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Abstract

Agricultural land acts both as a source and a sink of greenhouse gases, mak-
ing it important for Germany’s climate mitigation strategy. Meeting national
emission reduction and carbon sequestration goals requires precise, temporally
detailed data on cropland dynamics that support greenhouse gas modeling and
reporting. Existing datasets often lack the degree of detail to capture vegetative
or management-driven changes in vegetation cover and phenology. This thesis
addresses these gaps by developing satellite-based cropland monitoring meth-
ods tailored to carbon modeling and reporting needs in Germany. Phenology
influences the crops’ carbon fluxes, making it an important input for carbon
models. Area-wide and detailed phenological data, however, remain scarce in
Germany. We developed a Deep Learning framework to monitor winter wheat
phenology at the field level, trained with data from 700 study sites spread across
Germany. The results revealed that integrating SAR and optical data in the anal-
ysis e [edtively captured complementary structural and spectral signals, providing
accurate estimates of phenological stages, particularly for heading and harvest.
Next to the main cropping period, carbon fluxes are also highly influenced by
o [=skason cropland management. Winter cropland cover is critical for soil carbon
dynamics, yet underrepresented in administrative records and crop type maps. To
enable a holistic, year-round monitoring of croplands across growing seasons, we
developed a spectral unmixing approach to generate fractional cover time series
of photosynthetic vegetation, non-photosynthetic vegetation, and bare soil. Given
the spectral variability of croplands, driven by frequent bare soil conditions and
diverse soil types, we incorporated soil-specific spectral libraries derived from a
national soil reflectance composite, which improved accuracy across varying soil
properties. Utilizing the derived fractional cover time series, we were then able
to classify winter management practices into winter crops, green cover (cover
crops and spontaneous vegetation), residue cover, and bare soil from 2017 to 2023
for the entire agricultural area in Germany for the first time. Results revealed
distinct spatial patterns linked to cropping systems and climatic conditions, and
temporal trends influenced by weather variability and policy incentives. Together,
the methods proposed in this thesis contribute to year-round cropland monitoring
by combining satellite data with robust algorithms and address key information
gaps in crop phenology, vegetation cover, and winter cropland management. The
resulting data products and methodological advances render a stepping stone
towards an improved assessment of cropland dynamics, which are highly relevant
for greenhouse gas emission modeling and reporting obligations. Overall, this
work supports sound and science-based policy advice and the development of
strategies to mitigate climate change in agricultural land use.






Zusammenfassung

Landwirtschaftliche Flachen fungieren sowohl als Quelle als auch als Senke von
Treibhausgasen und sind somit ein wichtiger Bestandteil der deutschen Kili-
maschutzstrategie. Um die nationalen Ziele zur Emissionsreduktion und Kohlen-
sto [hihdung zu erreichen, sind préazise, zeitlich detaillierte Daten tUber die Dynamik
von Ackerflachen erforderlich, die die Modellierung und Berichterstattung von
Treibhausgasen unterstiitzen. Bestehende Datensatze weisen haufig nicht die
notige Detailgenauigkeit auf, um vegetative oder durch Bewirtschaftung bedingte
Verénderungen in der Vegetationsbedeckung und Phénologie adédquat abzubilden.
Diese Dissertation schliel3t diese Luicken durch die Entwicklung satellitengestitzter
Uberwachungsmethoden fiir Ackerflachen, die speziell auf die Anforderungen der
Kohlensto [mbdellierung und -berichterstattung in Deutschland zugeschnitten sind.
Die Phéanologie beeinflusst den Kohlensto [adstausch der Pflanzen malgeblich und
ist daher ein wichtiger Eingangswert fiir Kohlensto [mbdelle. Flachendeckende
und detaillierte phanologische Daten sind in Deutschland jedoch nach wie vor rar.
Wir entwickelten ein Deep-Learning-Framework zur Uberwachung der Phanologie
von Winterweizen auf Feldebene, das mit Daten von 700 Untersuchungsstandorten
in ganz Deutschland trainiert wurde. Die Ergebnisse zeigten, dass die Integra-
tion von SAR- und optischen Daten in die Analyse komplementéare strukturelle
und spektrale Signale e [eKtiv erfasst und eine genaue Schatzung phénologischer
Stadien, insbesondere Ahrenschieben und Ernte, ermdglicht. Neben der Haup-
tanbauzeit werden die Kohlensto [flilisse auch stark durch die Bewirtschaftung
auBerhalb der Saison beeinflusst. Die Bodenbedeckung im Winter spielt eine
entscheidende Rolle fiir die Kohlensto [Ldynamik im Boden, ist jedoch in Verwal-
tungsdaten und Fruchtartenkarten unterreprasentiert. Um eine ganzheitliche,
ganzjahrige Uberwachung von Ackerflachen tber die Vegetationsperioden hinweg
zu ermdoglichen, entwickelten wir einen spektralen Entmischungsansatz zur Gener-
ierung von Zeitreihen der Bedeckungsgraden photosynthetisch aktiver Vegetation,
nicht-photosynthetischer Vegetation und unbedeckten Bodens. Angesichts der
spektralen Variabilitat von Ackerflachen, die durch haufige Bodenfreilegung und
unterschiedliche Bodentypen bedingt ist, integrierten wir bodenspezifische spek-
trale Bibliotheken aus einem nationalen Bodenreflexionskomposit in die Methode,
was die Genauigkeit tUber unterschiedliche Boden hinweg verbesserte. Mit Hilfe
der abgeleiteten Bedeckungs-Zeitreihen konnten wir erstmals fir den gesamten
landwirtschaftlichen Raum Deutschlands Winterbewirtschaftungspraktiken in
Winterkulturen, Begrinung (Zwischenfriichte und spontane Vegetation), Ern-
tertickstande und unbedeckten Boden fir die Jahre 2017 bis 2023 klassifizieren.
Die Ergebnisse zeigten klare rdumliche Muster, die mit Anbausystemen und
klimatischen Bedingungen zusammenhéangen, sowie zeitliche Trends, die durch
Wettervariabilitat und politische Anreize beeinflusst werden. Insgesamt tragen die
in dieser Arbeit vorgeschlagenen Methoden durch die Kombination von Satelliten-
daten mit robusten Algorithmen zur ganzjahrigen Uberwachung von Ackerflachen
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bei und schlielen zentrale Informationslicken in den Bereichen Pflanzenphanolo-
gie, Vegetationsbedeckung und Winterbewirtschaftung. Die daraus resultierenden
Datenprodukte und methodischen Fortschritte bilden einen wichtigen Baustein
fur eine verbesserte Bewertung der Dynamik landwirtschaftlicher Flachen, die fir
die Modellierung und Berichterstattung von Treibhausgasemissionen von grofier
Bedeutung sind. Diese Arbeit unterstiitzt eine fundierte, wissenschaftsbasierte
Politikberatung und die Entwicklung von Strategien zur Minderung des Klimawan-
dels im Bereich der landwirtschaftlichen Bodennutzung.
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1.1 Germany’s pathway to climate-neutrality

Germany has committed itself to becoming climate-neutral by the second half of the
215t century, as mandated by the Federal Climate Change Act (Klimaschutzgesetz,
KSG), enacted in 2019 (Federal Republic of Germany, 2019). The KSG implements
Germany’s international obligations under the Paris Agreement of the United
Nations Framework Convention on Climate Change (UNFCCC), which aims to
keep the global average temperature increase under 2°C compared to pre-industrial
levels, and ideally limit it to 1.5°C (European Union, 2016).

The KSG includes legally binding national targets to reduce greenhouse gas
(GHG) emissions by 65% by 2030 and 88% by 2040, relative to 1990 levels. In 2021,
the KSG was amended based on a decision of the Federal Constitutional Court
that required strengthening the emission reduction targets (Federal Constitutional
Court of Germany, 2021-03-24, 2021). The Climate Change Act was found to be
unconstitutional because it does not provide su [cieht protection for individuals
against future restrictions on their rights that may become necessary as climate
change advances (Bodle and Sina, 2022). The constitution further requires not
only the achievement of climate neutrality but also a timely and e [edtive transition
toward that objective. This accelerated the timeline in the KSG for achieving
climate neutrality from 2050 to 2045 in Germany. Achieving these goals requires
substantial emission reductions.

Under the UNFCCC, Germany is required to submit national GHG inventory
reports annually. For the GHG inventory reporting, emissions are categorized into
six main sectors, listed here in descending order of their contributions in 2023:
energy, transport, industry, buildings, agriculture, and waste and wastewater. In
addition, the Land Use, Land Use Change and Forestry (LULUCF) sector captures
emissions in the land use categories of forest, cropland, grassland, wetlands,
settlements, and other land via changes in carbon stocks, e.g., in soils, biomass
above and below the ground, and wood (Gensior et al., 2025). LULUCF is both
a source and a sink of GHGs (e.g., emissions from land-use change, removals by
forests) and is therefore usually reported separately due to its distinct carbon
dynamics.

Between 2000 and 2024, Germany’s overall GHG emissions decreased by
more than 37% from 1042.35 million tonnes of carbon dioxide equivalents per
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year (Mt COeq yr?) to 649.06 Mt CO,eq yr! (German Environment Agency,
2025). The largest reductions were achieved in the waste sector, with 81.9%
from 29.6 to 5.4 Mt CO,eq yr?, and the energy sector with 52.7% from 390.8
to 185.0 Mt COeq yrt (Figure 1.1). The agriculture sector showed the least
reduction of all sectors, with 13.7%, from 72.0 to 62.1 Mt CO,eq yr*. While this
was still an absolute decrease, it led to a steady increase in agriculture’s share of
overall GHG emissions from 6.9% in 2000 to 9.6% in 2024.
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Figure 1.1: Emissions of COeq per year in Germany by sector in (A) absolute
values, (B) shares of the overall emissions, and (C) relative changes between 2000
and 2024, LULUCF sector excluded (Data: German Environment Agency, 2025).

The LULUCF sector even showed an increase in emissions in recent years
(Figure 1.2). The significantly higher emissions after 2018 mainly stem from
forest damage due to biotic and abiotic stress factors (Gensior et al., 2025). This
increase is critical, especially in the background of new targets established for
the LULUCEF sector within the KSG since the amendment in 2021, emphasizing
the role of natural carbon sinks in climate protection. By 2030, this sector is
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expected to become a net sink of at least 25 Mt CO,eq yrt. From 2030 onwards,
the sink capacity is even to be increased to —35 Mt CO,eq yr?! in 2040 and
—40 Mt CO,eq yr? in 2045.
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Figure 1.2: Net Emissions of CO,eq per year in Germany from the LULUCF
sector (black line) and targets from the Federal Climate Change Act (red lines
and dots; Data: German Environment Agency, 2025).

The ongoing decarbonization in the non-agricultural sectors could lead to a
continuous increase in the share of emissions from the agricultural and LULUCF
sectors (Agora Agriculture, 2024). This would result in agriculture and LULUCF
presenting a substantial share of residual emissions in 2045, which have to be
compensated by negative emissions, making these emissions costly.

1.2 Agriculture’s Role in Climate Mitigation

Given the ambitious targets set by the KSG, it is crucial to understand agricul-
ture’s and LULUCF’s unique emission characteristics and mitigation potential.
Agriculture and LULUCF are sources of several GHGs, contributing to atmo-
spheric concentrations of CO,, methane (CH,), and nitrous oxide (N,O) (Smith et
al., 2014). These emissions arise from di Lerknt biological and mechanical processes
in agricultural systems. CH, is mainly released through enteric fermentation in
ruminant livestock (e.g., cows, sheep) and manure management. CO, emissions
stem from the usage of fossil fuels in agricultural machinery, from land-use change,
such as deforestation and wetland drainage (Moomaw et al., 2018), and soil carbon
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losses, particularly when land is converted from permanent to annual cultivation
(Zhang et al., 2021) or by tillage and conventional plowing, disturbing the soil and
releasing carbon stored in soil organic matter (SOM) as CO, (Mehra et al., 2018).
N,O, which traps 273 times more heat than CO, (IPCC, 2023), is emitted largely
from the application of synthetic and organic fertilizers, the deposition of manure
on fields and pastures, and the microbial processing of residual nitrogen in soils
after harvest (Pan et al., 2022).

However, agriculture and LULUCF are unique in their ability to not only
serve as a source but also as a sink for GHGs. Through appropriate management
practices, agriculture can remove CO, from the atmosphere by carbon seques-
tration (Johnson et al., 2007). Carbon sequestration in agriculture refers to the
long-term capturing of atmospheric CO, in soils and biomass. Plants growing on
the fields absorb CO, during photosynthesis and store it as C in their biomass.
The plants’ biomass is then transferred into the soil as SOM via the roots and
residues that are left on the field or incorporated into the soil. Depending on
a number of factors like soil type and depth, a part of the SOM resists degra-
dation and microbial decomposition and stays in the soil as soil organic carbon
(SOC; Johnson et al., 2007; Lal, 2004). Carbon sequestration can be enhanced by
increasing crop rotation complexity (West and Post, 2002), planting hedgerows
(Drexler and Don, 2024), implementing winter cover crops (Poeplau and Don,
2015), ensuring permanent vegetation cover (Autret et al., 2016), and reducing
tillage (Post and Kwon, 2000).

It can be concluded that both the potential of agriculture as a source as
well as a sink can be controlled through appropriate management. Exploiting
agriculture’s mitigation potential, however, requires accurate, timely, and spatially
explicit knowledge of cropland carbon dynamics. This includes not only spatial
variation in vegetation cover and soil properties but also temporal dynamics
linked to management events and crop phenology (Morisette et al., 2009). This is
essential for designing e [edtive mitigation strategies, improving GHG inventories,
and supporting robust measurement, reporting, and verification systems (IPCC,
2022; Paustian et al., 2019).
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1.3 Challenges in Quantifying Agricultural
Greenhouse Gas Dynamics

1.3.1 Emission Modeling

Assessing emissions from agriculture and understanding carbon dynamics in crop-
lands is important for GHG reporting, policy-making, and policy evaluation. The
direct monitoring of carbon dynamics in croplands, however, presents significant
challenges. For a long time, common methods to assess agricultural emissions were
static chambers, measuring GHG on-site, and methods based on emission factors
(Tang et al., 2024). Static chambers have the advantage of being very accurate in
their measurement. While the measurement method itself is actually of low cost,
the collection of area-wide data is hardly feasible and results in high costa due
to its labor intensity (Hensen et al., 2013). Methods based on emission factors
use agricultural management data and combine it with emission coe [ciehts for
the respective management practices known from empirical relationships (Reay et
al., 2012). An advantage of this method is the ability to provide GHG emission
estimates for large areas based on land use and management data. A downside is
that emission factors can be inflexible and often lack the possibility to respect
temporal variability and dynamics (Del Grosso et al., 2008).

To address these limitations, researchers use process-based models that sim-
ulate key biogeochemical processes such as plant growth, decomposition, and
nitrogen cycling based on both static and dynamic inputs. Static inputs are,
e.g., soil properties, while dynamic inputs include meteorological variables like
temperature, precipitation, solar radiation, CO, concentration, and wind speed,
as well as crop-specific parameters such as phenological growth stages and yield
(Tang et al., 2024). Management practices like tillage and fertilization can also
be considered. These models estimate carbon and nitrogen fluxes and enable the
evaluation of how di Lerknt scenarios influence greenhouse gas emissions (Cherry
et al., 2008; Wang et al., 2021).

1.3.2 Data Availability

While being a key tool to recent GHG emission monitoring and research, process-
based models can require large amounts of input data that need to be very precise
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to not compromise the results. This can present a critical barrier for area-wide
GHG emission assessment. While there is good data availability in terms of
meteorological and soil data in Germany, precise data on cropland dynamics and
management is limited.

The Integrated Administration and Control System (IACS) is the main tool
for managing agricultural subsidy applications within the Common Agricultural
Policy (CAP) of the European Union. It collects and verifies data on land use,
crop types, and farming practices to ensure compliance with requirements and
regulations. Although being set up for administrative purposes, the data have
been used for various research activities and policy evaluation (Leonhardt et al.,
2024). A key problem with this data, however, is the limited availability to the
public, but also its static nature, providing data on the main crop type but mostly
lacking information on secondary crops or any form of temporal development.
While the German Weather Service (DWD) provides a valuable product on crop
phenology in Germany, collected by a network of trained volunteer observers, this
data lacks explicit geolocalization, making it hard to link it to a single field (DWD,
2015). This leads to data availability being among the main factors influencing
the simulation results of process-based emission modeling (Tang et al., 2024).

1.4 Remote Sensing for Agricultural Monitoring

Traditional approaches for monitoring agricultural activities, such as questionnaires
or on-site surveys, although precise, face limitations in spatial coverage and
temporal resolution, and can be cost-intensive. This limits their usefulness for
providing input data for large-scale agricultural GHG emission estimation. In this
context, remote sensing emerges as a cost-e [cieht alternative to provide consistent,
frequent, and spatially explicit information about agricultural activities. Reflecting
this potential, the use of spaceborne remote sensing data for GHG reporting for
the LULUCF sector was also emphasized in the amendment of the KSG (Federal
Republic of Germany, 2019).

Satellite-based Earth observation has a long history of use in agricultural
monitoring. Operational optical remote sensing began in 1972 with the launch of
the Landsat 1 satellite by the National Aeronautics and Space Administration
(NASA; Mulla, 2013). This enabled the development of early agricultural applica-
tions using satellite data, including the first attempts at crop type mapping (Bauer
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and Cipra, 1973) and vegetation monitoring through indices like the Normalized
Dilerence Vegetation Index (NDVI), proposed by Tucker (1979). Over time,
subsequent sensors (e.g., AVHRR, SPOT, MODIS) contributed to the emergence
of a broad range of applications, including monitoring crop growth, soil moisture,
soil characteristics, biomass, and yields (Moran et al., 1997; Mulla, 2013).

Next to optical sensors, in the 1990s, synthetic aperture radar (SAR) systems
entered agricultural remote sensing with the launch of the Earth Resources
Satellites (ERS-1 & 2) and RADARSAT-1. Unlike optical sensors, SAR operates
in the microwave domain, allowing for data acquisition regardless of cloud cover
or daylight. This gives SAR sensors a clear operational advantage over optical
ones, particularly in regions or seasons with frequent cloudiness when timely
data acquisition is essential. However, early SAR missions operated at a single
frequency and polarization, requiring multiple acquisitions over time to build up
su [cieht detail (McNairn and and Brisco, 2004).

SAR data supported existing agricultural monitoring tasks like crop type
mapping and biomass estimation, especially where optical data were unreliable.
Beyond that, targeting the texture of agricultural surfaces with satellite remote
sensing became possible since radar backscatter responds to surface roughness.
This led, e.g., to several studies showing that the backscatter coe [cieht varies
noticeably between fields managed with diLerent tillage practices (McNairn and
and Brisco, 2004). The ability of microwaves to partly penetrate vegetation
causes radar backscatter to be influenced by both soil and crop properties. This
interaction complicates the extraction of clear, individual information from the
signal (McNairn and and Brisco, 2004). Further, e [edts like speckle or sensitivity
to precipitation-induced soil moisture changes are known limitations of SAR data
(Hashemi et al., 2024).

A new era began with the launch of Sentinel-1 (SAR) in 2014 and Sentinel-2
(optical) in 2015, delivering free imagery of 10-20 m resolution at revisit intervals
of 5-6 days. Regions in higher latitudes are even visited at higher frequencies due
to swath overlaps, although with dilering viewing geometries. This marked a
major leap forward for agricultural monitoring, reflected in the exponential growth
of scientific literature using these data for agricultural applications (Weiss et al.,
2020).

Building on the vast amount of data from today’s large number of available
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sensors, fusion approaches hold great potential. Combining same-domain sensors,
such as Sentinel-2 and Landsat, densifies optical time series, which is particularly
useful during cloudy periods (e.g., European winters). The creation of harmonized
and analysis-ready products from Sentinel-2 and Landsat data became straightfor-
ward with software like the Framework for Operational Radiometric Correction
for Environmental monitoring (FORCE; Frantz, 2019), and even o [-the-shelf
products are available, such as the Harmonized Landsat Sentinel (HLS) dataset
(Claverie et al., 2018). As a result, the combined use of multiple optical sensors was
demonstrated to be beneficial in several studies in agricultural contexts like the
detection of mowing events on permanent grassland (Lobert et al., 2021; Schwieder
et al., 2021) or crop type mapping (Pham et al., 2024a), and has become almost
standard today.

Beyond same-domain fusion, sensors can also be combined across domains,
like in the case of optical and SAR data. While both optical and SAR sensors
have their individual limitations, most limitations do not overlap. This supports
their complementary use, and one sensor can compensate for the shortcomings
of the other (Joshi et al., 2016). This synergy potential from both sensor types
was demonstrated in several studies in agricultural contexts (Holtgrave et al.,
2020; Weiss et al., 2020). However, traditional methods are often not well-suited
for the eledtive combination of optical and SAR data. Recent advances in
machine learning (ML), and in particular, deep learning (DL), now provide the
tools to fuse these complementary data sources (Hashemi et al., 2024). While
promising applications of such data fusion have already demonstrated benefits
in agricultural monitoring (Lobert et al., 2021), a deeper understanding is still
needed (Orynbaikyzy et al., 2019). Specifically, we must identify which fusion
strategies are most suitable for dilerknt types of remote sensing data and which
monitoring applications in cropland systems truly benefit from this integration.

Together, these steady advances of remote sensing sensors and methods
provide the basis for improving carbon modeling through refined products of
cropland dynamics. However, to fully support emission modeling, there is a growing
need for more advanced methods that are specifically tailored to the requirements
of carbon flux estimation, particularly in capturing phenological development,
vegetation cover, and management practices. Advancing such methods is essential
for improving GHG inventory systems and supporting climate-smart agricultural

policy.
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1.5 Motivation

Throughout the year, various activities can occur on cropland, but the cultivation
of the main crop is the most dominant. In Germany, main crops are typically
either winter crops sown in autumn or summer crops sown in spring. These
two types dilen significantly in cultivation period and carbon flux dynamics,
making accurate identification of the main crop type essential for carbon modeling.
Mapping main crops using spaceborne remote sensing is a highly active research
area. Blickensdorfer et al. (2022) set new standards in nationwide crop type
mapping with a 10 m resolution product covering over 20 crop types, which
already supported a range of modeling applications, including the GHG mitigation
potential of technical adaptation measures in cropland management (Sponagel et
al., 2025) or estimating GHG fluxes of fluvial ecosystems (Mwanake et al., 2025).

However, vegetative processes like photosynthesis vary throughout a crop’s
phenological development, causing temporal fluctuations in carbon fluxes. Accu-
rate carbon flux modeling therefore requires timely and detailed information on
crop phenology. In Germany, area-wide phenological products with field-level de-
tail are not available with the necessary accuracy. Remote sensing can help bridge
this gap; however, most methods only provide general indicators such as the start
or end of the growing season (Zeng et al., 2020). A finer-scale understanding of
crop phenology is therefore one of the major needs for improved carbon modeling.
Since the combined use of optical and SAR data was demonstrated to be beneficial
in case studies (Mercier et al., 2020; Veloso et al., 2017; Yeasin et al., 2022), using
advanced DL methods for a Germany-wide analysis of crop phenology seems a
promising contribution to the state of research in this field.

In annual cropping systems, the fields are usually not occupied by the main
crop the whole year. Therefore, gaps in crop coverage can occur, especially after
the main crop harvest and before the sowing of a new summer crop in the following
spring. Management during these periods significantly influences carbon balance.
Leaving a field as bare fallow increases the risk of losing SOC as GHG emissions
(Borrelli et al., 2016; Matson et al., 1997). In contrast, winter cover crops, which
are sown post-harvest and terminated in spring, improve soil health, reduce erosion,
and can sequester carbon (Poeplau and Don, 2015; Smit et al., 2019). Mapping
the extent of cropland coverage during winter by both main and cover crops
is essential for identifying fields that act as carbon sinks or sources. Current



1. Introduction 11

assessments of winter cover rely on spot checks, which are spatially limited and
unsuitable for large-scale monitoring. Remote sensing methods to detect cover
cropping show promise but often provide only binary classification (Schulz et al.,
2021). While binary maps are useful for administrative purposes (e.g., subsidy
checks), they cannot represent partial coverage or phenological change relevant to
ecological modeling. Some studies, such as Nowak et al. (2021), applied NDVI
thresholds from Sentinel-2 to identify uncovered fields, but their method lacks
temporal detail.

Spectral unmixing of multispectral imagery enables a more detailed and tem-
porally continuous understanding of vegetative dynamics. These methods estimate
the ground cover fraction of key surface components for each pixel. For agricul-
tural areas, this is mainly photosynthetic vegetation (PV), non-photosynthetic
vegetation (NPV), and bare soil. The fractional cover time series generated by
the unmixing of multitemporal satellite imagery demonstrated their e [edtiveness
for grassland monitoring (Kowalski et al., 2023; Lewinska et al., 2025; Okujeni et
al., 2024), land cover monitoring (Pham et al., 2024b), and tree species mapping
(Klehr et al., 2025). However, applications to croplands remain limited, despite
the strong potential for monitoring the development of crops or the coverage of
cropland soils.

Approaches based on fractional cover time series allow both detailed temporal
insight into vegetation development and the derivation of higher-level indicators,
such as cover crop presence. Temporal detail is especially critical for cover
crops since the amount of sequestered carbon depends on how long vegetation
is present and how much biomass is accumulated. Time series of photosynthetic
and non-photosynthetic vegetation fractions could serve as valuable proxies for
biomass and provide crucial inputs for improved carbon modeling. Laamrani et
al. (2020) already applied spectral unmixing of Landsat 8 data to soil cover levels
on croplands during the non-growing season in a Canadian case study. They
yielded promising results, yet they mentioned that including a larger gradient
of soil types and resulting soil spectra may become a problem. While fractional
cover time series seem like a promising tool to assess winter cropland cover types
across Germany, the applicability of spectral unmixing for the whole variety of
German croplands needs to be assessed first.



12 1.6. Research questions and objectives

1.6 Research questions and objectives

In light of these challenges and opportunities, this PhD thesis addresses key
questions at the intersection of satellite-based monitoring, cropland dynamics, and
carbon modeling. The aim is to develop tools and methods to fulfill identified data
needs for carbon modeling in cropland management with satellite data in Germany.
The three overarching research questions are introduced in the following.

Research Question I: How can we accurately monitor crop phenology using
a deep learning framework that integrates optical and SAR data?

Detailed information on crop phenology is essential for accurate carbon
modeling, as phenological stages influence carbon fluxes. To address this, we
selected winter wheat as the subject of our study and investigated how crop
phenology can be monitored using a deep learning framework that combines
optical Sentinel-2 and Landsat data with Sentinel-1 SAR data in Germany. As
part of this, we investigated the complementarity and synergy of both data sources.
By using a field-matching strategy, we were able to use the point-based DWD
phenology observation for training our model and perform precise and field-based
estimations.

Research Question I1: How can fractional cover time series of photosyn-
thetic and non-photosynthetic vegetation from Sentinel-2 and Landsat data be
derived for croplands respecting large gradients of soil properties?

Fractional cover time series oler high potential for monitoring cropland
dynamics and management activities. The frequent occurrence of bare soil in
croplands makes the selection of suitable soil endmembers important. We tar-
geted this question by transferring an existing approach for fractional cover time
series generation from grasslands to croplands. By utilizing a Germany-wide soil
reflectance composite, we were able to delineate clusters of spectrally similar soils
and train and apply unmixing models specific to the soil reflectance of each pixel.
This allowed us to test the influence of soil di[erkences on the unmixing results.

Research Question I11: How can we use the fractional cover time series
to monitor di[erent cropland management options and their timing during the
winter period?

The way in which cropland is covered or left uncovered in winter plays
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an important role in carbon fluxes, making this information highly relevant for
modeling tasks. To answer the third research question, we developed rule sets and
applied them to the fractional cover time series during winter periods to derive
di Lerent winter cropland cover metrics and types, including winter crops, green
cover (cover crops and spontaneous vegetation), residue cover, and bare soil, along
with phenological metrics. By utilizing multiannual time series across Germany,
we were able to map wall-to-wall winter management and derive spatial patterns
and temporal trends.

1.7 Thesis structure

This thesis is structured into five chapters, beginning with an introduction in
Chapter 1, followed by three research-focused chapters (Chapters 2-4), and con-
cluding with a synthesis in Chapter 5. Each research chapter is written as an
independent article that has either been published or submitted to international
peer-reviewed journals (listed below). Research Question I is explored in Chapter
2, while Research Question Il is discussed in Chapter 3 and Research Question
11 in Chapter 4. Chapter 5 summarizes the key findings and implications from
the research chapters and suggests directions for future studies.

Given that this thesis includes articles co-authored with collaborators, the first-
person plural “we” is used to refer to these joint e Ladts. Despite this collaboration,
the thesis and the included articles primarily represent the doctoral researcher’s
individual work.

Chapter 2: Felix Lobert, Johannes Low, Marcel Schwieder, Alexander Gocht,
Michael Schlund, Patrick Hostert, Stefan Erasmi (2023). A deep learning approach
for deriving winter wheat phenology from optical and SAR time series at the field
level. Remote Sensing of Environment. doi:10.1016/j.rse.2023.113800

Chapter 3: Felix Lobert, Marcel Schwieder, Jonas Alsleben, Tom
Broeg, Katja Kowalski, Akpona Okujeni, Patrick Hostert, Stefan Erasmi
(2025). Unveiling year-round cropland cover by soil-specific spectral unmixing
of Landsat and Sentinel-2 time series. Remote Sensing of Environment.
doi:10.1016/j.rse.2024.114594

Chapter 4: Felix Lobert, Marcel Schwieder, Patrick Hostert, Alexander
Gocht, Stefan Erasmi. Characterizing spatio-temporal patterns of winter cropland
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cover in Germany based on Landsat and Sentinel-2 time series. Under review with
the International Journal of Applied Earth Observation and Geoinformation.?

LA revised version of the manuscript was meanwhile published in: Felix Lobert, Mar-
cel Schwieder, Patrick Hostert, Alexander Gocht, Stefan Erasmi, (2025). Characterizing
spatio-temporal patterns of winter cropland cover in Germany based on Landsat and Sentinel-
2 time series. International Journal of Applied Earth Observation and Geoinformation.
https://doi.org/10.1016/j.jag.2025.104728
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16 Abstract

Abstract

Information on crop phenology is essential when aiming to better understand the
impacts of climate and climate change, management practices, and environmental
conditions on agricultural production. Today’s novel optical and radar satellite
data with increasing spatial and temporal resolution provide great opportunities to
provide such information. However, so far, we largely lack methods that leverage
this data to provide detailed information on crop phenology at the field level. We
here propose a method based on dense time series from Sentinel-1, Sentinel 2,
and Landsat 8 to detect the start of seven phenological stages of winter wheat
from seeding to harvest. We built di [erknt feature sets from these input data and
compared their performance for training a one-dimensional temporal U-Net. The
model was evaluated using a comprehensive reference data set from a national
phenology network covering 16,000 field observations from 2017 to 2020 for winter
wheat in Germany and compared against a baseline set by a Random Forest
model.

Our results show that optical and radar data are di Lerkntly well suited for
the detection of the di[erent stages due to their unique characteristics in signal
processing. The combination of both data types showed the best results with
50.1% to 65.5% of phenological stages being predicted with an absolute error of less
than six days. Especially late stages can be predicted well with, e.g., a coe Lcieht
of determination (R?) between 0.51 and 0.62 for harvest, while earlier stages
like stem elongation remain a challenge (R? between 0.06 and 0.28). Moreover,
our results indicate that meteorological data have comparatively low explanatory
potential for fine-scale phenological developments of winter wheat.

Overall, our results demonstrate the potential of dense satellite image time
series from Sentinel and Landsat sensor constellations in combination with the
versatility of deep learning models for determining phenological timing.

2.1 Introduction

Phenology refers to the study of periodic events in the life cycle of organisms,
which are mainly triggered and controlled by environmental factors (Lieth, 1974,
Morisette et al., 2009). When monitoring plants and in particular crops, infor-



2. A deep learning approach for deriving winter wheat phenology from

optical and SAR time series at field level 17

mation on seasonal phenology allows understanding a crop’s metabolic cycle, its
response to meteorological drivers such as temperature and humidity, and its
buildup of biomass, among others (Richardson et al., 2013). Crop phenology is
hence a valuable input for numerous agricultural monitoring tasks, including the
assessment of management practices and yield estimation. Furthermore, pheno-
logical information is a reliable indicator for climate change impact analysis and
of high interest in fields like ecology and global change biology (Ma et al., 2022;
Menzel et al., 2006; Menzel, 2002).

Meaningful and large-scale analyses of phenological patterns require a large
amount of in-situ data, whose field-based collection is hardly feasible. Gerst-
mann et al. (2016) demonstrated the potential of meteorological data to map
general phenological patterns for several crops based on the well-known rela-
tions between temperature, precipitation, and plant development. In comparison
to meteorological data, Earth Observation (EO) satellites directly capture the
condition of vegetation at the field level and thus provide proximate informa-
tion on plant development. These temporal signals of vegetation development
revealed by satellite sensors were defined as land surface phenology (LSP; De
Beurs and Henebry, 2004). Such satellite-based observations of LSP allow to infer
phenological changes of crops on the ground and derive phenological information.
The field of satellite-based phenology research has been around for a long time,
yet new methods like Deep Learning and possibilities of sensor fusion represent
potentials that have not yet been fully exploited (Katal et al., 2022; Pipia et al.,
2022). Therefore, it is of great interest for the EO research community to further
investigate these potentials and contribute to spatially and temporally improved
proxies from satellite data analyses for identifying crop phenological stages.

Studies focusing on phenology analysis based on satellite data usually aim at
identifying specific points in remote sensing time series that represent key events
of the crop’s life cycle, such as the Start Of Season (SOS) or End Of Season (EOS;
Zeng et al., 2020). This is often achieved by defining thresholds for Vegetation
Indices (V1) that can either be static or dynamic (e.g., Bolton et al., 2020; Meroni
et al., 2021). Another way is to calculate derivatives from satellite data time
series that can be used to identify breakpoints, turning points, or other significant
changes in the trend of the time series, which are mainly inspired by mathematical
curve descriptors (Harfenmeister et al., 2021a; Kowalski et al., 2020; Schlund and
Erasmi, 2020). The products resulting from these methods can be understood
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as phenological metrics that provide estimates for the general progression during
plants’ life cycles and are, therefore, of great interest for various applications.
However, these phenological metrics are rather mathematical descriptors of VI
curves and are not necessarily linked to the sharply defined phenological events
we can measure in the field, like stem elongation or heading of wheat (Zhang et
al., 2017). Applications, such as biophysical plant growth or yield models, that
need detailed information about individual phenological stages, therefore, require
new methods to provide such input.

Traditionally, optical imagery has been used as predominant data source for
deriving phenology information from remote sensing. Time series of VIs and raw
band measurements show characteristic patterns that can be attributed to changes
in the plant as it progresses through the various phenological stages, such as the
fraction of ground cover, chlorophyll content, and color. However, optical imagery
usually comes with the issue of data gaps in time series introduced by clouds and
cloud shadows. Data gaps hamper the detection of changes in a crop’s temporal
signature. Thus, there has been a trend in phenological analyses toward using
synthetic aperture radar (SAR) data, specifically since the advent of operational
Sentinel-1 data (e.g., (L6w et al., 2021; McNairn et al., 2018; Nasrallah et al.,
2019; Schlund and Erasmi, 2020). Derived features, like the backscatter coe [cieht,
are sensitive to surface roughness and the dielectric constant. These properties
depend on vegetation structure, leave angles, vegetation cover, and water content,
which change during the phenological development of crops. Mainly during the
first months after seeding, soil roughness and moisture potentially influence the
SAR signal.

One of the advantages of SAR data against optical data time series, is that they
are usually not impeded by data gaps due to cloud cover. However, speckle noise,
precipitation-induced soil moisture changes, and di Lerent acquisition geometries
are common challenges when working with SAR data and limit time series quality.
Consequently, combining spectral and textural/structural information derived
from both optical and SAR systems can help mitigate the weaknesses of each data
type and create synergies instead (Meroni et al., 2021; Pipia et al., 2022).

The suitability of optical and SAR data for phenological analyses was already
investigated and compared in several studies (d’Andrimont et al., 2020; Fieuzal et
al., 2013; Meroni et al., 2021; Nasrallah et al., 2019; Veloso et al., 2017). Most of
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them agree on the potential arising from the joint use of data from both sensor
types. However, studies presenting methods that make use of this combination
were only introduced recently by Mercier et al. (2020) and Yeasin et al. (2022).
Both reported improvements over single-sensor models, supporting the assumption
of data complementarity for phenological analyses. However, Mercier et al. (2020)
and Yeasin et al. (2022) were based on a limited number of observations, which
hampers accurate inferences about the timing of actual stage transitions.

Nowadays, we are faced with a wealth of data from various Earth observation
missions. However, we still need advanced methods that can appropriately exploit
their potential to estimate phenological information on arable crops. Deep Learning
(DL) has been shown to be a suitable tool for the combined exploitation of
multivariate time series from heterogeneous data sources (Holtgrave et al., 2023;
Lobert et al., 2021), while the potential of DL for multi-sensor phenological
analyses is generally under-studied (Katal et al., 2022). We here consequently
address this research gap by utilizing a supervised one-dimensional DL model
that is inspired by phenology-like problems in medical time series applications
(Jimenez-Perez et al., 2019; Perslev et al., 2019). We exploited data from Sentinel-1
(S1), Sentinel-2 (S2), and Landsat 8 (L8) together with meteorological data and a
comprehensive data set on phenological field observations provided by the German
Weather Service (DWD). Being the most widely grown crop in Germany, we
focused on winter wheat (Federal Statistical O [ce12022). We compared around
16,000 phenology observations to nearby field-level remote sensing time series for
winter wheat between 2017 and 2020. The model was then trained to predict the
start of seven di[erknt phenological stages at field level and compared against a
baseline provided by a Random Forest (RF) classifier (Breiman, 2001).

The presented approach contributes to innovation in the field of crop phenology
estimation in two respects: first, the chosen architecture represents an “all-in-all-
out” approach, i.e., time series of diLerent features are simultaneously fed into
the model that predicts the entry data of multiple phenological stages at once.
This extends the current state-of-the-art that mostly builds on separate rule sets
or features for dilerent stages (Zeng et al., 2020). Second, the model training
enables us to directly search for relevant patterns in the time series instead of
defining the key points ex-ante and matching them to field observations afterward.

We hence aimed to answer three research questions:
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1. What is the performance of the proposed one-dimensional DL model to
predict the start of phenological stages for winter wheat at field level based
on diLerknt sets of input features and against the baseline model?

2. How does the performance diLer for the individual stages?

3. How do our estimates of the start of phenological stages compare to spa-
tiotemporal patterns of the ground observations across Germany?

2.2 Study area and data

2.2.1 Study area and reference data

For our study, we used reference data provided by DWD. Around 1,200 trained
volunteers located across Germany observe the phenology of nearby plants (Kaspar
et al., 2015). The volunteers choose one field for each crop within a distance of 2
km (up to 5 km in exception) from their reported base location (DWD, 2015),
shown in Figure 2.1. An assignment to a specific field, however, is not provided.
We selected the observations from around 700 volunteers who surveyed the start
(reached on 50% of the field) of seven di Lerknt phenological stages for winter wheat,
always on the same field (DWD, 2022a). The observations begin with the seeding
of the winter wheat, followed by the start of leaf development, stem elongation,
heading, milk ripeness, yellow ripeness, and lastly harvest. Our study covered
four vegetation periods from the seeding of winter wheat in autumn 2016 to the
harvest in late summer 2020. The combination of 700 observation stations, seven
stages, and four observed vegetation cycles results in over 16,000 observations.

The locations of the observations cover the full gradient of climate and
topographic characteristics across Germany, from the Alpine foreland in the South,
over regions with a continental climate in the East to a maritime climate in
the West and the Northern German lowlands. The observation period (2016
to 2020) covers heterogeneous meteorological conditions. While the year 2017
experienced average amounts of precipitation and temperatures in Germany, 2018
was exceptionally dry and hot (Figure 2.2). Subsequent years 2019 and 2020
were also characterized by low to average moisture conditions, which prevented
recharge of groundwater storage.

The start of the phenological stages during the four studied years reflects
the described climate conditions (Figure 2.3). The timing of seeding and leaf
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Figure 2.1: Locations of the phenological observations in Germany (DWD, 2022b,
2015).
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Figure 2.2: Monthly mean records of temperature and precipitation sums in
Germany during the studied years and long-term average (1991-2020) (Source:
DWD).
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development throughout the study period does not show large deviations or
outliers. The start of stem elongation occurred later in 2018, which could be
related to cold conditions at the beginning of 2018. As of April 2018, very hot
and dry conditions can be observed as well as a much earlier start of the heading
to harvest stages compared to the other years.

Harvest 2017-08-01 ~Go3— 2018-07-18 <<->>—
Yellow
ripeness | 2017-07-13 <GCo=>=— 2018»07-03<®>—
Milk
ripeness 2017-06-25 <&e=>— 2018-06-16 <Co>—
Heading A 2017-05-29 -<<«>>- 2018-05-22 <<~>>-
Stem
elongation 2017-04-18 ~<===— 2018-04-22 —~Eo>—
Leaf i 10 10.
development ——=e>—2016-10-22 —<==>—2017-10-22
Seeding - —=c===—2016-10-07 —&—2017-10-10
T T T T T T T T T T T T T T T T T T T T T T T T
Sep Oct NovDec Jan FebMar AprMay Jun Jul Aug Sep Oct NovDec Jan FebMar AprMay Jun Jul Aug
2016 2017 2017 18
Harvest o 2019-07-25 —$>— 2020-07-30 -<<->-D>=
Yellow B
ripeness 2019-07-09 <Co=>— 2020-07-13 =®>—
Milk
ripeness 2019-06-24 <Co>— 2020-06-25 <Co=—
Heading o 2019-05-29 -<<—§> 2020-05-24 <®>—
Stem
elongation 2019-04-18 —=—— 2020-04-17 <<—e=>—
Leaf
development | —=—=——12018-10-18 ——=e>=2019-10-23
Seeding = —=<<e=>—2018-10-05 -<<o—>>-2019-10-11
T T T T T T T T T T T T T T T T T T T T T T T T
Sep Oct NovDec Jan FebMar AprMay Jun Jul Aug Sep Oct NovDec Jan FebMar AprMay Jun Jul Aug
2018 2019 2019 2020

Figure 2.3: Temporal distribution of the phenological observations for winter
wheat in the studied growing seasons. Points represent the median (annotated
date), error bars show = one standard deviation. Vertical bars in the violin plots
show the 5™ and 95 percentiles.

2.2.2 Field boundaries

We used a German-wide crop type map (CTM), which was produced by Blick-
ensdorfer et al. (2022) based on S1, S2, and L8 data for identifying the main
crop types in Germany at 10 m spatial resolution. For each observer location,
we extracted all winter wheat pixels from the CTM of the respective year within
a surrounding of 5 km. Adjacent pixels were then clustered and combined into
individual fields. To enhance the quality of the field boundaries, we utilized a
two-step bu [ering approach. First, we applied an inward bu [er of 70 m to each
boundary. This was then followed by an outward bu [erl of 40 m. This procedure
imitates a morphological opening operation and removes erroneous connections
between multiple fields. Using a higher value for inward bu [ering mitigates edge
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e [edts along the field boundaries. Finally, fields smaller than 2 ha were excluded,
to exclude excessively small fields from the training process. In addition, we
decided to limit our analysis to the 10 closest fields to the observer’s position
to reduce the bias by high variations in the number of winter wheat fields and
not weigh distant fields too much, if there are already enough fields close to the
observer location (Figure 2.4). This procedure resulted in about 22,000 field
boundaries for winter wheat that were linked to the phenological observations
during one growing season.

Winter wheat pixels
from CTM 2019

Plots used for
analysis

Figure 2.4: Example of a reported observer location from the reference data (white
point), extracted winter wheat pixels within 5 km distance (white dashed circle),
and resulting field boundaries in 2019 that were used for further analysis (right).
Background image: monthly RGB-composite from Sentinel-2 for June 2019.

2.2.3 Remote sensing imagery

2.2.3.1 Sentinel-1

We used the gamma naught (y°) backscatter coe Lcieht from the S1A and S1B
constellation as SAR-based input. S1 acquires data in the C-band (5.4 GHz,
5.5 cm), with dual polarization mainly in VV (vertical transmit and vertical
receive) and VH (vertical transmit and horizontal receive). Standard acquisitions
are in interferometric wide swath (IW) mode, which covers a swath of about
250 km (Torres et al., 2012). We used the Ground Range Detected (GRD) IW
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product. Since the launch of S1B in 2016 and until its unexpected failure at the
end of 2021, the S1 constellation acquires data at a 6-day interval. We used all
available data from both sensors and across all orbits for Germany during our
study period. This resulted in 18,203 S1 scenes from August 2016 to October 2020.
S1 accordingly delivered an observation every 1.8 days on average, depending on
orbit overlap across Germany. We accessed the S1 data through the Copernicus
Data and Exploitation Platform - Germany (CODE-DE; Benz et al., 2020). The
pre-processing was carried out using the Sentinel Application Platform (SNAP)
and the R package rcodede (Lobert, 2022).

The y° backscatter coe [cieht was processed by first applying border and
thermal noise removal to the S1 GRD scenes. This was followed by calibration and
radiometric flattening of the data to obtain the y° backscatter coe [cieht in VV and
VH polarization in dB. Gamma naught represents the ratio between the incident
power and the scattered power for a reference area that is perpendicular to the
line of sight from the sensor to an ellipsoidal model of the ground surface (Small,
2011). The imagery was terrain corrected using the Shuttle Radar Topographic
Mission (SRTM) 1 arc-second global digital elevation model (DEM; Farr et al.,
2007), and resampled to 10 m spatial resolution.

We then calculated the backscatter cross-ratio (CR) to exploit the information
content of the backscattered signal in both polarizations

CR = yyy[dB] — vy, [dB] (2.1)

which is strongly aledted by structural changes in crops like winter cereals
(Holtgrave et al., 2020; Nasrallah et al., 2019; Vreugdenhil et al., 2018). Moreover,
Schlund and Erasmi (2020) reported that the CR produces a relatively stable
signal in dense time series over longer periods over agricultural areas since both
polarizations react similarly to terrain and soil properties which reduces the impact
of these factors on the CR signal. Meroni et al. (2021) have shown that this also
allows for the combined use of multiple orbits and acquisition directions, enabling
the analysis of time series consisting of up to daily observations in areas of orbit
overlaps.
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