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Summary 
The activities of humans have transformed the earth over the last decades. The 
transformation is estimated to increase further in response to the growing world population. 
This has caused many countries to devise means to utilize resources sustainably. Bio-
economy is seen as a means to reduce the high reliance on fossil materials and ensure the 
provision of raw materials, energy and food to the increasing world population in a 
sustainable manner. However, the rising demands for biomass to produce bioenergy have 
relied on agriculture. 

Given its high energy yield, maize, for example, is the most dominant energy crop used for 
biogas production in Germany and within the EU. As a result, maize is continuously 
cultivated in large quantities on productive arable lands for biogas silage. The intensified 
cropping of monocultures of maize involves the use of high amounts of chemical fertilizers 
and pesticides. These developments have raised concerns about agricultural land-cover 
change and biodiversity loss. Therefore, systematic monitoring and modelling of 
agricultural lands are essential to understand better and address these concerns and for 
policy directions and future planning. The success of agricultural land-cover monitoring and 
modelling depends on the availability of data. Optical satellite remote sensing offers 
frequent and reliable data of our environment, and this has been used for multiple studies 
on land-use and land-cover change. But not much has been done in the area of agricultural 
land-cover and its changes, relative to bio-economy like biogas production. Thus, the present 
thesis contributed to the above-mentioned research gap by using Landsat and Sentinel-2 
satellite images to understand agricultural land-cover and its changes in space and time. 

Land-cover classification or prediction forms the basis for satellite-based land-cover change 
detection. Further, a robust model is necessary for accurate land-cover predictions in a 
period of interest. However, satellite-based crop type mapping is challenged by its 
dependence on field data (i.e. for calibration and validation). In Europe, the Integrated 
Administration and Control System (IACS) spatial data, submitted by farmers who apply 
for subsidies, solves the problem of regular field surveys needed for satellite-based crop type 
mapping. Chapter 3 of the thesis was dedicated to the development of a robust and 
generalized Landsat-based crop-type prediction model, calibrated and validated using the 
IACS data. A generalized model is particularly important when prediction beyond the 
calibration data becomes a necessity. Two modelling approaches called multi-year (MY) and 
single-year (SY) calibrations based on the random forest algorithm (RF) were assessed. The 
MY and SY modelling were based on multi-temporal spectral information (i.e., early and late 
summer seasons) from six bands of Landsat images as well as four vegetation indices from 
six different years. The MY model was repeatedly calibrated based on the five years’ spectral 
information while one year was left out entirely to test the model’s robustness in the 
prediction of grassland, maize, summer crops and winter crops. SY models were calibrated 
with spectral information of just one year and validated based on the years not included in 
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the calibration. The independent validation of MY and SY resulted in overall accuracies of 
77.3% and 71.5% respectively, indicating a better performance and robustness of the former.  

The assessment of where and when changes occurred is a prerequisite for understanding the 
underlying causes of the changes. Thus, the generalized MY model was employed in chapter 
4 to map agricultural lands-cover of Northern Hesse. The changes in land-cover and 
biodiversity of agricultural fields were evaluated. The results showed that from 2000 to 2015, 
the area of grassland (-5.7%) and summer crops (-5.8%) decreased, while the area of winter 
crops and maize increased by 9.2% and 2.2%, respectively. The mean capacity of biogas 
plants (MBC) and topographical features like mean elevation and slope were employed as 
predictor variables. These predictors information on a municipality level were used in 
multiple linear regression models as possible drivers of the changes in maize area (MA) and 
field edge density (ED), which is an indicator for species and habitat diversity. The MBC and 
elevation were the most significant drivers of change in MA (p < 0.05), while MBC and slope 
were the significant drivers of the change in ED. The area of maize increased with an 
increasing MBC at lower elevations of the study area (p < 0.05). A decrease in the ED of fields 
was observed, and this was very much associated with the extent of maize and winter crops’ 
production. 

Moreover, the combination of two or more optical satellite sensor data facilitates the 
derivation of a dense time series needed for an accurate prediction of diverse crops with 
different phenology. Hence, chapter 5 employed the Harmonized Landsat and Sentinel-2 
data, which is a product from the Landsat and Sentinel-2 sensors to improve the MY model. 
A crop prediction model was built based on the RF algorithm and target-oriented cross-
validation (TOV). Phenological metrics, spectral and topographic information were 
employed as model predictors. A forward feature selection (FFS) procedure, resulted in a 
final selection of only 16 of the predictors as relevant to the prediction of 13 crops. An 
independent assessment of the model based on the outcome of the FFS showed an overall 
model performance of 76%. Most of the predicted crops also achieved high user’s and 
producer’s accuracies (> 80%). However, the prediction performance of crops like potato, 
summer oat and winter triticale was comparatively low (< 60%). Different models were 
further developed based on the combination of different predictors variables selected during 
the FFS to assess the contribution of the predictors in discriminating the 13 crops. While 
topographic information did not improve the overall model performance, the inclusion of 
phenological metrics contributed positively to the accuracy of the model. 

Finally, it can be concluded that the use of time series and multi-sensor optical satellite data, 
coupled with a robust machine learning algorithm, can help develop models to classify 
agricultural land-cover. Further, it was demonstrated that multiple-year model, based on 
multi-temporal optical satellite data facilitates the detection of agricultural land-cover and 
biodiversity changes relative to bioenergy production.  
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Zusammenfassung 
Die Aktivitäten des Menschen haben die Erde in den letzten Jahrzehnten verändert. Diese 
Veränderungen werden voraussichtlich infolge der steigenden Weltbevölkerung weiter 
zunehmen. Darum haben viele Länder Maßnahmen ergriffen, Ressourcen nachhaltig zu 
nutzen. Die Bioökonomie wird als eine Möglichkeit angesehen, die hohe Abhängigkeit von 
fossilen Materialien zu reduzieren und die Versorgung mit Rohstoffen, Energie und 
Nahrungsmitteln für eine wachsende Weltbevölkerung auf nachhaltige Weise 
sicherzustellen. Der steigende Bedarf an Biomasse zur Energieproduktion stützt sich dabei 
maßgeblich auf die Landwirtschaft als Quelle. 

Mais ist aufgrund seines hohen Energiegehalts die wichtigste Energiepflanze zur 
Biogasproduktion in Deutschland und der EU. Darum wird Mais auf produktiven 
Standorten großflächig in Monokultur zur Produktion von Maissilage für Biogasanlagen 
angebaut. Der intensivierte Anbau von Maismonokulturen bringt den Einsatz hoher 
Mengen an chemischen Düngemitteln und Pestiziden mit sich. Diese Entwicklung hat 
Bedenken bezüglich Landnutzungsänderungen und der Abnahme der Biodiversität 
landwirtschaftlich genutzter Flächen aufkommen lassen. Ein systematisches Monitoring und 
die Modellierung von landwirtschaftlichen Flächen ist daher essenziell, um Veränderungen 
zu verstehen, zu thematisieren und daraus politische und planerische 
Richtungsentscheidungen abzuleiten. Der Erfolg des Monitorings landwirtschaftlicher 
Landnutzung hängt von der Datenverfügbarkeit ab. Optische Fernerkundungssatelliten 
liefern verlässliche Daten über unsere Umwelt mit hoher zeitlicher Auflösung. Sie wurden 
bereits in vielen Studien zu Landnutzungs- und Landbedeckungsänderungen verwendet. Es 
gibt allerdings wenig Forschung auf dem Gebiet der landwirtschaftlichen Landnutzung und 
ihrer Änderungen im Kontext der Bioökonomie und zum Beispiel der damit verbundenen 
Biogasproduktion. Die vorliegende Arbeit soll daher durch die Nutzung von 
Satellitenbildern (Landsat und Sentinel-2) für ein verbessertes Verständnis 
landwirtschaftlicher Landnutzung und ihrer Veränderungen in Raum und Zeit beitragen, 
um die oben genannte Forschungslücke zu schließen. 

Landnutzungsklassifizierung oder -vorhersage bilden die Grundlage für satellitenbasierte 
Detektion von Landnutzungsänderungen. Weiterhin ist ein robustes Modell für korrekte 
Vorhersagen der Landnutzung in einem Interessenzeitraum vonnöten. Die satellitenbasierte 
Kartierung von Feldfrüchten wird jedoch durch die Abhängigkeit von Felddaten (d.h. für 
die. Kalibrierung und Validierung) erschwert. In Europa kann durch die Nutzung von 
räumlichen Daten des „Integrierten Verwaltungs- und Kontrollsystems“ (InVeKoS) auf die 
regelmäßige Erhebung von Felddaten für die satellitenbasierte Kartierung von 
landwirtschaftlichen Kulturen verzichtet werden. InVeKoS-Daten werden von 
Landwirt*innen für die Antragstellung von Agrarbeihilfen übermittelt und enthalten 
Informationen über angebaute landwirtschaftliche Kulturen. Kapitel 3 dieser Arbeit 
behandelt die Entwicklung eines robusten und generalisierten, auf Landsat-Daten 
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basierenden Vorhersagemodells für landwirtschaftliche Kulturen, welche auf Grundlage 
von InVeKoS-Daten kalibriert und validiert wurden. Ein generalisiertes Modell ist von 
besonderer Bedeutung, wenn eine Vorhersage über den Zeitraum der Kalibrierung hinaus 
notwendig ist. Es wurden zwei verschiedene Modellierungsansätze auf Basis des Random 
Forest Algorithmus (RF) getestet: eine mehrjährige (MY) und eine einjährige (SY) 
Kalibrierung. Sowohl die MY- als auch die SY-Modellierung wurden auf Grundlage von 
multitemporalen spektralen Informationen (z.B. zum Beginn und Ende des Sommers) der 
sechs Bänder von Landsat-Aufnahmen als auch mittels vier Vegetationsindizes aus sechs 
verschiedenen Jahren erstellt. Das MY-Modell wurde in mehreren Wiederholungen jeweils 
mit den spektralen Daten aus fünf Jahren kalibriert. Die Daten des verbleibenden sechsten 
Jahres wurden herangezogen, um die Fehlerrobustheit in der Vorhersage von Grünland, 
Mais, Sommer- und Winterkulturen zu testen. Das SY-Modell wurde mit den spektralen 
Informationen eines Jahres kalibriert und mit Daten der nicht in die Kalibrierung 
eingegangenen Jahre validiert. Die unabhängige Validierung von MY- und SY-Modellen 
resultierte in einer Gesamtgenauigkeit von 77,3 % bzw. 71,5 %. MY-Modelle waren demnach 
besser und robuster als SY-Modelle. 

Die Untersuchung der räumlichen und zeitlichen Veränderungen ist eine Voraussetzung um 
deren Gründe zu verstehen. Das generalisierte MY-Modell wurde daher in Kapitel 4 zur 
Kartierung der landwirtschaftlichen Landbedeckung Nordhessens genutzt. Die 
Veränderungen in der Landbedeckung und Biodiversität landwirtschaftlicher Flächen 
wurden evaluiert. Das Ergebnis zeigte, dass die Grünlandfläche um -5,7 % und die Fläche 
mit Sommerkulturen um -5,8 % zurückging, während die Flächen mit Winterkulturen und 
Mais um 9,2 % bzw. 2,2 % zunahmen. Die mittlere Kapazität von Biogasanlagen (MBC) und 
topografische Merkmale wie mittlere Höhenlage und die Hangneigung fungierten dabei 
wurden als Prädiktoren. Diese Prädiktoren wurden auf Gemeindeebene in multiplen 
linearen Regressions-Modellen als potentielle Faktoren für die Veränderung der 
Maisanbaufläche (MA) und der Dichte von Feldrändern (ED), welche wiederum ein 
Indikator für Arten- und Habitat-Biodiversität ist, genutzt. MBC und Höhenlage waren die 
wichtigsten signifikanten Einflussfaktoren (p < 0,05) der Veränderung der MA, während 
MBC und Hangneigung signifikante Faktoren für die Veränderung der ED waren. Die 
Maisanbaufläche nahm mit zunehmender MBC in niedrigen Höhenlagen des 
Untersuchungsgebiets zu (p < 0,05). Es konnte eine Abnahme der ED beobachtet werden, die 
in engem Zusammenhang mit dem Ausmaß des Mais- und Winterkulturanbaus stand. 

Die Kombination von optischen Sensordaten mehrerer Satelliten erleichtert die Ableitung 
einer engen Zeitserie, welche für eine genaue Vorhersage diverser landwirtschaftlicher 
Kulturen mit unterschiedlicher Phänologie notwendig ist. In Kapitel 5 wurden daher 
harmonisierte Landsat- und Sentinel-2-Daten für die Verbesserung des MY-Modells 
verwendet. Auf Basis des RF-Algorithmus und zielorientierter Kreuzvalidierung (TOV) 
wurde ein Vorhersagemodell für landwirtschaftliche Kulturen erstellt. Phänologische 
Maßzahlen, spektrale und topografische Informationen wurden als Prädiktoren eingesetzt. 
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Die finale Auswahl von Prädiktoren mittels Forward Feature Selection (FFS) ergab, dass nur 
16 der Prädiktoren für die Vorhersage von 13 landwirtschaftlichen Kulturen relevant sind. 
Eine unabhängige Überprüfung des Modells auf Basis der FFS zeigte eine 
Gesamtmodellqualität von 76 %. Die meisten Kulturen erreichten zudem hohe Nutzer- und 
Produzentengenauigkeiten (> 80 %). Die Vorhersagegenauigkeiten für Kulturen wie 
Kartoffel, Sommerhafer und Wintertriticale waren jedoch vergleichsweise gering (< 60 %). 
Es wurden weitere Modelle auf Grundlage der Kombination von verschiedenen in der FFS 
ausgewählten Prädiktoren entwickelt, um den Beitrag dieser zur Unterscheidung der 13 
Kulturen zu prüfen. Während topografische Informationen nicht zur Verbesserung der 
Gesamtgenauigkeit des Modells beitrugen, hatte die Hinzunahme von phänologischen 
Maßzahlen einen positiven Einfluss auf die Modellgenauigkeit.  

Abschließend kann festgestellt werden, dass die Nutzung von Zeitreihen von mehreren 
Sensoren optischer Satelliten in Verbindung mit Methoden des maschinellen Lernens dazu 
beitragen kann, Modelle zur Klassifizierung von landwirtschaftlicher Landbedeckung zu 
entwickeln. Weiterhin wurde demonstriert, dass ein Mehrjahresmodell, basierend auf 
multitemporalen optischen Satellitendaten, die Erfassung von landwirtschaftlicher 
Landbedeckung und Veränderungen der Biodiversität in Relation zur Produktion von 
Bioenergie erleichtert. 
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Chapter 1 

Research background 

1.1 Land-use/land-cover change 

The rate of human transformation of the earth over the last century has been alarming, and 
it is estimated to further intensify in the coming years in response to the increasing 
population (Hooke et al., 2012). Land-use/land-cover change is a phenomenon that has over 
the years engaged the minds of environmentalists, civil societies, governments and other 
stakeholders given their ecological, physical and socio-economic ramifications (Pellikka et 
al., 2013; Stephens et al., 2019). Land-cover change (LCC) involves the conversion and 
modification of land-cover types such as grasslands and forests. While conversion involves 
a change from one land-cover type to another, modification is where the conditions within a 
land-cover type become altered (Meyer and Turner, 1992). The global LCC has been largely 
attributed to the activities of humans regarding our quest to satisfy the high demand for 
fibre, food and raw materials for energy among others (Godfray et al., 2010; Hazell and 
Wood, 2008). Hooke et al. (2012) mentioned that these demands are so high to the extent that 
it surpasses what the earth can sustainably provide. 

The conversion of natural ecosystems to croplands remains the direct evidence of the human 
transformation of the globe (Ramankutty and Foley, 1998). Agricultural activities through 
intensified crop production are a major anthropogenic driver of global land-cover change 
(Plieninger et al., 2016; Stoate et al., 2009). Agriculture constitutes one of the dominant land-
use on our planet, and a manifestation of this is evident in Europe, as almost half of the total 
lands in the EU is used for agriculture (EC, 2015; van Vliet et al., 2015). Croplands, for 
example, covers about 38% of the earth’s ice-free areas (Foley et al., 2011), but the Food and 
Agricultural Organization has projected an extra global cropland expansion of about 7% by 
the year 2030 (FAO, 2003). The direct and indirect demands for agricultural lands, as 
concluded by Bruckner et al. (2019), stems from the increasing value of non-food products 
like biomass for energy. A key agent of agricultural land-cover change is the recent shift to a 
bio-based economy (McCormick and Kautto, 2013) such as the use of bioenergy, especially 
within member states of the European Union (EU) (Scarlat et al., 2015). Bioenergy production 
through large scale demands and cultivation of energy crops is known to be a driver of the 
global cropland expansion (Bruckner et al., 2019). 

The continuous changing of agricultural lands in Europe has been reported in many studies 
(Levers et al., 2016; Plieninger et al., 2015; van Vliet et al., 2015), and this has been attributed 
to a myriad of drivers. Among the driving agents of the agricultural land-cover change is 
notably the crave for a bio-based economy (Bruckner et al., 2019). Bio-based economy or bio-
economy is a system where the production and use of food, materials and energy are based 
on renewable biological resources (EC, 2012). It is regarded as one way to reduce the over-
reliance on fossils and ensure a sustainable provision of raw materials, energy and food to 



Research background  Chapter one 

2 
 

meet the needs of the increasing population (BMEL, 2014). Thus, many governments and 
institutions, such as the EU, have over the years made efforts through strategies and policies 
to operationalize and implement bio-economy among its members (EC, 2012; McCormick 
and Kautto, 2013; Staffas et al., 2013). It is, therefore, not surprising to see bio-based products 
becoming increasingly part of many sectors of our economy. Renewable fuels derived from 
biological feedstocks (biofuels-bioethanol/biodiesel) are seen in the transportation industry 
as a feasible alternative to fossil fuels (Gnansounou, 2011; Koh and Ghazoul, 2008). 
Bioenergy, which is energy derived from biomass such as crop residues and energy crops, is 
Europe’s single most important source of renewable energy and an option to reduce the 
emissions of greenhouse gases (EC, 2019). The issue of the use of biomass for bioenergy can 
be found in the energy and climate policies of almost every country of the EU (Banja et al., 
2017; Mai-Moulin et al., 2019). 

In Germany, for example, the share of bioenergy and other renewable energies in relation to 
the total energy production continues to increase. In 2018, 35% of the total electricity 
produced in the country was from renewables, of which 8% were bioenergy (FNR, 2019). 
The completion of many bioenergy villages (Jenssen et al., 2014) in Germany, where an entire 
village derives its electricity and heat from biomass intending to reduce GHG emission 
confirms the country’s endorsement for bioenergy. Many more villages are aspiring to meet 
their energy demands through the bioenergy village system. Germany is Europe’s number 
one, when it comes to the number of installed biogas plants, with about 62% of the total 
number of installed biogas plants on the continent (i.e., the total number in Europe is ~17,400) 
(Fletcher, 2017; Scarlat et al., 2018). Additionally, Germany also plays a leading role in the 
worldwide distribution of the technology associated with it (Hijazi et al., 2016). Given the 
low CO2 emissions of energy produced from biogas as compared to fossil energy, different 
materials have been identified as good substrates and among them is biomass from maize 
(FNR, 2014). Maize converted to silage, given their high yields per hectare has become an 
ideal feedstock for biogas production (Hutňan, 2016). It is the most widely used substrate in 
Europe’s biogas plants and currently, the most productive crop used by a majority of farmers 
in Germany (Lupp et al., 2014). In 2014, 57% of biogas produced in the country was from 
maize silage (DBFZ, 2015). In 2016, 1 million out of the 2.6 million hectares of maize 
cultivated in Germany, according to FNR (2017), were used to feed biogas plants. 

Further, a pivotal agent of biogas expansion in Germany is the policy support through the 
Renewable Energy Sources Act (REA) (Gründinger, 2017). The enactment of the REA has 
promoted and incentivize energy from renewable resources, and this has led to an increasing 
number of agricultural biogas production in the country (Blumenstein et al., 2015; Delzeit 
and Kellner, 2013). The guaranteed feed-in tariffs for a 20-year period of electricity produced 
from biogas, as provided by the REA, motivated an investment by numerous farmers. Biogas 
played an insignificant role in the agricultural sector of Germany before the REA, but its 
enactment caused a boost in the number, as well as the average capacities of biogas plants. 
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Consequently, the number of biogas plants grew from 1,050 to 8,075 in the years 2000 and 
2016, respectively, resulting in an increase in maize area (Fachverband Biogas, 2018). Even 
though, the changes made to the REA in 2014, to some extent, have reduced investment in 
the biogas sector, the high support in the past according to Appel et al. (2016) has long term 
consequences. This is as a result of the fact that biogas plants have long useful operational 
lifespans as well the 20-year guaranteed feed-in tariffs for bioenergy as provided by the 
previous REA (Appel et al., 2016). In view of that, biogas production is still a household 
name in the energy and agricultural sectors of Germany, and croplands have become a major 
source of the required biomass. Many of the biogas plants are located and operated on farms, 
where substantial fields are available to crop the needed maize biomass (Delzeit and Kellner, 
2013; Epp et al., 2008). 

Even though the objectives of the bio-based economy were premised on environmental 
sustainability, important concerns have been raised in respect of the on-going expansion of 
energy crops which is worth mentioning. First of all, the high demand for energy crops has 
potential adverse consequences on the ecosystems in agricultural lands (Sauerbrei et al., 
2014). Big biogas plants, as well as the increasing number, demand large amounts of biomass 
to operate to their full capacities. These high demands for biomass are satisfied through 
intensified agriculture, which can also cause an increase in greenhouse gas emission and a 
reduction in soil fertility (Smith et al., 2008). Although maize has many benefits to our society 
(e.g. Shah et al., 2016), the continuous cropping of monocultures of maize for biogas, which 
is known to have adverse effects, have raised societal criticisms in Germany. The issue of soil 
degradation and high erosion rates (Lupp et al., 2014), groundwater pollution and 
eutrophication through excessive use of fertilizers (Magnani, 2012) are some of the adverse 
effects that have been associated with the continuous cultivation of maize. Biodiversity loss 
is another critical concern when it comes to the sustainability issues of biogas production 
(Immerzeel et al., 2014a). Habitat loss and fragmentation, the conversion of high nature value 
agricultural lands into monocultures, loss of permanent grasslands to arable lands, invasive 
species, land-use/land-cover change among others, have also been reported to have negative 
impacts on biodiversity and ecosystems services, through the cultivation of bioenergy crops 
like maize (Berndes et al., 2011; Kline et al., 2015; Laggner et al., 2014; Pedroli et al., 2013). 

The increasing use of bio-based materials results in wanted and unwanted impacts, which 
affects life-sustaining functions (Bernard et al., 2015; Majer et al., 2009). As a result, we 
require constant knowledge on local, national and global material flows which will be 
necessary to understand the impacts of human activities on natural resources. This vital 
knowledge of our environment can be obtained through constant and systemic monitoring 
that gives an overall outlook of the use of a particular resource (O’Brien et al., 2017), such as 
the increasing demand of biomass from agricultural lands for biogas. Monitoring is, 
therefore, the process of observing an occurrence or a phenomenon repeatedly within a 
certain time and space (Vos et al., 2000). From an ecological perspective, monitoring can be 
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understood as a collection, analysis, and interpretation of data on a natural environment 
with the aim to ascertain changes that occur in a particular ecosystem (Fröde and Masara, 
2007). It is important because it enables us to understand the processes that occur in an 
ecosystem and gives an early warning signal about the effects of any external activity on that 
ecosystem. The most common aim to monitor, for example, agricultural land-cover change 
is that it forms the basis to understand the influence of human activities and other external 
factors on agrobiodiversity, species richness and associated ecosystem services. Agricultural 
activities are extremely dynamic in space and time with several applications that demand 
data of comparatively high to medium temporal and spatial resolution (Whitcraft et al., 
2015a). Therefore, effective monitoring of past and current agricultural LCC require spatially 
explicit data and robust methods which can reveal and facilitate the understanding of 
complex dynamics of major and subtle changes. The utilization of earth observation satellite 
images and machine learning algorithms has over the years become ideal for many spatio-
temporal agricultural monitoring exercises (Griffiths et al., 2019). For instance, the analysis 
and comparison of present satellite data to the one in the past can expose major and small 
changes. 

1.2 Remote sensing-based change detection methods 

Given its importance, land-cover change has been incorporated in agreements of 
international relevance such as the Kyoto Protocol of the United Nations Framework 
Convention on Climate Change (Defries and Townshend, 1999). This makes it imperative to 
develop methods to monitor and understand land-cover change. Remote sensing (RS) 
change detection is the process of observing the state of a situation, phenomenon or an object 
at different periods to identify differences (Singh, 1989). The purpose of land-cover change 
is to characterize the state of land-cover in order to determine the actual differences in the 
variables of interest at different periods (Green et al., 1994). Accurate and up-to-date 
information of changes in land-cover such as vegetation helps to identify the relationship 
between humans and natural resources and how the activities of the former affect the latter 
(Lu et al., 2004). Remotely sensed data, like optical satellite images, provide a constant, 
repetitive, short interval and updated land-cover data, where land-cover change information 
can efficiently be extracted (Mas, 1999). The underlying assumption of using remotely sensed 
data for change detection is that the changes in land-cover must result in the differences in 
its radiance value (Afify, 2011). 

The land-cover change detection studies based on remotely sensed data have gone through 
a series of advancement in the past years. This is because land-cover changes have direct 
impacts on the earth’s natural resources and sustainability. Therefore, different methods and 
techniques have been developed during the past years by the land-cover change science 
community. RS based land-cover change detection methods are broadly categorized into two 
approaches, which are map-to-map and image-to-image comparisons (Coppin et al., 2004; 
Hansen and Loveland, 2012). Regarding the map-to-map comparison, land-cover maps of 
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different periods of interest are created independently based on two images, and their 
outputs are compared. The map-to-map comparison is often referred to as a post-
classification change detection method. This method is influenced by the accuracy of 
classification maps. Therefore, a robust and effective mapping technique is a prerequisite for 
reliable results (Coppin et al., 2004). The map-to-map comparison can reveal changes from 
one land-cover type to another with an acceptable level of accuracy and reliability, and this 
makes the method very famous for practical land-cover change detection (Coppin et al., 2004; 
Kandziora et al., 2014; Wu et al., 2017). For instance, Tarantino et al. (2016) used the post-
classification method to detect changes in a semi-natural grassland, while Kandziora et al. 
(2014) assessed ecosystem services in agricultural landscapes of Northern Germany based 
on change maps derived using the post-classification method. One of the main advantages 
of the post-classification method is that since it involves a separate classification of images 
from different dates, the issue of radiometric calibration between dates is reduced (Coppin 
et al., 2004). However, like any other method, the post-classification procedure is sometimes 
challenged by misclassification and misregistration errors in the final change map, and these 
errors emanate from the original individual images (Wu et al., 2017).  

The image-to-image comparison entails the identification of spectral differences among 
variables of interest by evaluating the spectral properties of two or more images (Coppin et 
al., 2004). The image-to-image comparison of land-cover change detection is often used 
based on image differencing, image ratioing, image regression, and vegetation index 
differencing, etc., (Devi and Jiji, 2015). Image differencing involves the subtraction of the 
values of digital numbers of the same pixel between two images of different date, which 
results in a new change image. The vegetation index differencing is quite similar to the image 
differencing method just that the subtraction of the pixel values is based on a calculated 
vegetation index such as the normalized difference vegetation index (Lu et al., 2004). 
Vegetation indices are calculated by combining two or more spectral bands of an image to 
generate a final image. The use of vegetation indices in change detection reduces the amount 
of data to be processed and analyzed given that it combines selected image bands that 
capture the state of the object of interest (Coppin et al., 2004). The image ratioing technique 
of change detection involves a band by band calculation of the ratio of two registered images 
of different dates. It is considered to be the fastest means of detecting changes using pixel-
based data (Singh, 1989). Regarding the image regression technique, a relationship between 
bi-temporal images are established (Lu et al., 2004). A regression function is then employed 
to predict the pixel values of the second-date image. The regressed image is further 
subtracted from the first image to detect the change. The image differencing and ratioing 
were among the earliest developed change detection techniques (Singh, 1989). It is important 
to add that the image-to-image techniques, though simple and easy to use, cannot handle 
change detection in heterogeneous landscapes, like agricultural lands of different and 
complex crop cover. 
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Change detection methods are dependent on the data sources; therefore, a thorough 
evaluation of the sources of data and the object of interest is essential prior to the selection 
of any change detection approach (Chen et al., 2012). Moreover, different methods can also 
result in different change maps, even with the same data sets. Effective land-cover mapping 
forms the basis for many land-cover change detection techniques for complex landscapes 
like croplands. Thus, accurate detection and understanding of change in agricultural 
landscapes depend on the correct and right crop cover mapping procedure. As already 
mentioned, optical satellite RS has provided vital data for many cropland mapping activities 
(e.g., Arvor et al., 2011; Belgiu and Csillik, 2018; Zhong et al., 2014). This is due to the easy 
availability and accessibility of some optical satellite data (Woodcock et al., 2008). Further, 
the technological advancement regarding the development of pre- and post-processing 
algorithms and methods to retrieve land-cover information from raw images are among the 
reasons why optical satellite data is used (Griffiths et al., 2013b; Xiong et al., 2017). Therefore, 
with the right algorithms and area-specific optical satellite images, crop cover maps can 
easily be created for a specific area within a time of interest for change detection and other 
tasks. 

1.2.1 Agricultural land-cover mapping with optical satellite images 

The sustainable management of important natural resources, like biodiversity, is 
increasingly being affected by agricultural activities. As a result, the development of 
methods to monitor agricultural resources, and the availability of data to ascertain accurate 
information about them, is fundamental for sustainable management and planning (Belgiu 
and Csillik, 2018). Timely information on agricultural activities is critical to understand and 
manage the state of crops and land-use dynamics in space and time. For example, the 
information on crop cover and their distribution is vital to understand the historical changes 
that have occurred on large croplands over a certain period (Zhong et al., 2016). This 
information can be obtained through spatio-temporal processing and analysis of remotely 
sensed data. Satellite-based RS offer repetitive coverage and a synoptic view of our 
environment (Woodcock et al., 2008), wherefore crop development at different seasons and 
periods in large areas is well captured by onboard sensors of the satellites. 

The usage of optical satellite RS in monitoring agricultural land-cover is not a recent 
development. For several years, international bodies like the Food and Agricultural 
Organization of the United Nations (FAO) have relied on optical satellite RS to retrieve crop-
related statistics to support decision making in its member countries (FAO, 2018; Rojas et al., 
2005). Optical satellite RS involves the observation and acquisition of information about our 
environment using optical satellites. This is made possible by a recording of the reflected 
radiation in the electromagnetic spectrum. Optical satellite RS can provide critical 
information on ecosystem functions and causes of changes in our environment (Cord et al., 
2017). This has resulted in the development of many new satellite systems with improved 
sensor properties of existing ones over the last years. These optical sensors have contributed 
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large amounts of high, medium and coarse spatial resolution data sets for several 
agricultural mapping and change detections exercises. 

The Landsat project by the United States Geological Survey (USGS) has been the oldest (over 
45 years) and consistent earth observation program with freely accessible optical satellite 
data for agricultural monitoring (Woodcock et al., 2008). The Landsat system has gone 
through a series of developments since its first launch (Landsat 1) in 1972 (Wulder et al., 
2019). These developments involve the launching of continuous overlapping satellites 
(Landsat 1 to 8) with improved sensor properties over the previous. While a Multispectral 
Scanner System onboarded the Landsat 1 system, the current Landsat 8 has two sensors 
called Operational Land Imager (OLI) and Terrestrial Infrared Sensor (TIRS) (Loveland and 
Irons, 2016). The OLI has two extra bands which are shorter in their wavelength, namely the 
blue band with improved chlorophyll sensitivity and shortwave infrared that aids in 
detecting cirrus cloud (Roy et al., 2014). This corroborates some of the advancement made to 
the Landsat system in the last years (Wulder et al., 2019). Further, the radiometric and 
geometric properties of the OLI-2 and the TIRS-2 that will onboard the future Landsat 9, 
slated to be launched in December 2020, will be better than the ones found in Landsat 8 
(USGS, 2019a). Characteristics such as medium spatial resolution (30 m for most bands), 
multi-spectral bands, swath width and repeat global coverage (Sivanpillai and Congalton, 
2016) make Landsat imagery optimum data to monitor changes in agricultural land-cover. 
In terms of temporal depth and the provision of optical satellite data for historical land-cover 
and ecosystems changes, the Landsat archive is second to none (Wulder et al., 2012). Thus, 
several studies on land-use/land-cover change which include Yin et al. (2018a), Kraemer et 
al. (2015), Kuemmerle et al. (2009) and Griffiths et al. (2013a) have benefited from this 
valuable source of data. 

Another optical satellite system that has supported agricultural monitoring with free data is 
the Moderate Resolution Imaging Spectroradiometer (MODIS). Launched in December 1999, 
MODIS is the main instrument onboard the Earth Observing System Terra and Aqua Satellite 
of the United States National Aeronautics Space Administration (NASA). It possesses unique 
properties of a very wide swath (2,330 km), coarse spatial resolution (250 m, 500 m and 1 
km) and near-daily global coverage (Ardanuy et al., 1991). MODIS comprises of 36 bands 
which were uniquely designed to observe land, atmosphere and oceans. This makes MODIS 
a satellite of global coverage with the highest number of spectral bands (Justice et al., 2002). 
Seven of the spectral bands are specifically designed for land-cover monitoring and 
mapping, with some properties from the Landsat Thematic mapper (Friedl et al., 2002). As a 
result, the MODIS data has become one of the desired data sets for large area mapping and 
change detection analysis (e.g., Arvor et al., 2011; Estel et al., 2016; Vintrou et al., 2012). 
Nonetheless, the MODIS data is limited and challenged by its coarse spatial resolution in 
certain situations (Lunetta et al., 2006). This is particularly true when the size of the object to 
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be mapped is less than the pixel sizes of MODIS. A typical example of such a situation is the 
mapping of small agricultural fields in many regions of Europe and around the world.  

The comparatively recently launched (June 2015) Sentinel-2 optical satellite which is 
operated by the European Space Agency (ESA) has come to augment the other satellite 
archives. Characterized by a multi-spectral sensor with 13 bands, wide-swath (290 km), high 
revisiting frequency and systematic coverage (Drusch et al., 2012), the Sentinel-2 satellite 
offers free and substantial data for agricultural LCC monitoring. Further, the diverse spatial 
resolution of 10 m (four bands), 20 m (six bands), and 60 m (three bands) of the Sentinel-2 
provides flexibility regarding its usage in monitoring changes in vegetations (ESA, 2015). 
The design of the Sentinel missions took into consideration its continuity to other satellites 
systems. Thus, Sentinel-2 can be integrated with other optical satellites like Landsat with 
little pre-processing, given their compatibilities (Drusch et al., 2012). Sentinel-2 and Landsat 
complement each other when used as the main input data source for vegetation monitoring 
models. The Multispectral Instrument sensor and orbit properties of the Sentinel-2 satellite 
allow users to benefit from extraordinary spatio-temporal information in a myriad of ways. 
Hence, Vuolo et al. (2018) successfully used Sentinel-2 data to classify crop types in Austria, 
while Shoko et al. (2018) characterized the above-ground biomass of grasslands in South 
Africa based on Sentinel-2 images. 

It is, however, important to mention that there are other optical satellites imagery such as 
RapidEye (Spiekermann et al., 2015), Satellite Pour l’Observation de la Terre (SPOT) (Lupo 
et al., 2001) and Worldview-2 (Rapinel et al., 2014), among others, which have contributed in 
one way or the other to land-cover mapping projects. However, Landsat and MODIS are the 
most widely used in studies of vegetation cover mapping and its changes as the result of 
their numerous advantages already described (Salazar et al., 2015; Zhu, 2017), while Sentinel-
2 is augmenting the data archive. Notable among the advantages is the fact that their use 
comes with no monetary cost to the user, and the data can easily be obtained. 

Further, most agricultural monitoring activities require dense multi-temporal data. For 
instance, an accurate mapping of crops, which forms the basis for agricultural land-cover 
change analysis, requires a high temporal frequency of satellite data that can capture the 
various phenological stages. However, this is sometimes not possible to obtain from one 
sensor system as a result of several atmospheric and technical reasons. A major atmospheric 
constraint is the presence of clouds, which impede optical satellite sensors from capturing 
the actual information on the ground. Also, given the issues of budget and other technical 
issues during the developmental phase of optical satellites, compromises are made on spatial 
as well as temporal resolutions (Zhu et al., 2010). To deal with these challenges, various 
efforts have been made to merge data from different satellite sensors to establish a reasonable 
spatial and temporal resolution. The observational temporal frequency needed for land-
cover and change monitoring can be improved by combining scenes from two or more 
sensors like those from Landsat-8 and Sentinel-2, given their different acquisition patterns 
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(Li and Roy, 2017). This idea gave birth to the Harmonized Landsat and Sentinel-2 (HLS) 
images (Claverie et al., 2018), resulting from a NASA project to provide a synergistic use of 
surface reflectance data from both Landsat 8 and Sentinel-2 satellites without further 
processing. The HLS images are readily available for the whole of North America and some 
selected areas around the world only, of which Germany was included. A time-series of the 
HLS data has already been used to create a country-wide land-cover map of Germany and 
the characterization of the intensity of grassland use (Griffiths et al., 2020, 2019). Moreover, 
there have also been several studies where Landsat, MODIS and or other satellite scenes 
were combined for an improved land-cover mapping and change detection (e.g., Chen et al., 
2017; Lu et al., 2016; Tarantino et al., 2016). 

1.2.2 Methods and algorithms for agricultural land-cover mapping 

Due to the differences in vegetation types and climatic conditions, changes in agricultural 
land-cover can vary considerably in time and space. This causes data from optical satellites 
to show unique spatio-temporal domain-specific characteristics (Karpatne et al., 2016). As a 
result, effective and robust algorithms are necessary to derive and extract the needed 
information from satellite images to understand changes in land-cover (Rodriguez-Galiano 
et al., 2012). In this regard, numerous algorithms have been developed in the optical satellite 
RS research domain, which are broadly categorized as supervised and unsupervised 
(Hansen and Loveland, 2012). While supervised algorithms require known field information 
called training/calibration data, unsupervised algorithms use the natural groupings within 
the data to assign pixel information of satellite image to land-cover types in a process called 
classification (Lu and Weng, 2007). However, regarding the mapping of large areas and land-
cover types of diverse and complex characteristics such as crop types, the supervised 
algorithms are preferred because of their robustness (Hansen and Loveland, 2012; Niemeyer 
et al., 2014). 

Supervised classification algorithms like maximum likelihood as a parametric classifier 
assume data normality; therefore, they perform very well on unimodal data sets but poorly 
on multi-modal input data (Belgiu and Drăguţ, 2016). Certain land-cover types, such as crops 
show similarities at certain growth stages, and this makes it difficult for spectral 
discrimination (Cai et al., 2018). Hence, an accurate and precise mapping of such cover types 
requires multi-temporal and multi-source spectral data, with large dimensionality and 
spatial complexity (Cai et al., 2018). As a result, the maximum likelihood algorithm becomes 
unfit since it is not able to handle data that are complex in feature space and not normally 
distributed. Machine learning algorithms (MLAs) have been proven to deal with limitations 
of the parametric algorithms and perform superior to the traditional algorithms 
(Chlingaryan et al., 2018).  

Machine learning involves information analysis and pattern recognition based on 
mathematical algorithms with enhanced prediction accuracy by learning from training data 
in an iterative and automated manner (Rogan et al., 2008). MLAs have become popular in 
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RS research over the last years for both regression and classification analysis (Belgiu and 
Drăguţ, 2016; DeFries, 2000). The increasing use of MLAs in RS is ascribed to their ability to 
handle both categorical and continuous training data, as well as noisy and non-parametric 
data sets and many more (Lawrence and Wright, 2001). The frequently used MLAs in remote 
sensing include artificial neural networks, support vector machines, single decision trees and 
ensemble algorithms like random forest (Maxwell et al., 2018). Given its’ robustness, the 
random forest (RF) is the most preferred MLA for satellite-based land-cover classification 
(Rodriguez-Galiano and Chica-Rivas, 2014). RF has consequently been employed in most 
recent land-cover mapping and change detection studies (e.g., Liu et al., 2018; Sonobe et al., 
2017; Vuolo et al., 2018; Yin et al., 2018a). 

RF is an ensemble algorithm which uses the contributions of votes from many tree-like 
classifiers votes to allocate a popular class to the input vectors (Breiman, 2001). During the 
calibration phase of the RF algorithm for land-cover prediction, many classification trees are 
iteratively developed with each being calibrated on a bootstrapped sample of the original 
training data. A tree node is then split based on a random search of a subset of the training 
data, and a class is determined by majority votes from the trees (Breiman, 2001). The 
combined effect of the many classification trees makes the RF outperform the single 
classification algorithms (Gislason et al., 2006). One nice feature about the RF algorithm is its 
internal cross-validation where two-thirds of the samples are used to train the trees while 
the remaining is used to validate the outcome (Breiman, 2001). It has been established that 
RF’s internal cross-validation can reliably be used as an independent assessment of the 
classification outcome (Rodriguez-Galiano et al., 2012). This feature is particularly useful 
when the sample size of the data is too small to be divided into training and validation. The 
RF algorithm does not overfit, is robust to outliers, and it can accommodate a large number 
of predictor variables, which are mostly used for various land-cover mapping (Belgiu and 
Drăguţ, 2016). Corcoran et al. (2013) ascribed the preferred use of RF in a land-cover 
classification based on multi-temporal RS and multi-source data to its speed. Further, the RF 
algorithm has some hyperparameters that can be set or tuned by the user to optimize 
performance. However, only two of these parameters are important to generate a robust 
classification model: 1) the number of trees to grow and 2) the number of variables to select 
during the splitting of each tree node (Rodriguez-Galiano et al., 2012). 
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Chapter 2 

Problem statement and research objectives 

The increasing land-use/land-cover change for many years has become a global problem. 
The overreliance on fossil fuels and its negative effects on the environment in respect of the 
greenhouse gas emission has called for massive support for renewable energy through 
policy support. For example, the support of the German government by enacting the 
Renewable Energy Sources Act and the benefits that come with it has caused more 
investment in the bioenergy sector. This has resulted in an upsurge of the number of 
operational farm biogas plants with energy crops as the main feed-in material. The 
overdependence of biogas on agricultural lands for energy crops has raised societal concerns 
regarding environmental sustainability and biodiversity. This development is reported to be 
one of the causes of agricultural LCC as a result of the continuous demand and increasing 
cultivation of energy crops such as maize with a decreasing share of grasslands.  

The importance of biodiversity and the negative effects of the continuous cropping of maize 
as well as the decreasing trends of grassland ecosystems cannot be underestimated. As a 
result, it is important to monitor from time to time the impacts of human activities such as 
bioenergy production on agricultural land-cover and its changes as well as biodiversity for 
future policy formulation and planning. Effective monitoring and understanding of land-
cover require historical and present data of which optical satellite RS has been providing 
over the years. Optical satellite images enable the mapping and monitoring of current 
landscapes in relation to how they were in time past, which is important to establish whether 
there is a change in land-cover or not. Many studies have been conducted to assess the 
impact of bioenergy production on land-use change (Don et al., 2012), agricultural 
production (Banse et al., 2011), biodiversity (Immerzeel et al., 2014a), and grassland (Lüker-
Jans et al., 2017). Notwithstanding, to the author’s knowledge, no study has used optical 
satellite images to assess the impact of bioenergy production on agricultural land-cover and 
biodiversity, as well as their changes. 

In contributing to the above-mentioned research gap, this thesis employed optical satellite 
images to map the agricultural landscapes of Northern Hesse and analyzed the spatio-
temporal effects of bioenergy production on land-cover change and biodiversity. Northern 
Hesse was specifically selected because it is a typical European low-mountain range with 
diverse characteristics for agriculture. Specifically, the thesis addressed the following 
objectives described hereinafter as chapters 3, 4 and 5: 

1. In chapter 3, given that accurate land-cover mapping needs robust and effective 
methods capable of classifying present and past land-cover types, two RF-based 
classification modelling approaches called single-year and multiple-year were 
employed. Using Landsat satellite data, the efficacy of the modelling approaches in 
discriminating crops from a completely independent data was assessed. 
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The hypothesis surrounding objective 1 was that the multi-temporal calibration of an RF 
model with spectral information from a different year could discriminate crops from 
another year that was not included during the model's calibration.  

2. In chapter 4, the best modelling approach resulting from chapter 3 was used to 
classify the agricultural land-cover of the study area. The agricultural land-cover and 
biodiversity changes, as well as the drivers of the changes, were then assessed. 

Objective 2 was dealt with by hypothesizing that the increasing demand for biomass to 
produce biogas changes agricultural land-cover and biodiversity in space and time 
through intensified and continuous cropping of energy crops such as maize. 

3. In chapter 5, images from Landsat and Sentinel-2 together with phenological metrics 
and topographic information were used to develop a crop type classification model 
to ascertain whether an improvement in the models developed in chapter 3 can be 
achieved. 

The hypothesis for objective 3 was that the use of images from multiple sensors allows 
for the construction of the needed time series necessary for mapping vegetation with 
improved accuracy. 

It is important to further mention that the three studies in this thesis were conducted in the 
same study area (Northern Hesse of Germany). Further, the terms classification, prediction 
and discrimination as used interchangeably in various chapters of this work mean the same. 
Classification, prediction and discrimination mean the assignment of spectral or other 
information to a land-cover type using a developed model. 
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Chapter 3 

Multi-temporal agricultural land-cover mapping using single-year and multi-year 
models based on Landsat imagery and IACS data 

Abstract 

The spatial distribution and location of crops are necessary information for agricultural 
planning. The free availability of optical satellites such as Landsat offers an opportunity to 
obtain this key information. Crop type mapping using satellite data is challenged by its 
reliance on ground truth data. The Integrated Administration and Control System (IACS) 
data, submitted by farmers in Europe for subsidy payments, provide a solution to the issue 
of periodic field data collection. The present study tested the performance of the IACS data 
in the development of a generalized predictive crop type model, which is independent of the 
calibration year. Using the IACS polygons as objects, the mean spectral information based 
on four different vegetation indices and six Landsat bands were extracted for each crop type 
and used as predictors in a random forest model. Two modelling methods called single-year 
(SY) and multiple-year (MY) calibration were tested to find out their performance in the 
prediction of grassland, maize, summer, and winter crops. The independent validation of SY 
and MY resulted in a mean overall accuracy of 71.5% and 77.3%, respectively. The field-
based approach of calibration used in this study dealt with the ‘salt and pepper’ effects of 
the pixel-based approach. 

Keywords: agricultural land-cover; multi-spectral; generalized model; machine learning; 
crop type mapping; Integrated Administration and Control System; remote sensing 

3.1 Introduction 

The increasing world population coupled with the high demand for agricultural resources 
(Tilman et al., 2011) require reliable data on agricultural lands for decision making and 
planning towards the future (Nagy et al., 2018). The knowledge on available croplands is 
fundamental to food security (See et al., 2015), sustainable cropping (Gumma et al., 2016) 
and the maximization of food production (Funk and Brown, 2009). Information about the 
spatial distribution of crops and the spatial extent of croplands are also essential to ascertain 
the impact of any human activity on croplands (Pérez-Hoyos et al., 2017). 

Reliable and accurate information about agricultural lands requires an efficient and precise 
approach, which remote sensing (RS) can offer (Castillejo-González, 2018; Tatsumi et al., 
2015; Zhong et al., 2014). RS-based methods can be used to obtain various crop information, 
such as crop type (Foerster et al., 2012), biomass (Moeckel et al., 2018), or yield (Wu et al., 
2014). The advent of satellite-based optical RS has revolutionized large-scale cropland 
mapping and has been used in many local, regional, and global agricultural (Gumma et al., 
2016; Habyarimana et al., 2019; Pittman et al., 2010; Waldhoff et al., 2017). 
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The free availability of some of these images adds to the many advantages of satellite-based 
optical remote sensing in agriculture (Liu et al., 2018). Such data, which is also available for 
historic time periods back to the early 1970s, provides a means to study the present 
landscapes in relation to how they were in the past. Landsat, which is the oldest running 
earth monitoring program, provides a 47-year archive of satellite data of the entire earth at 
a 30-meter resolution. As a result, most of the crop types and other agricultural mapping 
studies have used Landsat images as the main data source. For instance, Liu et al. (2018) used 
multi-temporal Landsat-8 to successfully map winter wheat in China. Maxwell et al. (2004) 
demonstrated an effective corn classification from Landsat images through an automated 
process in south-central Nebraska of USA, and Yin et al. (2018b) used dense Landsat time-
series data to map agricultural and land abandonment with a high level of accuracy in the 
Caucasus, covering parts of Russia and Georgia. Many of these studies either employed 
supervised or unsupervised classification to ascertain the needed land-cover information 
(Waldner et al., 2017; Zheng et al., 2015), either at the pixel or object-based levels. Despite 
their accurate performances, they have some limitations (Liu and Xia, 2010; Phiri and 
Morgenroth, 2017). Supervised learning always requires field information, also known as 
training or ground-truth data (Chen and Stow, 2002). Even with the unsupervised learning, 
knowledge about the study area is required to assign the correct land cover type to the 
classification results. 

A large number of studies on crop type and cropland mapping used field data from the same 
mapping year (Chen et al., 2018; Li et al., 2015; Zhu et al., 2017). This way of mapping is 
limited in situations, where there are no ground truth data available, or data collection is 
impossible for the period of interest. Due to the yearly and periodic changes in cultivated 
crops, continuous collection of ground truth information is necessary to reliably map crop 
types. However, given the labour-intensive, expensive and difficult nature of ground truth 
data collection (Foody et al., 2006), studies such as Botkin et al. (1984) and Sonobe et al. (2017) 
have recommended research into the development of training and classification methods, 
which is applicable to years where field information is not available (i.e., a generalized 
classifier). 

Given the rotation of crops on fields at different seasons and the fast changes in biomass and 
phenology of crops, the use of temporal information is very crucial in the discrimination of 
crops. Prediction of land-cover based on multi-temporal data involves the use of data from 
several different seasons and has proven to be effective in many studies (Vuolo et al., 2018; 
Zhao et al., 2016), as it integrates the varying phenological characteristics among vegetation. 
Leaf pigment, water, and canopy structure are proven to relate with spectral reflectance of 
crops but varies at different growing seasons (Xiao et al., 2005). The use of data from a single 
date is known to inefficiently capture the differences among the many crops which share 
similar spectral characteristics (Foerster et al., 2012). Manfron et al. (2017) for instance, 
analyzed time series of satellite images to efficiently estimate the inter-annual variability of 
the sowing dates of winter wheat Many other studies have employed vegetation indices such 
as the normalized difference vegetation index and the enhanced vegetation index to capture 
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the seasonal dynamics of crops and other land-cover characteristics (Huete et al., 2002; Zheng 
et al., 2015). 

In Europe, there exists a remarkably rich agricultural land cover data body within the 
Integrated Administration and Control System (IACS), which are regularly collected by 
farmers as part of the subsidy payment scheme in the common agricultural policy (Bill et al., 
2012). A similar agricultural data in the United States of America is the reference data 
collected by the Department of Agriculture (USDA) to produce the annual crop data layer 
(CDL) (Boryan et al., 2011). These reference data are not available to the public, which may 
be the reason why the CDL has served as validation data in many crop type mapping studies 
(Massey et al., 2017; Zhong et al., 2014). Conversely, the IACS data can be freely obtained by 
scientists and research institutions for scientific purposes upon an official request. However, 
not much has been done with the IACS data in crop type mapping. Griffiths et al. 
(2019)created a national single-year wall-to-wall land-cover map of Germany and used IACS 
data as a reference to validate some part of the study area. The study of Vuolo et al. (2018) 
demonstrated how multi-temporal Sentinel-2 data can improve the accuracy of crop 
prediction when IACS data was used to independently validate the classified map. To the 
best of the authors’ knowledge, there is no research that has used multi-temporal IACS data 
as training data to develop a generalized model to predict crop types from satellite data at 
the field level. 

Therefore, we hypothesize that the IACS data can be used to train a multi-temporal field-
based model, which can predict crop types from a satellite image that is independent of the 
model’s training year. Hence, the calibration data, as well as the data used for testing the 
models, are from different years. In addressing the stated hypothesis, two different 
modelling approaches, i.e., multiple-year (MY) and single-year (SY) calibrations were tested 
in the present study. While SY models are calibrated using data from just one year, MY 
modelling involves model training based on data from two or more years. The SY and MY 
approaches have been applied in some crop mapping studies, e.g., Zhong et al. (2014), but 
were done at the pixel level, which is characterized by the problem of ‘salt and pepper’ effects 
(i.e., a misclassification of neighbouring pixels despite large similarities). On the other side, 
the object-based method of land cover classification, that has recently attracted considerable 
attention (Ma et al., 2017) as a replacement for the pixel-based (Blaschke et al., 2014), suffers 
from difficulties in the segmentation scale selection. Further, it was shown to depend on the 
size of the objects being mapped (Castilla et al., 2014) and tend to misclassify small land-
cover objects in low to medium satellite images, such as Landsat (Liu and Xia, 2010). 
Therefore, this study employs a field/polygon-based calibration approach using the exact 
crop field shapes from the IACS database. Our study addresses the following questions: 

1) How well do models based on a single year’s spectral information predict crops 
when tested on years not included in the model calibration process? 

2) What is the prediction performance of models calibrated on spectral information 
from multiple years? 
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3) Is the accuracy of the classification models affected by field size? 

3.2 Materials and methods 

3.2.1 Study area 

The study was done in the Northern Hesse region of Germany (Fig. 3.1) comprising the 
districts of Kassel, Waldeck-Frankenberg, Schwalm-Eder, Hersfeld Rotenburg, and Werra-
Meissner. The study area comprises ca. 6900 km2 and is characterized by diverse landscapes 
and sites with favourable and less favourable environmental conditions for farming. The 
favourable arable lands are mostly found in flat valleys and on plateaus with moderate 
slopes, which are often covered by loess of substantial thickness, mainly in the western and 
northern parts (Wagner, 2011).  

The less favourable arable sites show shallow soils with less native water and nutrient 
availability. Elevation ranges from 101 to 754 m with mean annual temperatures of 9–10 °C 
in the lowlands and 5–6 °C in the highlands. The mean annual rainfall ranges from 500–1300 
mm (HLNUG, 2018). The calendar of the crop types considered in this study can be seen in 
Table 3.1. 

 

Fig. 3.1: Map of the study area. (A) shows a map of Germany and the location of the study area, with 
the boundaries of the Landsat scenes; (B) shows the five districts, where the study was done. 

Table 3.1: Generalized calendar of the four crop types in the study area. 

Crop Types Sowing Window Peak Greenness Harvesting Window 

Grassland Depending on the grassland management system 

Maize Late April Mid-August Mid-late September 

Summer crops Late March-Mid April  Mid-Late June July-September 

Winter crops September-October Mid-June July-August 
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3.3 Data 

3.3.1 Satellite data 

A total of 63 satellite images from the period April to October between 2005 and 2015 were 
used for this study. Surface reflectance Landsat scenes (Level-2) as summarized in Table 3.2 
were downloaded from USGS’s Earth Explorer (USGS, 2018). Images from only six years 
were used because of little to no clouds. The images of Landsat 5 TM and 7 ETM+ had been 
atmospherically corrected using Landsat Ecosystem Disturbances Adaptive Processing 
System (LEDAPS) by NASA (Masek et al., 2006). Surface reflectance of Landsat-8 was 
produced using Landsat Surface Reflectance Code (Vermote et al., 2016). 

Table 3.3 shows detailed information about the six spectral bands of the Landsat data used. 
Despite the small differences in the spectral ranges of the Landsat types, which have been 
well studied (Flood, 2014; Li et al., 2013) to be smaller than 1 standard deviation of time-
series of the spectral curve had no significant effect on classification results. Additionally, 
according to USGS (USGS, 2019b), the Level-2 product (surface reflectance) of the Landsat 
images are similar, therefore, the Landsat data was not normalized. The atmospherically 
corrected Landsat images were accompanied by cloud mask layers.  

The images were categorized according to the dates when the images were captured, i.e., 
early summer (ES, April to May) and late summer (LS, July to October). ES and LS seasons 
cover the growing period of crop types in the study area; hence their use can help capture 
the different phenology of the crops at different stages of their development. 

Table 3.2: Summary of satellite images used. (TM: Thematic Mapper, ETM+: Enhanced Thematic 
Mapper plus). The numbers in brackets represent the number of images used per date. 

 Date of Image Acquisition 

Year Satellite Early Summer Late Summer 

2005 Landsat 5 TM 03-Apr (1), 21-Apr (2) 18-Aug (2) 
 Landsat 7 ETM+ 4-Apr (2)  

2007 Landsat 5 TM 02-Apr (2), 25-Apr (1), 27-Apr (1) 16-Jul (2), 01-Aug (1), 24-Aug (2) 
 Landsat 7 ETM+ 26-Apr (2)  

2009 Landsat 5 TM 
07-Apr (2), 14-Apr (2), 16-Apr (2),  

02-May (1), 25-May (1) 
06-Aug (2), 20-Aug (2) 

 Landsat 7 ETM+  05-Aug (1), 22-Sep (1) 

2010 Landsat 5 TM 17- Apr (2), 19-Apr (2) 08-Jul (1), 31-Jul (1), 07-Aug (2) 
 Landsat 7 ETM+ 18-Apr (2)  

2011 Landsat 5 TM 20-Apr (1), 22-Apr (2), 08-May (1) 03-Aug (1), 15-Oct (1), 22-Oct (1) 
 Landsat 7 ETM+ 21-Apr (2), 07-May (2) 20-Aug (1), 03-Sep (2), 21-Sep (1), 28-Sep (2) 

2015 Landsat 8 24-Apr (2) 30-Aug (2) 
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Table 3.3: Summary of the six spectral bands of the Landsat 5, 7 and 8. NIR=Near infra-red, 
SWIR=Shortwave infra-red, TM=Thematic Mapper, ETM+=Enhanced Thematic Mapper plus. 

Landsat 5 TM and 7 ETM+  Landsat 8 

Band 
number 

Band 
name 

wavelength 
(µm) 

 Band 
number 

Band 
name 

Wavelength 
(µm) 

Band 1 Blue 0.441-0.514  Band 2 Blue 0.452-0.512 

Band 2 Green 0.519-0.601  Band 3 Green 0.533-0.590 

Band 3 Red 0.631-0.692  Band 4 Red 0.636-0.673 

Band 4 NIR 0.772-0.898  Band 5 NIR 0.851-0.879 

Band 5 SWIR-1 1.547-1.749  Band 6 SWIR-1 1.566-1.651 

Band 7 SWIR-2 2.064-2.345  Band 7 SWIR-2 2.107-2.294 

2.3.2 Reference data 

The IACS data were used as ancillary data in this study. These are spatial data collected by 
farmers as part of the subsidy support system within the EU. It is made up of the shapes of 
agricultural fields and the crop types planted in each cropping season. The models were 
initially developed to predict individual crop species in the study area, but tests (not shown) 
exhibited incorrect predictions among crops species of similar spectral characteristics and 
growing periods. Therefore, several crops were grouped into four crop types. They were 
grassland, maize, summer, and winter crops with their vegetation profiles shown in Fig. 3.2. 
These vegetation profiles depict the spectral characteristics of the crop types at different 
stages of their development and show a similar trend across all years. Farmers are not 
obliged to register their fields; except for farmers who apply for subsidies. Therefore, the 
reference data used in this study is limited to the declared fields as submitted to the 
responsible agency. Fallow fields were not considered in this study since the reference data 
(i.e., the IACS) used for modelling consists of only cultivated fields. 
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Fig. 3.2: Vegetation profiles of the four crops based on enhanced vegetation index (EVI). Early summer 
= April to May, Late summer = July to October. 

3.4 Data processing 

3.4.1 Image pre-processing 

The different bands (i.e., blue, green, red, near infra-red and shortwave infra-red 1 and 2) of 
the satellite images were stacked together, based on the years and acquisition time (Fig. 3.3). 
Some of the images had small areas of clouds since cloud cover of less than 10% was 
considered appropriate for the study purpose. As a result, the cloud masks that came with 
the images were used to mask out all clouds. The masked areas were replaced with non-
cloudy data from other images of the same area around the same time frame (i.e., May for 
ES and September, October for LS). With respect to the Landsat 7, the scan lines which 
resulted from the failure of the scan line corrector of the ETM+ sensor were also replaced 
with cloud-free satellite data from other images of the same area using the “cover” function 
(Hijmans et al., 2019) from the “raster” package in R software (R Core Development Team, 
2013). As our study area includes more than one Landsat image, some images were 
mosaicked to cover the entire area of interest. Mean values were used for overlapping layers 
during the mosaicking process. Fig. 3.3 shows a complete workflow of the data analysis of 
this study. 
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Fig. 3.3: The workflow of the data analysis. SY-Single-year, MY-Multiple-years, VIs-Vegetation 
Indices, B-Blue, G-Green, R-Red, NIR-Near Infra-red, SWIR-Shortwave Infra-red, NDVI-Normalized 
Difference Vegetation Index, EVI-Enhanced Vegetation Index, SAVI-Soil Adjusted Vegetation Index, 
NDMI-Normalized Difference Moisture Index. 

3.4.2 Model calibration and validation 

Crop type prediction models were built based on random forest (RF) algorithm, which is an 
ensemble supervised machine learning classifier that creates numerous decision trees for 
prediction by randomly selecting subsets of the training data through the process of bagging 
(Breiman, 2001). Higher accuracies have been achieved with RF as compared to other 
machine learning algorithms in many crop mapping studies (Tatsumi et al., 2015; Zhong et 
al., 2014). It can effectively function with only two main parameters, i.e., the number of trees 
to grow (Ntree) and the number of predictor variables selected for the best splitting of each 
tree node (Mtry) (Belgiu and Drăguţ, 2016). In this study, Ntree was set at 500 for all models 
since the error steadies before this number is reached, while Mtry was set to the square root 
of the input variables as reviewed by Belgiu and Drăgu (2016). 
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3.4.3 Input variables used in the model 

Spectral data obtained from the satellite data and used as predictors in the crop type 
predictive models consisted of blue, green, red, near infra-red (NIR), shortwave infra-red 1 
(SWIR 1) and shortwave infra-red 2 (SWIR 2). Additionally, four widely used spectral 
vegetation indices (VIs), i.e., normalized difference vegetation index (NDVI) (Tucker, 1979), 
enhanced vegetation index (EVI) (Huete et al., 2002), soil adjusted vegetation index (SAVI) 
(Huete, 1988) and normalized difference moisture index (NDMI) (Gao, 1996), were 
computed from a ratio of different satellite bands (see Equations (3.1), (3.2),(3.3), (3,4)) and 
included as explanatory variables. These VIs capture the dynamics of vegetation like 
greenness and vigour among others at different phenological stages. The potential of NDVI 
to assess vegetation dynamics of crops has been demonstrated by a number of studies 
(Foerster et al., 2012; Zheng et al., 2015). However, it has shortcomings of sensitivity to 
saturation, soil background effects, or atmospheric effects. In dealing with these limitations, 
EVI and SAVI were added. SAVI deals with the soil background effects, while EVI uses the 
blue band to deal with the atmospheric influences by aerosols. EVI, NDVI, and SAVI, as 
shown in Equations (3.1), (3.2), and (3.3), respectively, use the NIR and red bands in their 
computation, and they complement each other when used in vegetation analysis. NDMI, 
which uses NIR and SWIR for measuring the water content in vegetation, was also included 
in the analysis (Equation (3.4)), as it adds some complementary information to the other VIs. 

NDVI = (NIR - Red) / (NIR + Red)       (3.1) 

EVI = G × (NIR - Red) / (NIR + C1 × Red - C2 × Blue + L)    (3.2) 

SAVI = [(NIR - Red) / (NIR + Red + L)] × (1+ L)     (3.3) 

NDMI = (NIR - SWIR) / (NIR + SWIR)      (3.4) 

Where NIR = Near Infra-red, G = gain factor, C1 and C2 are aerosol resistance term 
coefficients, L in Equation (3.2) is non-linear canopy background adjustment, L in Equation 
(3.3) is soil brightness factor and SWIR=Shortwave Infra-red (values: G = 2.5, C1 = 6, C2 = 7.5, 
LEVI  = 1, LSAVI = 0.5). 

3.4.4 Field-based extraction of spectral information 

The extraction of the spectral information was done at field base with the exact crop fields as 
objects. Mean values of each crop’s field were extracted from the spectral data, which 
consisted of six individual bands of the satellite image, as well as four vegetation indices; 
grouped into early summer (ES) and late summer (LS) spectral information. In all, 20 
different spectral information were used as predictors in the RF models. Since the IACS data 
(Fig. 3.5) represent field information and, crops are cultivated with unequal distribution of 
fields for each crop type, almost equal numbers of polygon/field samples for each crop type 
were selected. Thus, crop types with many fields were always undersampled compared to 
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those which were represented by fewer fields. Six different data tables were built for the six 
respective years, which were later used to calibrate and validate the crop type prediction 
model, with the spectral information and crop types as predictor and response variables, 
respectively. 

2.4.5 Crop type prediction modelling 

Two different modelling approaches called same-year (SY) and multiple-year (MY) training 
were employed. With respect to SY models, an RF algorithm was trained using only the 
spectral information of one year and cross-validated using the remaining years as shown in 
Fig. 3.4A. This was repeated six times, where for each repetition a different year was used to 
train the model, and the model’s performance in predicting crop types was assessed using 
the remaining single-year data. 

 

Fig. 3.4: An illustration of the two modelling approaches. 

MY models were trained by combining the extracted spectral information from five different 
years during the training phase and tested on an independent year. The training combination 
with multiple years was done six times, and with each repetition a single year was left out 
to validate the efficacy of the MY models (Fig. 3.4B). The contribution of the predictors was 
assessed based on the internal mean decrease Gini of RF, which is the average of all Gini 
impurity recorded for each input variable when selected for splitting at each tree node (Liaw 
and Wiener, 2002). Graphs showing the six most important predictor variables (based on 
percentages of the mean decrease Gini Index) of the best modelling method were created for 
visualization. 

3.4.6 Accuracy assessment 

The performance of the models in predicting crop types was independently evaluated at 
field scale based on a confusion matrix. The independent validation was done by comparing 
the predicted crop types with the known crops using the reference data. The three most 
important and widely used metrics namely, overall accuracy (OA), user accuracy (UA) and 
producer accuracy (PA), resulting from the confusion matrix were calculated. OA assesses 
the overall performance of a model and is the ratio of correctly predicted crops and the total 
number of predicted crops. UA evaluates how well the predicted crops agree with the known 
reference data (i.e., the IACS field data), while PA measures the agreement between the 
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reference data and the prediction. From the confusion matrix, the error of commission (EC) 
and error of omission (EO) of the respective land cover types can be obtained. Since the 
performance of each developed SY model was tested for all years, except for the training 
years, the presented accuracy measures are averages of OA, UA, and PA of the same years. 
Since accuracies and errors of spatial data are spatially explicit, a map was created that 
demonstrates our models’ ability to visualize correctly and wrongly predicted fields using 
the best modelling method. 

3.4.7 Relationship between field size and accuracy 

To check whether the accuracy of crop type prediction depended on the size of crop fields, 
the correctly and wrongly predicted fields along with their sizes were extracted for each of 
the MY models. Field sizes were rounded to the nearest multiples of 1.5 ha (i.e., the average 
field size) to create field size classes, with the count of the all correct (True) and wrong (False) 
predictions for each field size category. The percentages of correct predictions for all the field 
size categories were computed. 

3.5 Results 

3.5.1 Agricultural land cover data 

The IACS data used as reference data to calibrate and validate the developed models showed 
different field numbers, average field size, and area for grassland, maize, summer crops, and 
winter crops (Fig. 3.5). The average field size for grassland was around 1 ha and did not 
change significantly over time. Summer crops showed a slightly higher average field size 
between 1.2 and 1.5 ha for all years under consideration. Maize and winter crops had the 
biggest average field sizes, ranging between 1.8 ha to 2 ha from 2005 to 2015. 

While grassland had the highest number of fields followed by winter crops, the number of 
maize and summer crops were the lowest. Consequently, winter crops covered the largest 
area of arable lands in the study area followed by grassland, whereas the area of maize and 
summer crops was comparatively small. 
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Fig. 3.5: Characteristics of Integrated Administration and Control System (IACS) data used as 
reference information for the predictive crop type models. 

3.5.2 Assessment of the modelling approaches 

The general performance of the two modelling approaches as indicated by the OA (Fig. 3.6) 
ranged from 67.7% to 73.4% with an average value of 71.5% for the SY models. The MY 
modelling approach showed an OA between 67.1% and 86.1% with an average of 77.3% (Fig. 
3.7). The lowest OA for the SY models was observed when they were tested with crops in 
the year 2015, while the highest OA value was achieved in 2011. Conversely, MY models 
achieved their highest OA in 2015, whereas, the lowest performance was observed in 2011. 

The SY prediction of individual crop types in different years based on user (UA) and 
producer accuracy (PA) showed a high UA (81.6%) and PA (82.2%) values for grassland, 
while UA (76.7%) and PA values (67%) for maize were somewhat lower. Prediction of 
summer crops (UA and PA of 60.6 % and 69.5 % respectively) was less accurate than winter 
crops (UA 76%, PA 71.1%). 



Multi-temporal agricultural land-cover mapping using single-year and multi-year models 
based on Landsat imagery and IACS data   Chapter three 

25 
 

 

Fig. 3.6: Accuracies of single year models. The mean bars represent average PA and UA, respectively, 
for each crop across years. Values in brackets represent the average overall accuracies of all models. 
UA = User accuracy and PA = producer accuracy. 

The application of MY models to identify grassland area of different years resulted in a mean 
UA of 83.1% and a PA of 87.8% (Fig. 3.7). Maize was discriminated with a mean UA and PA 
of 71.8% and 85.2% respectively, while winter crops were discriminated with a mean 
accuracy of 79% (UA) and 79.6% (PA). The average accuracy for summer crops was 
comparatively low (PA = 71.5% and PA = 69.3%), which was mainly a result of the confusion 
between summer crops and the other crops. 

Overall, grasslands always exhibited higher accuracies (UA and PA > 80%) across years 
when predicted by the two modelling methods, whereas the arable crops were better 
predicted by the MY models in comparison to the SY models. 
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Fig. 3.7: Accuracies of multiple-year models. The mean bars represent average producer accuracies 
(PA) and user accuracy (UA), respectively, for each crop across years. Values in brackets represent the 
average overall accuracies of all models. 

3.5.3 Classified maps based on best modelling method 

Since MY models proved to be the best modelling approach, their capability to create 
accurate crop-type maps are exhibited in Fig. 3.8 for 2015, which corresponds to an OA of 
86.1% (see Appendix A, Table A6 for a confusion matrix). The map was derived with model 
6 (Fig. 3.4B), which is an MY model developed based on information from 2005, 2007, 2009, 
2010, and 2011. On closer examination, regions at higher altitudes with less favourable 
growth conditions, which are dominated by grasslands (Fig. 3.8A), can be clearly 
distinguished from fertile areas, where a multitude of arable crops is grown and where 
grassland is only interspersed. Moreover, the spatial distribution and patterns of crops, the 
shape, and edges of fields can clearly be observed. The so-called ‘salt and pepper’ effects, 
that characterize most land-cover maps at a pixel base were not experienced with the maps 
produced in this research, which may be a result of the fact that our models were calibrated 
with the mean spectral information at field scale based on the IACS field polygons. Maps of 
the remaining years and their respective confusion matrices are shown in appendix A, that 
is, Fig. A1–A5 and Table A1–A5, respectively. 
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Fig. 3.8: A classified map of 2015 resulting from a multiple-year model based on spectral information 
of 2005, 2007, 2009, 2010 and 2011. ‘A’ and ‘B’ show areas dominated by grassland at higher altitudes 
and fertile areas dominated by arable crops respectively. 

3.5.4 Relationship between model accuracy and field size 

An increase in mean accuracy from 74% to 87% was observed as the field size increased (i.e., 
1.5-9 ha) (Fig. 3.9). Furthermore, a slight decrease in the mean accuracy from 87% to 85% of 
crop type prediction was seen with increasing field size from 9 ha to 12 ha. As the field size 
increased further to 13.5 ha, a slight increase in accuracy was observed (from 85% to 88%). 
However, a marginal reduction to 87% accuracy was observed as the field size increased 
further. The consistent and marginal rise and fall in accuracy with increasing field sizes 
indicate that crop type prediction by MY models is independent of field size. But it is 
important to state that the majority of fields (> 60%) belong to the smallest field category (1.5 
ha). The accuracy maps of the MY models can be seen in Fig. 3.10 and the rest in appendix 
A (Fig. A6–A10). 
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Fig. 3.9: The relationship between the accuracy of crop type prediction and field size based on the 
multiple-year models. The accuracies are mean values for all years, with the last bin representing the 
average accuracy of all fields ranging 15–34.5 ha. The value on top of each bar represents the number 
of fields for each field size group. 

 
Fig. 3.10: An IACS-based accuracy map of 2015 resulting from a multiple-year model calibrated using 
spectral data of 2005, 2007, 2009, 2010 and 2011 representing wrongly and correctly predicted fields. 
‘A’ and ‘B’ show areas dominated by grassland at higher altitudes and fertile areas dominated by 
arable crops respectively. 

3.5.5 Importance of predictor variables 

One of the strengths of RF models is the ability to measure and assess the contribution of 
each predictor variable used. Fig. 3.11 presents the importance values of the first 6 most 
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important input variables used in the MY models. Late summer (LS) NDMI was the first 
most important predictor variable in most models, and only in one instance the means of 
early summer (ES) NDVI was ranked first (Fig. 3.11B). Another predictor that seemed to be 
important across models was the early summer NDVI as shown in Fig. 3.11 (A, C–F). The 
contribution of VIs in the prediction of crops was much stronger than the individual bands. 
Red and green bands are the only bands that appeared among the first six important 
predictors, with red being the dominant one across all models. 

 

Fig. 3.11: The 6 most important predictors used in the multi-year models expressed in decreasing 
order of importance from the top of the y-axis. Variable importance on the x-axis is expressed as a 
percentage of Mean Decrease Gini. (A), (B), (C), (D), (E), (F) are MY models trained by a combination 
of (2005 + 2007 + 2009 + 2010 + 2011), (2005 + 2007 + 2009 + 2010 + 2015), (2005 + 2007 + 2009 + 2011 + 
2015), (2005 + 2007 + 2010 + 2011 + 2015), (2005 + 2009 + 2010 + 2011 + 2015) and (2007 + 2009 + 2010 + 
2011 + 2015) respectively. LS = Late summer, ES = Early summer. 

3.6 Discussion 

Crop type mapping in large agricultural landscapes is challenged by the daunting task of 
periodic training data collection. The traditional satellite-based mapping approach of using 
reference data from the same year impedes mapping specifically in periods where reference 
data is not available. The IACS data, which is a field-based crop type data presents reliable 
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reference datasets to deal with the problem of frequent training data collection for satellite-
based crop type mapping through the development of a generalized model. The issue of 
generalized classifiers has been raised and exploited in a few agricultural mapping studies, 
but less focus was put on specific crop type mapping. Thus, this study aimed at assessing 
the efficacy of IACS data to be used as reference data for the development of generalized SY 
and MY crop type models to predict grassland, maize, summer and winter crops as land-
cover categories. 

The accuracies achieved in our study are similar to the work of Zhong et al. (2014), where 
corn and soybeans were predicted based on spectral characteristics using the single-year 
modelling approach. While our study considers four different crop types with an acceptable 
average UA and PA for grassland across years (> 80%), maize, summer and winter crops 
were predicted at somewhat lower accuracies. That means that despite the somewhat low 
performance of SY models in predicting the other crop types, it is able to predict grassland 
with an acceptable level of accuracy across years. 

The overall accuracy of the SY calibration method employed in our study is rather low 
compared to the traditional method, where calibration and testing data are from the same 
year. Probable reasons may be different growing dates of the crops in different years, inter-
annual differences in climate, image acquisition time as well as variation in image quality 
between years, as was also suggested by Laborte et al. (2010) and Zhong et al. (2014). The 
performance of MY models in predicting crop types showed higher robustness across years 
than the SY calibration approach. An average increment of 6% in OA (i.e., 77.3%) was 
achieved by MY models across years. A similar OA of 73.1% was achieved by Massey et al. 
(2017) when an MY calibrated model was used to predict crop types from MODIS data for 
an independent year. The higher robustness of MY models might be attributable to the fact 
that, through the use of spectral information from different years, the interannual climate 
variability as well as variations in image quality from different years, are reduced to a certain 
degree (Laborte et al., 2010; Zhong et al., 2014). Thus, these factors make them generic with 
high prediction accuracies when applied to predict crops from data not seen by the model. 
Additionally, MY calibration compensates for the phenological differences of crops among 
years through the inclusion of many phenological situations using multiple data from 
different years. This makes MY models more efficient and generalized for satellite-based 
crop type classification when training data is not available for a period of interest. 

The prediction of crops from the spectral-temporal profiles of satellite images can heavily 
depend on the time and quality of the images used (Foerster et al., 2012; Laborte et al., 2010). 
Occasionally, a compromise has to be made between the quality and time of images in the 
same growing season, which may ultimately have the consequence that not all years will 
have high accuracies when data from multiple years are used (Zhong et al., 2014). In this 
study, for example, the 2009 and 2011 seasons comprised of very late September and October 
images (Table 3.2) due to the lack of earlier images. However, in the study area, maize fields 
are harvested as late as the end of September or early October, whereas summer crops are 
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harvested much earlier to give way for winter crops, which might have developed one or 
two leaves at this time. Such sources of variation might explain the somewhat lower 
accuracies of 2009 and 2011 data as compared to the other years. 

The data on the assessment of the spectral predictors used in the MY models indicates a 
paramount contribution of VIs in the prediction of crops as compared to the individual 
bands. A similar conclusion was drawn by Fletcher (2016) in the discrimination of soybean 
and three weed species. The highest contribution of VIs in the prediction of the crops was 
expected since their calculation involved two or more bands and as a result, used the unique 
spectral characteristics of the individual bands to produce a single layer which captured the 
different phenological dynamics among the crops. Vegetation indices, which are based on 
SWIR and NIR spectral bands, are known for their contributions to plant separation 
(Fletcher, 2016). Therefore, despite the contributions of the other predictor variables, the late 
summer NDMI is ranked as the topmost dominant predictor variables for almost all years, 
followed by early summer NDVI. NDMI uses a normalized ratio of the difference and sum 
of NIR and SWIR and is known to be sensitive to changes in water content of vegetations 
canopies (Gao, 1996). It can, therefore, be inferred that the differences among the four crop 
types are better captured by the content of moisture in their leaf canopies during late 
summer. 

The subject of object size and prediction accuracy is very crucial in the mapping of 
agricultural areas (Ma et al., 2017). Our results suggest that the prediction of a particular crop 
type does not necessarily depend on the corresponding size of the field. It was expected that 
the prediction of bigger fields may be easier than with smaller fields, but the results do not 
confirm that. The biggest crop field category (≥15 ha) achieved a prediction accuracy of 88%, 
nonetheless, comparatively smaller field sizes (9 ha) also achieved the same accuracy. Thus, 
the present study does not support the conclusions of Castilla et al. (2014), that the possibility 
of correct classification of land-cover type decreases with decreasing object size. The reason 
may be that Castilla et al. (2014) employed a segmentation method, which is dependent on 
the land cover size, whereas the present study used the exact field polygons declared by 
farmers in the study area as objects for the prediction of the crop types. However, since the 
present study area is dominated by smaller fields with very few large fields, future research 
is required to further investigate the relationship between field size and accuracy of crop 
types prediction in agricultural areas with a relatively even distribution of field sizes. 

The uniqueness of this study compared to other studies of generalized classifiers for 
cropland mapping is the field-based approach employed. This approach deals with some of 
the challenges associated with the widely used methods. The issue of segmentation scale 
selection of the other object-based classification (Phiri and Morgenroth, 2017) is avoided. 
Moreover, the ‘salt and pepper’ effects that characterize the pixel-based prediction of land-
cover types are equally averted in this study. Hence, our MY modelling approach can be 
used to map past and present crop types which may be necessary to ascertain the impacts of 
any agricultural activity (e.g., biogas production) heavily dependent on croplands. 
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Finally, the hypothesis that IACS data can be used to calibrate models for the prediction of 
crop types from a satellite image differing from the calibration year has been proven through 
a field-based SY and MY calibration approach. However, Cai et al. (2018) stated that 
increasing the calibration years to a maximum of 10 years can further increase accuracy. 
Therefore, our five-year MY models could be improved further by incorporating more years 
of spectral information, as more satellite data (Sentinel and EnMap) become available in the 
future. 

3.7 Conclusion 

For the first time, this study used a field-based approach to test the usefulness of IACS data 
in calibrating an RF-based model to predict crop types from satellite images, that are not 
from the same year as the calibration year. Thus, two modelling methods called SY (i.e., using 
spectral data from a single year) and MY calibration (i.e., using spectral data from multiple 
years) were tested in the discrimination of grassland, maize, summer and winter crops. 

The results depict a superior performance of the MY approach as compared to SY model. 
The MY approach included a larger range of inter-annual variability in image quality, 
climate, and growing dates of crops from different years, thus, contributing to its robustness 
in predicting crop type from satellite images of different years. The approach employed in 
this work, unlike other object-based methods, is not dependent on field size. It is, therefore, 
recommended to use the field-based MY calibration approach for practical crop type 
mapping, particularly when reference data for the mapping year is not available. This 
method is useful for practical reasons and can be used to map past and present croplands 
for comparative analysis. However, the inclusion of soil data and phenological metrics as 
predictors of MY model may have a potential for future research. This might help improve 
performance and provide an opportunity for more specific crop type mapping, rather than 
generic crops like summer and winter crops as used in this study. A combination of data 
from different satellites like Sentinel or upcoming satellites like EnMap or HyspIRI might 
further improve the MY modelling approach due to higher revisiting time and thus a denser 
time series. 
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Appendix A 

 

Fig. A1: A classified map of 2005 resulting from a multiple-year model based on spectral 
information of 2007, 2009, 2010, 2011 and 2015. 

 
Fig. A2: A classified map of 2007 resulting from a multiple-year model based on spectral 
information of 2005, 2009, 2010, 2011 and 2015. 
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Fig. A4: A classified map of 2009 resulting from a multiple-year model based on spectral 
information of 2005, 2007, 2010, 2011 and 2015. 

 
Fig. A3: A classified map of 2010 resulting from a multiple-year model based on spectral 
information of 2005, 2007, 2009, 2011 and 2015. 
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Fig. A5: A classified map of 2011 resulting from a multiple-year model based on spectral 
information of 2005, 2007, 2009, 2010 and 2015. 

 
Fig. A6: An IACS-based accuracy map of 2005 resulting from a multiple-year model calibrated 
using spectral data from 2007, 2009, 2010, 2011 and 2015. 
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Fig. A7: An IACS-based accuracy map of 2007 resulting from a multiple-year model calibrated 
using spectral data from 2005, 2009, 2010, 2011 and 2015. 

 
Fig. A8: An IACS-based accuracy map of 2009 resulting from a multiple-year model calibrated 
using spectral data from 2005, 2007, 2010, 2011 and 2015. 
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Fig. A9: An IACS-based accuracy map of 2010 resulting from a multiple-year model calibrated 
using spectral data from 2005, 2007, 2009, 2011 and 2015. 

 
Fig. A10: An IACS-based accuracy map of 2011 resulting from a multiple-year model calibrated 
using spectral data from 2005, 2007, 2009, 2010 and 2015. 
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Table A1: Confusion matrix of the classified map of 2005 using the multiple-year model. The shaded 
diagonals represent the number of correctly predicted crops. GL = Grassland, MZ = Maize, SC = 
Summer crops, WC = Winter crops, UA = User accuracy, PA = Producer accuracy, EC = Error of 
commission, EO = Error of omission and OA = Overall accuracy. 

    Reference     
  GL MZ SC WC Total UA (%) CE (%) 

Pr
ed

ic
tio

n 

GL 4339 137 270 214 4960 87.48 12.52 
MZ 292 4527 442 33 5294 85.51 14.49 
SC 264 229 3792 1099 5384 70.43 29.57 
WC 105 48 496 3654 4303 84.92 15.08 

Total 5000 4941 5000 5000    

PA (%) 86.78 91.62 75.84 73.08    

OE (%) 13.22 8.38 24.16 26.92    

  OA (%) 81.8             

Table A2: Confusion matrix of the classified map of 2007 using the multiple-year model. The 
shaded diagonals represent the number of correctly predicted crops. GL = Grassland, MZ = 
Maize, SC = Summer crops, WC = Winter crops, UA = User accuracy, PA = Producer accuracy, 
EC = Error of commission, EO = Error of omission and OA = Overall accuracy. 

    Reference       
  GL MZ SC WC Total UA (%) CE (%) 

Pr
ed

ic
tio

n 

GL 4380 203 316 156 5055 86.65 13.35 
MZ 158 3738 463 38 4397 85.01 14.99 
SC 68 358 3384 154 3964 85.37 14.63 
WC 394 90 837 4652 5973 77.88 22.12 

Total 5000 4389 5000 5000    

PA (%) 87.60 85.17 67.68 93.04    

OE (%) 12.40 14.83 32.32 6.96    

  OA (%) 83.32             

Table A3: Confusion matrix of the classified map of 2009 using the multiple-year model. The 
shaded diagonals represent the number of correctly predicted crops. GL = Grassland, MZ = 
Maize, SC = Summer crops, WC = Winter crops, UA = User accuracy, PA = Producer accuracy, 
EC = Error of commission, EO = Error of omission and OA = Overall accuracy. 

      Reference     
  GL MZ SC WC Total UA (%) CE (%) 

Pr
ed

ic
tio

n 

GL 4185 986 430 175 5776 72.45 27.55 
MZ 166 4070 394 26 4656 87.41 12.59 
SC 345 889 3347 748 5329 62.81 37.19 
WC 304 531 1743 4051 6629 61.11 38.89 

Total 5000 6476 5914 5000    

PA (%) 83.70 62.85 56.59 81.02    

OE (%) 16.30 37.15 43.41 18.98    

  OA (%) 69.91             
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Table A4: Confusion matrix of the classified map of 2010 using the multiple-year model. The 
shaded diagonals represent the number of correctly predicted crops. GL = Grassland, MZ = 
Maize, SC = Summer crops, WC = Winter crops, UA = User accuracy, PA = Producer accuracy, 
EC = Error of commission, EO = Error of omission and OA = Overall accuracy. 

    Reference       
  GL MZ SC WC Total UA (%) CE (%) 

Pr
ed

ic
tio

n 

GL 4262 376 179 91 4908 86.84 13.16 
MZ 172 4990 956 185 6303 79.17 20.83 
SC 238 1830 4388 827 7283 60.25 39.75 
WC 328 171 307 3897 4703 82.86 17.14 

Total 5000 7367 5830 5000    

PA (%) 85.24 67.73 75.27 77.94    

OE (%) 14.76 32.27 24.73 22.06    

  OA (%) 75.6             

Table A5: Confusion matrix of the classified map of 2011 using the multiple-year model. The 
shaded diagonals represent the number of correctly predicted crops. GL = Grassland, MZ = 
Maize, SC = Summer crops, WC = Winter crops, UA = User accuracy, PA = Producer accuracy, 
EC = Error of commission, EO = Error of omission and OA = Overall accuracy. 

    Reference       
  GL MZ SC WC Total UA (%) CE (%) 

Pr
ed

ic
tio

n 

GL 4493 209 264 460 5426 82.81 17.19 
MZ 141 3427 732 151 4451 76.99 23.01 
SC 108 4073 4644 363 9188 50.54 49.46 
WC 258 507 872 4026 5663 71.09 28.91 

Total 5000 8216 6512 5000    

PA (%) 89.86 41.71 71.31 80.52    

OE (%) 10.14 58.29 28.69 19.48    

  OA (%) 67.09             

Table A6: Confusion matrix of the classified map of 2015 using the multiple-year model. The 
shaded diagonals represent the number of correctly predicted crops. GL = Grassland, MZ = 
Maize, SC = Summer crops, WC = Winter crops, UA = User accuracy, PA = Producer accuracy, 
EC = Error of commission, EO = Error of omission and OA = Overall accuracy. 

    Reference       
  GL MZ SC WC Total UA (%) CE (%) 

Pr
ed

ic
tio

n 

GL 10313 461 592 1163 12529 82.31 17.69 
MZ 183 8111 891 69 9254 87.65 12.35 
SC 305 296 9943 1134 11678 85.14 14.86 
WC 199 53 464 7634 8350 91.43 8.57 

Total 11000 8921 11890 10000    

PA (%) 93.75 90.92 83.62 76.34    

OE (%) 6.25 9.08 16.38 23.66    

  OA (%) 86.1             
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Chapter 4 

Spatio-temporal analysis of the effects of biogas production on agricultural lands 

Abstract 

With the subsidisation of energy crops in Germany by the Renewable Energy Act, the production 
of biogas became increasingly dependent on agricultural land for biomass generation. The effects 
of increasing biogas plants’ capacities on the increase of maize and other energy crops area over 
the years have raised sustainability concerns in the German society. A periodic assessment of the 
impacts of biomass production is necessary to determine efficient and environmentally 
sustainable recommendations for future planning processes. Previous studies have neglected the 
effects of biogas plant capacity, which is directly linked with the amount of biomass required 
and, thus, is supposed to be a driver for the impacts of biogas production on agricultural lands. 
Combining the Integrated Administration and Control System (IACS) and Landsat satellite data 
provides a means to study present and past agricultural landscape. The aim of the study was to 
map the agricultural lands of Northern Hesse from 2000 to 2015, evaluate the change in maize 
area and structural diversity of agricultural fields, and assess if biogas production is a major 
driver of possible changes. Northern Hesse was consciously chosen, as it represents a typical 
European low-mountain range region with substantial geographical and agricultural variability. 
Our results show that from 2000 to 2015 on average, the area of grassland (-5.7%) and summer 
crops (-5.8%) decreased, while the area of winter crops and maize increased by 9.2% and 2.2%, 
respectively. Potential drivers of the change in maize area and structural diversity of agricultural 
fields, such as the mean capacity of biogas plants (kW), and topographical attributes, such as 
mean elevation (m) and slope (%) were employed as explanatory variables on a municipality 
level in multiple linear regression models. The mean biogas capacity and elevation were the most 
significant drivers of change in maize area (p < 0.05), while biogas capacity and slope were the 
significant drivers of the change in structural diversity. Maize area increased with an increasing 
capacity of biogas plants at lower elevations of the study area (p < 0.05). A decrease in the 
structure of fields, which is an indicator for species and habitat diversity, was observed and this 
was very much associated with the extent of maize and winter crop production. However, the 
drivers of the changes in the maize area and structure of fields were of low dimensions with 
model R2 of 0.21 and 0.35 respectively. Overall, our study demonstrates the potential of spatial 
data from different origins in mapping land cover over longer time periods for monitoring bio-
economy effects on agricultural landscape. 

Keywords: Land-cover change; Landsat; biodiversity; structural diversity; satellite monitoring 

4.1 Introduction 

Food, fibre and raw materials for bioenergy production are among the vital benefits humans 
obtain from agricultural land. Therefore, the rapidly increasing world population has resulted in 
high demands for energy and food production through intensified agriculture (Godfray et al., 
2010; Hazell and Wood, 2008), which involves the use of high amounts of fertilizer, pesticides, 
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continuous cropping of the same crop and the increasing use of machinery. These 
intensifications, on the one hand, have occasioned a significant increment in food and energy 
production, but on the other hand have caused a reduction in biodiversity (Newbold et al., 2015) 
and increased carbon emissions (Burney et al., 2010). 

The high emissions of greenhouse gases from fossil fuels have necessitated a worldwide crave 
for biological energy sources as a means to mitigate climate change (Schlamadinger et al., 1997; 
Souza et al., 2017). As a result, institutions like the European Union (EU), are promoting and 
encouraging the use of bioenergy as an alternative energy source to fossil energy to member 
countries through policies and legislation (Berndes and Hansson, 2007). The support by the EU 
for electricity production through biogas until 2020, was evident in their “Renewable Energy 
Road Map” communiqué (European Commission, 2007). Germany has made various 
interventions to conform to the renewable energy policies of the EU, e.g. by the various 
amendments of the Renewable Energy Sources Act (REA) (Büsgen and Dürrschmidt, 2009) which 
aims to promote all sources of renewable energies (Bechberger and Reiche, 2004; Langniß et al., 
2009). Consequently, biogas plants have become an important part of the German energy system 
and agricultural sector since early 2000 (Weiland, 2003), and investments by farmers into this 
technology have been massive over the last decade. 

Since the inception of the REA, the production of biogas heavily depended on croplands for 
feedstocks, with maize being the most widely used crop (Herrmann, 2013). Hence, most biogas 
plants are situated on farms (Epp et al., 2008) and croplands around them are used to cultivate 
maize for silage. The area of silage maize in Germany increased from 1.2 Mio ha in the year 2000 
to 2.6 Mio ha in 2016. Concurrently, the number of biogas plants increased in the same time 
period (i.e. from 1,050 to 9,209) (Fachverband Biogas, 2018). 

Particularly with monocultural maize production for silage, increased nitrate leaching, soil 
erosion, as well as high usage of pesticides due to the burden of pests have been reported as some 
of the adverse effects of biogas production on the environment (Graß et al., 2013; Jerrentrup et 
al., 2017; Lithourgidis et al., 2011; Pedroli et al., 2013). Moreover, the production of bioenergy 
through the expansion of agricultural fields for the cultivation of energy crops is reported as one 
of the major driving forces of land-use/land-cover change (LULCC) and loss of biodiversity (i.e. 
habitat loss and alteration of species abundance and richness) as reviewed by Immerzeel et al. 
(2014). Agricultural landscapes become less heterogeneous as agricultural activities intensify, 
which further results in the decline of semi-natural edge habitats and structural diversity 
(Chamberlain et al., 2000; Vickery et al., 2009). 

Multi-temporal information on agricultural land-cover is necessary to understand the effects of 
biogas production on agricultural land-cover change. In Europe, extensive data on agricultural 
production exists within the Integrated Administration and Control System (IACS). The IACS 
data are collected by farmers as part of the subsidy payment system of the common agricultural 
policy (CAP) of the European Union (EU) (Bill et al., 2012) and consist of information on the 
shape of fields and type of crops planted in each cropping season. As massive investments in 
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biogas plants in Germany already started right after the release of the first REA in the early 2000s, 
data from these years are required for an effective assessment of agricultural land-cover but 
cannot be provided by the IACS which only started in the year 2005. Though studies which were 
solely based on IACS data (Lüker-Jans et al., 2017) could indeed show the impact of biogas 
production on the change of total maize and permanent grassland area, they did not capture the 
spatial distribution and patterns of the total cropland area. Further, as substantial investments in 
biogas plants started ca. 5 years earlier than the IACS system, LULCC analysis on IACS data are 
strongly biased.  

The longest-running earth observation, i.e. the Landsat satellite (United States Geological Survey, 
USGS), provides data of our environment since 1972 and, thus, makes it ideal data for studies 
relating to impact assessments that require long-term time-series data. Remotely sensed data 
from satellites were shown to be a promising data source for mapping, monitoring and 
assessment of agricultural lands (e.g., Kyere et al., 2019; Yin et al., 2018a). The free accessibility 
of the Landsat data for example and the many developed processing algorithms for their analysis 
add to the many advantages of the Landsat programme (Woodcock et al., 2008; Wulder et al., 
2012). A demonstration of the capabilities of time series analysis of Landsat images to map and 
reveal land-cover changes as a basis for impact assessment of human activities on agricultural 
landscapes is evident in a number of studies (e.g., Griffiths et al., 2019; Yin et al., 2018b).  

Further, it was found that the dynamics of land-cover were correlated with physical 
environmental variables, such as slope, elevation, etc., and concluded that interactions of these 
variables with socio-economic factors should be considered in the analysis of the drivers of 
LULCC change (Hietel et al., 2004). For example, the work of Chen et al. (2001) on LULCC found 
a strong effect of slope on land-use structure. Their work indicated a larger mean patch size of 
terrace farmland and a smaller mean patch size of farmlands on slopes. Also, in Europe, 
agricultural intensification has occurred in areas or fields, where the biophysical and structural 
conditions are favourable (Pinto-Correia and Kristensen, 2013). This connotes that agricultural 
fields can be intensified largely when they exhibit low slopes and lower elevations necessary to 
cultivate a particular type of crop. 

Changes in landscape structure and agricultural practices are known to be important drivers of 
biodiversity loss (Robinson and Sutherland, 2002). Intensification of agricultural activities, for 
instance, is known to facilitate the decline of agricultural field edges and margins (structural 
diversity), which are necessary for habitat and species diversity (Ma et al., 2013; Marshall and 
Moonen, 2002; Vickery et al., 2009). Against this backdrop, we postulate that the increasing 
demand for biomass for biogas plants impacts the structural diversity of landscapes, which 
eventually leads to the loss of biodiversity. Only a few studies have focused on this topic so far 
(e.g. Appel et al., 2016; Britz and Delzeit, 2013; Lüker-Jans et al., 2017). Thus, in contributing to 
this research gap, we are guided by the hypothesis that the production of biogas alters the 
structure of agricultural fields in space and time.  
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The overall objective of this study is, to assess the impacts of socioeconomic (biogas production) 
and environmental (slope and elevation) variables as a driver of agricultural land-cover change 
and biodiversity loss.  

To test our hypothesis, we combined Landsat images and IACS data to assess the historical effects 
of biogas production on agricultural lands. Hence, the following specific research questions are 
addressed: 

i) What is the spatial distribution and pattern of land-cover change in Northern Hesse’s 
agricultural landscapes between 2000 and 2015? 

ii) Are the changes in maize area during this period influenced by biogas production and 
other environmental variables? 

iii) Are the changes in field edge density driven by biogas production and other 
environmental variables? 

4.2 Materials and methods 

4.2.1 Study area 

The study was carried out in Northern Hesse (Fig. 4.1), which is made up of 5 districts and 117 
municipalities. Northern Hesse covers an area of about 6900 km2 with diverse landscapes and 
environmental conditions for agricultural activities. The favourable arable lands are 
characterized by flat valleys and plateaus, which exhibit moderate slopes, are frequently covered 
by loess of significant thickness and are predominantly located in the western and northern parts 
of the study area (Wagner, 2011).  

In the eastern and most western parts, large grassland areas prevail which are bounded with 
larger forest reserves at mostly higher altitudes. The soils of the less favourable arable sites show 
limited water and nutrient availability. The mean annual temperatures in lowlands and 
highlands are 9-10 °C and 5-6 °C respectively and the mean annual rainfall ranges from 500-1300 
mm (HLNUG, 2019). The elevation in Northern Hesse ranges from 101 to 754 m. 
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Fig. 4.1: Study area map. (A) shows a map of Germany and the location of the study area, (B) shows the 
five districts and the 117 municipalities. 

4.2.2 Data sets and analysis 

4.2.2.1 Landsat satellite images and processing  

Atmospherically corrected Landsat images (Landsat 7 Enhanced Thematic Mapper Plus, Level-
2) of the year 2000 were downloaded from the USGS Earth Explorer (USGS, 2018). A total of 4 
satellite images were used for the land-cover classification in 2000. Since the classification model 
was developed based on early (ES) and late growing season (LS) Landsat data from multiple 
years (Kyere et al., 2019), the images of 2000 also were from ES (6th April) and LS (29th September). 
The ES and LS periods cover the growing period of the agricultural land-cover types in the study 
area. Hence, the use of ES and LS in classification models can help capture the phenology of 
vegetation at different stages of development, which is necessary for accurate prediction of 
agricultural land-cover. 

The Landsat images of 2000 were pre-processed (Fig. 4.2) by stacking together the six individual 
bands based on the two acquisition dates (i.e. ES and LS) employed in this study. Two Landsat 
images were mosaicked for each ES and BS seasons for complete coverage of the study area. The 
four vegetation indices (VIs) in equations (4.1-4.4) were derived with the Landsat image of 2000 
(Fig. 4.2) as input, given that the multiple-year land-cover classification model was developed 
based on the spectral information of six single bands and the four VIs. 

NDVI = (NIR - Red) / (NIR + Red)       (4.1) 

EVI = G × (NIR - Red) / (NIR + C1 × Red - C2 × Blue + L)    (4.2) 
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SAVI = [(NIR - Red) / (NIR + Red + L)] × (1+ L)     (4.3) 

NDMI = (NIR - SWIR) / (NIR + SWIR)      (4.4) 

Where NDVI = Normalized difference vegetation index, NIR = Near infra-red, SWIR = Short-
wave infrared, EVI = Enhanced vegetation index G is gain factor, C1 and C2 are aerosol resistance 
term coefficients, L is non-linear canopy background adjustment as used in Equation (4.2) and 
soil brightness factor as used in Equation (4.3), SAVI = Soil adjusted vegetation index, NDMI = 
Normalized difference moisture index (values: G=2.5, C1=6, C2=7.5 and LEVI =1, LSAVI=0.5). 

 

Fig. 4.2: The summarized workflow of the data analysis. IDW = Inverse Distance Weighting Interpolation. 

4.2.2.2 Classification model and the data used therein 

The land-cover types of the year 2000 were predicted using a generalized classification model by 
Kyere et al. (2019), based on a random forest algorithm. The model consists of spectral 
information from multiple years (2005-2015) extracted from the six Landsat bands (Blue, Green, 
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Red, Near-infrared, Short-wave infrared 1 and 2) as well as four vegetation indices (VIs) based 
on the IACS crop field data. The use of multi-temporal and multiple-year spectral information 
for crop-type classification includes different manifestations of crop phenology and factors such 
as climate differences from different years and, thus, makes the model generic and robust in 
predicting agricultural land-cover types with high accuracy when applied to years, which were 
not included in the calibration data. 

The crop-types of the year 2000 were predicted by extracting the mean spectral information (i.e., 
spectral bands and VIs of images of the year 2000 described in section 4.2.2.1) with the IACS 
polygons of 2005 as reference. A data table was created from the extracted spectral information 
and the RF classification model was applied to predict them into four crop types. The data table 
was joined to the polygons and the predicted crops were assigned to the respective polygons in 
a GIS to create the crop type map of 2000. Non-cropland areas such as forests and settlements 
were eliminated prior to the extraction of the mean spectral information for classification, using 
the IACS polygons of 2005. This was done to get rid of non-needed data in order to speed up the 
extraction process since it is computationally intensive. 

The IACS data used as spatial reference field data in the development of the classification model 
is a spatial data made up of agricultural fields and the type of crops cultivated by farmers. These 
data must be provided by farmers in the application for subsidies as part of the common 
agricultural policy (CAP) of the EU. The application for subsidies is not mandatory and not all 
fields qualify for subsidies within the EU’s CAP policy, thus, the IACS data used in this study 
are based on the fields as declared and submitted by farmers to the appropriate agency. 

The VIs used in the classification model include the normalized difference vegetation index 
(NDVI) (Tucker, 1979), enhanced vegetation index (EVI) (Huete et al., 2002), soil adjusted 
vegetation index (SAVI) (Huete, 1988) and normalized difference moisture index (NDMI) (Gao, 
1996). The spectral data sets (i.e. all profiles of the VIs) based on which the crops of the year 2000 
were predicted is illustrated in Fig. 4.3, and it shows the spectral differences among the four crops 
at the two different considered periods. These spectral differences made it possible to 
discriminate among the four crop types. Refer to Kyere et al. (2019) (i.e. chapter 3) for further 
detailed information about the development of the multiple-year classification model. 
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Fig. 4:3: Boxplot of all the used vegetation indices of the predicted four crops types of 2000 at the early and 
late seasons. NDVI = Normalised difference vegetation index, EVI = Enhanced vegetation index, SAVI = 
Soil adjusted vegetation index, NDMI = Normalized difference moisture index. Early season = April to 
May, Late season = July to October. 

4.2.2.3 Biogas plants 

Data on biogas plants were obtained from the Federal Network Agency of Germany (i.e. from 
the "Marktstammdatenregister", https://www.marktstammdatenregister.de/MaStR), where the 
locations of biogas plants and their total electrical capacity installed (hereinafter referred to as 
“biogas plant capacity” are registered). The study area comprised a total of 98 biogas plants, with 
years of installation of the biogas ranging from 1995 to 2015 (see Fig. B1 in appendix B for the 
distribution of the years of biogas installation). A spatial point feature was created in a 
geographic information system (GIS) based on the x and y coordinates of each biogas plant. 
Locations and capacities of individual biogas plants are not shown for data privacy reasons.  

4.2.2.4 Digital elevation model 

To obtain the topographic information of the study area, a Shuttle Radar Topographic Mission 
(SRTM) (Farr and Kobrick, 2000) digital elevation model (DEM) was downloaded from the USGS 
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Earth Explorer. The DEM data set is freely available (https://earthexplorer.usgs.gov/) for 
scientific use and has a 1 arc-second (ca. 30 m) spatial resolution. The DEM from the SRTM is 
referenced vertically to the Earth Gravitational Model of 1996 (EGM96) with the same reference 
ellipsoid as World Geodetic System 1984 (WGS 84). 

4.2.2.5 Land-cover classification 

Given that it is not mandatory for farmers to apply for subsidies, the IACS data is inconsistent in 
terms of the number of fields registered per year, as raised by Lüker-Jans et al. (2016). Therefore, 
to make the LULCC analysis comparable among the years and to eliminate biases, the analysis 
was restricted to those fields which were present in all considered periods. Using the IACS field 
polygons of 2005, the average spectral information of each field was extracted based on the 
individual bands and the computed VIs of 2000, grouped into early and late seasons. The 
developed multiple-year classification model (Kyere et al., 2019) was applied to the extracted 
spectral data of 2000 to classify them into four land-cover types, which are grassland, maize, 
summer and winter crops. The IACS data of 2015 were also grouped into the same predicted four 
land-cover types. The total area (km2) of each land-cover type was assessed and the relative 
change of the area (% of total agricultural land) of each land-cover type was computed as the 
difference between the years 2015 and 2000. 

Though this study is based on field-level data, the assessment of the impacts of biogas production 
is carried out on the municipality level, which is the lowest level of territorial division and 
political decision making in Germany. For this purpose, the vector layer of the 117 municipalities 
of the study area was intercepted with the classified crop type map of both years to calculate the 
per municipality share of each land cover type and the corresponding changes. For example, the 
land-cover change of maize per municipality was computed for all 117 municipalities in the study 
area as shown in equation (4.5). 

=    
        

× 100 −    
      

× 100      (4.5) 

Where CMz = change of maize area per municipality, TA = total area, LCT = land cover-types. 

4.2.2.6 Change in field edge density 

Given that the calculation of field edge density is based on the shapes of land-cover types, the 
IACS data of fields in 2005 (i.e. the earliest year of IACS’s data availability) and 2015 were used 
in the computation of the changes in field edge densities. Using Patch Analyst Extension for 
ArcGIS (Rempel et al., 2012) the field edge density, i.e. the amount of edges of the agricultural 
fields relative to the total landscape area (McGarigal and Marks, 1995), was computed for both 
years. Field edge density can also be considered as the total perimeter of all land-cover types 
divided by the total area of the landscape.  

Field edge density is an important indicator of structural diversity and a measure of habitat 
network (McGarigal and Marks, 1995) and, thus, represents an indicator of species diversity in 
agricultural field margins (Ma et al., 2013). Field edge densities of the land cover types for both 
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years were calculated at the municipality level using the analysis by region option in the Patch 
Analyst extension tool, where each municipality is considered as a separate unit. Prior to 
calculations, the municipality boundary layer was intercepted with the IACS data, used as input. 
The change in structural diversity was then calculated as the difference between the field edge 
densities for both years. 

4.2.2.7 Explanatory variables 

For analysing possible drivers of the changes in maize area and structural diversity of the 
agricultural landscapes, certain variables were identified: (1) The capacity of biogas plants is 
assumed to correlate with the amount of biomass and agricultural land needed for its annual 
supply (Delzeit and Kellner, 2013). The capacity was obtained from an inverse distance weighting 
(IDW) interpolation of the 98 biogas plants for the entire study area (Shepard, 1968). IDW is an 
interpolation method which uses known values around a prediction location to predict values 
for the unknown area, based on the premise that objects that are close to each other are more 
similar than far ones (Tobler, 1970). The impact of a biogas plant is stronger in areas which are 
closer to it, than in areas far from it, given that biogas plants are sited in close vicinity to available 
biomasses (Epp et al., 2008).  

Additionally, given that LULCC is driven by a complex spatio-temporal interaction between 
activities of humans and physical factors (e.g. topography) (Plieninger et al., 2016), two 
environmental variables were considered, i.e. (2) elevation (m) and (3) slope (%) which were 
extracted from the DEM. These biophysical environmental factors strongly influence the 
strategies of farm management (Chen et al., 2001). For example, fields with steep slopes are more 
susceptible to erosion than more even fields, therefore, the likelihood that a farmer will cultivate 
an erosion-resistant crop on an erosion-prone field is higher. 

Using the vector layer of the 117 municipalities, the mean slope, elevation, and capacity of biogas 
plants was extracted for each municipality and used as predictors in multiple linear regression 
models. The extracted means of the predictors per municipality were based on agricultural fields 
only (i.e., IACS data). 

4.2.2.8 Regression analysis 

Regression models are robust tools to investigate the drivers of LULCC change of agricultural 
landscapes (Baumann et al., 2011; Levers et al., 2016). Thus, multiple linear regression was 
employed to analyse the drivers of change in maize area as well as the change in field edge 
density (structural diversity) of agricultural fields using the lm() function in R software (R Core 
Team, 2018). While the change in maize area and field edge density were the dependent variables, 
slope, biogas capacity and elevation were used as independent variables in the models. The 
explanatory variables were checked for multicollinearity (refer to Table B1 in appendix B for 
results) before fitting the models. The models included both interactions and quadratic terms 
(Equations (4.6) and (4.7)).  
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CMA = S + C+ E + (S * C) + (S * E) + (C * E) + S2 + C2 + E2     (4.6) 

CED = S + C + E + (S * C) + (S * E) + (C * E) + S2 + C2 + E2     (4.7) 

Where CMA=Change in maize area, S= mean slope per municipality, C=mean capacity of biogas 
plants, E=mean elevation per municipality, CED=change in field edge density. 

A backward stepwise procedure was applied to remove predictors that poorly fit the outcome 
variables, and the final model was selected based on the Akaike information criterion (AIC) 
(Akaike, 1974). That is, the lower the AIC, the more parsimonious and explanatory it is. P-value 
and t-value were used to identify the significant predictors, while the adjusted coefficient of 
determination (adj. R2) was used to assess the explanatory power of the overall models. 

4.3 Results 

4.3.1 Land-cover change from 2000 to 2015 

Based on the classification scheme from Kyere et al. (2019) the classification of the study area 
resulted in four land-cover types, i.e. grassland, maize, summer and winter crops (Fig. 4.4), which 
also provides the basis for the assessment of the effects of biogas production on the agricultural 
land in the subsequent sections of this study. As the study area represents a diverse landscape 
with variable altitude, soil and climate conditions, the maps show areas which are dominated by 
arable crops with few interspersed grasslands (favourable agricultural areas in the centre of the 
study area). While in the eastern and most western parts, large grassland areas prevail.  

The analysis of changes in the share of land-cover types between 2000 and 2015 resulted in a -
5.69% (-202.55 km2) and -5.77% (-177.76 km2) decrease in grassland and summer crops area, 
respectively (Table 4.1). Conversely, the share of maize and winter crops increased by 2.24% 
(59.38 km2), and 9.23% (223.64 km2), respectively.  

Table 4.1: Total crop area and share of crop area relative to the total agricultural land in 2000 and 2015 as 
well as land-cover change in the study area. 

Crop type 
2000  2015  Change in area 

Area 
(km2) 

Share (%) 

 

Area (km2)  Share (%)  

 

(km2) (%) 

Grassland 1212.58 41.01  1010.03 35.32  -202.55 -5.69 
Maize 139.38 4.71  198.76 6.95  +59.38 +2.24 
Summer crops 384.06 12.99  206.30 7.21  -177.76 -5.77 
Winter crops 1220.85 41.29  1444.49 50.51  +223.64 +9.23 
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Fig. 4.4: Classified maps of 2000 and 2015 are shown at the top. The maps (i.e. A1 and B1) at the bottom 
show detailed areas at the same location in both years. Settlements and forest reserves were eliminated 
prior to classification and are shown in white. 

4.3.2 Accuracy assessment of the classification model 

The accuracy assessment of the classification of the crop types prediction model was based on 
the internal cross-validation (i.e. out of the bag error assessment) (Belgiu and Drăguţ, 2016) in the 
random forest algorithm used in the development of the classification model. The accuracies of 
the predicted agricultural land-cover types were quite high.  

The overall accuracy of the predicted crop types was 83.10% (Fig. 4.5), with producer (PA) and 
user accuracies (UA) for grassland, maize and winter crops above 80%. The PA and UA for 
summer crops were 78.37% and 74.22% respectively (refer to Kyere et al. (2019) for detailed 
information about the accuracy assessment of the multi-year classification model). The error 
matrix based on which these accuracies were computed can be found in appendix B (Table B2). 
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Fig. 4.5: Accuracy of the crop-type predictions model. OA, PA and UA are overall, producer’s and user’s 
accuracies, respectively. 

4.3.3 Share of maize area per municipality 

At the municipality level, an increase in the share of maize area in the study area was evident 
between 2000 and 2015 (Fig. 4.6), which is the basic unit for the regression analyses. It can be 
observed (Fig. 4.6c) that many municipalities (> 65%) exhibited an increase in maize, while fewer 
municipalities (< 35%) show a decrease in the share of maize. 
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Fig. 4.6: Maize area and its change per municipality from 2000 to 2015: Map (a) is the share of maize 
expressed as percentage (%) of total cropland (i.e. area sum of grassland, maize, winter and summer crops) 
area in 2000, map (b) is the share of maize expressed as a percentage (%) of total cropland area in 2015, 
map (c) is the change in maize relative to the total agricultural land between 2000 and 2015. The values in 
brackets represent the number of municipalities.  

4.3.4 Characteristics of the explanatory variables 

The capacity of biogas plants, terrain elevation, and slope varied widely in the study area (Table 
A.3) and, thus, proved eligibility as predictors in regression modelling as potential drivers of 
change in maize area and structural diversity in the study area. While the capacity of biogas 
plants ranged between 130.6 kW and 1585.1 kW with a mean of 451.3 kW, the elevation of the 
study area ranged from 141.7 m and 568.9 m with a mean of 289.1 m. The minimum and 
maximum slope of the study area were 4.3% and 16.6% respectively, with a mean of 9.1%. Figure 
4.7 shows the mean slope, elevation, and capacity of biogas plants per municipality. 
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Fig. 4.7: Mean slope (A), elevation (B) and biogas plant capacity (C) per municipality used as explanatory 
variables in predicting the changes in maize area and field edge density. 

4.3.5 Change in field edge density 

The assessment of the change in field edge density, which is the difference between the densities 
of the year 2005 (Fig. 4.8a) and 2015 (Fig. 4.8b), resulted in a decrease for the majority (> 85%) of 
municipalities (Fig. 4.8c). More than 100 out of the 117 municipalities experienced a decrease in 
density values, which ranged from -100 to -10 m/ha, while only a few municipalities exhibited an 
increase. In other words, a decrease in density depicts an increase in the sizes of fields in the 
study area. 



Spatio-temporal analysis of the effects of biogas production  
on agricultural lands  Chapter four 

55 
 

Fig. 4.8: Field edge density of croplands per municipality. Shown are density values for (A) 2005 and (B) 
2015 as well as (C) the change in field edge density as the difference between density values of 2005 and 
2015. The values in brackets represent the number of municipalities. 

4.3.6 Analysis of the drivers of change in maize area 

Though the average change in maize area for municipalities with biogas plants was only slightly 
larger than without biogas plants, there exists a wide variability in change rates among the 
individual municipalities with most values ranging from -5 to +10% (Fig. 4.9). This provided the 
variability in data necessary for regression analysis.  

Fig. 4.9: Boxplot diagram of the change in maize area for municipalities with (1) and without (0) biogas 

plants. 
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Multiple linear regression analysis for the change in maize area resulted in a statistically 
significant model (Table 4.2) with a positive effect of mean biogas plant capacity per municipality 
(t-value 4.34, p<0.001) and a positive quadratic effect of mean elevation of municipalities (p<0.05). 

Table 4.2: Parameter estimates for the final regression model of change in maize area on the municipality 
level (m ha-1). All explanatory variables are the mean values of municipalities. Information on the 
intermediate backward stepwise removal of predictors, which poorly fit to the change in maize area, is 
given in appendix B (Table B4). 

Coefficients:  Estimate Std. Error t value Pr(>|t|) 

Intercept  8.96 3.46 2.59 0.01* 

Biogas plant capacity  6.0×10-3 1.38×10-3 4.34 3.21×10-5*** 

Elevation (E)  -5.89×10-2 2.13×10-2 -2.76 6.83×10-3** 

E × E  8.10×10-5 3.27×10-5 2.48 0.01* 
Significant at the 0.001(‘***’), 0.01 (‘**’) and 0.05 (‘*’) probability level. 
Residual standard error: 2.97 with 107 degrees of freedom. 
Multiple R-squared: 0.23, adjusted R-squared: 0.21. F-statistic: 10.89 with 3 and 107 DF, p-value: 2.66×10-06. 
 

While the effect of biogas plant capacity on maize area increased with increasing biogas capacity 
(Fig. 4.10a), the effect of elevation on the maize area was higher at lower elevations (Fig. 4.10b).  

 

Fig. 4.10: Prediction of change in maize area on the municipality level from the final regression model (Tab. 
2) with mean biogas plant capacity(left) and elevation (right) as explanatory variables, which are displayed 
with a range of mean values ± standard deviation (SD). That is, mean ± SD of biogas plant capacity and 
terrain elevation = 451.30 ± 213.46 and 289.14 ± 73.04 respectively. 

4.3.7 Analysis of the drivers of change in edge density 

Based on data from all fields of the study area, regression analysis did not lead to a significant 
model for the drivers of change in field edge density (p > 0.05, adjusted R2 of 0.04, appendix B-
Table B6). In the next step, a model was developed, which was restricted to maize and winter 
crops fields only since they are the crops mostly used for biogas production in the study area. In 
the final model (adjusted R2 of 0.35) slope and biogas capacity, were identified as significant 
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predictors of the change in field edge density with t-values of 6.82 (p < 0.001) and 2.72 (p < 0.01), 
respectively (Table 4.3). Model predictions showed that loss of field edge density decreased both 
with increasing biogas plant capacity (Fig. 4.11a) and slope per municipality (Fig. 4.11b). 
However, the trend changed as the slope increased above 10%. 

Table 4.3: Parameter estimates for the final regression model of change in field edge density. This analysis 
is based on the fields of maize and winter crops which are the main crops used as feedstock for biogas 
production. All explanatory variables are the mean values of municipalities. Information on for the 
intermediate backward stepwise removal of predictors, which poorly fit to the change in edge density, is 
given in Table A.5. 

Coefficients: Estimate Std. Error t value Pr(>|t|) 
Intercept  -318.40 46.16 -6.90 3.30×10-10 *** 
Biogas plant capacity (BC) 0.15 0.06 2.55 0.01* 
Slope (S) 54.32 8.18 6.64 1.18×10-9 *** 
BC × BC -9.31×10-5 4.29×10-5 -2.17 0.03 * 
S × S -2.89 0.40 -7.19 7.71×10-11 *** 

Significant at the 0.001(‘***’), 0.01 (‘**’) and 0.05 (‘*’) probability level. 
Residual standard error: 44.37 with 112 degrees of freedom 
Multiple R-squared: 0.37, adjusted R-squared: 0.35, F-statistic: 16.31 with 4 and 112 DF, p-value: 1.49×10-10 
 

 

Fig. 4.11: Prediction of change in field edge density on the municipality level from the final regression 
model (Tab. 3) with mean biogas plant capacity (left) and slope (right) as significant explanatory variables, 
which are displayed with a range of mean values ± standard deviation (SD). That is, mean ± SD of biogas 
plant capacity and terrain slope = 451.30 ± 213.46 and 9.09 ± 2.65 respectively. 

4.4 Discussion 

The production of biogas since the start of subsidisation of energy crops by the REA of Germany 
in the year 2000 has relied heavily on animal excrements and on energy crops, which were grown 
intentionally as biogas feedstocks. The REA has promoted significant investments in biogas 
plants over the years, which is evident from official reports published by the German Biogas 
Association (Fachverband Biogas, 2018), as well as from other studies (Scarlat et al., 2018; 
Weiland, 2003). This development is deemed to impact changes in agricultural land-cover with 
important effects on the functions and processes in agricultural landscapes (Jerrentrup et al., 
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2017). The capacity of biogas plants directly correlates with the amount of feedstock needed by 
the plant (Delzeit and Kellner, 2013) and is expected as the main explanatory variable in the quest 
to assess the effects of biogas production on agricultural land. Nonetheless, previous studies have 
frequently omitted that. Therefore, using the agricultural landscape of Northern Hesse of 
Germany as a model region, this study was conducted with the aim to map the agricultural land-
cover both in the years 2000 (i.e. prior to the REA) and 2015, assess the change in maize area as 
well edge density (structural diversity), and evaluate if biogas production is the driver of these 
changes. 

While there were reductions in the areas of grassland (1212 km2-1010 km2) and summer crops 
(384 km2-206 km2) during the 15-year period, the share of maize and winter crops increased from 
139 to 199 km2 and from 1221 to 1444 km2 respectively. These trends of agricultural land-cover 
change are similar to the results reported by Lüker-Jans et al. (2017) in the whole of Hesse 
particularly considering the contrasting changes in grassland and maize areas, which has become 
a growing concern over the last years (Lupp et al., 2014). Lüker-Jans et al. (2017) detected a maize 
area increase of 2.8% of the total agricultural land-cover and 1.4% decrease in permanent 
grassland, while in our study a 2.2% increase in maize area and a -5.7% decrease in grassland 
was found. Possible reasons for these differences may be a) while our analysis was for the 
northern part of Hesse, the study of Lüker-Jans et al. (2017) was for the whole of Hesse, b) that 
their study included only permanent grassland, while our study comprised both permanent and 
temporal grassland because these two grassland types could not be discriminated with our 
Landsat-based approach. But that notwithstanding, our results showed the same trend as those 
of Lüker-Jans et al. (2017). The decreasing grassland area found in this study affirms the 
increasing conversion of grassland to other land-cover types in Germany, and in Europe at large, 
as concluded by Nitsch et al. (2012) and Wittig et al. (2010). Decreasing grassland and increasing 
maize areas have been linked to decreasing populations of birds and other farmland species 
(Jerrentrup et al., 2017; Laiolo, 2005). The results from the analysis of change in maize area at the 
municipality level of the study area showed, that more than 65% of the municipalities 
experienced an increase in the share of maize area. Furthermore, the multiple linear regression 
model identified the biogas plant capacity per municipality as the most significant driver of the 
change in maize area. This finding, however, differs from that of Lüker-Jans et al. (2017), where 
an initial assessment of the capacity of biogas plants as a driver of the change in maize area did 
not show a significant result and was therefore not included in their analysis. Our results depict 
a loss of around 10,000 ha in agricultural land. But the actual loss could even be larger than 10,000 
ha, as the land-cover of the year 2000 was derived based on spatial data (IACS) of 2005.  

Apart from socio-economic effects, energy crop-based biogas production also correlated with 
physical landscape attributes. This is similar to the work of Hietel et al. (2004), where major 
agricultural land-cover change was found to correlate with physical landscapes attributes such 
as terrain elevation and slope. In our study, mean elevation per municipality was found to be a 
significant determinant for the change in maize area. It turned out that the increase in maize area 
was larger at lower elevations as compared to higher elevations. In our study area, favourable 
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agricultural and environmental conditions necessary for arable farming are more likely to occur 
at lower elevations, which is why most of the maize is cultivated at these sites, while at higher 
elevations soils are frequently rocky and shallow and, thus, landscapes are dominated by 
grassland and forests. 

The identified drivers (i.e. the capacity of biogas plant and elevation per municipality) could only 
explain 21% of the occurring variation in maize area change as shown by the multiple linear 
regression model. This indicates that there were still other agents driving this phenomenon. 
Other socio-economic effects like livestock farming have been reported as major drivers of the 
increase in the share of maize in our study area and in Germany as a whole (Finke et al., 1999; 
Lüker-Jans et al., 2017). However, data on the extent of livestock farming and the share of maize 
in the feeding rations of animals on a municipality level were not available for the considered 
period of this study. The use of statistical methods, such as Bayesian modelling of livestock data 
based on other ancillaries at the municipality level (Gocht and Röder, 2014) may help to overcome 
the lack of data. Thus, it remained unknown to what extent was maize used for animal feeding 
or biogas generation, which eventually may have contributed to the low model accuracy. Further, 
it is important to mention that the capacity as well the density of biogas plants in our study was 
low compared to other regions of Germany, which resulted in a small overall range of these 
variables and, thus, may have also restricted model accuracy. 

The results from the analysis of the change in the edge density of agricultural fields showed an 
overall decrease in edge density at the municipality level (>85% of the 117 municipalities). Edge 
density of crop fields is directly linked to field size insofar, that with increasing field size the 
perimeter relative to the field size decreases, resulting in a decrease in edge density. Such a 
decrease results in the reduction of the network of habitats (McGarigal and Marks, 1995), which 
is seen as an indicator for species diversity (Ma et al., 2013) since edges provide important 
habitats for many wild species in a landscape. Thus, a reduction in edge density of agricultural 
fields in Northern Hesse, as found in the present study, can be translated as a potential decline 
in species diversity.  

The fact that the change in edge density was not related to any explanatory variable when all 
crop types were included in the model but turned out to be related to biogas plant capacity and 
mean slope once only maize and winter crop fields were considered, indicates that the decrease 
in edge density in our study area is more pronounced in such fields than in those planted with 
other crops. This is not surprising, as maize and winter crops silages (i.e. mainly whole crop 
cereals and cereal grains) are the major energy crops substrate (> 80%) for biogas plants (FNR, 
2012). The energy crops are generally managed intensively with high usage of pesticides and 
bigger machinery at larger spatial scales (Graß et al., 2013; Pedroli et al., 2013). These effects on 
agricultural landscapes are expected to sustain, as the recent amendment of the REA (Appel et 
al., 2016) stipulates that biomass production must include three different energy crops per farm, 
which may result in larger shares of winter cereal crops apart from increased proportions of sugar 
beet in rations for biogas plants. 
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A possible explanation for the fact that the reduction in field edge density was largest at low 
levels of biogas plant capacity maybe, that large biogas plants were preferably built on farms 
with the capacity to provide the needed amount of biomass to feed the plants. It is further 
assumed that these farms operated on large fields already prior to the REA, whereas smaller 
farms building low-capacity biogas plants only then started to enlarge the size of fields for energy 
crop production. 

Finally, the achieved accuracies of the land-cover classification model were quite high, however, 
the area estimates should be considered with care as they are not error adjusted based on 
independent validation. As a result, users of the land-cover area estimate in the present study 
should consider the error rate (~16%) of the classification model, given that most of the analyzed 
municipalities experienced land-cover changes within the error range. Future research should, 
therefore, consider a map-based area and sample-based statistics to improve the accuracy and 
reliability of the land-cover area estimation. Also, regarding the reliability of agricultural land-
cover classification, space-time cross-validation is promising for future studies. 

4.5 Conclusion 

This study demonstrated the potential of different data sources for land-cover inventory over a 
long time span in the monitoring of the effects of bio-economy, such as biogas production on 
agricultural lands, by analysing changes in crop land-cover and field edge density in 
heterogeneous agricultural landscapes based on IACS data and Landsat images. Though 
important spatio-temporal changes in landscapes could be identified and linked with biogas 
production, the methodical approach applied faced some limitations: i) as there exist no high-
resolution data both in agricultural administration and remote sensing before the start of the 
biogas industry, the crop type classes used in the models (adopted from a discrimination scheme 
by Kyere et al., (2019)) were quite broad and, thus, contributed to the relatively low accuracy of 
models and ii) the changes described could not be fully attributed to biogas production, as there 
are many other drivers transforming crop production in landscapes with substantial 
geographical and agricultural variability. 

It should be mentioned that the present study could not consider cases, where biogas plants were 
supplied with biomass from agricultural lands in other municipalities. Neither IACS nor the 
biogas data employed in the current study could provide ownership information (which is 
necessary for such analysis) due to issues of data sensitivity and privacy. 

However, our modelling approach allowed the identification and description of landscape 
changes over this relevant period and the guiding hypothesis of the present study, that biogas 
production changes the structure of agricultural fields in space and time could be proven. But it 
is also important to mention that a weak relationship exists between biogas production and 
changes in the structure of agricultural fields. An implementation of our methodology is 
recommended for future research especially in regions with a very high number of biogas plants, 
given that the present study area exhibited relatively low biogas plant capacities in comparison 
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to other regions of Germany. Land-cover change analysis as a tool to monitor the impacts of 
energy and agricultural policies may be facilitated in the future through the availability of 
satellite-based systems with significantly higher spatial and temporal resolution (e.g., Sentinel 
and EnMAP).
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Appendix B 

 

Fig. B1: Distribution of the years of biogas plants’ installation. 

Table B1: Pairwise correlation of predictors used in the multiple linear regression models. 

  Biogas capacity  Elevation  
Biogas capacity     

Elevation -0.29   

Slope -0.28 0.48  

Table B2: Error matrix of the classification model. OA, PA and UA = Overall, producer’s and user’s 
accuracies respectively. Shaded diagonals are correctly discriminated crops, while off-diagonals are wrong 
predictions. 

    Reference      

  Grassland  Maize Summer crops  Winter crops 
Row 
Sum UA 

Pr
ed

ic
te

d Grassland  32472 947 1146 1435 36000 90.20% 
Maize 1562 33960 3723 1065 40310 84.25% 
Summer crops  1927 4030 29798 4391 40146 74.22% 
Winter crops  1536 459 3355 29650 35000 84.71% 

 Column sum 37497 39396 38022 36541 151456  
 PA  86.60% 86.20% 78.37% 81.14%   

  OA 83.10%      
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Table B3: Descriptive statistics of total biogas plant capacity, terrain elevation and slope of the study 
area. Min, Max, and SD represent minimum, maximum and standard deviation, respectively. 

Predictors Unit Min Max Mean SD 

Biogas plant capacity (kWel) 130.63 1585.10 451.30 
 
213.46 

Elevation (m) 141.69 568.87 289.14 73.04 

Slope (%) 4.25 16.63 9.09 2.65 
 

Table B4: A backward stepwise procedure used to select the final model of the change in maize area. 
The final model selection is based on the Akaike information criteria (AIC). The table is in decreasing 
order of AIC and the final model used is in the last table (i.e. the model with the lowest AIC). Df = 
degrees of freedom, RSS = residual sum of squares  

Start: AIC=256.49 
Change in maize area ~ Biogas_capacity + Elevation + Slope + ( Biogas_capacity * Elevation + 
(Biogas_capacity * Slope) + (Elevation * Slope ) + (Biogas_capacity * Biogas_capacity) + ( Elevation * 
Elevation) + (Slope * Slope) 
  Df Sum of Squares RSS AIC 
- Elevation * Slope 1 0.01 934.52 254.49 
- Slope * Slope) 1 0.50 935.01 254.54 
- Biogas_capacity * Biogas_capacity) 1 0.66 935.17 254.56 
- Biogas_capacity * Elevation 1 0.87 935.38 254.59 
- Slope 1 3.29 937.80 254.88 
- Biogas_capacity 1 4.23 938.74 254.99 
- Biogas_capacity * Slope 1 8.78 943.29 255.52 
<none>   934.51 256.49 
- Elevation * Elevation 1 26.44 960.95 257.58 
- Elevation 1 36.38 970.89 258.72 
Step: AIC=254.49 
Change in maize area ~ Biogas_capacity + Elevation + Slope + (Biogas_capacity * Elevation) + 
(Biogas_capacity * Slope) + (Biogas_capacity * Biogas_capacity) + (Elevation * Elevation) + (Slope * Slope) 

 Df Sum of Squares RSS AIC 
- Biogas capacity * Biogas capacity 1 0.70 935.23 252.57 
-  
Slope * Slope 1 0.75 935.27 252.57 
- Biogas capacity 1 0.89 935.42 252.59 
- Slope 1 3.30 937.82 252.88 
- Biogas capacity 1 4.64 939.17 253.04 
- Biogas capacity * Slope 1 8.78 943.31 253.52 
<none>   934.52 254.49 
- Elevation 1 40.71 975.23 257.22 
- Elevation * Elevation 1 43.12 977.64 257.49 
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Step: AIC=252.57 
Change in maize area ~ Biogas_capacity + Elevation + Slope + (Biogas_capacity * Elevation) + 
(Biogas_capacity * Slope) + (Elevation * Elevation) + (Slope * Slope) 
  DF Sum of Squares RSS AIC 
- Slope * Slope 1 0.43 935.65 250.62 
- Slope 1 2.70 937.92 250.89 
- Biogas capacity * Elevation 1 3.70 938.93 251.01 
- Biogas_capacity 1 7.51 942.73 251.46 
- Biogas capacity*Slope 1 8.45 943.68 251.57 
<none>   935.23 252.57 
- Elevation * Elevation 1 44.06 979.29 255.68 
- Elevation 1 49.11 984.34 256.25 
Step: AIC=250.62 
Change in maize area ~ Biogas_capacity + Elevation + Slope + (Biogas_capacity * Elevation) + 
(Biogas_capacity * Slope) + (Elevation * Elevation) 

 DF Sum of Squares RSS AIC 
- Biogas capacity * Elevation 1 3.72 939.37 249.06 
- Biogas capacity  1 7.09 942.74 249.46 
- Biogas capacity * Slope 1 8.13 943.78 249.58 
- Slope 1 10.09 945.74 249.81 
<none>   935.65 250.62 
- Elevation * Elevation 1 45.30 980.95 253.87 
- Elevation 1 49.70 985.35 254.37 
Step: AIC=249.06 
Change in maize area ~ Biogas_capacity + Elevation + Slope + (Biogas_capacity *Slope) + (Elevation * 
Elevation) 
  DF Sum of Squares RSS AIC 
- Biogas capacity * Slope 1 5.25 944.62 247.68 
- Slope  1 7.21 946.58 247.91 
<none>    939.37 249.06 
- Biogas capacity 1 36.38 975.75 251.28 
- Elevation * Elevation 1 41.77 981.14 251.89 
- Elevation  1 56.61 995.98 253.56 
Step: AIC=247.68 
Change in maize area ~ Biogas_capacity + Elevation + Slope + (Elevation * Elevation) + Elevation 

 DF Sum of Squares RSS AIC 
- Slope 1 2.03 946.65 245.92 
<none>   944.62 247.68 
- Elevation * Elevation 1 53.85 998.48 251.83 
- Elevation  1 68.52 1013.15 253.45 
- Biogas capacity  1 168.68 1113.30 263.92 
Step: AIC=245.92 
Change in maize area ~ Biogas_capacity + Elevation + (Elevation * Elevation) 
  DF Sum of Squares RSS AIC 
<none>   946.65 245.92 
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- Elevation * Elevation 1 54.40 1001.05 250.12 
- Elevation  1 67.33 1013.98 251.54 
- Biogas capacity  1 166.85 1113.51 261.94 

 
Table B5. A backward stepwise procedure used to select the final model of change in edge density. 
The final model selection is based on the Akaike information criteria (AIC). The table is in decreasing 
order of AIC and the final model used is in the last table (i.e. the model with the lowest AIC). Df = 
degrees of freedom, RSS = residual sum of squares. 

Start:  AIC=-1256.38 
Change in edge density ~ Biogas capacity + Elevation + Slope + (Biogas capacity * Mean_Elevation) + (Biogas 
capacity * Slope) + I(Elevation * Slope) + (Slope * Slope) + (Biogas capacity * Biogas capacity) + (Elevation * 
Elevation) 
  Df Sum of Squares RSS AIC 
- Biogas capacity *Elevation 1 3.10E-07 2.14E-03 -1258.4 
- Biogas capacity * Slope 1 6.10E-07 2.14E-03 -1258.3 
- Elevation * Elevation 1 3.87E-06 2.14E-03 -1258.2 
- Biogas capacity 1 1.17E-05 2.15E-03 -1257.7 
- Elevation * Slope 1 1.62E-05 2.16E-03 -1257.5 
- Elevation 1 2.93E-05 2.17E-03 -1256.8 
<none>   2.14E-03 -1256.4 
- Biogas capacity * Biogas capacity 1 5.50E-05 2.19E-03 -1255.4 
- Slope 1 4.43E-04 2.58E-03 -1236.4 
- Slope *Slope 1 5.60E-04 2.70E-03 -1231.2 
Step:  AIC=-1258.36 
Change in edge density ~ Biogas capacity + Elevation + Slope + Mean_biogas_capacity * Mean_slope) + 
(Elevation * Slope) + (Slope *Slope) + (Biogas capacity * Biogas capacity) + (Elevation *Elevation) 

 Df Sum of Squares RSS AIC 
- Biogas_capacity * Mean_slope 1 4.5E-07 2.14E-03 -1260.3 
- Elevation * Elevation 1 3.71E-06 2.14E-03 -1260.2 
- Elevation * Slope 1 1.63E-05 2.16E-03 -1259.5 
<none>   2.14E-03 -1258.4 
- Biogas capacity 1 5.08E-05 2.19E-03 -1257.6 
- Elevation 1 5.39E-05 2.19E-03 -1257.5 
- Biogas capacity * Biogas capacity 1 1.04E-04 2.24E-03 -1254.8 
- Slope 1 4.49E-04 2.59E-03 -1238 
- Slope * Slope 1 5.63E-04 2.70E-03 -1233 
Step:  AIC=-1260.33 
Change in edge density ~ Biogas capacity + Elevation + Slope +  
Elevation *Slope) + Slope * Slope) + Biogas capacity * Biogas capacity) + (Elevation * Elevation) 
  Df Sum of Square RSS AIC 
- Elevation * Elevation 1 3.71E-06 2.14E-03 -1262.1 
- Elevation *Slope 1 1.69E-05 2.16E-03 -1261.4 
<none>   2.14E-03 -1260.3 
- Elevation 1 5.47E-05 2.20E-03 -1259.4 
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- Biogas capacity * Biogas capacity 1 1.11E-04 2.25E-03 -1256.4 
- Biogas capacity 1 1.47E-04 2.29E-03 -1254.5 
- Slope *Slope 1 6.06E-04 2.75E-03 -1233.2 
- Slope 1 8.73E-04 3.01E-03 -1222.3 
Step:  AIC=-1262.13 
Change in edge density ~ Biogas capacity + Elevation +Slope + (Elevation * Slope) + (Slope * Slope) + 
(Biogas_capacity * Biogas_capacity) 
  Df Sum of Squares RSS AIC 
<none>   0.002144 -1262.1 
- Biogas capacity * Biogas capacity 1 1.08E-04 0.002252 -1258.4 
- Biogas capacity 1 1.44E-04 0.002288 -1256.5 
- Slope * Slope 1 7.66E-04 0.00291 -1228.4 
- Slope 1 9.06E-04 0.003051 -1222.9 

 

Table B6: Regression output of the drivers of change in edge density for all fields (i.e. Grassland, 
maize, summer, and winter crop fields). 

Coefficients Estimate Std. Error t value Pr(>|t|) 

Intercept -80.28 19.02 -4.22 4.99×10-5*** 

Biogas plant capacity (BC) 0.08 0.03 2.38 0.02* 

Slope (S) 7.20 3.33 2.16 0.03* 

BC * Mean Elevation per municipality -1.09×10-4 6.81 -1.60 0.11 

BC × BC  -3.37×10-5 1.79×10-5 -1.89 0.06˙ 

S×S -0.29 0.16 -1.78 0.08˙ 
Significant at the 0.001(‘***’), 0.01 (‘**’) and 0.05 (‘*’) probability level 
Residual standard error: 17.69 on 111 degrees of freedom 
Multiple R-squared: 0.08, Adjusted R-squared: 0.04 
F-statistic: 1.88 on 5 and 111 DF, p-value: 0.10. 
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Chapter 5 

Agricultural crop discrimination in a heterogeneous low-mountain range region based 
on multi-temporal and multi-sensor satellite data 

Abstract 

Crop type information such as its location and spatial distribution is relevant for agricultural 
planning and decision making about food sustainability and security. This information can be 
obtained through the analysis of images obtained through optical satellite remote sensing. 
Activities such as accurate discrimination of crops require dense time-series of satellite data 
which can capture the diverse crop phenology. However, given the presence of clouds at 
important periods of crops’ development, the required time-series is impossible to obtain from 
just one optical satellite sensor. The Harmonized Landsat and Sentinel-2 (HLS) project by NASA 
provides fused data from both Operational Land Imager and Multispectral Instrument optical 
sensors of Landsat and Sentinel systems respectively. The present study used a multi-temporal 
HLS data and a target-oriented cross-validation (TOV) modelling approach with random forest 
algorithm to discriminate 13 crop types. 15 phenological metrics derived from time-series HLS 
data, together with 48 spectral and 2 topographic information were used as predictors in the 
model. A forward feature selection (FFS) procedure of the TOV was used to improve the 
classification model. 16 predictors comprising of spectral, phenological and topographic 
information were selected as useful for the crop discrimination. An independent accuracy 
assessment of the final model based on the selected predictors by the FFS procedure resulted in 
an overall accuracy of 76%. While most of the crop classes, achieved higher producer’s and user’s 
accuracies (> 80%), the discrimination accuracies of potato, summer oat and winter triticale were 
comparatively low (< 60%). Based on the outcome of the FFS, three models consisting of different 
predictor combinations were further developed to ascertain the contribution of the predictors. A 
comparison of the models showed that the addition of phenological metrics increased the 
discrimination performance of the model as a whole and for cereals in particular. However, the 
inclusion of the topographic information did not have any significant effect on the model. 
Therefore, topographic predictors can be omitted in future crop discrimination exercises. Overall, 
our findings depict that the TOV modelling approach based on multi-temporal and multi-sensor 
data is promising for effective, accurate and practical crop type discrimination. 

Keywords: Harmonized Landsat and Sentinel-2; phenological metrics; machine learning; target-
oriented cross-validation; forward feature selection 

5.1 Introduction 

Crop type information is relevant for agricultural planning, decision making and the 
management of agro-environmental systems. Information on the accurate location and spatial 
distribution of agricultural land-cover forms the basis for activities like crop yield estimation 
(Skakun et al., 2019), growth monitoring (Yuping et al., 2008) as well as the assessment of effects 
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of agricultural practices on ecosystem services (De Araujo Barbosa et al., 2015; Liang et al., 2017). 
Over the years remote sensing has provided a means to obtain this information through the 
analysis of data from many optical satellite sensors available (Doraiswamy et al., 2004; Zhou et 
al., 2016). 

However, satellite-based land-cover monitoring is challenged by the continual existence of 
clouds and unclear skies (Asner, 2001) which limits the accuracy of land-cover mapping. For 
instance, clouds can conceal an important stage of crop development (Whitcraft et al., 2015b), 
which might be necessary for satellite-based discrimination of one crop from another. The 
assessment of agricultural land surface changes and processes, such as crop mapping, require 
high frequent and detailed satellite monitoring data (Moody et al., 2017), which is sometimes 
impossible to obtain from just one optical sensor. Against this background, many studies on crop-
type mapping have resorted to the merging of crops with similar phenology (Kyere et al., 2019; 
Vuolo et al., 2018). For example, Kyere et al. (2019) developed a generalized crop-type 
classification model and grouped all summer crops into one class, and similarly for all winter 
crops, which was largely due to the limited availability of Landsat data for the construction of 
dense intra-annual time series. In many studies on crop type discrimination grouping of crops 
was found to be particularly common with cereals (Azar et al., 2016; Belgiu and Csillik, 2018; 
Vuolo et al., 2018), which is primarily caused by subtle differences among most cereals. This crop 
grouping strategy might be useful in certain applications but not in situations like yield 
estimation and subsidy payment, where crop-specific information is a requirement (Gerstmann 
et al., 2018). 

The combination of images from multiple sensors with similar monitoring properties can 
considerably improve the number of cloud-free observations and enhance temporal coverage (Li 
and Roy, 2017; Wulder et al., 2015). Several studies have exploited the area of sensor fusion 
through the combination of coarse and medium resolution such as Moderate Resolution Imaging 
Spectroradiometer (MODIS) and Landsat respectively (Hilker et al., 2009; Wu et al., 2016). The 
Landsat 8 (United States Geological Survey, USGS) and the Sentinel 2 (European Space Agency, 
ESA) optical satellites exhibit similarities in respect of spatial and angular attributes despite their 
different onboard sensors, providing a possibility to merge the images from the two sensors 
(Claverie et al., 2018; Wulder et al., 2015). Hence, the Harmonized Landsat Sentinel data (HSL) 
was established (Claverie et al., 2018). The HSL is a surface reflectance product gridded to the 
same pixel, map projection and spatial extent to make it analysis-ready for crop type mapping 
with the possibility to construct dense intra-annual time series. 

The HSL data has been utilized in a number of studies. For example, Griffiths et al. (2019) created 
a wall-to-wall map of crop types and other land-cover types of Germany based on the HSL data 
with an overall accuracy of ca. 80%. Additionally, grassland use intensity in Germany was 
successfully characterized by Griffiths et al. (2019) based on the HSL as the main source of data. 
While these two studies have successfully utilized the HSL data, important land-cover types like 
winter cereals and grassland appeared as undifferentiated classes. However, grasslands can be 
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categorized into permanent and temporal, with distinct management practices and functions. 
While both grasslands are chiefly cultivated for forage production, permanent grassland 
provides extra diverse ecological services like biodiversity enhancement (Werling et al., 2014), 
soil protection (Nitsch et al., 2012) and high carbon stocks storage (Conant et al., 2001) among 
others. Contrarily, temporal grassland is usually grown on arable land for less than 4 years and 
exhibits low species diversity. Therefore, these two vital grassland types must be mapped 
separately in agricultural mapping exercises based on satellite data. Accurate mapping of these 
two grassland types together with other agricultural land-cover types may serve as a basis for 
biodiversity assessment relative to human activities, but to our knowledge, no attempt has been 
made in this regard. 

Efficacy of crop mapping based on optical satellites was shown to be influenced by the variability 
of crop phenology (Foerster et al., 2012; Hu et al., 2019). The use of phenological metrics derived 
from multi-temporal vegetation indices is not a recent development in vegetation studies, but the 
development of easy-to-use tools (e.g. Araya et al., 2018; Jönsson and Eklundh, 2002) to extract 
phenological information has contributed to its use in several studies. Zhong et al. (2012), for 
example, found phenological metrics obtained from the enhanced vegetation index (EVI) to be 
useful in the representation of crop growing seasons and for the classification of crops with 
different growing periods. An accuracy of more than 80% was achieved by Zhong et al. (2014) 
when phenological information such as emergence and senescence derived from EVI were 
employed in a Landsat-based mapping of soybeans and maize. 

Ancillary information such as topographic attributes in addition to spectral data can enhance the 
classification of land-cover types at local and regional levels (Franklin et al., 2000, 1994; Reddy 
and Blah, 2009; Wulder et al., 2004). Eiumnoh and Shrestha (2000) found an improved accuracy 
in the discrimination of land-cover types in a tropical wet-dry landscape when elevation data 
was combined with spectral information from the Landsat Thematic Mapper.  

The robustness of machine learning algorithms in the discrimination of crops has been shown in 
a number of studies (e.g., Belgiu and Csillik, 2018; Griffiths et al., 2019). Nearly all of these studies 
employed the standard random k-fold cross-validation procedure which is proven to be prone 
to overfitting and overestimation of a model’s performance particularly for spatial data (Gasch 
et al., 2015; Meyer et al., 2016). Meyer et al. (2018) suggested a method to deal with the issue of 
spatial overfitting through the target-oriented cross-validation (TOV) approach, where the 
spatial dependencies in a spatio-temporal data are taken into consideration. The TOV includes 
leave-location out and leave-time out cross-validations and was shown to reduce overfitting and 
improve the robustness of spatial models (Ludwig et al., 2019; Meyer et al., 2017).  

Hence, we hypothesize that; the use of multi-temporal and multi-sensor satellite data, together 
with phenological metrics and topographical information can facilitate the accurate 
discrimination of different crop types in heterogeneous agricultural landscapes. The stated 
hypothesis was dealt with by answering the following specific questions: 
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1. Which combination of predictors from the multi-source data results in the best model for 
crop type discrimination? 

2. What are the contributions of phenological metrics and topographic information in the 
crop discrimination model? 

5.2 Materials and methods 

5.2.1 Study area 

The study was conducted in northern Hesse (Fig. 5.1), which is a typical European low mountain 
range with varied landscapes of ecological importance and an elevation ranging from 101 to 754 
m. It covers an area of ca. 6.900 km2 with fertile and arable lands for crop production as well as 
sites with unfavourable conditions usually used for forage production. The arable land is mostly 
located in the northern and western parts of the study area with flat valleys and plateaus of 
moderate slopes (Wagner, 2011). The less favourable sites exhibit low nutrient and water 
availability. The lowlands have a mean annual temperature of 9-10 °C, while that of the highlands 
ranges from 5-6 °C (HLNUG, 2019).  

 

Fig. 5.1: Study area map. (A) Map of Germany with the location of the study area, (B) Map of northern 
Hesse with the 5 constituting districts. 

5.2.2 Data 

5.2.2.1 Agricultural field data 

The Integrated Administration and Control System (IACS) data was used as reference data, as it 
is the biggest geospatial data on crop production in Europe, submitted by farmers as a 
requirement for subsidies within the common agricultural policy of the EU. The data consists of 
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the shapes of crop fields as well as the types of crops planted per each cropping season and is 
available from 2005 till date. IACS data from 2016, 2017 and 2018 seasons were used in this study, 
as these were the years where the creation of dense intra-annual satellite time series from April 
to September was possible. 13 major crops cultivated in the study area were considered. Fig. 5.2 
shows the crops and the generalized cropping season calendar of northern Hesse, from land 
preparation to harvesting.  

 

Fig. 5.2: A summarized calendar of the major crops in the study area. The sowing and emergence of the 
winter cereals (i.e. rye, triticale and wheat) start in October. The dates for permanent and temporal 
grasslands are averages as they are affected by weather conditions and individual decisions of farmers. 
Temporal grassland is usually sown in the 2nd half of August and used for one or two years. 

5.2.2.2 Satellite imagery 

The freely available HLS surface reflectance satellite product was downloaded from the project 
website (https://hls.gsfc.nasa.gov/data/v1.4/) managed by NASA and utilized as the main source 
of spectral information (Claverie et al., 2018). A total of 70 scenes of the HLS data from three 
calendar years (i.e. 2016, 2017 and 2018) ranging from April to September (Table 5.1) were used. 
Six spectral bands of the HLS data with characteristics shown in Table 2 were employed in this 
study. Images from April to September were used as this interval presents the relevant vegetation 
period in the study area.  
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Table 5.1: Summarized periods of the utilized Harmonized Landsat and Sentinel data. The day of the year 
(DOY) represents a mean calendar day of image acquisition per month. 

Year April May June July August September Number of 

 DOY scenes 

2016 113 126 167 186 236 257 19 

2017 110 134 170 200 235 256 24 

2018 110 134 180 203 221 272 27 

Table 5.2: Characteristics of the six spectral bands of the Harmonized Landsat and Sentinel data used. 

Band 
name   

Wavelength 
(µm)   

Spatial  
resolution (m) 

Blue  0.45 - 0.51  30 

Green  0.53 - 0.59  30 

Red  0.64 - 0.67  30 

Near Infrared  0.85 - 0.88  30 

Short wave Infrared 1  1.57 - 1.65  30 

Short wave Infrared 2   2.11 - 2.29   30 

5.2.2.3 Digital elevation model (DEM) 

To obtain topographic attributes of the study area, a digital elevation model (DEM) based on the 
Shuttle Radar Topographic Mission (Farr and Kobrick, 2000) was downloaded from the Earth 
Explorer of the United States Geological Survey. The DEM is referenced vertically to the Earth 
Gravitational Model of 1996 (EGM96) and has the same reference ellipsoid as World Geodetic 
System 1984 (WGS 84) with a spatial resolution of 1 arc-second (approximately 30 m). 

5.2.3 Data analysis 

5.2.3.1 Predictor variables used in the classification model 

The average spectral information extracted from the HLS surface reflectance based on the IACS 
data was used as explanatory variables in the development of the crop classification model. Two 
vegetation indices (VIs) namely Normalized difference vegetation index (NDVI) (Tucker, 1979) 
and Normalized difference moisture index (NDMI) (Gao, 1996) were added as additional spectral 
information. While NDVI (Equation 5.1) is computed based on the ratio of the difference and the 
sum of NIR and red bands to assess vegetation vigour and greenness, the calculation of NDMI 
(Equation 5.2) is a ratio of the difference and sum of NIR and SWIR 1 to measure the amount of 
moisture content in the canopies of vegetations. 

NDVI = (NIR - Red) / (NIR + Red)      (5.1) 

NDMI = (NIR - SWIR 1) / (NIR + SWIR 1)     (5.2) 
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Where NDVI = Normalized difference vegetation index, NIR = Near infrared, NDMI = 
Normalized difference moisture index, SWIR = Short-wave infrared. 

The mean values of 15 phenological metrics obtained from time-series NDVI measurements 
using the “CropPhenelogy package” (Araya et al., 2018) in the R software (R Core Team, 2018) 
were employed as explanatory variables. They consisted of OnsetV, OnsetT, MaxV, MaxT, 
OffsetV, OffsetT, LengthGS, BeforeMaxT, AfterMaxT, GreenUpSlope, BrownDownSlope, 
TINDVIBeforeMax, TINDVIAfterMax, TINDVI, and Asymmetry (Refer to appendix C-Table C1 
for a detailed explanation of the metrics). These metrics are theoretically related to the Zadoks 
scale (Zadoks et al., 1974) and characterize the different physiological and growth conditions of 
crops. While the default NDVI threshold of 20% was used to calculate the OnsetV (i.e. the start 
of crop growth) and OnsetT (i.e. leaf and canopy emergence) values, smoothing using an average 
moving filter function was applied to the NDVI time series data. 

Given that crop production is influenced by variation in topography and that the inclusion of 
topographic attributes had improved accuracies in previous studies, the mean elevation of the 
crop fields based on the DEM was added as a predictor in the model. Similarly, slopes in degrees 
were derived from the DEM and the average slope values per crop field were extracted and 
included as an additional predictor. A total of 65 predictor variables (48 spectral, 15 phenological 
and 2 topographic data) were used in the model calibration. 

5.2.3.2 Classification model calibration and validation 

A classification model was developed using the random forest (RF) algorithm (Breiman, 2001). 
An RF is a machine learning algorithm which uses the contributions of many decision trees based 
on the predictors to classify the response variable. Given its robustness, RF has been successfully 
implemented in a number of crop classification studies (eg., Kyere et al., 2019; Tatsumi et al., 
2015; Vuolo et al., 2018). 

Spatial machine learning application becomes susceptible to spatial autocorrelation and 
overfitting if the variable selection and validation processes are not handled well (Meyer et al., 
2018). Hence, to ensure that the model predicts beyond the spatial location of the calibration 
samples, the data was stratified randomly into 75% calibration and 25% used for validation of 
the model. The calibration of the model was based on target-oriented cross-validation (TOV) 
approach implemented by Meyer et al. (2018) in the “CAST” package of the R software. The TOV 
consists of leave-location-out (LLO) and leave-time out (LTO) cross-validations. While LLO 
cross-validation involves the training of a model repeatedly and data from one or different 
locations are held out completely for validation, LTO trains a model with data from one or more 
time steps left out completely for validation. A10-fold LLO cross-validation with 5 repetitions of 
the model calibration was used in this study. 

Model development included a forward feature selection (FFS) procedure which aids in the 
selection of appropriate predictors with the highest spatial performance (Meyer et al., 2018). 
Based on the spatial cross-validation FFS began with models using every possible combination 
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of two predictors. Then, the best model was kept, and the remaining predictors were added one 
after another and checked if they improve the model’s performance. Predictors which failed to 
improve the model were omitted from the final model. In order to assess the contribution of the 
phenological and topographic information in the discrimination of the crops the standard model 
with spectral information only was compared with models based on spectral with phenological 
and topographic predictors, respectively.  

5.2.3.3 Independent accuracy assessment 

The efficacy of all the developed models in predicting 13 crops was evaluated using a test dataset 
consisting of 25% of all samples, which were not included in the calibration process. An error 
matrix (Story and Congalton, 1986), which is an “n × n” matrix (where n is the number of classes) 
of the predicted and the observed classes, were used to evaluate the resulting classification 
output. From the error matrix, the overall (OA), user’s (UA) and producer’s (PA) accuracy were 
obtained. While OA evaluates the overall performance of the classification model, PA and UA 
assess the accuracy of the model in predicting the specific crop types. The dimensionless F1-score 
(Foody, 2002), which is the harmonic mean of UA and PA (equation 5.3), was calculated to 
evaluate the contribution of predictors in discriminating specific crops. 

F1-score = 2 × [(UA × PA) / (UA + PA)]       (5.3) 
Where UA = User’s accuracy, PA= Producer’s accuracy. 

5.3 Results  

5.3.1 Spatial selection of predictor variables based on FFS 

While models with only 2 predictor variables achieved accuracies of less than 0.4 (Fig. 5.3), 
increasing the number of variables from 2 to 6 improved the accuracy substantially. The addition 
of a 10th, 14th and a 16th variable further increased the accuracy above 0.7. However, the inclusion 
of a 17th variable and more did not improve the accuracy or reduce the standard errors of the 
cross-validation further (Fig. 5.3). 
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Fig. 5.3: The performance of models as obtained during the spatial forward feature selection procedure. 
Each symbol is the average accuracy (a total of 4096 models) of a model run. The black stars represent the 
best model’s accuracy for each number of variables included. The colours show the number of variables 
used. 

The 16 predictors that resulted from the FFS as spatially most relevant with high cross-validation 
accuracy comprise of 12 spectral variables (i.e. June and July NDMI, May, June, July and August 
green, May, June and July NIR, April and June SWIR 1 as well as August red), 3 phenological 
metrics (OffsetV, GreenUpSlope, TINDVIBeforeMax) and 1 topographic parameter (i.e. 
elevation) (Fig. 5.4). While the green band of May was ranked the highest, elevation was the least 
contributor among the selected predictors. The remaining predictors were either 
counterproductive or did not aid in the spatial discrimination of the crops, therefore, they were 
not included in the final model. 
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Fig. 5.4: The 16 predictors as selected by the spatial forward feature selection procedure. The predictors 
are arranged in decreasing order of importance from top to bottom. The importance values on the x-axis 
are scaled to a maximum value of 100. NIR = Near infrared band, SWIR 1= Short wave infrared 1 band, 
NDMI= Normalized difference moisture index. OffsetV = the end of crop growing period, GreenUpSlope 
= how fast crops go through the pre-anthesis stage to full canopy closure, TINDVIBeforeMax = crop canopy 
growth during the pre-anthesis stage. 

The variations in the predictor values for most of the individual crops were quite distinct (Fig. 
5.5 displays the predictor values for the 4 most important variables; all remaining see Fig. C1). 
However, similarities regarding the distribution of values for the winter cereals (i.e. winter rye, 
triticale and wheat) are quite evident, particularly considering the reflections in the green bands 
of May (Fig. 5.5A) and June (Fig. 5.5D). 
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Fig. 5.5: Variations of the four most important variables selected in the forward feature selection procedure 
for the 13 crop classes. (A), (B), (C) and (D) show the distribution of the green band of May, Near infrared 
(NIR) band of July, OffsetV (signifying the end of crops’ growing period) and the green band of June, 
respectively. 

5.3.2 Evaluation of the model with all FFS predictors 

The independent accuracy assessment of the model with all predictors from the FFS in 
discriminating the 13 crops yielded an overall accuracy of 76% (Fig. 5.6). Regarding crop-specific 
accuracies, sugar beet achieved the highest UA and PA of (96% and 99% respectively) (Table A.2), 
while the discrimination of permanent and temporal grasslands, maize, peas and winter 
rapeseed resulted in a UA and PA above 80%. Discrimination of summer wheat, winter wheat, 
winter barley and winter rye achieved quite acceptable accuracies (UA and PA > 60%) and winter 
triticale attained a comparatively low UA and PA of 57% and 44% respectively. Similarly, the 
accuracies of potato and summer oat were also quite low given their confusion with several other 
crops. 
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Fig. 5.6: Independent accuracy measure of the model based on all predictors from the forward feature 
selection procedure (consisting of spectral, phenological metrics and topographic (i.e. elevation) 
predictors). PA = Producer’s accuracy, UA = User’s accuracy. 

5.3.3 Crop mapping based on the model with all FFS predictors 

The model based on all predictors from the outcome of the FSS resulted in the map shown in (see 
appendix C, Fig. C2) The spatial distribution and patterns of the crop types are well maintained 
in the map. For instance, the eastern part of the study area (Fig. C2) dominated by non-arable 
fields mostly used for permanent grassland is noticeable. These areas are mostly characterized 
by poor soils and steep slopes which impedes the use of farming machinery.  

Also, additional features that are clearly observable from the thematic map are the diverse arable 
crops which are mostly cultivated on fertile and well-drained soils shown in detail in frame B 
and C of Fig. C2. 

5.3.4 Models with different predictor variables 

Three models based on the output of the FFS were developed to ascertain the contribution of the 
various predictors. The models are i) a model made up of spectral predictors only, ii) a model 
based on spectral and phenological metrics, as well as, iii) a model based on spectral and 
topographic predictors.  

While the model based on spectral predictors only resulted in an OA of 73% (Table 5.3), the 
combination of spectral and phenological predictors reveals a slight increase of 2% for the OA 
value of the latter, whereas the addition of topographic information to the spectral predictors did 
not improve the overall discrimination performance.  
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A t-test on the distribution of the overall accuracies of the spectral model and the one with both 
spectral and topographic predictors depicts no statistically significant difference between them 
(p-value > 0.05). Hence, the null hypothesis that the models of spectral predictors only and the 
one with both spectral and topographic data do not differ significantly is confirmed. This result 
confirms that topographic information does not significantly contribute to the overall 
discriminatory performance of the model  

Table 5.3: Overall performance of the models with different predictor combinations. The variables for the 
three datasets (i.e. Spectral, Phenology, Topography) were based on the model-based forward-feature-
selection (FFS). 

  
  

    
Models 

    

Accuracy metrics  Spectral   Spectral + Phenology  Spectral + Topography 

Overall accuracy (%)  73  75  73 

Kappa (%)   70   72   70 

5.3.5 Contribution of predictor variables for crop-specific discrimination 

The assessment of predictors’ contribution to specific crop discrimination was based on the F1-
score (Fig. 5.7). Inclusion of the phenological variables increased the discrimination for 8 crops, 
of which majority are cereals (i.e. peas, potato, sugar beet, summer oat, summer wheat, winter 
rapeseed, winter rye and winter triticale). However, the discrimination performance of the 
remaining crops was either not improved or a reduction in performance value was experienced 
by adding phenological variables. 

Adding topographic information to the spectral resulted in an improvement of the discrimination 
of maize (3%), peas (1%), potato (1%) and winter wheat (1%), when compared to the model based 
on spectral data alone (Fig. 5.7). Even though an improvement in F1-score of four crops was 
observed, the addition of topographic information did not have a significant effect on the overall 
model accuracy.  
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Fig. 5.7: F1-score per crop based on independent validation of the different models. Spectral predictors = 
June and July Normalized moisture index, as well as May, June, July and August green bands, August red 
band, May, June, July and NIR bands, April and June SWIR 1 bands; Phenology = OffsetV, GreenUpSlope, 
TINDVIBeforeMax; Topography = Elevation. OffsetV = the end of crop growing period, GreenUpSlope = 
how fast crops go through the pre-anthesis stage to full canopy closure, TINDVIBeforeMax = crop canopy 
growth during the pre-anthesis stage. The selection of the predictors was based on the forward-feature-
selection model using all (n = 65) variables. NIR = Near infrared, SWIR = Short wave infrared. 

5.4 Discussion 

The HLS data set presents the first surface reflectance products obtained from a combination of 
Landsat and Sentinel images and offers the opportunity to establish a dense temporal data 
necessary for crop type discrimination. Moreover, the standard k-fold cross-validation, when 
applied to spatio-temporal data, is known to be susceptible to misinterpretation and 
overoptimistic outcomes resulting from a neglect of spatial dependencies. Even though a TOV 
has been suggested by Meyer et al. (2018) to deal with the issues of the standard cross-validation, 
nearly all studies on crop discrimination from remotely sensed data employed the latter. Here, 
we operationalize for the first time the target-oriented cross-validation to discriminate 13 crop 
types in heterogeneous agricultural landscapes based on multi-temporal HLS data.  

The FFS procedure of the TOV resulted in a selection of diverse predictors which comprised of 
spectral (spectral bands and VIs), phenological metrics (OffsetV, GreeUpSlope and 
TINDVIBeforeMax) as well as topographic (elevation) information. The outcome of the FFS 
procedure supports the view that effective discrimination of crops is a complex exercise which 
requires diverse data sets, given the high seasonal variability and similarities exhibited by crops. 
Our findings revealed that only 16 predictors out of 65 were spatially relevant in the 
discrimination of the crops, while the remaining are either counterproductive or redundant to 
the model. Similar results were reported by Ludwig et al. (2019) in a multi-sensor study with 
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woody vegetation, where only 11 from 48 predictors were relevant. The issue of redundancy and 
counterproductivity is particularly evident in the FFS of the three phenological metrics as 
relevant predictors, whereas none of the NDVI predictors was important. Obviously, the 
selection of NDVI predictors would not have added any information to the model given that the 
phenological metrics included were derived from a dynamic curve of NDVI time-series. It can, 
therefore, be inferred that phenological metrics derived from a time series NDVI curve is more 
informative and able to capture the important crop dynamics at a certain stage as compared to 
the pristine NDVI.  

The model, including all selected predictors of the FFS procedure, resulted in a good overall 
accuracy in the independent discrimination of 13 crops (OA = 76%). The ability to discriminate 
13 crops shows a substantial improvement on previous work in the same study area by Kyere et 
al. (2019), where only four crop groups could be mapped based solely on Landsat surface 
reflectance with highly generalized classes like summer and winter crops. While Kyere et al. 
(2019) used only early and late summer spectral information, the present study employed data 
from six months (April to September) within the growing season, which captured much more of 
the phenological differences among crops necessary for discrimination. The usage of six months 
spectral data was possible given that the present study used surface reflectance from two 
harmonized sensors. This corroborates the assertion that the combination of data from multiple 
sensors of similar properties can permit the construction of increased cloudless time-series 
(Wulder et al., 2015), which is needed for vegetation mapping. However, the issue of clouds was 
not completely solved by using images from two sensors. Therefore, more optical sensors of 
similar characteristics are required to have enough data to overcome the cloud problem in crop 
type mapping. 

Even though the independent validation of the model yielded quite high overall results, the 
discrimination of certain crops was poor, given their confusion with crops of similar spectral and 
phenological patterns. An example of this is the confusion of winter triticale with the other winter 
cereals and mainly with winter rye. This is not very astonishing, as triticale is a hybrid of winter 
wheat and winter rye and, thus, shares physiological and morphological similarities, making it 
difficult to differentiate among their spectral reflectance pattern. They are also phenologically 
very similar, since they are planted and harvested at similar periods, as shown in the crop 
calendar (Fig. 5.2). The discrimination of potato also turned out to be poor, given the confusion 
with other crops such as peas and maize. A similar confusion of potato has been reported in other 
studies (e.g. Gerstmann, 2018; Griffiths et al., 2019). The poor discrimination can be attributed to 
the fact that potato has highly variable growing cycles among its many cultivars (Gerstmann, 
2018), which poses a challenge to obtain a unique spectral and phenological characteristics for its 
discrimination. 

To ascertain the contribution of the different predictors, three models were developed based on 
different combinations of predictors. An increase in an overall accuracy of 2% was achieved for 
a model containing both spectral and phenological metrics (OA = 75%) when compared to the 
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model with only spectral predictors (OA = 73%). A slight increase in overall accuracy by the 
inclusion of phenological metrics was also experienced in an earlier study of multi-year corn and 
soybean mapping based on Landsat (Zhong et al., 2014). A strong correlation exists between 
derived phenological metrics from multi-temporal vegetation indices and the local crops’ 
calendar as well as their physiological developments (Gao et al., 2017). Therefore, their inclusion 
provided extra information that the original spectral data could not provide. High efficacy of 
phenological metrics was mainly evident for cereals (i.e., summer oat and wheat as well as winter 
rye and triticale). Theoretically, the used phenological metrics are strongly associated with 
Zadoks’ growth stages which clearly describes crops’ growth conditions (e.g., new leaf 
emergence, flowering and ripening) particularly for cereals (Araya et al., 2018). The forgone 
might be a possible explanation for why the majority of the crops whose discrimination accuracy 
was improved by phenological metrics are cereals.  

Previous studies found that the addition of topographic data improved the discrimination 
accuracy of agricultural land-cover and other vegetation (Demarez et al., 2019; Eiumnoh and 
Shrestha, 2000), whereas our results depicted the contrary: The inclusion of elevation as a 
predictor did not have any significant impact on the overall discrimination performance of the 
model, although minor improvements were found for maize, peas and winter rye. The use of 
topographic information in satellite-based discrimination of vegetation was found essential 
when the distribution of the vegetation cover is strongly influenced by topographic variations 
(Franklin et al., 2000, 1994). In fact, this is the case for our study area, where the distribution of 
crop types is influenced by topographic variations. For example, areas with steep slopes and 
areas with higher elevation are characterized by unfavourable conditions such as poor soils, 
which is why they are mainly used for grassland cultivation. Hence, it is surprising that 
topographic information was ineffective, particularly with regards to the two grassland types 
considered. We, therefore, conclude that, given the computationally intensive nature of the FFS 
modelling approach, future studies may abstain from the use of topographic information. 

5.5 Conclusion 

For the first time, the present study employed the target-oriented cross-validation procedure in 
the discrimination of major crops in a typical low mountain range of Europe based on surface 
reflectance data from a harmonized Landsat and Sentinel-2 satellites. The results provided an 
understanding of how the combined use of multi-temporal optical sensor data together with 
phenological metrics and topographic data contribute to the discrimination of crop types in a 
heterogeneous agricultural landscape. Multi-spectral band information and phenological metrics 
were of great importance for the discrimination. Topographic information did not improve the 
crop discrimination models and therefore, can be omitted as predictors. However, further 
research is required for confirmation. Overall, our findings depict that the TOV modelling 
approach based on multi-temporal and multi-sensor data is promising for effective, accurate and 
practical crop discrimination.  
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Appendix C 

Table C1: Description of the phenological metrics, biophysical growth conditions and deduced growth stages on the Zadoks scale. The table is adapted 
from Araya et al. (2018). 

Phenology metrics  Description on the NDVI curve, formula,  
and explanations 

Theoretical and physiological 
deductions 

Crop growth and environmental 
factors description 

Onset NDVI value 
(OnsetV) (in NDVI 
value) 

The value computed NDVI at the beginning of a 
continuous positive slope over a threshold between 
successive NDVI values. The threshold is defined 
by the user and it is a percentage above the lowest 
NDVI value before the NDVI peak. 

Beginning of crop growth 
computed by the development of 
leaf and canopy emergence. It 
signifies early growth stages 
(seedling growth) with Zadoks 
growth stage of 11–20. 

New leaf emergence relies on the 
season's environmental factors, e.g. 
temperature and soil water 
availability (Stapper, 2007). Values are 
normally above 0.2, representing 
NDVI of bare soil (Guerschman et al., 
2009). 

Onset time (OnsetT)  
(in the image period) 

Images acquisition time when OnsetV is 
computed. 

The period of the beginning of 
Zadoks growth stage 11–20 
(Seedling growth) representing 
the emergence of leaf and 
canopy. 

OnsetT depends on planting date 
across big areas. It is primarily 
controlled by the season break (French 
et al., 1979). Small values stand for an 
early beginning to plant 
establishment. 

Maximum NDVI value 
(MaxV) (in NDVI value) 

The highest value of NDVI obtained during the 
season MaxV = Maximum (NDVI1: NDVI23) 

Full canopy coverage, 
symbolizing Anthesis/ 
Flowering - Zadoks growth stage 
60–69. 

High MaxV values signify better 
growing season and productivity 
(Smith et al., 1995) 

Time of maximum 
NDVI (MaxT) (in 
Images acquisition 
period) 

The acquisition time of the image when MaxV is 
attained. 

Time documented for complete 
canopy closure (Zadoks growth 
stage 60–69). 

Lower MaxT values show 
anthesis/flowering is achieved earlier. 
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Offset NDVI value 
(OffsetV) (in NDVI 
value) 

The value of NDVI assessed as the minimum slope 
below a threshold between successive NDVI 
values. The threshold is defined by the user as a 
percentage of the lowest NDVI value after the 
highest. The values are more than 0.2 (Guerschman 
et al., 2009, Hill et al., 2013). 

Signifies the end of the crop 
growth period. (Zadoks growth 
stage 90–99). 

Ripening of crop canopy. 

Offset time (OffsetT) (in 
MODIS imaging period 

The acquisition period of image when OffsetV is 
derived. 

A period when the crop has 
ripened (Zadoks stage 89-99) 

Earlier crop senescence as a result of 
late season's high temperatures and 
water stress (McMaster and Wilhelm, 
2003). 

Length of growing 
season (LengthGS) (in 
MODIS imaging period 

It is the period it takes for crop to grow 
LengthGS=OffsetT−OnsetT 

Higher values indicate longer 
time between start and end of the 
season, which relates to a longer 
growth period. 

The length of growing season is 
influenced by environmental factors 
that control crop growth such as 
temperature and rainfall. 

Length of growing 
season before MaxT 
(BeforeMaxT) (in 
MODIS image time 
period) 

The duration from OnsetT to the MaxT 
BeforeMaxT=MaxT−OnsetT 

The time it takes for crop's 
emergence to anthesis stages 

The number of ears and grain kernels 
produced is controlled by the Pre-
anthesis growth stages (Acevedo et 
al., 2002, Satorre and Slafer, 1999). A 
short time indicates less time within 
the pre-anthesis growth stages, 
forming lower numbers of ears and 
kernel producing lower yields 
(Acevedo et al., 2002). 

Length of growing 
season after 
MaxT (AfterMaxT) (in 
MODIS image time 
period) 

The duration from MaxT and OffsetT 
AfterMaxT=OffsetT−MaxT 

The period the crop takes from 
anthesis to ripening stage. 

Crops grain filling and weight are 
controlled by post-anthesis growth 
stages (Satorre and Slafer, 1999). A 
shorter period of post-anthesis growth 
relates to less grain filling time which 
leads to low grain weight and yield 
(Poole and Hunt, 2014). 
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The growth rate 
between Onset and 
MaxT (GreenUpSlope) 

The rate at which NDVI increases from the 
OnsetV to MaxV over the time difference 
between MaxT and OnsetT 
 
  
 

Assess how fast the crops go 
through the pre-anthesis growth 
period to get to MaxV. 

The pre-anthesis is the period when 
the crop ears are grown and 
developed (Poole and Hunt, 2014, 
Satorre and Slafer, 1999). Steeper or 
higher slope signifies a high rate of 
change, as NDVI values increase over 
a short time period, in the initial 
phases of development. 

The growth rate 
between MaxT and 
Offset 
(BrownDownSlope) 

The degree at which NDVI increases from the 
OnsetV to MaxV over the time difference 
between MaxT and OnsetT 

 

Evaluation of how fast the crops 
go through the post-anthesis 
growth period to ripeness.  

Sugars produced through 
photosynthesis are carried to fill the 
grain during the post-anthesis stages. 
This process determines the size and 
yield of grains (Poole and Hunt, 2014). 
A high value (steep slope) depicts a 
high reduction in NDVI over a short 
period of time, in the late phases of 
development. 

The area under the 
NDVI curve (TINDVI) 
(in Accumulated 
NDVI value) 

The area under the NDVI curve between OnsetT 
and OffsetT. The TINDVI is calculated based on 
integration using the trapezoidal numerical rule. 

Biomass productivity measure 
during the growing season 
(Holm et al., 2003). 

The higher the TINDVI value, the 
higher the crop productivity (Hill 
and Donald, 2003). 

The area under the 
NDVI curve between 
Onset and MaxT 
(TINDVIBeforeMax) (in 
Accumulated NDVI 
value) 

Numerical integration of NDVI between OnsetT 
and MaxT. This metric represents the crop’s pre-
anthesis growth phase. 

The crop canopy growth during 
the pre-anthesis stage is essential 
to decrease the loss of water from 
the surface of the soil. High 
values indicate high biomass 
accumulated during pre-
anthesis, and this can imply a 
reduced loss of water from the 
soil, where a high number of 
tillers and kernels are being 
developed.  

Pre-anthesis growth provides a direct 
contribution to crop yield through 
sugar storage resulting from 
photosynthesis. The stem 
accumulates the sugar and transfers it 
to the grain after anthesis and high 
yield potential can be achieved by 
crops with substantial dry matter 
production before anthesis. The 
number of tillers, as well as the 
quantity of crop biomass, are 
influenced by plant stress during the 

     GreenUpSlope =(  )
(  

 

BrownDownSlope = (  )
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time of pre-anthesis (Armstrong et 
al.,1996). Grain size and its number 
per head are affected by pre-anthesis 
stress leading to yield potential 
reduction (Fischer, 2008, Poole and 
Hunt, 2014). 

The area under the 
NDVI curve 
between MaxT and 
Offset 
(TINDVIAfterMax) (in 
Accumulated NDVI 
value) 

Numerical integration of NDVI between MaxT 
and OffsetT. This metric represents the crop’s 
post-anthesis growth phase. 

High values show a minor 
decrease in post-anthesis 
accumulated biomass and this 
slows and delay grain filling 
process. Small values depict a 
faster and shorter process of crop 
grain filling, which is related to 
low yield (Plaut et al., 2004, Poole 
and Hunt, 2014). 

There is the conveyance of growth 
products into the grain during the 
post-anthesis stage of crop growth. 
Water is used well, but an insufficient 
supply of water during the post-
anthesis stage can affect yield (Plaut et 
al., 2004). Water loss through the 
process of evapotranspiration might 
challenge the grain fill of crops with 
large canopies (Poole and Hunt, 2014). 

It computes the 
asymmetry between 
TINDVIBeforeMax and 
TINDVIAfterMax 
(Asymmetry) (in NDVI 
value) 

The symmetry of the NDVI curve. It evaluates the 
crop’s growing period where a comparatively 
higher NDVI is obtained. 
Asymmetry=TINDVIBeforeMax−TINDVIAfterMax 

It illustrates the pre-anthesis and 
post-anthesis relative size of the 
canopies of crops for the season. 
The comparison of asymmetry 
depicts the change between crop 
canopy formation and ripening, 
where high values is an 
indication of high biomass 
accumulated before anthesis 
than after anthesis. 

The size or weight of grain and the 
number per unit area better describes 
the potential of crop yield (Poole and 
Hunt, 2014). Nonetheless, the yield 
potential is more sensitive to the 
number of grains (assessed by 
TINDVIBeforeMax), than the weight 
of the grain (Acevedo et al., 2002). 
Water stress challenges the filling of 
crop grains directly through 
photosynthesis in dry areas. Here, the 
sugar stored during the pre-anthesis 
stage contributes to a higher yield 
proportion (Poole and Hunt, 2014).  
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Table C2: Confusion metrics for independent validation of the best model (i.e. the model with spectral, phenological and topographic predictors). PA= Producer’s accuracy, 
UA= User’s accuracy. Shaded diagonals are correctly discriminated crops, while off-diagonals are wrongly predicted crops. 

 Reference  

Prediction Maize Peas 
Permanent  
grassland Potato 

Sugar 
beet 

Summer 
oat 

Summer 
wheat 

Temporal  
grassland 

Winter 
barley 

Winter 
rapeseed 

Winter 
rye 

Winter 
triticale 

Winter 
wheat UA (%) 

Maize 120 1 1 5 1 2 2 0 0 0 1 0 2 89 
Peas 0 91 0 5 0 6 2 0 0 5 0 0 1 83 
Permanent grassland 0 0 107 3 0 1 0 7 6 0 2 3 1 82 
Potato 5 2 1 25 0 4 3 0 1 0 0 1 1 58 
Sugar beet 0 0 1 2 124 0 0 2 0 0 0 0 0 96 
Summer oat 0 2 0 4 0 38 10 0 4 2 1 3 5 55 
Summer wheat 1 2 0 4 0 19 48 0 1 1 1 1 1 61 
Temporal grassland 0 0 13 1 0 0 0 118 3 0 1 1 2 85 
Winter barley 0 2 1 1 0 2 3 0 78 0 6 9 7 72 
Winter rapeseed 1 3 1 1 0 1 0 0 5 104 3 5 1 83 
Winter rye 0 1 1 2 0 1 0 0 10 9 85 28 2 61 
Winter triticale 0 1 0 0 0 1 1 0 14 3 5 51 13 57 
Winter wheat 0 0 1 1 0 1 6 0 5 2 8 13 91 71 
PA (%) 94 87 84 46 99 50 64 93 61 83 75 44 72   
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Fig. C1: Box plot of the 12 predictor variables resulting from the forward feature selection procedure (cont. from 
Fig. 5.5). They are arranged in decreasing order of importance from “A”- “L”. GreenUpSlope = how fast crops 
go through the pre-anthesis stage to full canopy closure, TINDVIBeforeMax = crop canopy growth during the 
pre-anthesis stage, NIR = Near infrared band, NDMI = Normalized difference moisture index, SWIR 1 = Short-
wave infrared 1 band. 
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Fig. C2: A classified map based on the model with all predictors from the forward feature selection (i.e., 16 
predictor variables). 
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Chapter 6 

General discussion 

It is well known that land-use/land-cover (LULCC) is one phenomenon that affects the 
earth’s carbon dynamics, climatic and global changes (Foley et al., 2005). Agricultural 
activities are one of the major human-induced drivers of global land-cover change (Hazell 
and Wood, 2008). The production of bioenergy, for instance, is depending on agriculture 
through the cultivation of energy crops for biomass. This development is known to impact 
global agricultural land-cover change (LCC) as well as biodiversity (Bruckner et al., 2019; 
Sauerbrei et al., 2014). Thus, it is imperative to monitor and assess the historical impacts of 
such human activity on land-cover for future decision making and planning.  

However, monitoring and understanding the historical effects of human activity on 
agricultural land-cover change needs spatially explicit data that can capture the 
development of such effects in space and time. Optical satellite remote sensing (RS) provides 
the required historical data for monitoring and understanding the spatio-temporal effects of 
human-related activities. Many studies in the past have used optical satellite data to monitor 
land-cover changes in agricultural dominated landscapes, while others have also assessed 
the impacts of bioenergy production on LULCC (e.g., Kandziora et al., 2014; Lüker-Jans et 
al., 2017; Tarantino et al., 2016).  

Notwithstanding, to the author's knowledge, there exists no study that has used optical 
satellite data to monitor and assess the impact of bioenergy on agricultural land-cover and 
its changes. Therefore, as contributory research to this gap, the present thesis employed the 
Landsat and Sentinel-2 optical satellite data to predict agricultural land-cover of Northern 
Hesse. The study further assessed agricultural land-cover as well as biodiversity changes 
and evaluated the drivers of the changes relative to biogas production.  

In the subsequent sections of this chapter, the results of the preceding chapters’ are 
elaborated, and the probable applications of the thesis key findings are mentioned and 
discussed. Finally, the limitations and problems encountered during data collection, 
analysis and processing, as well as ideas for future research, are discussed.  

6.1 Agricultural land-cover mapping 

The assessment of historical agricultural land-cover and biodiversity changes requires 
information regarding what crops have been grown and where they are located within the 
period of interest. Therefore, the development of a mapping procedure to accurately detect 
crop types based on optical satellite data was studied in this thesis. Given the importance of 
mapping to the understanding of changes in a landscape, two chapters of this thesis focused 
on the development of a crop-type prediction model, which formed the basis for agricultural 
land-cover mapping. In chapter 3, a generalized machine learning model based on spectral 
information from Landsat satellite was developed for crop type prediction. Further, in 
chapter 5, the combined effects of data from two sensors were assessed by employing both 
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Sentinel-2 and Landsat images, as well as other ancillary data, in the development of a crop 
prediction model. A successful application of satellite images for land-cover and 
biodiversity changes depends on several factors. These factors include: a) the availability 
and access to data, b) the right image preprocessing steps, and c) a robust modelling 
procedure to retrieve land-cover information as well as the change detection method. 

a) Data availability 

Regarding the availability and access to data, the opening of the Landsat archive by the 
USGS since the year 2008 made it possible to download free satellite data for this thesis 
(Woodcock et al., 2008). The Landsat data was augmented by the free and easily accessible 
Sentinel-2 images provided by ESA. These two optical sensors cover the right spectral bands 
required for studying changes in vegetation, hence their use.  

The free availability of these optical satellite images has increased the amount of research 
relating to land-cover mapping and its changes in time (Zhu, 2017). This is evident in the 
present thesis since the free access to the Landsat and Sentinel data made the three studies 
(chapter 3, 4 and 5) possible. These studies include the development of crop type 
classification models in chapter 3 and 5, as well as the spatio-temporal analysis of biogas 
production on agricultural lands which is detailed in chapter 4. Much more research is 
anticipated in the future as the delivery of freely available optical satellite data may be 
guaranteed through the continuity of the open data access policy by USGS and ESA (Berger 
et al., 2012; Wulder et al., 2019). 

b) Image preprocessing  

The two most important preprocessing steps in the application of optical satellite data for 
change detection are atmospheric correction and cloud masking (Zhu, 2017). Atmospheric 
correction removes atmospheric noises caused by aerosols, haze and other atmospheric 
effects from the images. The removal of atmospheric noises from optical satellite images is 
critical before any further analysis as they restrict the retrieval of the actual land-cover 
information called surface reflectance (Lu et al., 2004). Many atmospheric corrections 
techniques and algorithms have been developed since the inception of optical satellite RS 
(e.g., Chavez, 1996; Richter, 1997; Vermote et al., 2018). Today, satellite image users have the 
option to either download raw images and execute the atmospheric correction using the 
existing algorithms or download already atmospherically corrected images.  

The Landsat and Sentinel images used in this thesis are surface reflectance (SR) products, 
which represent the actual land-cover details with no or reduced atmospheric noises 
(Claverie et al., 2018; Vermote et al., 2016). The USGS uses a NASA developed specialized 
software called LEDAPS to derive the Landsat 4-7 SR products and makes it freely available 
for download (Masek et al., 2006). Similarly, the SR of Landsat-8 and HLS were produced 
by a specialized software called Surface Reflectance Code (Claverie et al., 2018; Vermote et 
al., 2016). The use of already existing SR products, in chapter 3, 4, and 5, allowed the author 
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to concentrate on the real change detection analysis. It also dealt with the problems of 
selecting an appropriate atmospheric correction method.  

Additionally, the SR products are proven in many studies to be reliable, and high-quality 
data sets for land surface change analysis (Claverie et al., 2015; Vermote et al., 2016; Zhu, 
2017). As mentioned, clouds and their shadows have to be removed before change detection 
analysis since they are not true land-cover information. The LEDAPS and the Surface 
Reflectance Code software used to generate Landsat SR product have internal cloud and 
shadow detection functionality to iteratively produce high-quality cloud and shadow masks 
(Vermote et al., 2016; Zhu, 2017). Moreover, the Fmask, an automated cloud and shadow 
detection algorithm, which uses top of atmosphere threshold to discriminate clouds, 
shadows and snow were used to generate the cloud and shadow masks of Sentinel-2 
(Claverie et al., 2018). These masks were used to remove clouds and its shadows from the 
images prior to the extraction of the actual agricultural land-cover information. 

c) A robust and generalized crop-type prediction model 

The robustness of a method to retrieve land-cover information is crucial to a successful 
application of optical satellite data for land-cover change detection. Hence, the robustness 
of a model to predict the crops was very important in the modelling processes of the present 
thesis. The robustness of a machine learning model is its ability to predict beyond the 
training or calibration data with an acceptable level of accuracy. In chapter 3, the robustness 
of the crop prediction models was assessed based on its correct prediction of maize, 
grassland, winter crops and summer crops on independent data sets. Two modelling 
approaches called multiple-year (MY) and single-year (SY) modelling were tested. While 
MY models were calibrated with two or more years’ spectral information, SY models were 
trained with spectral information from one year. However, the MY models were found to 
be more robust than the SY models. The development of generalized and robust models for 
the correct prediction of complex land-cover types like crop must consider factors like the 
different sowing and growing dates of crops at different seasons as well as climatic 
variations. Crops’ spectral information from different years were used to calibrate MY 
models, and these consist of different kinds of seasonal variations exhibited by crops in 
different years (Cai et al., 2018). This explains why MY models are relatively more accurate 
and robust in predicting crops from completely independent data sets. 

Further, spectral information from multiple years is not the only needed data to make RS-
based crop-type discrimination models robust. But a dense multi-temporal spectral data 
within the crops’ growing period is also required (Vuolo et al., 2018). Multi-temporal images 
can capture the small and big phenological differences required to differentiate one crop 
from another. In the development of a generalized crop-type model in chapter 3, only two 
images (i.e., early and late summer images) within the cropping season were employed. As 
as a result, the model could discriminate the entire agricultural land-cover of the study area 
into just four crop types with two generic classes of summer and winter crops. However, in 
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an attempt to improve the model, six images per month within the growing season were 
used by combining data from Sentinel-2 and Lansat in chapter 5. The usage of six images 
within the crops’ growing period made it possible for the discrimination of 13 crops in the 
same study area with a high level of accuracy. This finding confirms the necessity of dense 
multi-temporal spectral information in the accurate discrimination of crops as also 
concluded by Vuolo et al. (2018) and Foerster et al. (2012) in their crop mapping studies. 

6.1.1 Predictor variables used in the crop-type prediction models 

The accuracy and robustness of crop type prediction models are affected by the type of 
explanatory or predictor variables used. As a result, different predictors have been used and 
evaluated in optical RS-based crop type classification studies. The most often used 
predictors include the spectral information derived from the individual bands of optical 
satellites, as well as those derived from vegetation indices (VIs). However, the selection of 
predictors for crop-type discrimination is based on its appropriateness in distinguishing 
among the different crop types of similar and different phenological phases. In the present 
thesis, different predictor variables were employed in the models. 

In chapter 3, the development of the generalized model to predict grassland, maize, summer 
and winter crops were based on six spectral bands of the Landsat images as well as four VIs. 
The VIs were ranked higher than the spectral bands in terms of their contribution to the 
discrimination of the four crops. However, in chapter 5, where 13 crops were discriminated 
based on data from both Landsat and Sentinel-2 sensors, the contributions of the spectral 
bands were comparatively higher than the VIs. While chapter 3 employed only two Landsat 
images (i.e. early and late summer) within the crops’ growing period, chapter 5 was based 
on images from two sensors of both Landsat and Sentinel-2. The usage of data from 
combined sensors in chapter 5 provided the opportunity for much denser multi-temporal 
images at different stages of the crops’ development (i.e., April to September) for the 
considered cropping seasons. It can be inferred from the results that, the performance of 
spectral bands in crop type discrimination model becomes highly significant when there are 
enough images to cover the important period of the crops’ development. Among the varied 
VIs used, the NDMI (Gao, 1996), which measures the amount of water content in vegetation 
canopies was the most important. As shown in the results of chapter 3, NDMI was always 
ranked higher than the other VIs. A confirmation of the importance of NDMI in the 
discrimination of crops was further observed in the results of chapter 5, where all the other 
VIs apart from NDMI were deemed counterproductive to the discrimination of the 13 crops. 
This means that the amount of water found in the canopies of crops at different stages of 
their development is very important to discriminate one crop from another.  

Another type of predictors used in crop type discrimination models is phenological 
information of crops. Given its importance, various phenological metrics based on spatio-
temporal profiles of vegetation extracted from multi-temporal VIs have been developed 
(e.g., Araya et al., 2018; Jonsson and Eklundh, 2002). Also, given that they are based on VIs 
such as NDVI which measures the photosynthetic status and plant biomass, the 
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phenological metrics relate very well with the sequence and timings of plant developmental 
stages. The phenological metrics from multi-temporal satellite data are very vital to the 
discrimination of crops (Hu et al., 2019; Zhong et al., 2012). Thus, 15 phenological metrics 
(i.e., measures from germination to ripening) were used as predictors in the model 
developed in chapter 5. The results showed an increase in the discrimination accuracy of the 
model when the phenological metrics were included. This result confirms the importance of 
phenological information in the discrimination of one crop from another, as also found by 
Hu et al. (2019) and Zhong et al. (2016). It is essential to mention that not every phenological 
phase is vital in crop discrimination, and this became obvious in the results. The used FFS 
approach which removes counterproductive predictors resulted in only three out of the 15 
metrics as relevant in the discrimination of the crop types in the study area. The three 
relevant phenological metrics were OffsetV, GreenUpSlope and TINDVIBeforeMax (Araya 
et al., 2018). 

The OffsetV, which corresponds to crops’ ripening stage, was the most highly ranked 
phenological metric and also the third most important among all the predictors used in 
discriminating the 13 crops in chapter 5. Additionally, GreenUpSlope and 
TINDVIBeforeMax, which are measures of how crops go through the pre-anthesis stage and 
canopy growth, respectively, are the remaining important metrics of phenology. The 
retrieval of phenological information requires dense multi-temporal time series which is not 
easily obtained from one optical sensor mostly due to the presence of clouds at peak periods 
of vegetation development (Zhong et al., 2016). However, the combined use of images from 
Landsat and Sentinel-2 made it possible to obtain a substantial multi-temporal time series 
needed for phenological metrics in chapter 5. This accounts for the reason why phenological 
metrics were possible in chapter 5 and not in chapter 3, which was based on only Landsat 
images. 

Furthermore, given the diverse nature of the study area and the fact that it is a low mountain 
range of heterogeneous characteristics, it was anticipated that topographic information, 
when used as predictors, would facilitate the discrimination of crops. Therefore, terrain 
slope and elevation were used in the models developed in chapter 5. The slope was regarded 
as counterproductive to the accuracy of the model by the FFS procedure and was 
consequently removed from the final predictors. Elevation was however significant, but 
their inclusion did not improve the overall performance of the crop discrimination model. 
This finding is not surprising as elevation was the least ranked by the FFS procedure in 
chapter 5. What can be deduced from these results is that topographic information might 
play a role in the distribution of crops but does not help in the overall accuracy of 
discriminating one crop from the other. Thus, machine learning models based on spectral 
data from optical satellite for crop types discrimination in a practical application can avoid 
the use of topographic information as predictors.  
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6.2 Agricultural LCC, biodiversity change and drivers 

Information about LCC is essential to understanding the effects of human activities on our 
environment (Lu et al., 2004). However, the time of land-cover change analysis is significant 
to accurately understand and link a particular activity as the driver of the change. For 
example, the period of high investments in biogas production is essential to ascertain 
whether it is a driver of agricultural land-cover change. Against this backdrop, the 
agricultural change detection analysis in the present thesis was conducted between the years 
of 2000 and 2015, where high and low biogas investments were respectively experienced in 
Germany as a result of policy interventions (Appel et al., 2016; FNR, 2012). 

Based on the generalized MY model developed in chapter 3, agricultural land-cover of 
Northern Hesse for the year 2000 were predicted into four crop types in chapter 4, i.e. 
grassland, maize, summer and winter crops. The land-cover of the year 2015 was 
categorized into the same four crop types as the predicted crop of the year 2000 using the 
IACS data set. Land-cover maps of the year 2000 and 2015 were created and using the post-
classification change detection method (Coppin et al., 2004), changes in agricultural land-
cover were assessed. A previous study had accessed agricultural LCC using the IACS data 
solely, given its high quality and reliability (Lüker-Jans et al., 2017). Nonetheless, the 
overdependence of biogas production on agricultural land predates the starting year (i.e. 
2005) of the IACS data. Thus, the development of a generalized model which could predict 
crop types beyond the calibration year was necessary. 

The size of agricultural land in Germany is reported to have experienced a decline in the 
past years (Appunn, 2018). This trend was confirmed in the present thesis as the results of 
the change detection showed a decrease of about 100 sq. km in agricultural land within the 
period of study. The decline in agricultural lands of the study area may have been replaced 
by settlements, new infrastructure and forests, as mentioned by Appunn (2018). The 
decreasing trend reflected in the decline in the area of summer crops and grassland of -5.8% 
and -5.7% of the total agricultural land respectively. The decrease in grassland area, as 
described in chapter 4, only goes to confirm the earlier concerns expressed by the German 
society at large. Lüker-Jans et al. (2017) for example, observed a decline in the area of 
permanent grassland in Hesse, while Kandziora et al. (2014) found a decrease in grassland 
in the agricultural landscapes of Northern Germany. As the area of grassland decreased, a 
corresponding increase in the maize area of 2.2% was observed the entire Northern Hesse 
from the period of 2000 to 2015. The loss of grassland in recent years have been linked with 
the increasing demand for biomass from energy crops such as maize for bioenergy 
production (Kandziora et al., 2014; Laggner et al., 2014). The continuous cropping of 
monocultures of maize negatively affects our environment in diverse ways such as nitrogen 
leaching and soil erosion (Graß et al., 2013). 

However, as the question remains to what degree biogas production constitutes a driver for 
the increase in area under maize cultivation. Thus, chapter 4 used multiple linear regression 
to test whether the observed increase in maize areas was driven by biogas production. For 
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this, multiple-linear regression was used to detect to which extent the dependent variable 
changes in relation to changes in the independent variables (Rao, 2003), or more specifically, 
how maize area changes with changes in biogas production. This analysis was performed 
on a municipality level which is the lowest level of decision making in Germany. Changes 
in maize area were computed for each of the 117 municipalities of the study area based on 
the created land-cover maps of 2000 and 2015. The characteristic of a biogas plant, which 
has a direct relationship with the amount of biomass needed, is its capacity (Delzeit and 
Kellner, 2013). The capacity of a biogas plant determines the quantity of biomass needed for 
best performance. The capacity of biogas plants was calculated for each of the municipalities 
and used as an independent variable, with the change in maize area per municipality as the 
dependent variable. The results showed that biogas capacity was a significant driver of the 
change in maize area (p < 0.05). It was further observed in chapter 4 that the change of the 
maize area increased with increasing biogas plant capacity. This might be explained by the 
fact that in Germany, maize is the most used energy crop in biogas plants, given its high 
energy yield per hectare (Hutňan, 2016; Lupp et al., 2014). As a result, the higher the 
capacity, the more area of land is required to cultivate the needed maize biomass to feed the 
plant.  

Moreover, studies on sustainability aspects of bioenergy production often indicate 
biodiversity loss in agricultural landscapes as a key concern (Immerzeel et al., 2014a; Pedroli 
et al., 2013). Changes in the density of field edges was used as a surrogate variable to 
determine potential changes in agrobiodiversity of Nothern Hesse’s agricultural landscape. 
The analysis presented in chapter 4 revealed a decrease in the density of field edges in the 
majority of the studied municipalities (i.e. > 100 municipalities). Field edges, or field 
margins, in agricultural landscapes constitute ecological hotspots that provide important 
habitat for diverse and agronomically relevant species communities (Ma et al., 2013). Hence, 
a reduction in field edges due to crop field enlargement can lead to serious biodiversity loss. 
A regression analysis extracted biogas capacity to be a statistically significant driver (p-value 
< 0.05) of the changes in field edge density. However, this result was true for only fields of 
maize and winter crops, as was to be expected, because maize and winter crops are widely 
cultivated and used as silages in most biogas plants (FNR, 2012). One of the main factors 
that cause a decline in the density of agricultural field edges is intensification (Stoate et al., 
2009). For instance, as the demand for biomass from energy crops increases, agricultural 
fields become pressurize and intensified, leading to their expansion, which further reduces 
the density of field edges.  

However, further analysis of the model’s prediction in chapter 4 revealed a decreasing loss 
of field edges with increasing biogas capacity. A lot of planning goes into the construction 
and installation of a biogas plant, by considering the availability of agricultural land on 
which the required biomass is produced. Therefore, already existing big fields are used to 
cultivate energy crops such as maize to meet the demand, and this might account for why 
changes in field edge density decreased with increasing biogas capacity. Another plausible 
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explanation may be that large biogas plants were preferably built on farms with extensive 
livestock keeping, as high amounts of manure and slurry were available as cost-effective 
feedstocks for the biogas plants. 

Furthermore, Hietel et al. (2004) concluded that studies of LULCC drivers should consider 
the interactions between socio-economic and topographic information. Hence, terrain 
elevation and slope of agricultural fields of the study area were used as potential drivers of 
changes in maize area and field edge density. Regarding the change in maize area, elevation 
was found to be a significant driver. The area of maize increased at low elevations. 
Agricultural intensification has happed in areas with favourable biophysical and structural 
conditions in Europe (Pinto-Correia and Kristensen, 2013). Northern Hesse, for example, is 
characterized by favourable conditions at lower elevations compared to unfavourable 
conditions at a higher elevation. The favourable conditions at low elevation include fertile 
and good soil structures as well as optimum temperatures and climatic conditions. 
Therefore, intensification and continuous cropping of energy crops such as maize occur in 
low elevations where the conditions are favourable, accounting for an increase in the area 
of maize with such terrain characteristics. 

Regarding changes in field edge density, the terrain slope was found to be a significant 
covariate. Chen et al. (2001) also found a strong effect of slope on the structure of land-use. 
The density of field edges was found to be decreasing as the slope increased. This finding 
reveals the actual characteristics of the study area as high slopes are not conducive for arable 
crop production. Ma et al. (2019) found higher production of sediment yield from erosion 
as the gradient of slopes on arable fields increased, but erosion reduced with a decreasing 
slope. This means that areas with high slope (> 10%) are susceptible to erosion and not 
conducive for crops with low erosion resistance. Thus, maize and winter crops whose field 
edge densities were found to have decreased in the present studies as a result of 
intensification are commonly cultivated on low-slope land. This might account for the high 
field edge density changes detected on low-slope land of the study area.  

Finally, changes in agricultural landscapes such as maize area and field edge density 
changes, studied in the present thesis are orchestrated by multi-factors which include 
socioeconomic activities that are linked to biogas production and physical properties like 
topography. A similar finding of multiple factors being the underlying drivers of landscape 
changes was confirmed in the review of Plieninger et al. (2016). 

6.3 Potential applications 

Bio-economy, meaning an economy in which fossil resources are replaced by various 
renewable resources, has meanwhile become an integral part of measures to sustainably 
utilize natural resources and reduce greenhouse gas emissions in Germany and within the 
EU at large (BMEL, 2014; EC, 2012). Nonetheless, the potential risks associated with the 
overdependence on bio-economy (e.g. energy crops for biogas) have been raised in many 
studies (Appel et al., 2016; Popp et al., 2014). For example, the production of biogas has 



General discussion  Chapter six 

99 
 

continuously relied on agriculture for maize silage as the primary feedstock, and this has 
been linked to biodiversity loss among others (Immerzeel et al., 2014a; Sauerbrei et al., 2014). 
One prospect to counteract the negative impacts associated with the large-scale production 
of silage maize would be the integration of new annual energy crops into the crop rotation, 
as well as the cultivation of perennial crops (e.g. Silphium perfoliatum L.), which promote 
biodiversity and ecosystem services in agricultural landscapes (Bauböck et al., 2014; Graß et 
al., 2013). Thus, for an efficient implementation of the forgone, there is a need for systematic 
monitoring of the continuous use of a resource (e.g. maize biomass) and its effects for future 
policy and planning. O’Brien et al. (2017) mentioned that dynamic modelling tools across 
space and time are essential for systematic monitoring. However, the efficiency and 
reliability of such monitoring and modelling approaches will depend on the availability and 
quality of data used. 

Optical satellite RS has provided large amounts of reliable data for many environmentally 
related monitoring and modelling activities for many years (Woodcock et al., 2008; Wu et 
al., 2014). For instance, optical satellite images have been used for change detection 
(Kandziora et al., 2014; Zhu, 2017) and agricultural activities like crop types mapping 
(Maxwell et al., 2004; Tatsumi et al., 2015). Additionally, earlier work by O’Brien et al. (2017) 
on the gaps in European bio-economy monitoring, highlighted satellite data as an option to 
solve the no data problems that confront landscape modelling tasks that are based on FAO’s 
countries survey data. Notwithstanding, to the author’s knowledge, no study has explicitly 
employed optical satellite images to monitor the effects of bio-economy on agricultural 
landscapes. In contributing to this gap, this thesis showed the application of optical satellite 
data in modelling and understanding the impacts of agro-based bio-economy on 
agricultural lands. The outcome of this thesis can clarify the use of satellite-based 
monitoring and modelling of the effects of bio-economy with the following questions: 

1) What makes optical satellite data appropriate for monitoring and understanding the 
effects of agro-based bio-economy in space and time? 

Given that bio-economy such as biogas production uses crop biomass, there was the need 
to know the spatial distribution of the crops within our period of interest. The availability 
of quality and reliability of data was of great importance to obtain this information. Optical 
satellites have taken large amounts of images of the earth for many decades (Wulder et al., 
2016), and this is a valuable data resource to fall on when it comes to studies relating to our 
environment. The Landsat data was the primary data source for the studies presented in 
chapter 3 and 4, and this aided in the provision of spectral information for developing a 
model to predict crop types in the period where no agricultural field data was available. The 
Landsat system is the most extended earth observation program, which delivers free 30 m 
spatial resolution data (Woodcock et al., 2008). Thus, the Landsat archive is the obvious data 
that can offer historical and current information to assess the impact of bio-economy on 
agricultural landscapes. It is the historical nature of the Landsat archive which provided an 
opportunity to go back in time and predicted the crop types of 2000, which is the starting 
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year of the agricultural LCC analysis in chapter 4. Another advantage of the Landsat images 
that was beneficial to this thesis and will benefit future agro-based bio-economy monitoring 
is the option for the user to either download raw images and apply their pre-processing 
procedure or to use already pre-processed images. Chapters 3 and 4 of this thesis were based 
on already pre-processed images and thus represented a time-saving procedure. 

A further advantage of optical satellite RS that is also beneficial to monitoring and 
understanding the effects of agro-based bio-economy is the possibility to combine data from 
different sensors for a more accurate outcome. This thesis benefited from the forgone as 
chapter 5 employed combined images from Landsat and Sentinel to discriminate 13 crop 
types. However, in chapter 3, the discrimination of only four crops was possible when the 
model was based on data from only Landsat. Therefore, depending on the objectives and 
the land-cover type, analysis of the effects can employ data from either one or multiple 
sensors in monitoring the impacts of bio-economy. However, with the experience from this 
thesis, combining images from different sensors is highly recommended in future 
assessment of the effects of agro-based bio-economy. Thus, optical satellite images such as 
Landsat and Sentinel-2 used in the present thesis could be an integral part of the current 
toolbox being developed for systemic monitoring of the German bio-economy (BMEL, 2014; 
SYMOBIO, 2017), as well as the EU bio-economy monitoring strategies and systems at large 
(EU, 2018). 

2) What modelling approach is best to predict agricultural land-cover, which forms the 
basis to monitor and understand the effects of agro-based bio-economy? 

As found in this thesis, the reliability of agricultural land-cover prediction depends on the 
accuracy and robustness of the modelling approach. Hence, an appropriate modelling 
method is fundamental for predicting agricultural land-cover, and which forms a basis to 
understand the effects of agro-based bio-economy. Chapter 3 of this thesis was dedicated to 
finding a robust generalized modelling approach that helped to model back in a period of 
no data. A generalized prediction model in RS was earlier suggested by Botkin et al. (1984) 
and Sonobe et al. (2017) as necessary when field information or data for a period of interest 
is not available. The results showed MY calibration to be more robust and generalized than 
the SY calibration when tested on an entirely new data which is not known to the model. 
MY modelling incorporates different instances of phenology, climate and other 
environmental conditions which affect crop development accounting for its robustness in 
predicting unknown data (Cai et al., 2018). A lack of data for a period of interest in a real-
world modelling scenario is inevitable. However, the generalization of models based on 
available data can help to deal with this problem as done in chapter 3 of the present thesis. 
The developed generalized MY model facilitated the modelling back to the year 2000, where 
high investments in agro-based bio-economy had begun in Germany (e.g. biogas 
production). 
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The robustness of a modelling approach is also affected by the algorithm used. Machine 
learning has shown to be useful in many fields of research, including optical RS-based land-
cover modelling (Karpatne et al., 2016). Random forest (RF) is one of the most used and 
robust machine algorithms in RS (Belgiu and Drăguţ, 2016). RF uses decision trees, and it is 
not prone to overfitting. Thus, the crop MY models in both chapter 3 to 5 were successfully 
implemented based on RF algorithm. 

Further, the reliability of machine learning models is dependent on the validation strategies 
used. The standard k-fold cross validation tends to overfit and provide an overoptimistic 
assessment of models, mainly when used on spatial data such as remotely sensed data 
(Gasch et al., 2015). As a result, the target-oriented cross-validation (TOV) strategy 
suggested by Meyer et al. (2018) was used in this thesis to solve the problems of spatial 
dependencies and autocorrelation. In chapter 3, the leave-time out cross-validation was 
successfully used, while in chapter 5, the leave-location out strategy was employed. These 
strategies made the models more reliable with high robustness and reduced overfitting, as 
shown by Ludwig et al. (2019) and Meyer et al. (2018). Thus, based on its successful 
implementation in the present thesis, the MY modelling, the TOV and machine learning 
algorithm like RF can be practically applied to produce reliable agricultural land-cover maps 
which could be incorporated into the bio-economy monitoring framework in the following 
ways: 

a) The land-cover maps can help simulate crop yields, nitrate leaching, water loss, 
greenhouse gas emissions, etc. when used in crop growth and agro-ecosystem 
models. 

b) The maps can help reveal long term changes in agricultural landscapes which can 
serve as early warning signs to resources depletion, biodiversity loss and changes in 
regional climatic conditions which can further be a basis for global terrestrial 
monitoring. 

c) The TOV method tested in chapter 5, given its reliability, can help facilitate the 
prediction of agricultural land-cover that can complement and serve as a surrogate 
for the IACS data within the Common Agricultural Policy of EU. It would 
particularly be beneficial for periods preceding the year 2005 where no IACS data is 
available. Also, as member states of the EU are to ensure thorough check of the 
agricultural parcels submitted by farmers as part of the subsidies payment system. 
The modelling approach in this thesis can be applied in an automated way to predict 
crops types to control the submitted crop parcels. This can help speed up the control, 
check processes and reduce the cost of inspection as well. 
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3) What can be the possible contribution and application of this thesis to the Sustainable 
Development Goals (SDGs)? 

The implementation of the SDGs has been affected by difficulties as many countries strive 
to achieve the goals and targets by the year 2030 (Allen et al., 2018). Be that as it may, 
headways have been made in many places to meet the goals, but it is not progressing the 
way it is expected (UN, 2019). This thesis fits into many aspects and targets of the SDGs. 
Therefore, the findings address some SDGs targets as follows: 

a) SDG 2 aims to end hunger by sustainably achieving food security. This could be 
made possible if the state of all available arable lands and crop type information is 
known for planning (See et al., 2015). The methodology for crop type prediction 
developed in chapter 2 and 5 of this thesis could be applied to ascertain information 
about crop types and agricultural lands. This information can help to utilize 
available resources, like cropland, effectively and to adapt farming practices to the 
current situation to maximize food production. After the arable crops have been 
predicted the share of the various crops regarding their acreage could also be 
ascertained with the post-classification method in chapter 4. This could contribute to 
the achievement of targets 2.1 to 2.5 of SDG 2 by providing the necessary agricultural 
information needed to ensure food security. 

b) The 7th goal of the SDGs is to “ensure access to affordable, reliable, sustainable and 
modern energy for all”(UN, 2015). As an effort to realize SDG 7, investments have 
been made in renewable energies such as biogas in Germany and other member 
countries of the EU at large. Given that biogas production has depended on 
agriculture for biomass, it is essential to develop scientific approaches to evaluate 
the demands and to ensure sustainable energy production. For example, the 
conversion of cropland to energy crops cultivation will affect the production of food, 
which will, in the end, hinder the realization of SDG 2. Hence, the method used in 
chapter 4 to assess the spatio-temporal effects of biogas production on agricultural 
lands can contribute to ensuring the sustainable bioenergy supply and increase a 
substantial share of renewable energy (target 7.2 of SDG 7).  

c) SDG 15 aims to halt biodiversity loss, restore and promote sustainable use of 
terrestrial ecosystems (UN, 2015). The realization of goal 15 requires monitoring 
mechanisms which can give accurate information about the state of biodiversity and 
changes in terrestrial ecosystems in space and time. Thus, the employed agricultural 
land-cover and biodiversity changes procedure in chapter 4 can be used in this 
regard to obtain information about the state of agricultural ecosystems for planning 
and policy direction.  

6.4 Challenges and ways forward 

Even though the objectives were achieved successfully, the thesis faced some challenges that 
need to be addressed to guide future research. The first challenge encountered is the 
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problem of atmospheric clouds, which is also a common problem of optical satellite RS. The 
issue of atmospheric clouds in satellite images is so technical and has got to do with the 
portion of the electromagnetic spectrum that is used for optical satellite RS. Therefore, users 
of optical satellite images have little to do concerning the issue of clouds, particularly for 
land-cover change detection.  

The obvious choice available for users is to employ images without clouds, but this is 
sometimes impossible as getting cloud-free images for a period of interest is difficult. 
Therefore, among the solutions to deal with clouds is masking out the clouds using 
developed methods and algorithms as by Zhu and Woodcock (2014). However, a portion of 
an image that is masked of clouds contains no information, and this poses another problem 
when two images of different years of the same area are to be compared for land-cover 
change. For example, the comparison of an image masked of clouds to the one without 
clouds for land-cover change makes the analysis biased and not reliable. Pixel information 
from cloud-free images from other periods are transferred to the masked portions of the 
image before the change detection analysis to avoid these biases. This procedure was 
employed in chapter 3 for the generalized crop type prediction model, and even with that, 
only two images from early and late summer were possible for the considered cropping 
seasons. It is for this reason why the generalized model in chapter 3 was able to predict only 
four crop types, where all summer and winter crops were grouped. This was because the 
time series was not dense enough to capture the different phenological difference of the 
crops due to the problem of atmospheric clouds. 

Further, one known way to establish a dense time series of images without clouds for crop 
prediction is to combine images from multiple sensors (Wulder et al., 2015). For this reason, 
chapter 5 was based on images from both Landsat and Sentinel-2 sensors, making it possible 
to obtain six images within the growing periods of the crops. Unlike in chapter 3, the 
combined sensor data resulted in the prediction of diverse crop types with high accuracy. 
Nevertheless, the time series was still not enough to predict with high accuracy certain 
cereals that exhibit very similar phenology as a result of clouds. This shows that the cloud 
problems of optical satellite images cannot be solved completely. But in going forward, 
future crop type prediction for land-cover change analysis should consider data from 
Synthetic Aperture and Radar (SAR) satellites. SAR satellites can capture images regardless 
of weather conditions. Therefore SAR data is not affected by clouds. The European Space 
Agency provides freely available Radar data called Sentinel-1 (ESA, 2018), and this could be 
a source of data for future crop type mapping for agricultural land-cover change analysis.  

The second challenge encountered in the course of this thesis is the processing of a large 
number of data with big size. Given that the study area was quite large, and the complexity 
of vegetation, different data sets are required to achieve the needed results. Thus, processing 
of the employed optical satellite images and the other ancillary data required computers 
with high computational power. The processing of satellite images results in the creation of 
lots of data before the final results, and this requires enough space for storage. The computer 
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employed for this thesis had a quite high specification (i.e.,128 GB of memory and 3.6 GHz 
processor speed).  

However, the processing of the images creates temporary files that are stored in the 
“temporal folder”. These temporary files had to be deleted from time to time for the 
computer to run effectively, and this was quite a tedious task. The deleting of the 
intermediate files can be integrated into the data processing codes or scripts, but it further 
slows the computation. Parallel processing was employed to speed up data processing. That 
means the computer used several cores of the processor to perform multiple tasks 
simultaneously. But given the large data size, the process was still computationally intensive 
and demanded a lot of processing time. Therefore, in going forward, cloud-based data 
processing could help solve the problems of high computer specification needed to analyse 
the large volumes of data for effective agricultural land-cover monitoring and its changes in 
time.  

Such a cloud-based infrastructure may include Google Earth Engine (GEE) (Gorelick et al., 
2017). The GEE offers users a free platform to either download most of the satellite images 
or upload their data and run the analysis with huge computational capabilities. There are 
also other cloud-based platforms for specific satellites like Sentinel Data Hub for the 
distribution, management and processing of data. USGS, the provider of Landsat data even 
on the 17th of March 2020, announced a soon provision of cloud-based services for all of its 
data archives to reduce the time required for analysis (USGS, 2020). All these would be 
beneficial to large area agricultural land-cover mapping and change detection by removing 
the bottlenecks of data storage and computing speed in going forward.  

6.5 General conclusions 

Optical satellite RS provides a unique opportunity to monitor and understand changes in 
our environment. The assessment of where and when changes occurred is a prerequisite for 
understanding the underlying causes of the changes. The present thesis used optical satellite 
images and other ancillary data to advance the understanding of agricultural land-cover 
change in relation to agro-based bio-economy (i.e. biogas production). The thesis 
demonstrated that optical satellite data have the potential to be part of the monitoring 
framework for agro-based bio-economy. Therefore, the findings resulted in the following 
conclusion based on the specific objectives: 

a) Calibrating a crop type prediction model with spectral information from multiple 
years ensures a higher reliability in predicting completely new data sets as compared 
to a single year calibrated model. Multiple year calibrations are therefore 
recommended when models must be generalized to make predictions in periods of 
no information or when modelling back in time becomes a necessity. The IACS 
agricultural field data within the subsidies payment system of the CAP of the EU is 
an excellent reference data for cropland monitoring based on optical satellite images. 
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b) The combined use of multi-temporal and multi-sensor optical satellite images such 
as Landsat and Sentinel-2 provides the needed dense time-series for crop type 
discrimination. The addition of phenological metrics derived from time series of 
spectral vegetation indices increased the overall prediction accuracy of crop type 
discrimination models. However, the addition of topographic information could not 
enhance the overall accuracy of the model. The employed forward feature selection 
procedure of the target-oriented cross-validation, though computationally intensive, 
removed predictor variables that did not benefit in the discrimination crops.  

c) Changes in agricultural landscapes correlated with agro-based bio-economy and 
terrain characteristics. That is, changes in maize area and field edges correlate with 
biogas production as well as terrain elevation and slope respectively. Maize area 
increased with an increasing capacity of biogas plants at low elevations of the study 
area where the condition are favourable for the cultivation of arable crops. Further, 
though biogas capacity was a significant driver of field edge density change, the 
model predictions showed that loss of field edge density decreased with increasing 
biogas plant capacity only at low slopes of the study area where arable farming is 
conducive. Biogas production and terrain characteristics could, therefore, serve as 
one possible indicator and driver for agricultural land-cover and biodiversity 
changes. However, the low R2 values of the multiple regression models is an 
indication that there are other drivers of the change in maize and field edge density 
apart from those employed in the present thesis.  

6.5.1 Ideas for future research 

Based on the findings, this section highlights possible follow-up research that could be 
considered in future. All these ideas aim to further optimize optical satellite remote sensing 
for agro-based bio-economy monitoring on a much bigger scale.  

The generalized crop-type prediction model in the present thesis was developed based on 
the agricultural landscapes of Northern Hesse, but the dynamics of vegetations’ 
development varies across different scales and regions. Hence, the upscaling, transferability 
of the generalized models and workflows employed in this thesis to other regions in 
Germany is worth considering in future studies.  

The following questions could be considered: a) How can the IACS agricultural reference or 
ground truth data, which is collected and managed differently by federal states, be 
integrated into a harmonized dataset for a generalized model?, and b) How does the high 
environmental variability as a result of an increase in spatial scale affect the robustness of a 
generalized model?  

Further, a machine learning algorithm (i.e., random forest) was employed in all the three 
studies of this thesis (chapter 3, 4 and 5) given its robustness. However, deep learning (DL) 
algorithms like neural networks are becoming popular in remote sensing-based image 
analysis in recent years (Ma et al., 2019). Thus, future research, when considering the above-
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raised questions, can employ and test DL as the main algorithm in the development of a 
generalized model. A machine learning-based model could also be compared to a DL-based 
model to ascertain the one with high robustness in predicting agricultural land-cover for 
change detection.  
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