year SCMaP SRC to derive SOC contents in Bavaria using different
machine learning algorithms.

3. Validate the SOC map using an additional independent external dataset not included
in the model calibration and validation

2. Materials and Methods
2.1 Study area

The study area covers most of the Federal State of Bavaria (Fig.1) and adjacent regions in
southeast Germany and was selected regarding the diversity of landscape aud types. The area
south of 48°N was excluded as permanent grassland is the dominating land use in this region, and
SCMaP is not able to detect soils covered by permanent vegetation. Moreover, mountainous
regions of the Alps in southern Bavaria were atsexcluded. Due to the frequent cloud coverage in
this region, only a small number of cloudless scenes per pixel were available for the compositing
process compared to other parts of Bavaria.

The study area comprises about 130,000 km2, in which the elevati ranges between 100 m and
1000 m above sea level. The mean annual temperature lies between#® and 10(C, and the
precipitation is between 551 mm and 1800 mm. The region is mainly dominated by Cambisols,
Luvisols, Stagnosols, Gleysols and Leptosols [49] according to the World Reference Base for Soll
Resource [50].

2.2 Soil Organic Carbon Modeling

An overview of the SOC modeling approach is outlined in FiguB22. Landsat 47 collection
data from 1984 to 2014 are used to build the SRC based on the SCMaP workflow (Section 2.3). To
calibrate an SOC model, SRC reflectance values and speindices (Section 2.3) are regressed
against topsoil SOC measurements provided by two local authorities and the European LUCAS
survey (Section 2.6).
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Table 32.1: Overview on soil organic carbon (SOC) modeling studies across different regions in Europe.

Study area (size Earth Observation data / soll Machine

[ka]); data: number of samples SOC range [%)] Learning R2 RMSE [%)] RPD Ref.
(samples / km?) algorithm

Albany Ticket, South Featurebased

Africa (320) HyMap (hy, A) / 125 (0.39) spectra 0.2175.85 MLR (1) 0.62 0.43 1.57 [39]

Loam belt, Belgium . )

(BE) (462) / APEX (hy, A) / 84 (1.58) (LUX), 54 field spec: 0.49 (LUX) / 0.15 (BE) field spec: 1.7 (LUX) / 1.4

Luxembourg (LUX) (0.12) (BE) spectra / LUCAS 1.69731.8 PLSR (1) - LUCAS: 0.49 (LUX) / 0.15 (BE) (BE) [40]

(146) spectra o ) LUCAS: 1.7 (LUX) / 1.4 (BE)

(E’SE"RT'?Z'O%‘;;”S% Sentinel2 (S2) (ms, A) APEX (hy, PLSR: 0.1 0.17 (S2)/0.117  PLSR:1.q1.7(S2)/1.17

Belt, BE (426) BE / A), S2 resampled (ms, A) / 170 06716 PLSR/RF (1) - 0.17 (hy) / 0.0870.14 (S2 res) 1.7 (hy) /1.0 1.5 (S2res) [22]

GutlandOeslng. Lux (©-8) (BE) /194 (0.4) (LUX) / 231 PL L RF:0.221.86 (S2)/0.271.84 RF:1.071.5(S2)/1.0z2.1

(204) 9 (0.12) (GER) samples (hy) /0.2 71.86 (S2res) (hy) /1.0 2.1 (S2 res)

(Dl%r%rgg;' GER S2B (ms, A)/ 35 LUCAS spectra  0.57 38.4 RF (1) - 0.6872.67 0.9z4.4 [41]

. S2 (ms, A), HySpex (hy, A), EnMAF ] 8.7717.8(S2)/11.0718.8 1.2725(S2)/1.222.0

Demmin, GER simulated (hy, A) / 181 samples  :8%194 RF (1) (ENMAP) (EnMAP) [42]
Sentinel2 (ms, B) / 137 (0.038) 0.14 £0.03

Wallonia, BE (3.630) : : 0.67z2.1 PLSR (2) 7054 + 0.209 + 0.0397 0.363 + 0.036 1.06 + 0.067 1.68 + 0.45 [43]

p 0.12

4 fields, Czech . support vector

Republic (CzK) 0.z CAS! (hy, A), Sentine2 (ms, A) / 0.5672.62 machine ) 0.1277.95 (hy)/0.1479.15(S  1.0372.05 (hy) /0.89% [44]
200 samples) . 2) 1.92 (S2)

7.76) regression (1)

4 fields, Lower Rhine

Basin (GER) (0.0025 HYMap (hy, A) /204 samples 0.871.85 PLSR (2) 0347883 0.7671.13 1.14z232 [45]

70.09)
Landsat4,-5,-7,-8 composite gradient

Europe (1982-2018) (ms, B) / LUCAS 0.07 43.84 boosting trees  0.0670.13 1.527 1.68 0.5270.58 [25]
spectra 1)

090
uten: GER (200) - HyMap (hy, A) /73 (0.73) samples ¢ 7, 3 gs ('\g)LR /PLSR " plSR)/ 029 (PLSR)/0.22 (MLR) - [46]
0.86 (MLR)

Versailles Plains

(VP), (221) / Peyne  S2 (ms, A)/ 72 (0.33) (VP), 143 0.723.19 (VP) / 0.56 (VP) / 1.51 (VP) / 1.00 (PV)

Valley (PV), France (2.98) (PV) samples 0.472.18 (PV) PLSR (2) 0.02 (PV) 0.123 (VP)/0.371 (PV) [23]

(FRA) (48)
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2’29;15;“”95 Plain, FRA ~S2 (ms, A) /329 (1.49) samples 65 3 59 PLSR (2) 0.1670.58 0.3027 0.586 1.0z15 [47]
z’zezrf;""es Plain, FRA 55 (ms, B) /329 (1.49) samples  0.62 3.59 PLSR (2) D022 0.2537 0.545 0.9971.53 [37]
0.5670.68
Sentinel2 (ms, A), & composite 85821) (/82 147152 (S2) /1.4 (S2
Sardice, Czech (03/2017 7 05/2019) (ms, B), 0.8572.62 REIPLSR (2) oo 0272028(52)/034(S2 S g
Republic (1.45) Landsat8 (ms, A), CASI (hy, A) (50 ™ ’ comp) / 0.28 (L-8) / 0.20 (CASI) ) )
0.65(L-8) (CASI)
(34.5) samples / 0 76
(CASI)

(spectral characteristics: ms multispectral, hy - hyperspectral; scene acquisition: A single scene, B multitemporal composite; mapping approach: 1z spectral model, 2z digital soil
modeling; machine learning algorithms: PLSR Partial Least Square Regression, MI@ultiple Linear Regression, R Random Forest; accuracy and performance measures: RM&Root
Mean Square Error, RPR Ratio of Performance to Deviation; further significance of the regression models are not given in the cited studies, theti@tships are likely to besignificant given
the large number of calibration points in relation to the number of (latent) variables.)
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Figure 3.2.1: Overview of the study area in Bavaria and the distribution of the soil dataddt) - Bavarian
Environmental Agency; Lfk Bavarian State Research Center for Agriculture; LUGASNd Use and Coverage
Area frame Survey

SCMaP SRC calibration data external validation
{1984-2014) [point) data (point)
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1) MLR RMSE, RPD / 10-fold
2) PLSR cross-validation)
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_ (entire test area)
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Figure3.2.2 A flowchart of the SOC modeling approach (SRGil reflectance composite; ML-RMultiple Linear

Regression; PLSHPartial Least Square Regression; RRandom Forest; RMSHRoot Mean Square Error; RPD
- Ratio of Performance to Deviation).

Due to the positioning of several measurements at field borders, and thus, the potential

integration of disturbances, a new filtering technique was developed and applied to evaluate the
guality of calibration samples (Section 2.4). For the regression, three machine learning algorithms
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were tested and evaluated (Section 2.5). The models were trainéat different datasets combining
the reflectances and additional spectral indices.

Per algorithm, the best model is chosen, and the SOC contents are predicted for the entire study
area. The prediction results are validated against external, independent SP&@nt measurements
not included in the model calibration by a spatial correlation analysis (Section 2.7).

2.3 SCMaP SRC and Spectral Indices

The SCMaP chain [36] allows the generation of soil reflectance composites for individually
determined time periods of different years. Bare soil pixels are selected based on a modified
vegetation index (PV) using two thresholds that allow separating predominantly undisturbed
soils from all other land cover types such as permanent vegetation and permanent rgagetation.
The derivation of the thresholds is based on an automated technique described in [51]. All selected
bare soil pixels are averaged. The operational SCMaP cheém be used to build SRCs containing
all pixels in a given time period showing at leastnce exposed soil.

For the SOC modeling, a period of 30 years (1982014) was chosen to provide a smooth
spectral database that averages the seasonal variabilities of bare soils. They&ar period was
chosen for several reasons. A high possible soil coage should be achieved. Using-year
composites, 31.79% to 34.17% of the entire investigation area are selected as bare soil pixels.-Ten
year composites provide 37.54% to 41.21% as exposed soils, and the-@ar composite enables
the analysis of 54.53% othe investigation area as uncovered soils. Additionally, a possible large
number of soil samples was intended to be used in the modeling dataset. A reduction of the
compositing period would have significantly reduced the number of soil samples. Foryear
periods, 112 to 397 soil samples were collected in the respective periods. Based on-ydar
composites, 261 to 536 samples are available. For a-§@ar compositing range, 1,250 samples
can be used for the modeling dataset. Additionally, an average over riplle years enables a
reduction of seasonal soil moisture differences and permanent spatial differences remaining in
the composite.

The SRC was processed for 228 Lands&tTM, 9,990 Landsab ETM and 4,333 Landsat7
ETM+ collection scenes [52] availablbetween 1984 and 2014. For all scenes of all sensors, the
same preprocessing steps were performed. The FMask algorithm [53,54] was used to detect and
remove clouds, cloud shadows and pixels that were covered by snow. Additionally, an
atmospheric correction was applied to all scenes using Atmospheric Topographic Correction
(ATCOR) software for satellite imagery [55]. The quality of the composites is defined, among other
factors, by the number of cloudless scenes per pixel [50]. The consistently large numbufr
cloudless scenes per pixel for the total investigation time is given in Figure Al in Appendix A.

In addition to the point spectral information of the SCMaP SRC, different indices were selected
and computed (Table3.22). Indices are commonly used in mmote sensing to parameterize
specific spectral features caused by physical and/or chemical properties [56]. Besides established
indices, an additional index (SCMaP1l) was developed to capture the difference between the green
and the SWIRI bands of the SCM&RC. The SCMaP shows smaller differences for high SOC content
and higher differences for lower SOC content.

2.4 Spectral/Spatial Filtering

Based on Landsat imagery, SCMaP provides soil reflectance information with a pixel resolution
of 30 m. The link of a point soil sample to a 30 m pixel can result in inaccuracies if the soil sample
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is not collected at least 30 m from the field border. In tis case, the SCMaP pixel may combine
multiple surfaces with different spectral information, which are related to one soil sample.

Table3.22: Summary of the selected spectral indices.

Spectral

Index Description Expression Reference
BI Brigthness Index YQouroa o Q98 Q0 [57]
C
BI2 Second Brightness Index YQOroQ "Oi Q08 Q006 a O 6 [57]
o
. 0 OY'YQQ
EVI Enhanced Vegetation Index O v [58]

0 OYOpIYQQOCD a oD
NBR2 Normalized Burn Ratio MO [59]
0 OY"Yw OO
SCMaPI SCMaP Index MQS -
Yo'OO O QQ¢
Modified Soil Adjusted ¢35 'OYp < 'OYp 005 OYYQQ

MSAVI2 Vegetation Index C [60]
50N Y
LSWI Land Surface Water Index M’Gf [61]
0 OY Y OO
NDS| Normalized Difference Soil _ O.L)..OU U O [62]
Index Yo 'O 0 0OY
RI Redness Index vQureQ [63]

O QU@ QW@ QQ¢
BSI Bare Soil Index YOOU Y00 o 0v0as0 [64]
YoOF YQQ 00Y6aoQ
YQQOI QQ¢

Cl Color Index S————— [63]
YQQOI QQ¢
TVI Transformed Vegetation U "O'Y 'Y 'Q ’Q 8 [65]
Index 0 0YYQQ
i O QQ¥QQ
GRV] GreenRedVegetation CBI Qg é( : [66]
Index 0 0YYQQ
. ) "OY
Y Vegetation Index w , [67]
YQQ
i ) 'OY'Ol 'QQ¢
GNDVI Green N_ormahzed U oY l 2 s [68]
Vegetation Index 0 OYOl QQ¢
SATV Soil Adjugted Total Yoo O"Gl' Y Q Qp 5 Yw 00 [69]
Vegetation Index 0 0OY'YQQp C
NDVI Normahzec_i Difference U 'O YYQQ [70]
Vegetation Index 0 OYYQQ
Green Soil Adjusted 0 OY™0Ol QQ¢ .
GSAVI Vegetation Index 5 OY0Ol Q08 Op v [71]
Green Optimized Soil 0 OY0Oi QQ¢
GOSAVI Adjusted Vegetation Index 0 OYOl QQ& [72]
Soil Adjusted Vegetatin L) 22ADp D
SAVI - 73
Index 0 0OY'YQQmd (73]
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A proportion of the soil samples (especially the LUCAS points, [38]) aadten taken within a
few meters from the borders of agricultural fields, e.g., as shown by the photo documentation of
the sampling points at the LUCAS viewer online
(https://ec.europa.eu/eurostat/statisticalatlas/gis/viewer/?config=LUCAS -2009.json, accessd
on 6 August 2021). The disturbance factors primarily exist at the field boundaries. Eliminating all
samples that were collected within 30 m of the field border could decrease the number of biased
pixels. However, this would drastically decrease the datase and was therefore not considered.
Instead, a spectral/spatial filtering technique was developed to prepare the soil database and the
spectral information from the EO images for SOC modeling.

The filtering technique evaluates the spectral differences lb&een the sample SRC pixel and its
eight neighboring pixels. A comparison of the sample spectra to the neighboring pixel spectra
allows an estimation if the reflectance spectra of the sample pixel are influenced by any external
disturbances or data artefats (e.g., mixed spectra of soil and a small portion of vegetation, local
variation) or if they are comparable to the surrounding spectra. The spectral/spatial filtering aims
to detect pixel clusters with deviating spectra to remove this from further procesing. For this
purpose, all STDs per pixel cluster per band were used to define a threshold to exclude the
deviating pixel clusters. Twice, the STD per band of all pixel cluster STDs was selected as the
threshold. The threshold was determined and applied gr band. The identified pixel cluster
containing at least one to several spectral bands above the thresholds was excluded from the
dataset.

2.5 Soil Modeling Methods

Three machine learning (ML) algorithms were used and evaluated. A Multiple Linear
Regresson (MLR), a Partial Least Square Regression (PLSR) [74] and a Random Forest regression
(RF) algorithm [75] were applied to model the SOC contents in the topsoils. All three techniques
are widely used in soil applications [7§79] and especially for SOC mading (see Table3.21,
[22,23,37,3%49]). The modeling was performed using the Scikitlearn machine learning library
for Python [80]. The following parameters were chosen for the RF: n_estimators: 100,
max_features: 10, max_depth: 12, min_sample_split: Bin_samples_leaf: 2 and for the PLSR:
n_components: 5.

The calibration dataset was randomly split into a training (70%) and test (30%) subset. The
training set was used to train the model, whereas the test subset of the calibration data was used
to validate the model. For the model calibration and validation, common accuracy and
performance measures, such as the R2 (coefficient of determination, from sklearn.metrics), the
root mean square error (RMSE) and the ratio of performance to deviation (RPD), wersad to
evaluate the model performances and to allow a comparison with the literature (Tab®2.1). The
RPD is an established performance measure that determines the quality of a model [81].
Moreover, the commonly used accuracy and performance measure, tGencordance Correlation
Coefficient (CCC) [82], is given to assess the agreement between the predicted and measured SOC
contents. Additionally, tenfold cross-validation (cv) was performed to evaluate the performance
of the models. The cv was applied tde training subset of the calibration data. In addition to the
established accuracy and performance measures, an analysis of the standardized residuals and
the autocorrelation of the residuals for the model calibration samples is given in Figures A2 and
A3in the Appendix A.

Besides the reflectances, additional spectral indices (Tablg.22) per spectrally/spatially
filtered sampling cluster were calculated and implemented in the modeling framework to
investigate the influence of further spectral detailsFor this purpose, for each algorithm, three
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different model setups were prepared to estimate the influence of the spectral indices on the
modeling capabilities. The models were trained based on (a) the composite reflectances (R), (b)
the composite reflectances and all indices (RI_all) and (c) the composite reflectances and for each
algorithm individually selected indices (RI_sel). Besides the reflectances and indices, no other
covariates (e.g., clay content of climate variables) were used in the modelingrinework.

For each algorithm, a selection of important features (RI_sel) was performed. The identification
I £/ OEA OAI AGAT O EAAOOOAO &I O OEA -, 2 xAO AAOGAA I
Python sklearn.metrics). First, the relationship letween the reflectances and indices to the
modeling variable SOC was evaluated to exclude insignificant features (correlation coefficients (R)
> 0.3). All significant feature pairs with correlation coefficients betweenr0.7 and 0.7 were then
selected for he RI_sel dataset. For the PLSR, the variable importance in projection (VIP) per
feature was calculated. Features with a VIP higher than 1.0 [22,83] were selected for the RI_sel
dataset. For the RF, a calculation of the internal feature importance score ¢bh Decrease
Impurity (MDI)) was performed. Features with a score higher than 4.0% were selected as relevant
features [84,85].

For each algorithm, the best model setup was selected regarding the cressdidation results
and the model validation accuraciesFor the best performance dataset (RI, RI_all, RI_sel), the
models were applied to the 3@year SRC to predict the spatial SOC contents for the entire study
area.

2.6 Soil Samples

For point SOC measurements, all available legacy data to cover the highesisible temporal
and spatial overlap with the SRC between 1984 and 2014 were used. Kuihnel et al. [86] found no
significant SOC changes between 1986 and 2015 of Bavarian croplands. The authors analyzed 92
repeatedly measured cropland sites in Bavaria. Thefore, all available sampling points between
1984 and 2014 were combined for the modeling dataset. However, there is a disadvantage of
using legacy data, i.e., the sampling schemes are not optimally distributed.

The SOC measurements for the calibration seere provided by the Bavarian Environment
Agency (Lf» 1071 sampling sites) and the Bavarian State Research Center for Agriculture (bfL
134 sampling sites). Additionally, soil samples (504 sampling sites) collected in the framework of
the LUCAS ltand Useand Coverage Area frame Survgy2009 Topsoil Survey provided by the
European Soil Data Centre (ESDAC) [87] were added (FigBe21). The LfU provided a large
database with topsoil samples equally distributed across Bavaria [88]. The sites were each
sampled once between 1984 and 2014. The LfL calibration dataset contained data from the
permanent soil observation program (BDF) of Bavaria. In contrast to the once sampled LfU sites,
these 134 BDFs were sampled multiple times in the observation period. As [86)und no
significant change between 1986 and 2015 for the BDF sites across Bavaria, the available samples
per BDF between 1984 and 2014 were averaged. Thus, one measurement per sampling location
is included in the calibration dataset. The LUCAS soil samgplere collected in 2009 from unique
spatial positions across the investigation area. SOC contents of the LfU, LfL and LUCAS databases
were all determined by dry combustion using elemental analyzers [88,89].

From all data sources, the samples intersectingvith the SCMaP SRC and within the
investigation period (1984 to 2014) were selected, i.e., 1385 soil samples. Per soil sample, the
reflectance spectra and its eight neighboring pixels of the SRC were extracted and averaged to
reduce local spatial variabilty. After the spectral/spatial filtering, 1215 sampling points for model
calibration are remaining.
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The external validation set was provided by the LfL and included 352 cropland fields with point
SOC measurements sampled between 2001 and 2008. For eachi@gdtural field, five sampling
locations were randomly selected. At each sampling location (radius = 1.5 m), six soil samples
were taken. SOC contents of all six soil samples of all five sampling locations were averaged to one
SOC content per field. SOC rtents were determined by dry combustions using CN elemental
analyzers. For the external validation of the dataset, 308 samples were intersecting with the
SCMaP SRC.

The data provided by the LfU contained the highest range of SOC contents (0.26% to 18.30%
Table3.23). The LfL calibration data showed a lower mean SOC content in comparison to the LfU
and LUCAS datasets. Overall, the calibration dataset contained locations with higher SOC contents
compared to the external validation dataset.

Table 3.2.3: Statistics of the soil organic carbon (SOC) content of the model calibration soil samples and the
independent validation soil samples by the different institutions. The number of samples per institute is given
based on the spatially/spectrally filtered chters (LfUz Bavarian Environmental Agency; Lft Bavarian State
Research Center for Agriculture; LUCASLand Use and Coverage Area frame Surv&I'Dz Standard
Deviation; IQR; Interquartile Range).

LfL (93) LfU (885) LUCAS (237) LfL (308)
(Model Calibration & Validation) (Independent Validation)
minimum SOC
content (%) 0.84 0.26 0.57 0.55
maximum SOC
content (%) 5.96 18.30 6.81 4.65
mean SOC
content (%) 1.74 2.28 2.02 1.58
STD SOC (%) 0.70 2.24 1.06 0.57
median SOC (%) 1.63 1.57 1.71 1.89
IQR (%) 1.74 1.03 1.11 0.72

For the model calibration and validation, the distribution of SOC contents of the training (70%)
(Figure 3.23a) and test data (30%) (Figure3.2.3b) were comparable. Both datasets contained
samples with high SOConcentrations. The distribution of the SOC percentages of the calibration
(cal) and the external independent validation (val) datasets (Figure 3c) showed a similar mean;
however, the external validation dataset did not contain as high SOC concentrations.
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Figure3.2.3: Frequency distribution of SOC contents of the (a) training, (b) test portion of the model calibration
(cal) dataset and (c) a comparison of the model calibration dataset and the external independendatidin
(val) dataset.
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2.7 External Validation

To evaluate the accuracy of the prediction models more precisely, a further validation was
performed using an independent external dataset provided by LfL, which was not included in the
training. For each regression algorithm, the best data set up based the model accuracies and
performance was selected and applied to predict the SOC contents for the entire investigation
area. The difference for all samples between the predicted and measured SOC contents of the
external independent validation dataset werecalculated to estimate the averaged difference
between the predicted and the measured contents to provide the reliability of predicting SOC for
each algorithm.

3. Results
3.1 Spectral/Spatial Filtering

The spectral/spatial filtering was implemented in the model framework to ensure a
high-quality calibration database. In order to ensure homogenous pixel clusters, a
threshold is necessary to identify the heterogenous pixel clusters. Most of the nine
individual pixel spectra per cluster showed homogenous patterns (Figure3.24a). Here, an SOC
measurement is linked to valid spectral information. However, a few pixel clusters showed
deviating spectra (Figure3.24b). These heterogenous pixel clusters with deviating individual
spectra are repregnted by high standard deviations (STD) and need to be filtered, as here
the possibility of any external influence or data artefacts (e.g., mixed spectra of soil and a small
portion of vegetation, local variation) impacting the cluster is very high.

Figure 3.25 shows six histograms of all STDs per band for all sample clusters of the calibration
dataset. As the threshold twice, the STD per band was selected to identify and eliminate the
heterogenous clusters with deviating spectra. Overall, 135 pixel clus® (9.7% of the total
calibration dataset) were eliminated from the calibration dataset. The preprocessed,
spectrally/spatially filtered calibration set accordingly comprises 1250 averaged sampling
clusters. As shown in Figur&.25, using the STD as thdateshold, a higher number of pixel clusters
(674, 48.7%) are identified as heterogeneous clusters. However, a visual analysis showed that too
many pixel clusters would be eliminated using the STD as the threshold. It was also tested to set
the threshold atthree-fold STD (3 STD). Although, this would result in an insufficient selection of
heterogenous pixel clusters. A visual analysis has shown that the filtering of 50 pixel clusters
(3.6%) selected by the threefold STD threshold does not filter all hetergenous pixel clusters
sufficiently.

The spatial/spectral filtering has a significant positive effect on the model accuracies. The RF
was applied to the filtered and unfiltered RI_all datasets. A significant increase of the R2 (0.64 to
0.67), adecrease dhe RMSE (1.38% to 1.26%) and an increase of the RPD (1.46 to 1.56) indicated
an improved performance of SOC modeling.

3.2 Feature Selection

For each ML algorithm, a feature selection was performed based on the correlation coefficients
for the MLR (Figure3.2.6), the VIP scores for the PLSR (Figure 3.2.7a) and the feature importance
scores for the RF (Figure 3.2.7b). We selected 15 features for the MLR, 14 features for the PLSR,
and 10 features for the RF. Overall, similar reflectance bands and indices wedentified as
important features for the individual RI_sel subsets. For the PLSR and the RF, the Landsat bands
two (green), three (red) and four (near infrared? NIR) were selected as important features. For
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all three algorithms, the SCMaP and the NDSI weeselected, whereas the overlap of selected
indices was higher for the PLSR and RF (Figure 3.2.7a,b). However, for the MLR, not all reflectance
bands identified as significant features were flagged as independent features showing high R
scores (>0.7) in thke correlation matrix. This would result in an elimination of most of the

reflectance bands. However, they were all included in the Tl_sel database as the analysis of the
SCMaP SRC reflectances is the focus of this study.
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Figure 3.2.4: SRC reflectances of the center pixel (dark grey), the eight neighboring pixels (grey), the average

reflectance (blue solid), the STDs per piadlister (blue dashed) for (2) a homogenous pixel cluster and (b) a
heterogenous pixel cluster.

Figure 3.2.5. Frequency distribution of the STDs of all pixel clusters per band. Twice, the STD per band was
selected as the threshold for the identification of deviating pixel clusters.
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