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Summary 

In this century, agriculture faces the challenge of providing food in sufficient quality and 

quantity to nearly 8 billion people.  Improving the management of crops by means of smart 

farming can help to intensify plant production in a sustainable way. Commonly, smart 

farming encompasses techniques of data acquisition, data analysis and evaluation, and 

precision application technologies. Remote sensing plays a key role in smart farming. Remote 

sensing applications help to monitor crops  in the field. Another way to monitor plants and 

their environment is to utilize environmental sensors. Calibrated plant growth  models or 

phytopathology models can interpret this data. Together, these tools can support the decision 

making of a farmer. The proof of concept of the benefits of these technologies has long been 

accomplished. And yet, in Switzerland the adaption rate of these technologies is still relatively 

low . Key aspects that are relevant to determine the economic benefit of investing in smart 

farming technologies, are e.g. the field size and the field heterogeneity. This thesis therefore 

focused on the monitor ing of crop traits with smart farming methods, such as remote sensing 

applications or  measurements of environmental variables. A particular emphasis was placed 

on the effects of scales. 

The first study presented in Chapter 2 reveals the importance of various environmental 

variables for crop growth on different temporal scales. The study was conducted in Oensingen 

and aimed to investigate the relationship between highly resolved in -situ growth 

measurements of winter wheat , meteorological variables and CO2 fluxes. Leaf growth was 

taken as a proxy for vegetative biomass development because it can be assessed non-

destructively . The study shows that on an hourly scale, gross primary production  (GPP) and 

shortwave radiation explain most of the variance of leaf elongation rate (LER), however on a 

daily scale, air temperature is the main driver. The strongest immediate relationship was 

found between LER and GPP and incoming shortwave radiation ; these are variables that are 

determining photosynthesis. In principl e, LER also shows the same diurnal patterns as air 

temperature and soil temperature, however air and soil temperature were lagging behind  LER. 

Multivariate growth models show that combinations with GPP or incoming shortwave 

radiation and air temperature perform best. These results indicate that short term growth 

processes in young wheat leaves in the field are mainly controlled by incoming shortwave 

radiation, while the magnitude of growth is controlled by temperature. These results could be 
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used to update crop growth models. The results further stress the dependence of plants on 

their environment and importance of measuring environmental variables. 

The second study, which is shown in Chapter 3, aims to investigate the effect of the selected 

spatial scales on apparent field heterogeneity. This study was conducted in Eschikon, 

Switzerland,  and encompassed data captured from 17 fields, with mul tiple crop species 

monitored at 36 dates across two seasons. In the study, very high spatial resolution 

orthomosaics of 0.5 m ground sampling distance ( GSD) were compared to spatially lower -

resolved orthomosaics of 5 m, 10 m and 20 m GSD. The findings experimentally confirm the 

theoretical assumption that management of fields with higher heterogeneity would profit 

from higher spatially resolved information. Furthermore, the study reveals that compared to 

the baseline, relative differences by means of the relative root mean square error varies 

between 0.0 and 0.3 for the normalized difference vegetation index  (NDVI ) and between 0.0 

and 0.23 for the normalized difference red edge index (NDRE) with decreasing GSD. The 

effects are most pronounced in maize and least pronounced in low intensity grassland. The 

study further shows how in -field heterogeneity varies throughout the season, across 

vegetation indices and crop species, which emphasises the importance of monitoring schemes 

that are adapted for each species. 

The third study, which is presented in Chapter 4, aims to analyse how remote sensing data 

can be used as a decision support tool in agriculture. Therefore, the study follow s the full 

workflow from remote sensing data to application maps that are in line w ith farm traffic 

orientation. The study focusses on analysing the impact of spatial scale and classification 

algorithms on the subsequent fertilizer recommendation. The study reveal s that the precision 

of fertilisation recommendation decreases from 1.8% at 0.5 m in the best case to 12.8% root-

mean-square error (RMSE) at 20 m GSD in the worst case compared to the baseline of 0.5 m 

GSD with no aggregation into classes. In general, classifications with four classes provide 

higher accuracy than classifications with three classes. When the actual management width of 

11.7 to 14.7 m is taken into account, the RMSE is comparable between the different GSDs. 

Moreover, the effects are more pronounced in the beginning of the season (March, April), 

when most management measures for wheat happen, compared to the situation in May. 

Finally, the analysis shows that up to 40% of the field area cannot be covered by a GSD of 20 



iv 

m due to the comparably small field sizes, which highlights the need for higher resolution data 

even in situations in which a decreased GSD has a minor effect. 

Overall , these studies show the importance of monitoring schemes that are adapted to local 

circumstances. While satellite imagery might be beneficial in terms of lower cost, a lower 

resolved image might miss out a large part of the field. Considering the recent advances of 

alternative farming methods such as strip cropping or spot farming, only highly resolved 

images can offer the information that is needed to monitor these crops cultivated in  such 

cropping systems adequately. 
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Zusammenfassung 

In diesem Jahrhundert steht die globale Landwirtschaft vor der Herausforderung, fast 8 

Milliarden Menschen mit Nahrungsmitteln in ausreichender Qualität und Quantität zu 

versorgen. Die Verbesserung der Bewirtschaftung von Kulturpflanzen mit Hilfe von «Smart 

Farming» (intelligente Landwirtschaft)  kann dazu beitragen, die Pflanzenproduktion auf 

nachhaltige Weise zu intensivieren. Im Allgemeinen umfasst Smart Farming Techniken zur 

Datenerfassung, Datenanalyse und -auswertung sowie Technologien zur präzisen Anbau- 

und Applizierungstechnik . Die Fernerkundung spielt bei Smart Farming eine Schlüsselrolle. 

Fernerkundungsanwendungen helfen bei der Überwachung von Pflanzen auf dem Feld. Eine 

weitere Möglichkeit zu r Beobachtung von Ackerp flanzen und ihrer Umgebung ist der Einsatz 

von Umweltsensoren. Kalibrierte Modelle für Pflanzenwachstum oder Phytopathologie 

können diese Daten interpretieren. Zusammen können diese Instrumente die 

Entscheidungsfindung des Landwirts u nterstützen. Der Nachweis des Nutzens dieser 

Technologien ist längst erbracht, dennoch ist die Adaptionsrate dieser Technologien in der 

Schweiz noch relativ gering. Schlüsselaspekte, die für die Bestimmung des wirtschaftlichen 

Nutzens von Investitionen in Smart-Farming-Technologien relevant sind, sind z.B. die 

Feldgrösse und die Heterogenität der Felder. Diese Arbeit konzentrierte sich daher auf die 

Beobachtung von Pflanzenmerkmalen mit Smart -Farming-Methoden, wie 

Fernerkundungsanwendungen oder Messungen vo n Umwelt variablen. Ein besonderer 

Schwerpunkt lag dabei auf den Auswirkungen verschiedener Skalen. 

Die erste Studie, die in Kapitel 2 vorgestellt wird, zeigt die Bedeutung verschiedener 

Umweltvariablen für das Pflanzenwachstum auf verschiedenen zeitlichen Skalen. Die Studie 

wurde in Oensingen durchgeführt und hatte zum Ziel, die Beziehung zwischen 

hochaufgelösten In-situ-Wachstumsmessungen von Winterweizen, meteorologischen 

Variablen und CO 2-Flüssen zu untersuchen. Das Blattwachstum wurde als Stellvertreter für 

die Entwicklung der vegetativen Biomasse herangezogen, da es an intakten Pflanzen 

gemessen werden kann. Die Studie zeigt, dass auf einer stündlichen Skala die 

Primärproduktion  (englisch «gross primary production», abgekürzt mit GPP) und die 

kurzwellige Strahlung den grö ssten Teil der Varianz der Blattverlängerungsrate ( englisch 

«leaf elongation rate», abgekürzt mit LER) erklären, auf einer Skala von einem ganzen Tag ist 

jedoch die Lufttemperatur der Hauptfaktor. Die stärkste unmittelbare Bezi ehung wurde 
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zwischen der LER und der GPP und der einfallenden kurzwelligen Strahlung festgestellt; dies 

sind Variablen, die die Photosynthese bestimmen. Im Prinzip zeigt LER auch die gleichen 

Muster im Tagesgang wie Luft - und Bodentemperatur, allerdings hinkten Luft - und 

Bodentemperatur der LER hinterher . Multivariate Wachstumsmodelle zeigen, dass 

Kombinationen mit GPP oder einfallender kurzwelliger Strahlung und Lufttemperatur am 

besten funktionieren. Diese Ergebnisse deuten darauf hin, dass die kurzfristigen 

Wachstumsprozesse in jungen Weizenblättern auf dem Feld hauptsächlich durch die 

einfallende kurzwellige Strahlung gesteuert werden, während das Ausma ss des Wachstums 

durch die Temperatur gesteuert wird. Diese Ergebnisse könnten zur Aktualisierung von 

Modellen für das Pflanzenwachstum verwendet werden. Die Ergebnisse unterstreichen 

ausserdem die Abhängigkeit der Pflanzen von ihrer Umwelt und die Bedeutung der Messung 

von Umwelt variablen. 

Die zweite Studie, die in Kapitel 3 dargestellt wird, zielt darauf ab, die Auswirkungen 

verschiedener räumlicher Skalen auf die gemessene Feldheterogenität zu untersuchen. Diese 

Studie wurde in Eschikon , Schweiz, durchgeführt und umfasste Daten von 17 Feldern, auf 

denen mehrere Pflanzenarten an 36 Terminen über zwei Jahre hinweg beobachtet wurden. In 

der Studie wurden Orthomosaike mit einer sehr hohen räumlichen Auflösung von 0,5 m 

Bodenabtastabstand (englisch «ground sampling distance», abgekürzt mit GSD) mit räumlich 

geringer aufgelösten Orthomosaiken von 5 m, 10 m und 20 m GSD verglichen. Die Ergebnisse 

bestätigen experimentell die theoretische Annahme, dass die Bewirtschaftung von Feldern mit 

grösserer Heterogenität von räumlich höher aufgelösten Informationen profitieren würde. 

Darüber hinaus zeigt die Studie, dass im Vergleich zum Ursprungsorthomosaik die relativen 

Unterschiede gezeigt anhand des relativen mittleren quadratischen Fehlers mit abnehmender 

GSD variieren. Der relative mittlere quadratische Fehler beträgt zwischen 0,0 und 0,3 für den 

normalisierten differen ziellen Vegetationsindex (englisch «Normalized Difference Vegetation 

Index», abgekürzt mit NDVI) und zwischen 0,0 und 0,23 für den normalisierten differenziellen 

Index auf Basis des nah-infraroten elektromagnetischen Spektrums (englisch «Normalized 

Difference Red Edge Index», abgekürzt mit NDRE). Die Auswirkungen sind bei Mais am 

stärksten und bei Grasland, welches extensiv bewirtschaftet wird,  am wenigsten ausgeprägt. 

Die Studie zeigt ausserdem, wie die Heterogenität im Feld im Laufe der Saison, über 

Vegetationsindizes und Pflanzenarten hinweg variiert, was die Bedeutung von 

Monitoring programmen unterstreicht, die für jede Art angepasst sind.  
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Die dritte Studie, die in Kapitel 4 vorgestellt wird, zielt darauf ab, zu analysieren, wie 

Fernerkundungsdaten als Entscheidungshilfe in der Landwirtschaft genutzt werden können. 

Daher verfolgt die Studie den gesamten Arbeitsablauf von de r Erhebung der 

Fernerkundungsdaten bis hin zu den Applikationskarten, die sich an der Arbeitsbreite  der 

landwirtschaftlichen Fahrzeuge orientieren. Der Schwerpunkt der Studie liegt auf der Analyse 

der Auswirkungen der räumlichen Skala und der Klassifizierungsalgorithmen auf die 

anschliessende Düngeempfehlung. Die Studie zeigt, dass die Genauigkeit der 

Düngeempfehlung von 1,8% bei 0,5 m im besten Fall auf 12,8% RMSE (englisch «root-mean-

square error», mathematischer Begriff, entspricht der Wurzel der mittleren quadratischen 

Abweichung ) bei 20 m GSD im schlechtesten Fall abnimmt, verglichen mit dem 

Ursprungsorthomosaik  von 0,5 m GSD ohne Aggregation zu Klassen. Im Allgemeinen bieten 

Klassifizierungen mit vier Klassen eine höhere Genauigkeit als Klassifizierungen mit drei 

Klassen. Wenn die tatsächliche Bewirtschaftungsbreite von 11,7 bis 14,7 m berücksichtigt wird, 

ist der RMSE zwischen den verschiedenen GSDs vergleichbar. Ausserdem sind die 

Auswirkungen zu Beginn der Saison (März, April), wenn die meisten 

Bewirtschaftungsmassnahmen für W eizen durchgeführt werden, stärker ausgeprägt als im 

Mai. Schliesslich zeigt die Analyse, dass bis zu 40% der Feldfläche mit einer GSD von 20 m 

aufgrund der vergleichsweise kleinen Feldgrö ssen nicht abgedeckt werden können, was die 

Notwendigkeit von Daten mit höherer Auflösung selbst in Situationen unterstreicht, in denen 

eine geringere GSD nur zu geringfügig höherem Fehler führt.  

Insgesamt zeigen diese Studien, wie wichtig Erdbeobachtungssysteme sind, die an die 

örtlichen Gegebenheiten angepasst sind. Auch wenn Satellitenbilder aufgrund der geringeren 

Kosten vorteilhaft sein können, kann ein Bild mit geringerer Auflösung einen gro ssen Teil des 

Feldes nicht abdecken. In Anbetracht der jüngsten Fortschritte bei alternativen 

Anbaumethoden wie dem Streifenanbau oder dem Spot-Farming können nur hochaufgelöste 

Bilder die Informationen liefern, die für ein angemessene s Monitoring  für solche 

Anbausysteme erforderlich sind. 
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1. General Introduction 

 

1.1. Challenges in Agriculture  

Providing food, fuel, and fiber, agricultural plant production contribute s enormously to the 

very foundations of human society.  In this century, agriculture faces the challenge of 

providing food in sufficient quality and quantity to nearly 8 billion people . Therefore, it comes 

as no surprise, that the second Sustainable Development Goal (SDG) defined by the United 

Nations reads �Š�œ�1 �•�˜�•�•�˜� �œ�1 �����—�•�1 �‘�ž�—�•�Ž�›�ð�1 �Š�Œ�‘�’�Ž�Ÿ�Ž�1 �•�˜�˜�•�1 �œ�Ž�Œ�ž�›�’�•�¢�1 �Š�—�•�1 �’�–�™�›�˜�Ÿ�Ž�•�1 �—�ž�•�›�’�•�’�˜�—�1 �Š�—�•�1

�™�›�˜�–�˜�•�Ž�1 �œ�ž�œ�•�Š�’�—�Š�‹�•�Ž�1 �Š�•�›�’�Œ�ž�•�•�ž�›�Ž���1(Mollier et al., 2017). Currently, agriculture is confronted 

with maintaining and improving efficiency under a changin g climate (Blanco et al., 2017; 

Calanca et al., 2005). At the same time, agriculture is identified as a major driver of climate 

change (Lynch et al., 2021; Poore and Nemecek, 2018) and the need for a system change is 

evident. Agriculture is further associated with nega tive impacts on the environment caused 

by the run-off of agricultural chemicals such as fertilizer (Cameron et al., 2013; Spiertz, 2010; 

Westerhoff and Mash, 2002) or pesticides (Pathak et al., 2022; Syafrudin et al., 2021). The 

concern for these problems is also reflected throughout the Swiss society (Huber and Finger, 

2019; Schmidt et al., 2019).  

1.2. Smart Farming - the next agricultural revolution 

One way to improve the efficiency of crop production is by plant breeding. Breeding crops 

that use the available nutrients efficiently, generate good yield under a changing climate and 

are resistant against pests and diseases are subject to the constant efforts of plant breeders 

(Becker, 2019). Another way to improve crop production is by improving the management  of 

the crops, and precisely tailor each management step to the prevailing needs of the crop 

(Finger et al., 2019; Walter et al., 2017). During the 1960ies, advances in plant breeding led to 

great improvement in grain yield �ï�1 ���‘�Ž�œ�Ž�1 �Š�•�Ÿ�Š�—�Œ�Ž�œ�1 �Š�›�Ž�1 �Œ�˜�–�–�˜�—�•�¢�1 �›�Ž�•�Ž�›�›�Ž�•�1 �•�˜�1 �Š�œ�1 ���•�‘�Ž�1 �•�›�Ž�Ž�—�1

�›�Ž�Ÿ�˜�•�ž�•�’�˜�—�� (Becker, 2019). Recently, a new agricultural revolution has come forth: 

�����•�›�’�Œ�ž�•�•�ž�›�Ž�1�Z�ï�V���1(e.g. Chiles et al., 2021; Klerkx and Rose, 2020; Walter et al., 2017). Being part 

of the circular economy production model, Agriculture 4.0 aims to reshape value chains to 

reduce waste associated with farming (Klerkx et al., 2019) and shows a potential to induce 

disruptive changes in the agricultural world (Hrynevych et al., 2022; Walter et al., 2017). 

Besides reshaped value chains, Agriculture 4.0 is commonly associated with an increased use 
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of digital technology to monitor and attend to the manifold tasks that arise on a farm , also 

�”�—�˜� �—�1 �Š�œ�1 ���œ�–�Š�›�•�1 �•�Š�›�–�’�—�•���1(Finger et al., 2019; Walter et al., 2017). While some authors 

emphasize the benefits of such a revolution (Chiles et al., 2021; Finger et al., 2019; Walter et al., 

2017), others point out the open questions that remain to be answered. These questions 

include, but are not limited to, concerns about  technological aspects, e.g. data ownership and 

dependency on technology (Shah, 2018), cyber security (Sontowski et al., 2020), concerns about 

soc�’�˜�•�˜�•�’�Œ�Š�•�1�’�–�™�Š�Œ�•�œ�ð�1�Ž�ï�•�ï�1�—�Ž�•�Š�•�’�Ÿ�Ž�1�’�–�™�Š�Œ�•�œ�1�˜�—�1�•�‘�Ž�1�•�Š�›�–�Ž�›�œ���1�–�Ž�—�•�Š�•�1�‘�Ž�Š�•�•�‘�1(Rose et al., 2021) or 

identity (Dedieu et al., 2022). These concerns have caused some authors to warn not to create 

�Š�—�1 ���Ž�Œ�˜�•�˜�•�’�Œ�Š�•�1 �•�¢�œ�•�˜�™�’�Š�1 � �’�•�‘�1 �•�Š�›�•�Ž�1 �›�˜�‹�˜�•�œ�1 �Œ�ž�•�•�’�Ÿ�Š�•�’�—�•�1 �–�˜�—�˜�Œ�ž�•�•�ž�›�Ž�œ���1(Daum, 2021, p. 774). 

Another unanswered questi on is, how smart farming , or aspects of it , can be implemented 

while considering local specifications.  

1.2.1. Smart Farming Technologies 

Commonly, smart farming encompasses techniques of data acquisition, data analysis and 

evaluation, and precision application technologies (Balafoutis et al., 2017)�ï�1���‘�Ž�1�•�Ž�›�–�œ�1���œ�–�Š�›�•�1

�•�Š�›�–�’�—�•���1�Š�—�•�1���™�›�Ž�Œ�’�œ�’�˜�—�1�•�Š�›�–�’�—�•���1�Š�›�Ž�1�œ�˜�–�Ž�•�’�–�Ž�œ�1�ž�œ�Ž�•�1�’�—�•�Ž�›�Œ�‘�Š�—�•�Ž�Š�‹�•�¢�ð�1�‹�ž�•�1�’�•�1�–�ž�œ�•�1�‹�Ž�1�Œ�•�Š�›�’�•�’�Ž�•�1

that precision farming is in fact a sub-category of smart farming (Balafoutis et al., 2017). 

Balafoutis et al., (2017) further characterized and illustrated three sub-categories of smart 

farming:  

�x Data acquisition technologies: include GNSS technologies, mapping technologies, data 

acquisition of environmental properties and of properties of machines. 

�x Data analysis and evaluation technologies: delineation of management zones, decision 

support systems and farm management information systems.  

�x Precision application technologies: variable-rate application technologies, precision 

irrigation , weeding and machine guidance.  

The proof of concept of the benefits of these technologies has long been accomplished by 

research, commercial companies and experimental farms alike (see e.g. Argento et al., 2021; 

Coquil and Bordes, 2005; Grossrieder et al., 2022). And yet, the adaption rate of these 

technologies in Switzerland  is still relatively low (Ammann et al., 2022b, 2022a; Späti et al., 

2022). Besides lack of knowledge, research reveals that large uncertainty stems from economic 

considerations of the farmers (Ammann et al., 2022a; Grossrieder et al., 2022; Späti et al., 2022, 
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2021). One of the key aspects that is relevant to determine the economic benefit of investing in 

smart farming technologies, is the farm size; more precisely the size of the fields that are to be 

managed with smart farming technologies (Späti et al., 2021). Further, the crop type and also 

the prevalent field variability are important factors (Leroux and Tisseyre, 2019; Späti et al., 

2021; Tisseyre and McBratney, 2008). 

Switzerland's agriculture is commonly characterised as "small -scale" (see e.g. Latsch and 

Anken, 2019; Mann et al., 2013). The average farm size in Switzerland is 21 ha (FSO, 2022). This 

average value varies greatly between regions within  Switzerland and ranges from 13 ha in 

Ticino (Southern Switzerland) to 42 ha in Neuchâtel (west central Switzerland)  (FSO, 2022). 

Compared to an average farm size of e.g. 87 ha in the UK (DEFRA, 2021) or 63 ha in Germany 

(DESTATIS, 2021), this is rather small, but still ten times larger than a "smallholder farm", 

which is def ined as 2 ha (Khalil et al., 2017). From the perspective of smart farming equipment 

or monitoring campaigns, the farm size plays only a subordinate role. The most relevant aspect 

is the size of a single field; an entity with a certain crop type under the same management. 

While the field size , shape and exact location is important for management decisions, 

governmental statistics and research, there is only vague data about it (Eigner and Nuppenau, 

2019; Masoud et al., 2019). This might be caused by e.g. crop rotation schemes. Planting a new 

crop every season, the farmers might rearrange field entities. For Germany, estimates for the 

size of single fields range from 4 ha (Albrecht, 2003) to between 3 ha and 9 ha (depending on 

the model) (Eigner and Nuppenau, 2019). Regarding the UK, research has shown that the 

average field size denotes to 9 ha, but can vary considerably (Marshall and Arnold, 1995) . In 

Switzerland, the average field size is estimated to be between 1.3 ha (Evans et al., 2016) and 2 

ha (Zellweger -Fischer et al., 2018) and is unlikely to exceed a median of 2.4 ha (Prasuhn et al., 

2013).  

1.3. Remote Sensing in Agriculture  

Remote sensing plays a key role in smart farming. In p�›�˜�Ÿ�’�•�’�—�•�1�Š�—�1���˜�Ÿ�Ž�›�Ÿ�’�Ž� �1�•�›�˜�–�1�Š�‹�˜�Ÿ�Ž���ð�1

remote sensing applications help to monitor crops. In the followig  section I will introduce the 

remote sensing systems as well as the basic principles for data analysis relevant for this thesis. 

1.3.1. Remote sensing systems 

The most common platforms for remote sensing applications are satellites. Prominently, 

satellites such as Landsat-8, Sentinel-2 or micro satellites like the PlanetScope constellation 
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�˜�›�‹�’�•�1�Š�›�˜�ž�—�•�1�˜�ž�›�1�™�•�Š�—�Ž�•�1�Š�—�•�1�˜�‹�œ�Ž�›�Ÿ�Ž�1�•�‘�Ž�1�Ž�Š�›�•�‘���œ�1�œ�ž�›�•�Š�Œe constantly from space (Houborg and 

���Œ���Š�‹�Ž�ð�1 �X�V�W�\�ò�1 ���˜�•�‘�1 �Š�—�•�1 ���à�
�”�à� �ð�1 �X�V�W�\�ü. A little c �•�˜�œ�Ž�›�1 �•�˜�1 �•�‘�Ž�1 �Ž�Š�›�•�‘���œ�1 �œ�ž�›�•�Š�Œ�Ž�ð�1 � �Ž�1 �•�’�—�•�1 ���‘�’�•�‘�1

�Š�•�•�’�•�ž�•�Ž�1 �™�•�Š�•�•�˜�›�–�1 �œ�•�Š�•�’�˜�—�œ���1 �û�
�������ü�1(Widiawan and Tafazolli, 2006) , followed by airplanes 

(Jehle et al., 2010) or even zeppelins (Liebisch et al., 2015). Low altitude - remote sensing is often 

performed by unmanned aerial vehicles or systems (UAV or UAS), commonly also called 

drones (Aasen et al., 2018)�ï�1���Ÿ�Ž�—�1�Œ�•�˜�œ�Ž�›�1�•�˜�1�•�‘�Ž�1�Ž�Š�›�•�‘���œ�1�œ�ž�›�•�Š�Œ�Ž, vehicle mounted spectrometers 

such as the GreenSeeker® (Pallottino et al., 2019) or handheld spectroradiometers such as the 

ASD field spectrometer (Perich et al., 2021; Schaepman, 2008) are operated.  

All these platforms vary in imaging procedure (spectrometers are non -imaging), sensor 

specifications, ground sampling distance (GSD), ground coverage, spatial accuracy, cost and 

revisit time  �û���˜�—�Ž�œ�1�Š�—�•�1���Š�ž�•�‘�Š�—�ð�1�X�V�W�V�ò�1���˜�•�‘�1�Š�—�•�1���à�
�”�à� �ð�1�X�V�W�\�ü. A satellite image for example, 

might cover half of Switzerland in just one image , but the flight path is defined by the 

European Space Agency (ESA). A UAV is more flexible and can be locally deployed, and it 

offers a much higher spatial resolution but can only cover several hectares. 

1.3.2. Interpretation of the remote sensing signal 

For the monitoring of vegetation, passive remote sensing systems capturing the radiation 

reflected by the plant canopy are the state of the art. Hyperspectral or multispectral sensors 

are built do precisely measure the amount of light for each wavelength (Jones and Vaughan, 

2010). 

Different materials reflect, emit or absorb certain parts of the light spectrum. A large part of 

the light spectrum is not visible to the human eye (Jones and Vaughan, 2010). Being able to 

�š�ž�Š�—�•�’�•�¢�1�•�‘�Ž�1�’�—�•�Ž�›�Š�Œ�•�’�˜�—�œ�1�˜�•�1�•�‘�’�œ�1���’�—�Ÿ�’�œ�’�‹�•�Ž���1�•�’�•�‘�•�1with different materials has shown enormous 

benefits in many research areas, such as geology (van der Meer et al., 2012), ecology (Asner, 

1998; Rossi et al., 2021) or plant sciences (Mahlein et al., 2013). 

Each plant has �Š�1 �Œ�‘�Š�›�Š�Œ�•�Ž�›�’�œ�•�’�Œ�1 ���œ�™�Ž�Œ�•�›�Š�•�1 �œ�’�•�—�Š�•��, as illustrated in Figure 1-1. This signal is 

dependent on vegetation architecture, stem characteristics, leaf pigments (such as chlorophyll 

or carotenoids) and water content  (Kattenborn et al., 2019; Ollinger and Ollinger, 2011; Pinter 

et al., 1985; Sims and Gamon, 2002; Thenkabail et al., 2013).  
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The spectral signal of a canopy can be used, for example, to assess plant health and vigor 

(Berger et al., 2022; Mahlein, 2016) or the functional diversity of a plant community  (Schneider 

et al., 2017). In some cases it can even be linked to taxonomic diversity  (Badourdine et al., 

2022).  

The signature reflected or emitted by a surface can be interpreted by calculating mathematical 

indices, commonly called spectral indices. In relation t o plants these indices are commonly 

referred to as vegetation indices (VI) (Jones and Vaughan, 2010). A myriad of spectral indices 

for different use cases have evolved over the last decades (Henrich et al., 2017; Zeng et al., 

2022). Among the  most used VIs for agricultural purposes is the Normalized Difference 

Vegetation Index (NDVI) . In recent years, the Normalized Difference Red Edge Index (NDRE)  

has also been increasingly used (Argento, 2021). Whereas the NDVI is associated with leaf 

area, canopy coverage and green biomass in general (Liebisch et al., 2017; Tucker, 1979; Tucker 

et al., 1980), the NDRE is associated with plant biochemical composition, such as chlorophyll 

content and has been put forward as one way to support precision fertilisation management 

Figure 1-1. Hyperspectral Signatures of plants. Modified and adopted from Thenkabail et al., (2013),with permission by 
the author. 
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(Argento et al., 2020; Zarco-Tejada et al., 2019; Zeng et al., 2022). Some authors sound a note of 

caution though: With increasing popularity and with the development of new sensors, an 

increasing number of studies relies on the NDVI. Yet, it is difficult to generalize or compare 

NDVI images captured by different equipment s ince the various spectral sensors have 

differing characteristics  (Huang et al., 2021). It is therefore important that sensors are 

calibrated by e.g. a calibration panel to ensure comparability among sensors and 

environmental situations (Aasen et al., 2018). Nonetheless, vegetation indices offer a unique 

opportunity to dive deep into the physiology of plants and to monitor crops closely, even in 

realms that remain hidden to the human eye. 

Remote sensing allows assessing a wide spectrum of morphological, biochemical, 

physiological and performance traits  (Sun et al., 2022). Morphological traits  cover plant height, 

canopy density, flowering  or leaf angles. Furthermore, the leaf area index and vegetation 

indices are also classified as morphological traits. Among the biochemical traits we find water 

content or characteristics related to plant pigments. The physiological traits encompass 

photosynth esis, stress, texture or canopy temperature. Finally, the performance traits include 

yield or biomass. While some of these traits can be characteristic to a certain plant species, or 

even variety (Walter et al., 2015), there is a certain plasticity, meaning that the expression of a 

certain trait is dependent on the environment, such as the soil or the climate (Helfenstein et 

al., 2022). 

Any factor that causes stress to the plant may have an effect on the biophysical and functional 

properties of the plant  and therefore alter the rate of photosynthesis or the composition of leaf 

pigments. A change in these properties can be detected by remote sensing (Berger et al., 2022) 

since it leads to a change in colour or reflectance in different spectral regions. Stress factors can 

be classified into biotic stress, which is induced by pests or diseases and abiotic stress, which 

occurs e.g. due to a lack of nutrients or water. Stress usually leads to a decline in the quantity 

or the quality of the yield . In agriculture, an emphasis is therefore put  on detecting plant stress 

as early as possible in order to manage the stress (Berger et al., 2022).  
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1.3.3. Towards an application of remote sensing on the farmer�[s field 

In recent years, many advances have taken place to link specific stress factors to a spectral 

signal (e.g. Bohnenkamp et al., 2021). Albeit these approaches show promising results , they 

have not yet been fully implemented on farms. A reason for this is that it is not easy to transfer 

results from experiments with plants conducted in a controlled setting (such as a laboratory) 

to the field. This is due to the complex environment plants face outdoors. In the lab, a plant 

might be confronted with only a single stress factor (e.g. Mishra et al., 2019), whereas in the 

field there will be inhomogeneous soils, nutrient deficiencies and water problems and 

potentially several pests and diseases present at the same time (Annunziata et al., 2017; Poorter 

et al., 2016). Another problem commonly seen when attempting to identify plant stress using 

remote sensing techniques in the field is that the spectral signal that is commonly associated 

with a certain stress factor may vary depending on the environment of the plant (Berger et al., 

2022; Helfenstein et al., 2022). To apply these findings on �•�Š�›�–�Ž�›�œ�� fields, i t is therefore crucial 

to investigate crops in the field, on real farm settings and to gather more data. 

1.3.4. Use of meteorological sensors to quantify plant growth 

Another way to monitor plants  and the stress imposed by their environment  is to utilize 

sensors installed at defined, fixed positions. Such sensors can be weather stations or so-called 

�����•�•�¢�1 �•�•�ž�¡�1 �•�˜� �Ž�›�œ���1 �•�‘�Š�•�1analyse the exchange of trace gases between vegetation and 

atmosphere. Based on temperature data registered continuously by weather stations, it is 

possible to quantify the developmental progression of crops in the field in relation to their 

���—�˜�›�–�Š�•���1�•�Ž�Ÿ�Ž�•�˜�™�–�Ž�—�•�ï�1���‘�’�œ�1�’�œ�1�•�˜�—�Ž�1�‹�¢�1�Œ�Š�•�Œ�ž�•�Š�•�’�—�•�1�•�‘�Ž�1���•�›�˜� �’�—�•�1�•�Ž�•�›�Ž�Ž�1�•�Š�¢�œ���1�. a construct that 

�–�ž�•�•�’�™�•�’�Ž�œ�1�•�Ž�–�™�Ž�›�Š�•�ž�›�Ž�1�‹�¢�1�Ž�¡�™�˜�œ�’�•�’�˜�—�1�•�’�–�Ž�ð�1�›�Ž�œ�ž�•�•�’�—�•�1�’�—�1�•�‘�Ž�1�‘�Ž�Š�•�1�Ž�—�Ž�›�•�¢�1���Œ�˜�—�œ�ž�–�Ž�•���1�‹�¢�1�Š�1�™�•�Š�—�•�1

at a certain location. Based on such approaches, it is possible to assess the current 

developmental status of the plant and to predict the time of harvest  (Salazar-Gutierrez et al., 

2013). ���1 �›�Š�•�‘�Ž�›�1 ���‘�’�•�‘-�Ž�—�•���1 �Ž�¡�Š�–�™�•�Ž�1 �˜�•�1 �–�Ž�•eorological stations are the so-called Eddy Flux 

Towers. These expensive research instruments capture a myriad of meteorological variables 

precisely and in very high temporal resolution (seconds). Furthermore, they are equipped to 

measure environmental gas exchange, which helps to quantify greenhouse gas fluxes between 

vegetation and atmosphere; thereby allowing to understand ecosystem functions  (Baldocchi, 

2003). The analysis of data such as air humidity, wind speed, precipitation or the dewpoint is  

also very useful for basic agricultural management since this allows to predict the probability 
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of occurrence of fungal diseases (increasing in moist weather) or other pests (Dubuis et al., 

2011). Therefore, refined weather stations have become widespread and more affordable in  

recent years, making their data an integral part of on -farm smart farming approaches (Tenzin 

et al., 2017). One of the main advantages of these sensors are the temporally very highly 

resolved data that they produce, on scales of seconds to minutes. The main disadvantage is 

that the data is not spatially resolved. 

1.3.5. Heterogeneity of environmental variables and of agriculturally relevant crop traits 

It is important to bear in mind, that certain decisions in agricultur al management do rely on 

spatially resolved data, especially in regard to precision farming applications. Agricultural 

fields are seldom completely homogenous. Soil, slope, and previous management decisions 

can influence the conditions under which a crop grows and determine its nutritional needs. 

Tools of precision agriculture aim to use geo-referenced knowledge about the crops in order 

to support management decisions (Argento et al., 2020; Córdoba et al., 2016). In practice, field 

management cannot be varied at random, small scales, but must adhere to the dimensions of 

the machinery with which it is applied. To spread fertilizer, often spreading widths of ca. 10 

m need to be taken into account. This leads to the necessity to define management zones, in 

which uniform management is applied. Real fields are then often divided in to a few of such 

management zones �. often two to four  (Córdoba et al., 2016). The information needed to create 

these management zones can be obtained by e.g. satellite or UAV imagery. It is further possible 

to use spatially resolved  data from other tools such as e.g. yield maps, tractor mounted sensors 

or techniques using soil electromagnetic induction (Godwin and Miller, 2003) . As mentioned 

above, several sensors (e.g. soil sensors) or sample points can also be interpolated 

mathematically to generate a spatially resolved map, using techniques such as kriging or 

Euclidean distance (Guastaferro et al., 2010). The delineation of the management zones is then 

based on the similarities between the zones. Areas in the field with a similar crop status are 

combined to a management zone which can be managed individually (Córdoba et al., 2016). 

The higher the difference in crop status is, the more management zones need to be delineated. 

Economic studies have explored the relationship between field heterogeneity and the return 

on investment on farm equipment and found that the use of (expensive) precision farming 

equipment is justified only once a certain threshold of heterogeneity in th e field is reached 

(Späti et al., 2021). It is therefore crucial to investigate methods that allow  assessing the 

heterogeneity of a field.  
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The assessment of in-field heterogeneity is , however, also limited by the absence of a common 

indicator. The choice of the right indicator or measurement is highly dependent on the data. 

For classified datasets with discrete data, such as soil types, plant functional types or plant 

species, existing research recognizes indices such as the Shannon Index to be useful indicators 

to assess and compare the diversity of a spatial entity (DeJong, 1975; Ortiz-Burgos, 2016). The 

heterogeneity of unclassified spatial datasets with continuous data (such as a vegetation index) 

�Œ�Š�—�1�Ž�ï�•�ï�1�‹�Ž�1�Š�œ�œ�Ž�œ�œ�Ž�•�1�‹�¢�1�ž�œ�’�—�•�1�•�‘�Ž�1���Š�˜���œ�1�� Index (Rocchini et al., 2017). When assessing the data, 

measures of descriptive statistics such as the coefficient of variation can also be used to 

describe the heterogeneity of a dataset and to compare it to another dataset (Brown, 1998; 

Leroux and Tisseyre, 2019). Furthermore, the spatial heterogeneity can also be assessed with 

techniques based on the so-called semi-variogram. This is a mathematical function that 

describes the relationship of a variable and space (Garrigues et al., 2006; Leroux and Tisseyre, 

2019; Vallentin et al., 2020). An important aspect, namely, the dependence on scales is rarely 

discussed in literature  (Wu and Li, 2009). 

1.4. Focus of the thesis 

The previous section has reviewed challenges in modern day agriculture and elaborated how 

smart farming applications can help to mitigat e these. Moreover , the section introduced the 

principles of remote sensing of plant stress and showed how environmental sensors can 

deliver data that can be related to plant health. The section also identified that, even though 

research shows promising results, the adaption of smart farming techniques in Switzerland is 

still low. The section then points o ut, that effects of scales are of high importance. These effects 

determine the ecologic and economic benefits resulting from an adaption of smart farming 

techniques, and it is important to state that each measurement device and each measurement 

can be associated with cost. It can thus be pointed out, that we need to develop a profound 

understanding, of when and how we have to measure which crop with which device and in 

which temporal and spatial resolution in order to fully exploit the benefits of smart far ming 

technologies also for small-scale farms. Advancing the knowledge of these aspects forms the 

objectives of this thesis. 
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1.4.1. Thesis objectives 

���‘�’�œ�1�•�‘�Ž�œ�’�œ�1� �Š�œ�1�™�Š�›�•�1�˜�•�1�•�‘�Ž�1�›�Ž�œ�Ž�Š�›�Œ�‘�1�™�›�˜�“�Ž�Œ�•�1�����—�—�˜���Š�›�–���ï�1���‘�’�œ�1�Œ�˜�•�•�Š�‹�˜�›�Štive research project 

was executed by the Crop Science Group, the Grassland Sciences Group and the Agricultural 

Economics and Policy group at ETH Zurich. The projected was embedded in the national 

research program (NRP) 73 "Sustainable Economy: resource-fri endly, future -oriented, 

innovative" ( https://nfp73.ch/en) and was funded by the Swiss National Science Foundation 

(SNSF) (Grant-N° 407340_172433). 

The InnoFarm project aimed to explore smart farming networks and technolo gy adaption . 

More precisely, the overarching goal was to investigate ���‘�˜� �1�’�—�—�˜�Ÿ�Š�•�’�Ÿ�Ž�1�•�Š�›�–�’�—�•�1�™�›�Š�Œ�•�’�Œ�Ž�œ�ð�1

new technologies and new data streams can be aligned with new forms of networks to allow 

for a sustainable development of small-scale, diverse Swiss agr�’�Œ�ž�•�•�ž�›�Š�•�1 �•�Š�›�–�’�—�•�1 �œ�¢�œ�•�Ž�–�œ���1

(Research Proposal InnoFarm). 

Within  the Innofarm project, t his thesis focused on the monitoring of crop traits with smart 

farming methods, such as remote sensing applications or environmental variables. A 

particular emphasis was placed on the effects of scales. Hence, this thesis addressed the 

question how heterogeneities and important environmental variables affect plant properties 

that can be quantified non-destructively ( such as via images from UAVs or via assessment of 

leaf growth rates). Such plant properties should then be explored for their potential to supp ort 

farm management decisions. A focus was put on imaging of cereal fields from UAVs in the 

interest of optimization of nitrogen fertilization with a view to fluctuations of environmental 

variables that in turn affect plant growth �. which was analyzed via Eddy Flux towers and leaf 

growth analysis methods. The following research questions were addressed: 

I. How can highly resolved growth dynamics of plants be related to meteorological 

variables and CO2 fluxes? 

II.  How can the spatio-temporal  dynamics of in -field heterogeneity be measured with 

remote sensing applications?  

III.  How can remotely sensed information be reconciled with farm traffic ? 

  

https://nfp73.ch/en
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1.5. Thesis outline 

The thesis is structured as follows: Chapter 1 introduces the topic and provides a general 

overview and points out research gaps. Chapter 2 presents the relationship between leaf 

elongation rate of wheat in the field in very high temporal resolution (minutes) with 

meteorological variables and CO2 fluxes measured by an Eddy Flux Tower. A special focus 

lies on the temporal scales. In Chapter 3, the measurement in-field heterogeneity is 

investigated. In particular, a workflow is presented to assess the spatio-temporal dynamics of 

in-field heterogeneity with UAV. In this chapter, the effects of different spatial scales and on 

the resulting heterogeneity are investigated. Chapter 4 discusses the in-field variability of 

selected cereal fields in the light of a practical smart farming application. Chapter 5 presents a 

synthesis and overall discussion of all chapters of the thesis and Chapter 6 finishes with a 

conclusion and outlook.  

1.6. Introduction to core study area 

For two of the three chapters in this thesis, the experimental data was gathered at the same 

study site (see Orthomosaic Figure 1-5). This study site was near the near the plant research 

station of ETH Zürich (Swiss Federal Institute of Technology), located in northern Switzerland 

(47.44952°N, 8.68214°E, 553 meters above sea level). 

  

Figure 1-2. Photo of WingtraOne UAV in the field of the study region. 

The study area included a diverse set of crops, ranging from winter wheat, canola, maize, 

sugar beet, sunflower to grassland and vegetables. The data was collected with a vertical take-
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off and land ing (VTOL) fixed -wing drone of the brand Wingtra  (see Figure 1-2), and per flight 

about 50 ha of the area were captured. Most of the fields were managed by the cantonal 

agricultural school and some were managed by experienced farmers according to good 

agricultural practice.  The study was conducted in compliance with the Sw iss aviation law 

valid at the time of data collection and an extensive checklist aimed to ensure that the airspace 

is clear for the UAV flights.  

During the experiment, the UAV captured data with three different multispectral cameras by 

the same manufacturer: RedEdge-M (between 2018 and 15.04.2020), RedEdge-MX (between 

28.04.2020 and 12.06.2020) and Altum (from 12.06.2020) by MicaSense. This was necessary due 

to a damage to the device in spring 2020. The multispectral cameras RedEdge-M and RedEdge-

MX captured data in 5 bands of the RGB and near infrared spectrum, and the Altum also 

captured data in the LWIR range (not used in this study).   

 

Figure 1-3. Images captured by the MicaSense camera. For each band (1 �t 5), a single image is captured. 

All cameras offered a ground sampling distance between 5 and 8 cm, depending on the flight 

height. The specifications of each camera with central wavelength and bandwidth are shown 

in Table 1-1. The MicaSense RedEdge and Altum cameras feature a parallax lens system. This 

means, that for each band we find a single sensor on the camera. The camera therefore takes 

five distinct images at the same time, as displayed in Figure 1-3. Bands 1 to 3 display the visible 

range and bands 4 and 5 the invisible, near-infrared range. In this range, there is a strong 

reflection from vegetation. These distinct images are later arranged and co-referenced during 

the stitching of the orthomosaic. 
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Table 1-1. Center wavelength and the Full Width Half Max (FWHM) in parentheses for each band of the cameras used in the 
experiment in nm. 

 
1.7. Ground Control Points 

Prior to data collection with the UAV, the field site was set up for the flights to facilitate later 

geo-referencing. Since the study area was a genuine agricultural area, the setup had to be 

highly adaptable and mobile in order to not disturb the agricult ural operations. To date, there 

are mainly three methods to geo-reference UAV orthomosaics (Famiglietti et al., 2021). The 

geo-referencing is facilitated by setting up ground control points (GCPs) in the target area or 

by using real time kinematic (RTK) or post -processed kinematic (PPK) solutions. GCPs are 

large panels with a distinct pattern, usually a black and white cross or chess pattern, which  

can be easily identified when creating the orthomosaic. GCPs are flexible to construct and 

come in a variety of shapes (see Figure 1-4), ranging from GCPs sprayed on the streets to 

professionally 3D printed GCPs. Each time a GCP is moved, the location of the GCP must be 

measured exactly using geodetic equipment. During the course of the experiment, many 

different types of GCPs were constructed and tested in the field (see Figure 1-4). The results of 

this field proof of conc ept are summarized in Table 1-2.  

Table 1-2. Overview of GCPs. 

Name Use Case mobility weight price weatherproof 

Spray GCPs RGB none none very cheap high 

Vinyl GCP RGB/ thermal high 0.5kg cheap medium 

Concrete GCP RGB  low 25 kg cheap high 

Round GCP RGB automatic low 10 kg very expensive high 

Thermal GCP RGB/ thermal high 2 kg expensive low 

Manhole covers / 
landmarks 

RGB none none free high 

 

 

Band name RedEdge-M RedEdge-MX Altum 

Blue 475 (20) 475 (20) 475 (32) 

Green 560 (20) 560 (20) 560 (27) 

Red 668 (10) 668 (10) 668 (14) 

Red-Edge 717 (10) 717 (10) 717 (12) 

Near IR 840 (40) 840 (40) 842 (57) 
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Figure 1-4. Overview of GCPs. 

RTK or PPK on the other hand rely on base stations which receive a correction signal to rectify 

the geolocation of the UAV. Whereas these systems are mobile to set up and do not require as 

much work to set up in the field as GCPs, they are also relatively expensive and are not 

compatible with every type of UAV. Therefore, in this experiment, permanent and mobile 

GCPs were distributed in the area in the best way possible. When feasible, GCPs from other 

experiments (e.g. Perich et al., 2020; Roth et al., 2018) were included. Since the main target area 

was a genuine farm setting, it was not permitted to place GCPs of any kind in the middle of 

the fields, apart from one field, since they obstruct the agricultural traffic. Where the use of 

GCPs was not allowed, landmarks were used additionally, as e.g. discussed in �
�ž�›�Œ�£�¢�Ú�œ�”�’�1�Ž�•�1

al., (2019) or Turner et al., (2012). These landmarks also served as a back-up, when a GCP was 

obstructed, which happened on a regular basis (e.g. because of agricultural machinery parked 

on top of it, or it had to be removed due to agricultural activities on the field like e.g. 

ploughing). Even though these restricti ons were challenging, placing immobile GCPs 

strategically and using mobile GCPS or landmarks additionally gave a good foundation for 
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the georeferencing and served as a proof of concept for georeferencing on genuine farm 

settings.  

 

Figure 1-5. Orthomosaic of Eschikon, the study region, data captured 27.05.2020. 
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 Abstract 

Plant growth  is controlled by an interplay of internal and external factors. The production of 

biomass via photosynthesis is dependent on the plant response to environmental variables 

such as temperature, vapor pressure deficit and light intensity. Short -term responses of plant 

growth to these variables at fine temporal scales of hours are not well investigated, especially 

under field conditions.  The present study explores the relationship between leaf elongation 

rate (LER) of young wheat leaves in the field in very h igh temporal resolution (minutes). 

Turbulent fluxes of CO2 were measured with the eddy covariance technique and used to 

derive GPP, and environmental variables such as air and soil temperature, short wave 

radiation and vapor pressure deficit were simultane ously measured.  

The analysis revealed the importance of different variables on different temporal scales 

(hourly, daily). On an hourly scale, GPP and shortwave radiation explain most of the variance 

of LER, however on a daily scale, air temperature is the main driver. A cross -correlation 

analysis confirmed that the strongest immediate relationship can be found between LER and 

GPP and incoming shortwave radiation; variables that are determining photosynthesis. In 

principal, LER also shows the same diurnal patterns as air temperature and soil temperature, 

however air and soil temperature lag behind LER. Multivariate growth models show that 

combinations with GPP or incoming shortwave radiation and air temperature perform best. 

These results indicate that short term growth processes in young wheat leaves in the field are 

mainly controlled by incoming shortwave radiation, while the magnitude of growth is 

controlled by temperature .  

 Introduction 

Plant growth is controlled by an interplay of internal and external f actors. Photosynthesis is 

the primary process that ensures the autotrophic production of biomass in plants and finally 

governs the gross primary production (GPP) of entire ecosystems. Providing food, fuel, and 

fiber , plants contribute enormously to the ver y foundations of human society. Thus, 

experiments to understand growth under realistic field conditions are important to establish 

the basis for models that can be combined with modern information and communication 

technology to implement improved field ma nagement practices, e.g. in the context of smart 

farming (Walter et al., 2017). The production of biomass involves a substantial number of 
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responses to temperature, vapor pressure deficit and light intensity (Poorter et al., 2012c). The 

dependence of photosynthesis on environmental factors has been analyzed thoroughly over 

the past decades, improving the precise understanding of physiology and molecular control 

of these processes in a wide range of plant species (e.g. Gallagher et al., 1979; Gallagher and 

Biscoe, 1979; Kronenberg et al., 2020). Plant growth has been studied on various spatial and 

temporal scales, ranging from satellites observing entire continents daily from space, to 

meteorological measurement stations towering over forests or fields providing measurements 

every second, to small field-installations or hand -held devices unravelling the secrets of a 

single plant  (de Jong et al., 2013; Emmel et al., 2018; Nagelmüller et al., 2016; Walter et al., 

2017). Experiments that closely analyze plant growth under real field conditions are scarce. In 

the field , a multitude of ever -changing factors fluctuate with a certain periodicity, which are 

difficult to reproduce under controlled conditions such as growth chambers (Kron enberg et 

al., 2020; Passioura, 2006; Poorter et al., 2016, 2012b, 2012a) or in even more artificial cultivation 

settings (Dhondt et al., 2014; Yazdanbakhsh et al., 2011). Whereas the dependence of plant  

growth on  environmental variables at large temporal scales of weeks to seasons is well 

described and modelled, short-term effects of environmental variables on plant growth are 

still not well investigated, especially in the field. (Körner, 2015). This study  aims to uncover 

proxies that allow to predict growth processes in the field, using a combination of techniques 

to investigate the timing of plant growth processes on different  temporal and spatial  scales. 

Most modelling approaches have modelled leaf growth based on leaf assimilate availability, 

on temperature and on a combination of both approaches (Van Delden et al., 2001). A 

�Œ�˜�—�œ�Ž�—�œ�ž�œ�1 �Š�–�˜�—�•�1 �Œ�›�˜�™�1 �–�˜�•�Ž�•�Ž�›�œ���1 �’�œ�1 �•�‘�Š�•�1 �•�‘�Ž�1 �•�›�˜� �•�‘�1 �›�Š�•�Ž�œ�1 �˜�•�1 �•�’�•�•�Ž�›�Ž�—�•�1 �˜�›�•�Š�—�œ�1 �’�œ�1 �›�Ž�•�Š�•�Ž�•�1 �•�˜�1

temperature (Parent and Tardieu, 2014) while some models also include radiation (Van Delden 

et al., 2001). However, most models base their calculations on daily averages. Previous studies 

exploring  plant growth describe temperature as the most important driver for plant growth 

(Ben-Haj-Salah and Tardieu, 1995; Parent and Tardieu, 2014, 2012). For cereals, the influence 

of temperature to stem elongation rate has been investigated to estimate growth responses 

(Kronenberg et al., 2021, 2017) also in relationship to high temperatures and draught 

�û�
�•�Š�Ÿ�¤�²�˜�Ÿ�¤�1�Ž�•�1�Š�•�ï�ð�1�X�V�W�^�ü. Few studies also investigated leaf growth of wheat and barley plants 

in field environments in relationship to  air and soil temperature s and to radiance based on 

daily averages or few diel cycles (Gallagher et al., 1979, 1976; Gallagher and Biscoe, 1979). 
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These studies showed that when plants are well -watered, diel leaf growth  (i.e. during sunlight 

hours) generally follow s air and soil temperatures. In recent years, similar experiments have 

been undertaken with automated image based devices that allow measuring leaf elongation 

rate (LER) of multiple leaves simultaneously  in the field with high precision (sub-millimeter 

scale) and high temporal resolution  (minutes) over several days (Nagelmüller et al., 2016). 

Nagelmüller et al. (2016) showed that leaf growth largely corresponds to a diel temperature 

cycle, but it remained unclear how closely air temperature affected LER and how tightly leaf 

growth is coupled to other environmental factors and bio logical processes such as to incident 

shortwave radiation , vapour pressure deficit  (VPD), turgor pressure or canopy gas exchange, 

especially under field conditions. In principle, t he experiment by Nagelmüller et al. (2016) 

confirmed the importance of air and soil temperature as the dominant driver for LER  and 

highlighted the contrasting responses of different varieties of the same plant species towards 

environmental variables such as temperature. Plant growth, respectively , the production of 

biomass can also be remotely assessed by partitioning net ecosystem carbon dioxide (CO2) 

exchange (NEE) into gross primary productivity (GPP) and total ecos ystem respiration . These 

fluxes are estimated based on measurements using the eddy covariance (EC) technique. 

Today, EC measurements are widely used to assess (GPP) of ecosystems with temporal 

resolutions between 30 min up to entire seasons (Baldocchi, 2003). Several studies investigated 

the relationship between net ecosystem productivity  (NEP), GPP and plant growth. For trees, 

NEP and GPP were positively related to stem radius changes on annual and monthly scales, 

indicating that NEP or GPP can be used for growth estimations. For cereal crops, GPP 

estimates have been related to temperature, photosynthetic photon flux density and VPD 

(Buysse et al., 2017; Dufranne et al., 2011; Schmidt et al., 2012). Wohlfahrt et al. (2008) e.g. found 

that light intensity (photosynthetically active photon flux density) was the most important 

factor determining  NEE, especially during periods with high vegetation activity, whereas the 

variability of NEE could best be explained by temperature. Further they found that the carbon 

uptake potential (NEE at saturating PPFD) of the ecosystem could be explained best by the 

available assimilating plant area. However, on half -hourly scale, the correlation was found to 

be negative (Zweifel et al., 2010). These contrasting results indicate that different drivers 

become apparent when observing the process of growth with different temporal resolutions. 

Consequently, investigating growth processes in very -high temporal resolution is important 

to understand the interplay of  factors to estimate growth processes.  



34 
 

To our best knowledge , the relationship between highly resolved (hourly) growth dynamics 

and EC-based GPP estimates have not yet been investigated for cereals under field conditions. 

Therefore, this study examines proxies to predict plant growth  based on environmental 

variables. H ighly resolved  in-situ growth measurements of winter wheat  plants are 

investigated together with meteorological variables and CO2 fluxes. This unique dataset is 

used to investigate i) how the diel patterns of environmental  variables relate to LER, ii) 

whether the ranking of the explanatory variables for LER changes between highly resolved 

(hourly) and daily aggregated data , and iii ) what variables or variable combinations allow 

modelling growth of winter wheat in the early season.  

 Material & Methods 

2.3.1. Field Site 

The experiment was conducted on a crop field of 1.55 ha in Oensingen, Switzerland, 

(�Z�]�Ú�W�]���W�W�ï�W���1���1�&�1�]�Ú�Z�Z���V�W�ï�[���1E, 452 m a.s.l). The soil is classified as Eutric-Stagnic Cambisol of 

silty clay texture , with  a particle size distribution of  43% clay, 47.5% silt, 9.5% sand, and a pH 

of 5.5 (Alaoui and Goetz, 2008). The field with a typical 3 -year crop rotation is managed 

according to the rules of good agricultural practice followed by farmers for the label 

���’�—�•�Ž�•�›�Š�•�Ž�•�1�™�›�˜�•�ž�Œ�•�’�˜�—�1��� �’�•�£�Ž�›�•�Š�—�•���1�ûIP Suisse) (Emmel et al., 2018). Winter wheat (Triticum 

aestivum L., var. Simano) was sown on 11.10.2018 and harvested on 19.07.2019. Annual mean 

air temperature is 9.8 °C and annual precipitation  is 1155 mm (Emmel et al., 2018, based on 

data of 2004-2016). The wheat was in the tillering phase throughout the experiment and 

reached BBCH 21 at 28.02.2019 and BBCH 23 at 01.04.2019 (Lancashire et al., 1991). 

2.3.2. Experimental Set-up of Leaf Elongation Measurements  

Three leaf length tracker (LLT) panels were installed in the field  on 14.03.2019 (see Figure 2-1). 

LLTs are a novel method to track LER of monocots directly in the fie ld . The panels had been 

built according to Nagelmüller et al. (2016). Briefly,  LLTs consist of a black panel mounted on 

iron rods , which are rammed into the soil  to ensure stability of the system. The panels were 

positioned in the field on the north -south axis. The experimental plants were south of the 

panels to avoid artificial shading. The front side of the panel holds black U-shaped aluminium 

rails. Behind the panels, plants can be selected for the leaf elongation measurements. Leaves 

are carefully attached to a hairpin , which is connected to a fishing rod (Berkley Fireline 0.15 
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mm). The rod is guided over reverse rollers underneath the panel, where it is running  through 

the aluminium rails to the top of the panel and via another roller to the back of the panel again. 

At the end of the rod, a 20 g lead counter weight  is attached to keep the rod straight.  On the 

front side of the panel, where the fishing rod is running through the rails, a  white acrylic bead 

of 20 mm diameter  is mounted on the rod. Fishing rubber stoppers hinder the bead from 

sliding downwards.  As the leaf expands, the bead moves upwards. A water-proof camera 

system (Lupusnet-LE933/934, Lupus electronics, Landau, Germany) photograph ed the panel 

every two  minutes to track the movement of the beads. During the night , infrared light 

provided illumination for the camera to collect photographs. For each panel, ten young leaves 

from different plants were randomly selected to be measured. To account for tension in the 

soil or material elongation, one to three reference measurements were taken per panel by 

attaching the fishing rod to a nail pushed into the soil. A checker board was regularly installed 

in front of the panels and served as a geometric reference to correct for image distortion. 

  Figure 2-1. Experimental set-up of the LLTs and the eddy covariance station .  
a) Three LLT panels were positioned within the footprint of the eddy covariance station.   
b) The front side of the panel with the white beads is photographed every 2 min by the camera . 
c) At the back side of the panel, the fishing rod is guided from the plants over the cross tie to the first set of reverse rollers.  

���• 

���• ���• 
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2.3.3. Calculation of Leaf Elongation Rate 

LERs were calculated using the LLT software (Nagelmüller et al., 2016). The software initially  

rectifies the image sequences by using the photograph of the checkerboard panel as a reference 

to account for camera distortion.  The main part of the software tracks the white beads and 

calculates the relative displacement of every white bead on each panel for each photograph . 

Using the following equation Eq.  (1):  

LER = (L1- L0)/(T1- T0) x 60  eq. 1 

where LER is the leaf elongation rate, L1 corresponds to the total leaf elongation in mm at the 

time T1, and L0 corresponds to the total leaf elongation in mm at the time T0 (Nagelmüller et 

al., 2016). This equation yields hourly leaf elongation. Prior to the application of the equation , 

the daily growth of each leaf was carefully  analysed, and outliers were removed from the data 

set. Outliers encompassed e.g. leaves that had died within the measurement period, showed 

significant amount of illness or had grown into the LLT panel  and thereby had compromised 

measurements. The mean LER was calculated from the remaining leaves. During 

measurement period 1 (22.03.2019�.28.03.2019), a total of seven leaves from one panel were 

used for the LER calculation, and during measurement period 2 (05.04.2019�.09.04.2019), a total 

of 25 leaves from three different panels were used. The amount of samples is comparable to 

similar studies which observe plant growth in high tempora l resolution (Muller et al., 2001; 

Nagelmüller et al., 2016; Zweifel et al., 2010). 

2.3.4. Meteorological variables  

The purpose of this investigation was to explore the relationship between environmental 

variables and single plant growth. T herefore, meteorological measurements were taken to 

represent the environmental conditions over the  canopy of the entire field, rather than placing 

single sensors into the plant stand. Air temperature and relative humidity were measured at 

2 m above the canopy (CS215, Campbell Scientific, Logan, Utah, USA). Net radiation (CNR1, 

Kipp & Zonen, Delft, The Netherlands) , total and diffusive PAR radiation (BF5, Delta-T 

Devices Ltd, Cambridge, UK) were also measured at 2 m above the canopy. Soil temperature 

and soil humidity were measured with four  individual  soil sensors (model 107, Campbell 

Scientific, Logan, Utah, USA) buried at 0.015 m depth in the field  around the eddy flux station. 
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All meteorological and soil measurements were logged in intervals of  1 min , and later 

aggregated to half-hourly and hourly averages.  

2.3.5. Estimation of gross primary production 

Turbulent fluxes  were measured with the eddy covariance technique (Baldocchi, 2003). The 

set-up consisted of an ultrasonic anemometer for three-dimensional wind speed 

measurements (R3-50, Gill Instruments Limited, Lymington, Hampshire, UK) and an 

enclosed-path infrared gas analyser (LI-7200RS, LI-COR Biosciences, Lincoln, Nebraska, USA) 

for CO2 and were recorded at 20 Hz. Half -hourly e ddy covariance fluxes were processed with 

the EddyPro software (version 7.0.4, LI-COR), in accordance with established community 

guidelines (Aubinet et al., 2012). Eddy covariance raw data were despiked and screened 

following  Vickers and Mahrt  (1997). Wind data were rotated (2D rotation,  after Wilczak et al., 

2001), and time lags between the turbulent wind and CO2 data were compensated using 

covariance maximization. For spectral corrections, fluxes were corrected for high-pass and 

low -pass filtering effects (Fratini et al., 2012; Moncrieff et al., 2004) and instrument separation 

(Horst and Lenschow, 2009). Processed fluxes were rejected from further analyses if (1) they 

were found outside a physically plausible range (+/- 50 �•mol m -2 s-1), (2) they failed to pass the 

tests for stationarity and well -developed turbulence (e.g., Foken et al., 2005),  and (3) friction 

velocity (u *) was below a detected threshold value (Reichstein et al., 2005). CO2 storage fluxes 

were calculated within EddyPro following the approach of  Aubinet et al. (2001). The net 

ecosystem exchange (NEE) was calculated by summing the half-hourly CO 2 flux and CO 2 

storage, whereby NEE values outside of the monthly mean ± three times its standard deviation 

were rejected (Rogiers et al., 2005; Wohlfahrt et al., 2008). The detection of the u* threshold and 

flux p ost-processing (i.e., gap-filling, partitioning  of NEE into GPP and total ecosystem 

respiration ) was conducted with the R package REddyProc (Wutzler et al., 2018). The flux 

footprint was estimated following  Kljun et al. (2004).  

2.3.6. Relationships of leaf elongation rate, GPP and meteorological variables 

Data were aggregated and analysed using R (Version 3.6.3 with RStudio 1.2.5042). All data 

were transformed into UTC (for Figure 2-2, CET was used). Civil dawn served as threshold to 

distinguish between d ay and night . When the sun reaches 6° below the horizon, we speak of 

civil dawn, or civil twilight. This time of the day has been shown to be important for the 
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biological activity  of both flora and fauna (Campbell and Norman, 2012). Any i ncoming 

shortwave radiation after civil dawn was zeroed in data post-processing.  

In order to assess the ranking of the explanatory variables at different temporal resolutions, 

the data were aggregated to hourly mean s, based on the UTC timestamp. The diel period, 

ranging from sunrise to the next sunrise, thus encompassing a full day of sunlight as well as 

the following night, served as a basis for the daily means.  

A cross-correlation analysis using a cross-correlation function (CCF) was performed to 

investigate the time lags between the response of the LER and the environmental variables. 

With CCF it is possible to compare entire time-series with each other. CCF computes the 

correlation between a given variable at a certain point in time ( t=0) and another given variable 

at another point in time ( t=0+h) and thus allows to investigate time lags between time series 

data.  

To investigate if a combination of variables would improv e the prediction of LER,  several 

linear regression models were run. Each model was run with either a single variable or a 

combination of variables attempting to predict LER on an hourly scale. Using variable 

importance decomposition the relative importance of each variable for the models was 

calculated (Grömping, 2015, 2006). To account for missing data, only complete entries were 

used in the model.  
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 Results  

2.4.1. Leaf elongation rates, CO2 fluxes and meteorological variables 

 

Figure 2-2. Time series of LER and environmental variables for two measurement periods (22.03.2019�t28.03.2019, a�te, with 
seven leaves from one panel; 05.04.2019�t09.04.2019, f�tj, with 25 leaves from three panels). Mean LER (red) with standard 
deviation (black) are shown in panels a, f; GPP in b, g; soil temperature at -1.5 cm below ground (red) and air temperature 
(blue) at 2 m above ground in a, h; incoming shortwave radiation in d, I and VPD is shown in e, j. Grey areas indicate night 
hours.  
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Close relationships between the variables (LER, GPP, air and soil temperatures, incoming 

shortwave radiation, and VPD) were observed. All investigated variables follow ed a diel 

pattern, with maxima around noon and minima during the night. However, variables varied 

in smoothness of diel cycle and in appearance of local maxima. 

During  the first measurement period (22.03.2019�.28.03.2019, Figure 2-2a�.e), the diel patterns 

of LER, air and soil temperatures, and VPD were more pronounced than in the second 

measurement period (05.04.2019�.09.04.2019, Figure 2-2f�.j). The LER varied during daytime , 

but usually peak ed around noon. During the  night , LER was usually  low , but in some nights 

noticeable growth occurred (e.g. 25.03.2019, 07.04.2019, 08.04.2019, 09.04.2019). GPP (Figure 

2-2b and g) and SW (Figure 2-2c and i) showed a similar  diel  pattern as LER. Air and soil 

temperatures (Figure 2-2c and h) represented a very smooth diel cycle, reaching maximum 

values after noon. Air temperature was generally higher  than soil temperature , except for three 

days when soil temperature was higher than air temperature  (24.03.2019, 25.03.2019, and 

08.04.2019). VPD in most cases resembled air temperature, as it is derived from air temperature 

together with air humidity .  
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2.4.2. Relationships of leaf elongation rate, GPP and meteorological 

measurements at different temporal scales  

 

Figure 2-3. Relationships of LER and environmental variables shown for two different temporal resolutions and two different 
time frames considering both measurement periods: hourly values for 24 h (a�te) and for diurnal (dawn until dusk) data (f�tj) 
as well as daily mean values for a full day (k�to) and the daily mean, considering only diurnal data (p�tt).  

For the hourly  diel data (Figure 2-3a-e), all variables related positively to LER. GPP showed 

the strongest relationship with LER (R2 = 0.54), followed by shortwave radiation  (SW) (R2 = 

0.49), and air temperature  (R2 =0.41). Soil temperature only show ed a weak relationship (R2 = 

0.26), and VPD was not related significantly  with LER  (R2 = 0.073). When taking into account 

diurnal  data (i.e., dawn until dusk)  at hourly resolution (Figure 2-3f-j), the results were 

comparable to the highly resolved diel data . GPP showed the strongest relationship with LER 

(R2 = 0.51) followed by shortwave radiation  (R2 = 0.44) and air temperature  (R2 =0.32). Again, 

soil temperature shows only a weak relationship (R2 = 0.16) and VPD was not correlated with 

LER (R2 = 0.046). It is notable that the coefficient of determination decreased for all investigated 

variables compared to the diel dataset. Overall, it is also notable that plants did always show 

growth even at temperatures close to 0 °C. 

A comparison between hourly and daily data reveal ed that the ranking between the 

explanatory variables changed. In both the diel  (Figure 2-3, k to o) and the diurnal  (Figure 2-3, 

p to t) dataset, air temperature shows the strongest relationship (R2 > 0.7), which is also the 

strongest relationship of the entire analysis shown in Figure 2-3. In the diel dataset, this is 
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followed by soil temperature (R 2 = 0.67) and GPP (R2 = 0.44), whereas shortwave radiation and 

VPD have week relationships to LER (R2 = 0.08, R2 = 0.017, respectively). In the diurnal dataset , 

GPP showed the second strongest relationship (R2 = 0.48), whereas the other variables were 

weekly  related to LER (p < 0.05).  

 

Figure 2-4. Correlograms for LER versus SW, GPP, air temperature and soil temperature for both periods. The dashed blue line 
corresponds to the 95% confidence interval. The auto-correlation function (ACF) is shown at a respective lag. Maximum R2 

values were calculated separately and are shown with their respective lag on top.  

When inspecting the cross-correlation  analysis of diel measurement of LER (both periods were 

taken together) at hourly resolution against incoming  shortwave radiation , GPP, air 

temperature and soil temperature, a time lag between LER and air and soil temperature was 

observed (Figure 2-4). The results showed that for the incoming shortwave radiation  the 

strongest relationship (R2 = 0.54) occurred without any temporal lag . Similarly , for GPP, the 

strongest relationship  (R2 = 0.55) was found without any temporal lag. On the other hand, the 

strongest relationship  of LER with soil temperature (R2 = 0.7) appeared at a lag of -3 h, and for 

air temperature (R2 = 0.68) at lag -2 h. This indicates that the LER was related with soil 

temperatures and air temperatures measured 3 h, respectively 2 h later.  
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2.4.3. Linear regression model 

 

 

Figure 2-5. Coefficients of determination for linear regression models for different sets of input variables. The coefficient of 
determination corresponds to the full height of the bar plot. The relative importance of a certain variable in multi factor models 
is shown in different colors.  

To assess how plant growth can be best predicted under field conditions, we compared 

individual variables and combinations of variables to model LER at hourly scale (Figure 2-5). 

Both measurement periods were combined and used as model input. For each model, the 

relative importance of each variable was calculated. Combining more than one variable 

improved the results in most cases, apart from the combination of VPD and soil temperature.  

Models which included incoming shortwave radiation, GPP and air temperature performed 

best. These were also the variables that yielded the best linear relationships when used in a 

single factor model. VPD had the lowest importance in all models. GPP and incoming 

shortwave radiation show similar performance, both as single variable and when used in 

multi -factorial  models. The best two factorial model was air temperature with GPP, the best 

three factorial model air temperature, GPP and soil temperature, and the best four factorial 
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model air temperature, GPP, soil temperature and VPD. It can also be seen that the two 

factorial models that include GPP or shortwave radiation and temperature perform nearly as 

well as the three to four factorial models.  

  Discussion 

2.5.1. Diel patterns of leaf elongation rate, environmental variables, and gross primary 

production 

The leaf elongation rates measured in this experiment range from 0 to 2.0 mm h-1 and 

comparable to the rates reported by Nagelmüller et al. (2016). The authors found leaf 

elongation rates for wheat in the tillering phase between 0.25 to 0.5 mm h-1 for temperatures 

under 5 °C, and rates up to 2 mm h-1 for temperature above 5 °C. The environmental variables 

reported are also comparable to variables reported for this long -term field research site 

(Emmel et al., 2018). Soil water content remained at field capacity throughout the experiment.  

We observed similar diel patterns of LER, GPP and environmental variables. LER seems to be 

closely connected to SW and GPP (Figure 2-2 f-j). If SW decreases abruptly, LER also decreases 

and there is a decline in GPP. These finding s are also supported by the negligible time lag 

between SW or GPP and LER (Figure 2-4), however LER precedes increases in soil temperature 

or air temperature by two to three hours. Whereas GPP is closely connected to the assimilation 

of carbohydrates via photosynthesis, incoming shortwave radiation creates the potential for 

photosynthetic activity , and LER is a proxy of aboveground biomass increase (Briggs et al., 

1920; Muller et al., 2001; Nagelmüller et al., 2016; Rajendran et al., 2009). In our study , we found 

that the maximum of growth activity coincides with the maximum of GPP production of  the 

canopy, which happens at the time of highest light intensity . At this time, stomata are wide 

open, CO2 is taken up and water vapor is released �. if VPD permits and no water stress occurs 

(Yates et al., 2019). We found a strong temporal relationship between GPP or solar irradiance 

and LER (see e.g. Figure 2-4), which indicates that under the conditions prevalent during the 

experiment (a typical European spring 2019, moderate increase in temperature, moderate sun 

activity , and sufficient water avail ability)  plant growth occurred indeed simultaneously to the 

assimilation of carbohydrates. This is remarkable, since the processes involved happen in 

tissues that are separated by a few centimeters from each other, connected by the phloem. Leaf 

growth happ ens in the meristematic tissue of the leaf sheath that is part of the pseudostem of 
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the plant and that is not exposed to sunlight . However, environmental changes can influence 

the phloem speed considerably (Kuzyako v and Gavrichkova, 2010). While it can be assumed 

that the photosynthetic ally  active tissue of the young leaves has its assimilation maximum at 

the same time as the other leaves in the canopy, the majority of CO2 uptake will occur in fully 

grown, older leaves. This means that carbohydrates fostering growth in the elongation zone 

of the wheat leaf are immediately fed into the growth processes and thus into the elongation 

of cells and the extension of cell walls.  

There has been little research on the temporal coincidence of LER in field environments with 

air temperature  and soil temperature. We found that LER precedes soil and air temperature 

by 2 to 3 h. To our knowledge this study is the first one to report such a lag between growth 

rates and temperature. This can be accounted to the fact that there are almost no studies that 

have investigated growth pattern in such high temporal resolution in field environments. Still, 

when looking at Figure 3 in  Nagelmüller et al. (2016), a similar observation can be made, 

although the authors did not mention this in their manuscript.  

Comparing the results to growth chamber or green house experiments is challenging, since 

microclimatic conditions strongly differ to the open field. Besides, studies that investigated 

growth patterns in such detail  focused on meristem temperature or general relationships 

rather than temporal lags (e.g. Ben-Haj-Salah and Tardieu, 1995; Gallagher et al., 1979; Parent 

and Tardieu, 2012). However, this requires to penetrate the plant with sensors at the meristem 

(e.g. Gallagher et al., 1979) which is barely feasible for field environments  and thus was not 

carried out in this study . Unfortunately, this leaves some room for interpretation since the 

meristem is controlling plant growth. One assumption may be that water that is taken up from 

the soil and flows along the meristem is likely to  have the same temperature as soil 

temperature, since this water originates from the soil,  and consequently the temporal 

progression of meristem temperature did not deviate markedly from soil temperature. On the 

other hand, solar radiation may influence the air temperature close to the soil  surface, and 

thus, the meristem temperature and consequently growth . While it is important to highlight 

the finding that the temporal pattern of LER on very high resolution corresponds closely to 

incoming SW radiation and precedes air and soil temperature, the study design does not allow 

to investigate the effect of meristem temperature due to the uncertainty outlined above.  To 

investigate this further, using the LLT setup together with isotope tracers to follow the 
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pathway of assimilated carbon (Kuzyakov and Gavrichkova, 2010) or e.g. thermocouples to 

measure the temperature inside the plant meristem (Gallagher et al., 1979) would be necessary. 

2.5.2. Relationship of leaf elongation rate, gross primary production and 

meteorological measurements at different temporal scales  

The apparent relationship between LER and environmental variables depends on the 

investigated temporal scale. In contrast to the hourly data , where GPP as well as SW has the 

highest correlation with LER , the relationship between daily average values for leaf growth 

and air temperature (Figure 2-3b and g) show a higher correlation of leaf growth with  soil and 

air temperature. The correlations are even higher, when diel  (Figure 2-3l) and not only diurnal 

(Figure 2-3q) data is taken into account. Overall, temperature seems to be the controlling  factor 

when considering daily averages. This also corresponds to the paradigm of base temperatures 

for crops, e.g. Salazar-Gutierrez et al. (2013). 

These results can also be interpreted in the recent discussion on the two main paradigms about 

how carbon uptake and growth is controlled in plants. The first line of argumentation suggests 

that carbon uptake controls the other drivers of plant growth, while the second one argues that 

other drivers control carbon uptake. This would thus imply that an increase in photosynthesis 

leads to an instantaneous increase in growth activity, in other words,  �Š�œ�1 �•�‘�Ž�1 ���œ�˜�ž�›�Œ�Ž���1 �’�œ�1

�™�›�˜�Ÿ�’�•�’�—�•�1�Š�1�œ�•�›�˜�—�•�Ž�›�1�•�•�˜� �1�˜�•�1�Œ�Š�›�‹�˜�‘�¢�•�›�Š�•�Ž�œ�ð�1�•�‘�Ž�1�ž�™�•�Š�”�Ž�1�˜�•�1�Œ�Š�›�‹�˜�‘�¢�•�›�Š�•�Ž�œ�1�Š�•�1�•�‘�Ž�1���œ�’�—�”���1�œ�’�•�Ž�1�˜�•�1

the plant growth zone is also increased (Körner, 2015). In our case, the strong relation between 

temperature and LER for the daily averages would support that growth processes (i.e. the 

���œ�’�—�”���ü�1�Š�›�Ž�1�•�‘�Ž�1�–�Š�“�˜�›�1�•�›�’�Ÿ�Ž�›�ï�1�
�˜� �Ž�Ÿ�Ž�›�ð�1�•�‘�Ž�1�Œ�•�˜�œ�Ž�1�›�Ž�•�Š�•�’�˜�—�œ�‘�’�™�1between SW radiation and growth 

on the hourly  �•�Ž�–�™�˜�›�Š�•�1�œ�Œ�Š�•�Ž�1�Š�—�•�1�•�‘�Ž�1�•�Š�•�1�‹�Ž�•� �Ž�Ž�—�1�•�‘�Ž�1�•�Ž�–�™�Ž�›�Š�•�ž�›�Ž�œ�1�Š�—�•�1�������1�•�Š�Ÿ�˜�›�1�•�‘�Ž�1���œ�˜�ž�›�Œ�Ž���1

hypothesis. Connecting these thoughts allow the interpretation that under field conditions in 

early growth of winter wheat (where leaf area is still limited) radiation controls  the timing of 

growth while temperature controls the magnitude of growth. The ecophysiological 

explanation for this might be that solar radiation through photosynthesis delivers the 

carbohydrates, but higher (meristem) temperature enables faster (more) cell division and 

growth and consequently more absolute growth per day.  
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2.5.3. Combinations of gross primary productivity and meteorological measurements 

to model leaf elongation rate 

For the modelling analysis as presented here, Fig. 5 shows that a combination of environmental 

variables improves the prediction of LER on short time scales. Models using air temperature 

as input performed better than models without air temperature, even though air temperature 

is not the strongest predictor in single factor models. Since the data show (Figure 2-3) that the 

plants investigated in this study continued to grow even at air temperatures below 5 °C, no 

base temperature was used in the modelling approach. Also Gallagher et al. (1979) found that 

not all cereals seem to show a clear base temperature. As expected, GPP relates well to LER, 

also on fine temporal scales. However, since the relation between LER and GPP has not been 

investigated for cereals, it is still notable. These results suggest that the photosynthesis related 

variable shortwave radiation  complements tissue formation and cell growth related variables, 

such as temperature, in predicting leaf growth. Our findings do not contradict the previous 

studies on LER which identified temperature as the  single most important driver (e.g . 

Nagelmüller et al., 2016). As most crop models focus on crop growth over entire seasons (e.g. 

Chenu et al., 2008; Sands, 1995), the results are not directly comparable. In practical 

applications (e.g. farm management sensors), a robust measurement of GPP is often not 

available, since the maintenance of an eddy flux tower is complex and expensive , - however, 

air temperature and soil temperature are easily measured and can be complemented with data 

from radiation sensors or VPD estimates. This would provide a robust estimate of how much 

and when plants actually grow. Overall, the results of this study give important insights into  

improving the modelling of LER. First, it confirmed that in the early season temperature is a 

good predictor for plant growth. These findings are particularly important for practical 

applications such as biomass estimation in the early season. Second, this study also 

demonstrates that for ecophysiological research and process understanding very high 

resolution measurements allow to reveal the importance of other drivers. Also, similar datasets 

as this one could be used to parameterize crop growth models for modelling crop growth 

beyond daily averages. 
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 Conclusion   

This study  investigated the importance of gross primary production (GPP) and the 

environmental variables air temperature, soil temperature, shortwave radiation and vapor 

pressure on hourly to da ily temporal resolution for the leaf elongation rate (LER) of young 

� �‘�Ž�Š�•�1�•�Ž�Š�Ÿ�Ž�œ�1�˜�—�1�Š�1�•�Š�›�–�Ž�›���œ�1�•�’�Ž�•�•�ï�1 

The highly resolved data revealed that the highest activity in leaf elongation temporally 

coincides with the highest rates of incoming shortwave radiation and GPP, whereas LER 

precedes increases of soil temperature or air temperature by 2�t3 h. These findings imply that 

the observed increase in photosynthesis leads to an instantaneous increase in growth in the 

elongation zone of the wheat leaf and support a sink-centered view of photosynthesis.  Further 

studies that give a better insight into processes that are within the plant (e.g. carbon 

metabolism, phloem speed or meristem temperature) could help to further disentangle the 

main driver for leaf elongation rate in cereals. The study presented here further shows that the 

temporal resolution strongly matters when investigating plant growth. Linear regressions on 

different subperiods demonstrated that temporal resolutions have an influence on the 

importance of predicting variables. Daily aggregates of the data confirmed air temperature as 

the most important var iable, when using a coarser temporal scale whereas on a finer temporal 

scale LER is best explained by either radiation or GPP. Several linear models were run with 

different combinations of input variables and the relative variable importance was 

decomposed. This showed that the most robust single predictor was shortwave radiation. The 

combination of GPP and air temperature was also robust and showed higher correlations. 

Overall, these findings suggest that light controlled the growing pattern in the early g rowth 

of winter wheat, but temperature controlled the magnitude of growth. These findings can 

support more sustainable agricultural management practices in the future by improving our 

understanding of crop growth under field conditions and thereby giving i nsights on how to 

refine crop growth models that may inform farmers.  
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3.1.  Abstract 

In recent years there has been a growing interest in the use of remote sensing tools improve 

the management of our agroecosystems. Agricultural fields are seldom completely 

homogeneous. Soil, slope, and previous management decisions can influence the conditions 

under which a crop grows  �. consequently, understanding  in-field heterogeneity is crucial for 

a more sustainable management. At the same time, high temporal and spatial resolution 

satellite data is becoming increasingly available. Seen from a remote sensing point of view , 

one major question is what resolution provides the best results and what system is overall the 

most suited for a certain application.  

This study presents a workflow to investigate the effect of ground sampling distances (GSD) 

between 0.5 to 20 m on apparent heterogeneity. Based on this workflow temporal change of 

apparent heterogeneity throughout two seasons at 17 famers���1�•�’�Ž�•�•�œ�1� �’�•�‘�1�•�’�•�•�Ž�›�Ž�—�•�1�Œ�›�˜�™�1�œ�™�Ž�Œ�’�Ž�œ�1

at 36 dates are investigated. The findings  experimentally confirm the theoretica l assumption 

that management of fields with higher heterogeneity would profit from higher spatially 

resolved information. Compared to the baseline, relative differences by means of the relative 

root mean square error varies between 0.0 and 0.3 for the NDVI and between 0.0 and 0.23 for 

the NDRE with decreasing GSD. The effects are most pronounced in maize and least 

pronounced in low intensity grassland. Moreover, it is  shown how in -field heterogeneity 

varies throughout the season, across vegetation indices and crop species. Overall, the study  

gives important insights regarding when and how interpreted remote sensing data can help 

to disclose in-field heterogeneities for whi ch crop from a technical and agronomical point of 

view.   
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3.2. Introduction 

In recent years, there has been a growing interest in the use of remote sensing tools to improve 

the management of our agroecosystems. In agriculture, h eterogeneity within a field is a major 

challenge (Oerke et al., 2010; Patzold et al., 2008; Schellberg et al., 2008). Agricultural fields are 

seldom completely homogeneous. Soil, slope, and previous management decisions can 

influence the conditions under which a cr op grows and determine its current appearance. 

Additionally, during crop growth , the appearance of a crop changes due to adaption to local 

conditions and phenology (Nijland et al., 2014; Roth et al., 2021).  

Currently, remote sensing products derived from satellites or drones are used to assess 

agricultural fields from above. Tools of precision agriculture aim to use geo-referenced 

knowledge about the crops to support management decisions such as provid ing the right 

amount of fertilizer  in order to  prevent under - or over oversupply with e.g. nutrients (Argento 

et al., 2020; Córdoba et al., 2016). Areas in the field with a similar crop status are combined to 

a management zone, which can be managed individually (Córdoba et al., 2016). The higher 

the difference in crop status is, the more management zones need to be separated. Economic 

studies have explored the relationship between field heterogeneity and the return o n 

investment on farm equipment and found that the use of (expensive) precision farming 

equipment is justified only once a certain threshold of heterogeneity in the field is reached 

(Späti et al., 2021). It is therefore crucial to investigate methods that allow for assessing the 

heterogeneity of a field.  

 

Regarding the remote sensing-based assessment of heterogeneity, the i) spatial, ii) spectral and 

iii) temporal dimension need to be considered. When it comes to the spatial dimension (i), in-

field heterogeneities can be small scale, e.g., in case of differences in the sowing, or large(r) 

scale, e.g., in case of soil gradients. Most remote sensing studies on crops used the ground 

sampling distance (GSD) that was given by the measurement equipment (e.g. 10 m or 20 m for 

Sentinel-2, see Gatti and Bertolini , 2018). However, with the increasing availa bility of higher 

resolution data , may it be from satellite constellations such as PlanetScope (Houborg and 

McCabe, 2016) or drone systems that offer increased coverage �û���˜�•�‘�1�Š�—�•�1���à�
�”�à� �ð�1�X�V�W�\�ü, the 

question of relevance turns towards: What resolution provides the best results and, what 
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system is overall the most suited for a certain application when evaluating  the information 

quality against the effort /costs? A large body of studies have investigated what spectral bands 

(ii) are suited to detect certain traits (Weiss et al., 2020). In this context it is also increasingly 

recognized that the performance of retrieval methods may change with phenological 

development of crops (Aasen et al., 2014; Gnyp et al., 2014; Li et al., 2010; Yu et al., 2014). 

Furthermore, when it comes to in -field heterogeneity, plants can adapt to local circumstances 

and thus, in-field heterogeneity might change over time  (iii) . This raises the question on how 

consistent spatial heterogeneity is through time and seen from a remote sensing perspective: 

When and how often do we need to capture information to be able to provide a reliable basis 

for decision making for a certain management? Finally,  it needs to be considered that different 

crop species grow differently. Therefore, all the three dimensions of remote sensing need to be 

investigated for each crop individually. However, only few studies have performed an overall 

assessment of agricultural fields regarding the heterogeneity (Heuvelink and van Egmond, 

2010; Horta and Bishop, 2013; Leroux and Tisseyre, 2019). 

With this study , we want to gain further insights into the above-mentioned questions. Based 

on very-high spatial resolution (0.5 m) data captured from 17 fields, with multiple crop species 

at 36 dates across two seasons we  

�x Develop a workflow to investigate the effect of  different  GSD on apparent 

heterogeneity. 

�x Investigate the temporal changes of heterogeneity throughout the season for different 

crop species. 

�x Investigate the impact of GSDs from 0.5 to 20 m GSD on the apparent heterogeneity. 
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3.3. Material and Methods 

3.3.1. Field Site 

The data collection was carried out in north -east Switzerland, near the plant research station 

of ETH Zürich (Swiss Federal Institute of Technology) (47.44952°N, 8.68214°E, 553 meters 

above sea level).   

The study area of approximately 50 ha included multi ple fields including winter wheat, 

canola, maize, sugar beet, sunflower, and grassland. Most soils are classified as cambisol or 

calcaric cambisol, with some gleyic areas (ALN, 1996) and as high quality agricultural  soil 

(ALN, 2021). The fields were managed by the cantonal agricultural school and experienced 

farmers according to good agricultural practice.  

3.3.2. Data collection 

The data was collected using a vertical-take-off -and landing fixed -wing UAV of the brand 

Wingtra  (Verling et al., 2017). Fixed-wing drones manage to cover 50 to 100 ha in one flight 

and are thus ideal for research on crop monitoring approaches on a regional scale. The study 

was conducted in compliance with the Swiss aviation law valid at the time of data collection. 

Measurements were generally taken in sunny and cloud-free weather conditions, with a pre�.

programmed flight plan  that ensured a side overlap of 70-80%. In total, 36 flights were 

conducted over the study area for the research presented here. In 2019, 21 flights from March 

to December and in 2020, 15 flights from January to September were conducted. 

During  the experiment, the UAV captured data with three different multispectral cameras by 

the same manufacturer: RedEdge-M (between 2018 and 15.04.2020), RedEdge-MX (between 

28.04.2020 and 12.06.2020) and Altum (from 12.06.2020) by MicaSense. This was necessary due 

to a damage to the device in spring 2020. The multispectral cameras RedEdge-M and RedEdge-

MX captured data in 5 bands of the RGB and near infrared spectrum, and the Altum also 

captured data in the LWIR range (not used in this study) . All cameras offered a ground 

sampling distance between 5 and 8 cm, depending on the flight height. The specifications of 

each camera with central wavelength and bandwidth are shown in  Table 3-1.  
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Table 3-1: Center wavelength and the full with half max in parentheses for each band of the cameras used in the experiment 
in nm. 

 

 

 

 

 

 

  

Band name RedEdge-M RedEdge-MX Altum 

Blue 475 (20) 475 (20) 475 (32) 

Green 560 (20) 560 (20) 560 (27) 

Red 668 (10) 668 (10) 668 (14) 

Red-Edge 717 (10) 717 (10) 717 (12) 

Near IR 840 (40) 840 (40) 842 (57) 
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3.3.3. Data pre-processing 

The data processing was divided into different steps, which are visualized in Figure 3-1. 

  

Figure 3-1. Workflow of data processing. On the left side, the processing step is briefly explained. In the circle, a graphical 
representation of the intermediate product can be found (the colours and shapes are corresponding to the colours used in the 
results section). On the right, the intermediate product is described.  

3.3.4. Orthomosaic generation 

Applying the well -established structure from motion technique,  (see e.g. Aasen et al., 2018, 

2015) the orthophotos captured by the multispectral cameras were stitched together to form 

an orthomosaic using the programme Agisoft Metashape (LLC Agisoft, 2021). To georeference 

the orthomosaics, ground control points were permanently distributed across the area, 

registered with a high precision GNSS (< 0.02 m) and marked in the images. The radiometric 
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calibration for each scene was performed using the downwelling light sensor of the camera , 

which measures the incoming radiation,  and a small correction panel provided by the 

manufacturer according to the protocol provided by the manufacturer. Orthomosaics were 

exported using the blending m �˜�•�Ž�1���Š�Ÿ�Ž�›�Š�•�Ž���ï A benefit of this approach is that the radiometric 

values of each point in the scene are averaged among all the input values of the respective 

point.  An inward buffer of 20 m ( approximately  half the footprint of the multispectral camera) 

was applied to the outer border of the orthomosaic to remove border areas of lower quality 

from the analysis. 

3.3.5. Determination of field borders 

All field borders were obtained by visually analysing and drawing the field borders on high -

resolution (5 - 10 cm) UAV orthomosaics. This allowed to identify and exclude all flower strips 

and experimental plots that can sometimes be found at the field borders and would deter the 

statistical analyses. Field borders sometimes changed after a growing season, e.g. because the 

border between two neighbouring fields were re -arranged by the farmer. This was taken into 

account and the lowest common denominator was identified, to ensure the comparability of 

the fields across all seasons. After that, an inward buffer of 1 m was applied to make sure that 

no field border effects affected the spectra gained from the fields (see Figure 3-2a), because the 

agricultural machinery is not able to cultivate a field to the very border. 

3.3.6. Calculation of vegetation indices 

Two vegetation indices were calculated from the multiband orthomosaic. This resulted in a 

single band raster file for each vegetation index. Performing this step right at the beginning 

reduced the data load significantly and sped up all further processing.  

For this analysis, the vegetation indices NDVI and NDRE were chosen, since these indices are 

related to biomass production and crop health and have shown to be useful in previous studies 

(Argento et al., 2020; Bendig et al., 2015; Cabrera-Bosquet et al., 2011; Tucker, 1979). The two 

vegetation indices are calculated as follows: 

NDVI = (NIR - red)/(NIR + red)  

NDRE = (NIR - RE)/(NIR + RE) 
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3.3.7. Co-registration to Sentinel-2 Grid and resampling 

All orthomosaics were spatially registered to the Sentinel -2 tiling grid  (Gatti and Bertolini, 

2018). This process is often neglected when working with UAV data (Turner et al., 2014), but 

it  ensures the data comparability within  all the orthomo saics of the data set presented here 

and gives way for future analyses, e.g. data comparison to other remote sensing products 

(Brown, 1992; Martínez-Carricondo et al., 2022). This process is further very important, when 

dealing wi th resampled products, since the error due to a missed co-registration may be up to 

one pixel, in our case, 20 m (see Figure 3-2). The co-registration  was performed by reprojecting 

the orthomosaics into an empty grid with the exact same resolution as the original orthomosaic 

but the geographic origin of the Sentinel -2. 

The co-registered orthomosaics were then resampled to 0.5 m GSD, using a bilinear 

int erpolation algorithm. Th e 0.5 m GSD orthomosaic served as the new baseline for further 

analyses. This baseline orthomosaic of 0.5 m GSD was later aggregated to 5 m, 10 m and 20 m 

GSD to represent the GSD similar to PlanetScope satellite (Hou borg and McCabe, 2016) and 

Sentinel-2 satellite (Gatti and Bertolini, 2018).  

3.3.8. Extraction of field information  

From each orthomosaic in each GSD, the fields were extracted using the shapefiles of the fields 

(c.f. subsection 3.3.5), as visualized in Figure 3-2. The resulting shapefile of each field was then 

applied to a 20 m GSD raster file which had been co-registered to a Sentinel-2 tile  from the area 

to extract all pixels that were within the shapefile. The compound of these pixels served as the 

field area for all subsequent analyses. Figure 3-2b-e) show the same compound area that was 

extracted from the field in Figure 3-2a in various GSDs (0.5 m, 5 m, 10 m, 20 m). From the 

extracted fields, the field statistics (such as mean, median, standard deviation, coefficient of 

variation) were calculated and stored in a summary table. Furthermore, a second table was 

generated to store the value (NDVI or NDRE) and the coordinates for each pixel.  
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Figure 3-2. Overview of data extraction from orthomosaics to single fields for analysis.  
a): RGB orthomosaic by UAV of agricultural fields from 14.09.2020. The blue shape represents the true shape of the field, 
whereas the red shape represents the area that was extracted and analysed.  
b �t e): The rectangles show the extracted area with varying GSD of 0.5 m, 5 m, 10 m, and 20 m, respectively.  

3.3.9. Heterogeneity assessment 

Generally, there are several methods to assess the heterogeneity of an area. Since the 

vegetation index maps show continuous data, the coefficient of variation was chosen to assess 

the in-field heterogeneity. The coefficient of variation is a measure of distance of the standard 

deviation to the mean and is calculated as follows (Weiss and Milich, 1997)  

CoVij=sij /mij 

3.3.9.1. Comparisons of apparent heterogeneity at different GSD 

The resampled versions were then compared to the baseline 0.5 m. The relative difference was 

obtained by dividing values obtained f or the 5m, 10 and 20 m GSD resolutions by the values 

obtained from orthophotos of the baseline 0.5 m resolution , resulting in a factor . 

The relative root mean square error (RRMSE) was obtained to quantify the difference of the 

NDVI or NDRE of a single pixel relative to the mean of the NDVI, respectively NDRE of the 

entire orthomosaic between different resolutions. The RRMSE is obtained by dividing the 

regular root mean square error between the observed (0.5 m GSD) and the projected data set 

(5, 10 or 20 m GSD) by the mean of the observed (0.5 m GSD). The RRMSE is a goodness of fit 

measure and is interpreted as follows: excellent <10%, good < 20%, fair  <30 % and poor > 30% 

(Heinemann et al., 2012; Jamieson et al., 1991).  
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3.4. Results 

3.4.1. Apparent heterogeneity throughout the season   

The first set of analyses aimed to examine the changes of the field heterogeneity throughout a 

growing season. Figure 3-3 illustrates the example of a time series of orthomosaics of a wheat 

field displaying the NDVI at different dates from 2020 -03-16 to 2020-07-07. Overall, the NDVI 

of the field is increasing between March and the beginning of April and reaches a maximum 

around May before it declines again.  

 

 

Figure 3-3. Orthomosaic time series of a wheat field in 0.5 m GSD, displaying the NDVI. The date is shown above the 
orthomosaic. Colour scale corresponds to NDVI value and is the same as in Figure 3-4 and Figure 3-5. 

The apparent in-field heterogeneity changes through time. Within the field, tramlines (traces 

that the tractor leaves when driving through the field) with lower NDVI values are visible 

throughout the time series. Additionally, there is a large section in t he field with lower NDVI 

values between two tramlines, spanning the entire field from south to north, which is very 

well visible in March and July, but is also visible in all other dates. This is not the case for the 

small area with lower NDVI values in th e North of the field which is well visible in March and 

April but has disappeared by the end of May.  
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For a detailed analysis of the heterogeneity of the NDVI and the NDRE values found in one 

field, all data from the NDVI orthomosaics of the wheat field fr om Figure 3-3 were extracted 

and displayed as ridgeline plot, as shown in Figure 3-4 and Figure 3-5. 

 

Figure 3-4. Ridgeline plot of estimated data densities. Data extracted from corresponding orthomosaic time series of a wheat 
field in 0.5 m GSD, displaying the NDVI. Colour scale corresponds to colour scales in Figure 3-3 and Figure 3-5. 

 

Figure 3-5. Ridgeline plot of estimated data densities. Data extracted from corresponding NDRE orthomosaic time series of a 
wheat field in 0.5 m GSD. Colour scale corresponds to colour scales in Figure 3-3 and Figure 3-4. 
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The NDVI and the NDRE rise throughout the vegetative season and reach their maximum in 

May, and decline again afterwards . Whereas the NDVI peaks at 0.85, the NDRE reaches only 

values up to 0.62. Since both the NDRE and the NDVI are indices with a maximum possible 

value of 1.0, these figures indicate that the NDVI shows saturation, but the NDRE does not.  

When inspecting the shape of each density distribution function, it is obvious that in the 

beginning of the season in March and April, the NDVI covers a broad range of values. The 

range of a distribution is generally associated with the variability of the dat a and consequently 

a broader range indicates a higher apparent in-field heterogeneity . When the NDVI reaches 

the highest values in May , the range becomes very narrow. This pattern is generally also 

present for the NDRE. The NDRE also shows a broader range of values during March and 

April and a narrower range in May . Still, the range of the NDVI in the beginning of the season 

(March and April) is broader th an the NDRE's range. During the peak of the season (May), the 

opposite is true and the NDRE shows a broader range of values. After the peak, both indices 

show comparable data ranges apart from the last date in July, where the range of the NDVI is 

again broader compared to the NDRE. What also stands out in Figure 3-4 and Figure 3-5 is 

that the skewness of the density distributions is changing throughout th e season and shows 

different patterns for NDVI and NDRE. Skewness is associated with the distribution of the 

data values themselves. For March and April, the density distributions of the NDVI show a 

strong left -skewed trend, this means that there are more values which are below the mean, 

than e.g. during May, where we find an evenly distributed dataset. The NDRE does show only 

a slight trend for left -skewedness for April and a strong right -skewed trend for the last 

measurement point displayed in July. This can also be seen for the NDVI. 

In summary, these results show that a field when assessed with either the NDVI or the NDRE 

does show a variability in data range and this variability changes both spatially within the 

field ( Figure 3-2) and also temporally throughout the season (Figure 3-2, Figure 3-3 and Figure 

3-4). The results further display that the NDVI and the NDRE do show differen t amounts of 

variability.  
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3.4.2. Apparent heterogeneity throughout the season for different crops  

In order to compare the field heterogeneity quantitatively between fields and across time, the 

coefficient of variation was calculated as a measure of heterogeneity for each field and date. 

Figure 3-6 shows the coefficient of variation of the NDVI and NDRE time -series of all crops 

for 16 fields and 2 seasons. The gaps in the time series corresponds to times, where no crops 

were on the field or fields were not covered during a flight.  

It can be seen from Figure 3-6 that a crop species broadly show the same trends for the 

coefficient of variation when it comes to increases or decreases even when grown on different 

fields. This is e.g. visible for wheat, barley, maize or sugar beet. For maize, there is a small shift 

in time between different fields during the seasons of 2019 and 2020. In 2019, Field_I shows an 

increase before Field_C, which then reaches maximum values. Also, in 2020 Field_D shows an 

increasing trend in the coefficient of variation before Field_E. Overa ll, the trends in rising and 

decreasing after a peak (e.g. maize or sugar beet) are comparable. The magnitude of the 

coefficient of variation however varies between the fields. Generally, the coefficient of 

variation is highest for maize (up to 0.5), sugar beet (up to 0.3), and catch crops (up to 0.5) in 

both years. But not all fields that were planted with maize reached a coefficient of variation of 

up to 0.5. For sugar beet, all the fields reached very similar values. It must be mentioned 

though that catch crops constitute of a mixture of plant species and their canopy is therefore 

very heterogeneous. When comparing the coefficient of variation calculated on the basis of the 

NDVI with the NDRE it is striking that the indices differ both in absolute values and 

sometimes also in the general temporal trend. E.g. there is an increasing trend for NDVI in 

canola for 2019 reaching values for the coefficient of variation of up to 0.2, which is not 

reflected in the NDRE, which reaches only values around 0.1. Generally, what emerges from 

Figure 3-6 is that there are differences in field heterogeneity between crops, but the same crop 

species tend to show a comparable temporal evolvement even when grown on different fields.  
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Figure 3-6. Coefficient of Variation of NDVI and NDRE time-series of all crops for 16 fields and 2 seasons. Each panel 
corresponds to one crop while the colours correspond to the fields. The legend applies to both panels.  
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3.4.3. Influence of GSD on apparent field heterogeneity  

To compare the differences in information quality of different ground sampling distances wi th 

regard to the assessment of spatial heterogeneity, the orthomosaics were resampled to 

different GSDs (from 0.5 m GSD to 5 m, 10 m and 20 m GSD), as shown in Figure 3-7 (a-d). 

 

Figure 3-7 a-d) Orthomosaic of 09.04.2020. It is the same wheat field as in Figure 3-3, displaying the NDVI in different GSD. 
The scale of the NDVI corresponds to Figure 3-3, Figure 3-4 and Figure 3-5.  
e-g) a relative orthomosaic, obtained by dividing the 5 m GSD (f: 10 m GSD, g: 20 m GSD) orthomosaic by the 0.5 m GSD 
orthomosaic.  

These orthomosaics indicate that there is a decrease in information detail with higher GSDs. 

E.g. the tramlines are still clearly visible in the orthomosaic with GSD 0.5 m and can be roughly 

seen in GSD 5 m, but they are no longer visible in GSD 10 m or GSD 20 m. Also, the small area 

with lower NDVI values in the north of the  central tramline  is still visible in GSD 0.5 m and 

GSD 5 m but has disappeared in GSD 10 m and GSD 20 m. Large areas in the field, such as the 

area with lower NDVI values between two tramlines, spanning the entire field from south to 

north are still visible in all GSDs , although with a lower spatial details at the boarders . In order 

to quantify the effect of a coarser GSD on the estimation of the NDVI, all resampled 

orthomosaics of 5 m, 10 m and 20 m GSD were divided by the 0.5 m GSD orthomosaic (Figure 
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3-7 e - g). Areas, where the NDVI is higher in the resampled orthomosaic compared to the GSD 

0.5 m resolution, have a factor higher than 1, which means that the resampled image is 

overestimating the NDVI. In contrast, areas in which  the NDVI is lower in the resampled 

orthomosaic than in the 0.5 m GSD orthomosaic, show a factor below 1, which means that the 

NDVI was underestimated. Factors around 1.0 indicate that the NDVI was estimated  closely 

to the reference (0.5 m GSD). What stands out in Figure 3-7 (e - g) is that with successive 

increases in GSD from 0.5 m GSD to 5 m, 10 m and 20 m GSD, the area that is underestimated 

is also increasing. This is especially visible in the map that displays the resulting factor of 20 

m / 0.5 m GSD. In this map, we find a large area with a factor between 0.9 and 0.9, spanning 

from North to South of the field. Th is effect is less strong in the other two maps. It is 

noteworthy, that there is also an area with a factor higher than 1.1 in the South of the field. 

Further, it is apparent that the smaller features such as tramlines or also the smaller area in the 

North with lower NDVI values are not well represented in the resampled orthomosaics with 

higher GSDs and result in a factor of higher than 1.1, which corresponds to overestimation of 

NDVI.   

 

Figure 3-8. Time series of density distributions of the factors obtained by dividing the orthomosaic of the wheat field Figure 
3-3 in GSD 5, 10 or 20 by GSD 0.5, calculated for NDVI (left) and NDRE (right). The colours correspond to the GSDs. 
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In order to quantify the qualitative assessment of Figure 3-7, Figure 3-8 shows a time series of 

density plots for the NDVI and  NDRE for a growing period of winter wheat . A density plot 

with a peak below 1.0 translates into the majority of the values being underestimated, whereas 

density plots with a peak above 1 translate into the majority of the NDVI  and NDRE values 

being overestimated. Generally, all peaks are below 1.0 for both the NDRE and NDVI, apart 

from the measuring point in July, where there is no clear peak. For March and early April, the 

range of the values of both indices is very broad, spanning from 0.9 to 1.1, this means, that 

although there is a slight shift towards values below 1.0, the whole range is still covered. This 

changes mid-April and is very well visible for May and June, where there is a concentration of 

values below 1.0 and the range for the NDVI is betwe en 0.95 and 1.05 and for the NDRE the 

range is broader. Regarding the different GSDs, it can be seen in Figure 3-8 that from March 

to April there is onl y a slight difference between the density plot of the factors of different 

GSDs. This means that overall the resampled 5 m GSD, 10 m GSD and 20 m GSD orthomosaic 

captured the distribution of the NDVI / NDRE of the original 0.5 m GSD orthomosaic 

comparably. From May to early June this changes: for both the NDVI and the NDRE the peak 

of the GSD 5 m density is shifted towards 1.0 and is higher than the GSD 10 m and 20 m. This 

means that the original 0.5 m orthomosaic is best represented by the 5 m GSD orthomosaic, 

followed by the 10 m and 20 m GSD orthomosaic. In June, this effect is less visible in the NDVI, 

but still  prominent  in the NDRE and in July all factors of resampled orthomosaics show a 

similar density distribution.  

What emerges from the results reported in Figure 3-7 and Figure 3-8 is that an orthomosaic 

with a higher GSD shows NDVI and NDRE values that are below the values of the 0.5 m GSD 

orthomosaic. This effect is showing a certain spatial variability, meaning that not all areas in 

the field are falsely represented in the same way. Furthermore, there are also temporal 

differences and especially during April and May there is a difference between GSD 5 m, 10 m 

and 20 m, where the orthomosaic with GSD 5 m is representing the original high resolution 

orthomosaic (0.5 m GSD) best. It is noteworthy that these effects are present for both indices 

albeit not in the same strength. Generally, it seems that the NDVI  is more impacted than the 

NDRE.  
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Figure 3-9 Relative root mean square error for each field and date, sorted in groups of GSDs. Colours corresponding to the 
value of the RRMSE, whereas a) is displaying the NDVI and b) the NDRE.  

The RRMSE was used to determine the deviation between orthomosaics of GSD 5 m, 10 m and 

20 m and the baseline orthomosaic of 0.5 m GSD. The RRMSE was calculated for each field, 

each measurement time (as shown in Figure 3-6) and each resampled GSD and is displayed in 

Figure 3-9. The time series is not complete, since e.g. fields with bare soils or fields that were 

only partially covered by the UAV flight were exc luded. From this figure it is apparent that 

the RRMSE varies between 0.0 and 0.3 for the NDVI (Figure 3-9a) and between 0.0 and 0.23 for 

the NDRE (Figure 3-9b). Generally, high RRMSEs for all crops and both vegetation indices can 

be associated with GSD 20 m. The RRMSE differs between crops: whereas cereals like barley 

and wheat show RRMSEs between 0.1 and 0.14 in all GSDs, sugar beet and maize show higher 

RRMSEs in 20 m GSD, up to 0.29 (see e.g. Maize Field_E on 2020-05-27 in GSD 20 m), which 

means that in this case, the resampled orthomosaic of the maize field differs up to 40% from 

the original 0.5 m GSD orthomosaic. Catch crop also shows relatively high RRMSEs of up to 

0.3 in NDVI (see e.g. Field_C on 2019-09-11), but it must be taken into account that catch crop 

is a very diverse set of crops. It can also be seen in Figure 3-9a) that the temporal trend of the 

RRMSE of crops of the same species is comparable for the NDVI. Wheat grown in spring 2020 

on fields R, L, M and S show RRMSE values of 0.04 to 0.8 for January to mid -May. These values 

drops to 0.01 to 0.03 in May and rise again in July. There is also a temporal pattern for maize 

with time points of high RRMSEs followed by low RRMSEs, but the trend is less strong. There 

is e.g. a difference between the maize grown on Field_D and the maize grown on Field_L and 

Field_F. On Field_D, the RRMSE for all GSDs rises between 2019-06-07 and 2019-06-13 strongly 

from around 0.06 to 0.14 in GSD 5 m and remains high until 2019-07-10 where it starts to 

decline again towards 0.05 for July and afterwards rise again to 0.07 until October. In general, 

this temporal trend of rise and fall can also be found in the NDRE ( Figure 3-9b), however it is 

far less pronounced. Regarding the NDRE, the RRMSE for the maize in Field_D ranges only 

between 0.04 and 0.15 for GSD 5 m, and 0.14 to 0.21 for GSD 20 m. It is also notable that the 

RRMSE stays at around 0.05 during the months July �. October. When comparing Figure 

3-9a&b) to Figure 3-6) it is noticeable that higher RRMSEs correspond to higher values of 

coefficient of variation for most cases. This means that when high heterogeneity is found in a 

field at a certain point in time , there is a tendency that the RRMSE is also higher, which means 

that there is a higher deviation in the r esampled orthomosaics from the baseline orthomosaic.  
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In summary, Figure 3-9a and b) showed that the RRMSE differs between species and GSDs 

and points in time. It is also notable that the same crop species tend to have similar temporal 

trends when it comes to the RRMSE, even when grown on different fields.  

3.5. Discussion 

3.5.1. Workflow to investigate in-field heterogeneity at different GSDs 

The objectives of this study were to investigate the temporal changes of heterogeneity 

throughout the season for different crop species and the impact of GSDs from 0.5 to 20 m GSD 

on the apparent heterogeneity based on a dataset of 17 real famers fields at 36 dates within 

two years. In order to carry out such a study a workflow to investigate the effect of different 

GSD on apparent heterogeneity had to be developed. The premise was to stay as close as 

possible to the real situation. The different resolutions were chosen to practical considerations: 

The 0.5 m resolution served as a highly resolved reference baseline and minimized the effect 

of small variabilities in the resolution of slight differences in the above ground flying altitude 

due to topography. This reduced effects such as small scale pixel information mismatch during 

the data product generation  (Aasen et al., 2018, 2015; Aasen and Bolten, 2018). The 5 m 

resolution was chosen because it is close to the nominal GSD of commercial satellite products 

such as PlanetScope. Also, it is close to half of the working width of machinery typically used 

on small fields in Switzerland. The 10 and 20 m resolution corresponds the nominal GSD of 

the Sentinel-2 constellation. 

The Sentinel-2 grid was used as a reference and only data that was fully contained within a 

field in the Sentinel -2���œ�1 �X�V�1 �–�1 �›�Ž�œ�˜�•�ž�•�’�˜�—�1 � �Š�œ�1 �›�Ž�•�Š�›�•�Ž�•�1in the analysis. This assured a 

comparison based on data that was available for all resolutions and was considered as the 

fairest one for a data driven analysis. Still, one could argue that this procedure moderated the 

effect of decreasing resolution because in reality, field heterogeneity increases towards the 

borders of the field, e.g. in the headlands, that can barely be captured with medium resolution 

(10 �. 60 m) Satellite data. Thus, it can be assumed that the effect of a decreased resolution 

presented here are rather conservative.  
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3.5.2. Temporal changes of apparent field heterogeneity 

The first part of this study investigated the change of apparent heterogeneity over time. Both 

the spatial distribution of values of NDVI and NDRE (see Figure 3-3 and Figure 3-10 in the 

appendix) and the range of the values show how the heterogeneity of the fields changes over 

time (Figure 3-4 and Figure 3-5). In the beginning of the season in March and April the NDVI 

covers a broader range of values than the NDRE and is thus showing more variability than the 

NDRE, even though both datasets were captured on the same field at the same time. A possible 

explanation could be that the NDVI is more sensitive for canopy coverage (respectively green 

biomass), while the NDRE is associated with plant biochemical composition, such as 

chlorophyll content and has been put forward as one way to support precision fertilisation 

management (Argento et al., 2020; Grossrieder et al., 2022; Liebisch et al., 2017; Tucker, 1979; 

Tucker et al., 1980). In May, however, the situation changes. The NDVI starts to saturate 

(Thenkabail et al., 2000) and covers a very narrow data range, whereas the NDRE is covering 

a larger data range, implying that the NDRE then is better suited to reflect the apparent 

heterogeneity. The heterogeneity caused by differences in biochemical composition are better 

captured by the NDRE and are relevant for precision agriculture, because they happen to occur 

at the time when wheat receives the third split of the fertilization (Richner et al., 2017). 

A visual investigation of the orthomosaics already reveals spatio-temporal changes of the in-

field heterogeneity. Whereas minor patches with lower NDVI values seem to catch up to their 

surrounding over the season, larger areas in the field with lower NDVI values often stay lower 

over the entire vegetation period (as seen in Figure 3-3). A possible explanation might be that 

these small areas could be a consequence of uneven seeding or uneven emergence and that 

neighbouring plants overgrow  these areas. In this case, catching up may be facilitated by the 

fact that in Switzerland wheat is generally receiving up to 3 split fertilizations (Richner et al., 

2017). Therefore, plants in less dense areas have less competition than neighbours have and 

receive higher nutrient input, which leads to a dynamic  catch up in growth . The larger parts 

in the field that are not recovering could be due to soil irregularities (Argento et al., 2020).  

To compare the field heterogeneity quantitatively between fields and across time, the 

coefficient of variation was calculated as a measure of heterogeneity for each field and date, as 

shown in Figure 3-6. The results reveal that in general maize, sugar beet and catch crops 
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account for the highest in-field heterogeneity (coefficient of va riation higher than 0.2). Other 

crops like wheat, barley, and canola show lower coefficients of variation (up to 0.2). It is 

interesting to see, that in most cases the same trends for increases and decreases in the 

coefficient of variation are visible for crops of the same species �. even when grown on different 

fields. The high values for the coefficient of variation found for maize and sugar beet  in the 

beginning of the season could also be associated with the cropping procedure and the plant 

physiology. Both crops are usually sown further apart than the cereals (0.3 �. 0.75 m distance). 

Both crops also form relatively large leaves compared to the cereals. At a GSD of 0.5 m, it could 

therefore be the case that especially in the beginning, when the canopy is not yet closed, 

problem with plant emergence translate into large patches of visible soil. 

A further explanation  for the high coefficient of variation in maize  might be that m aize plants 

can reach a height over 2 m (Edmeades and Lafitte, 1993) and thus, management options to 

optimise crop growth, such as plant protection measures, are limited . Sugar beet, however, is 

a plant that reaches below 1 m height and receives several treatments throughout the 

vegetation period. Still, the crop is highly sensitive to many diseases, which could eventually 

explain the high heterogeneity found in the sugar beet fields. Regarding the fields planted 

with grassland, there is a difference between the permanent grassland and ecological 

grassland with values for the coefficient of variation varying  below 0.2 and high intensity 

grassland with values above 0.2, but only for one field. An explanation for this might be that  

while permanent grassland and ecological grassland tend to be permanent, the high intensity 

grassland is generally part of a crop rotation and is therefore subject to previous management 

decisions. 

Since the catch crop are a very heterogeneous group of crop species, it is difficult to say what 

causes the high heterogeneity �•�˜�ž�—�•�1�•�˜�›�1�•�‘�’�œ�1�Œ�›�˜�™���œ�1�•�’�–�Ž�1�œ�Ž�›�’�Ž�œ exactly. Usually, a catch crop is 

planted after the harvest of the main crop and the main function is to cover the soil, re -nourish 

the soil with organi c matter or sometimes catch crops are also used as fodder.  

In conclusion, this demonstrates that small and larger in -field heterogeneity patterns can be 

found and that they may develop differently during the season. Also, different fields with the 

same crop species shows similar heterogeneity patterns, but these patterns differ between the 

species. This indicates that in-field is not entirely defined by the soil heterogeneity alone but 

also depending on crop species. These findings highlight the importance of the knowledge of 



83 
 

these patterns to develop targeted monitoring plan adapted to each crop and its phenology to 

allow that measurements can be carried out at the right time for a certain crop and 

management. Last, but not least, the interpretation of these patterns can be seen on very-high 

resolution data and it will be interesting to see if this holds true for coarser  GSDs. 

3.5.3. Apparent field heterogeneity at different GSDs 

The second aim of this study was to investigate apparent field heterogeneity at diffe rent GSDs. 

With coarser GSD, small details in the field such as tramlines are not visible anymore (see 

Figure 3-7) but larger differences in the field are still visible. It can also be stated that with 

coarser GSDs, some information about the spatial heterogeneity is lost, it is however not fully 

clear, what the implications of this loss of information are. Overall, orthomosaics with a finer 

GSDs show NDVI and NDRE values below the values of the  0.5 m baseline orthomosaic. For 

wheat, this effect is varying during the vegetative period (see Figure 3-4 and Figure 3-5): in the 

beginning of the season (March and April), there is almost no difference between the 

resampled images and the baseline 0.5 m GSD orthomosaic. For May, this looks completely 

different: there are now differences in accuracy between the GSDs. These differences are 

stronger for the NDV I than the NDRE. A possible explanation for this  observation is, that non-

vegetative areas with low VI values in the field (such as manholes, tramlines, etc.) are visible 

in highly resolved data (Argento et al., 2020), these areas might not be visually app arent in a 

coarse GSD image, but they still contribute to the overall mixed spectral signal of the area  (Li 

et al., 2022). These findings are also in line with other studies on the impact of GSD on NDVI 

(Jimenez et al., 2022).  

To determine the deviation between orthomosaics of GSD 5 m, 10 m and 20 m and the baseline 

orthomosaic of 0.5 m GSD for each crop species and point in time, the RRSME was calculated. 

A ll fields with the same crop species tend to have similar patterns. When comparing Figure 

3-6 and Figure 3-9, it is also apparent, that fields that showed a high coefficient of variation  are 

more prone to show high RRMSEs. This shows that the precision loss of coarser GSD has 

higher impact in fields with higher heterogeneity �. or expressed in another way �. this study 

experimentally confirms the theoretical assumption that management of fields with higher 

heterogeneity would profit from higher spatially resolved information. At the same time, in 

general heterogeneity estimation by means of NDVI is more sensitive to a coarser GSD.  



84 
 

Finally , yet importantly , the results show that this effect is more pronounced for certain crops 

and periods of the vegetation period, which also has practical implications from an 

agronomical point of view.  

3.5.4. Interpretation of the results from an agronomical point of view 

As mentioned before, with increasing GSD there is a loss of detail. It is yet to be determined 

whether and in which applications this loss of information is problematic. Even though a UAV 

could deliver georeferenced informati on about a crop field with a GSD of 0.01 m (or less in 

some cases), it is not (yet) realistic that such information can be used by most crop management 

practices. Currently, agricultural machinery in smaller scale agricultural systems such as in 

Switzerland is optimized for a swath width of 6 �. 7.5 m. It could therefore be argued that from 

a practical point of view a GSD of 5 m is sufficient. As illustrated above, in some cases even a 

GSD of 20 m does not compromise the information r egarding in -field heterogeneity: In April 

and May the second spit of fertilizer is applied to the wheat (Richner et al., 2017). At this time, 

there is almost no difference between the different GSDs. Regarding remote sensing supported 

precision farming, this might indicate that f or the second split of fertilizer a high GSD, even 20 

m, is suitable for the wheat. In May however, when the third split of fertilizer is applied 

(Richner et al., 2017), the results suggest that for wheat, a finer GSD might be leading to more 

accurate results. This is especially important, since NDVI and NDRE values are often used to 

generate fertilizer recommendations. Underestimated NDVI  or NDRE values may therefore 

cause unnecessary high fertilisation. It is further important to note that with a coarse GSD, 

there is a significant loss of information at the borders of the field, especially when the fields 

are small (Argento et al., 2020). Since the orientation of the fields and the orientation of the 

Sentinel-2 flight path do not necessarily, many pixels were capturing information from beyond 

the field and had to be discarded (Figure 3-2). This results in information loss. But moreover, 

border areas of the field, also known as headland, where the field machinery is turned around, 

are more suspect to heavier traffic which may influence the soil compaction (Sunoj et al., 2021), 

which  in turn  influences plant growth. It would therefore  be of high value to be able to monitor 

the crops grown in these areas. This, however, requires fine GSDs. Overall, also these results 

undermine the importance of a targeted monitoring plan that is crop species specific and 

includes recommendations regarding the right point in time in the season to sense for a certain 

trait and the necessary GSD. 
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3.6. Conclusion 

The objectives of this study were to investigate remotely sensed temporal changes of apparent 

heterogeneity throughout the season based on a dataset of 17 famer��s fields with different crop 

species at 36 dates within two years. The study introduces a workflow to estimate the impact 

of di fferent ground sampling distances aligned with the measurement grid of the Sentinel -2 

from 0.5 to 20 m that correspond to spatial resolutions of common observation constellations. 

This approach experimentally confirms the theoretical assumption that management of fields 

with higher heterogeneity would profit from higher spatially resolved information. Moreover, 

it shows how in-field heterogeneity varies throughout the season, across vegetation indices 

and crop species. The study gives important insights when and how interpreted remote 

sensing data can help to disclose in-field heterogeneities for which crop from a technical and 

agronomical point of view.  
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3.9. Appendix 

 

 

 

 

 

 

 

 

 

 

 

 

  

Figure 3-10. Orthomosaic time series of a wheat field in 0.5 m GSD, displaying the NDRE. The date is shown above the orthomosaic. Colour 
scale corresponds to NDRE value and is the same as in Figure 5, Figure 6 and Figure 7. 
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Figure 3-11. Relative root mean square error for each field and date, sorted in groups of GSDs. Colours corresponding to the 
value of the RRMSE of the orthomosaics for the NDVI and the NDRE. The values within the boxes show the RRMSE. This figure 
is supplementary to Figure 3-9 to show the exact numbers of the RRMSE.  
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4.1. Abstract 

Surplus of nitrogen  (N)  fertilizer can cause severe damage in the environment and is a major 

challenge in modern agriculture. Several approaches can help to reduce N losses; among these, 

remote sensing-based approaches are increasingly popular, since they offer a spatially explicit 

overview over entire field s. Therefore, data gained by a sensor carried by e.g. an unmanned 

aerial vehicle (UAV ), a satellite or a tractor can be used to estimate the fertilizer demand of th e 

plants. The data is then further classified and aggregated to a fertilizer map to be used by a 

fertilizer spreader. It is unclear, to which extent maps that are classified and/or aggregated 

deviate from the original, highly resolved fertilizer distributi on recommendation.  

In this study, we follow the full workflow from remote sensing data acquisition with various 

ground sampling distances (GSD) to application maps that are in line with farm traffic 

�˜�›�’�Ž�—�•�Š�•�’�˜�—�1�˜�—�1�œ�Ž�Ÿ�Ž�›�Š�•�1�•�Š�›�–�Ž�›�œ���1�•�’�Ž�•�•�œ�1�•�˜�›�1�•�‘�Ž�1�Œ�Š�œ�Ž�1�˜�•�1�œmall agricultural fields  as prevalent in 

Switzerland and many other European countries . Consequently, we investigate i) the effects 

of GSD from 0.5 to 20 m on the fertilizer distribution recommendation, ii) the effects that a 

quantile -based classification in three or four classes, respectively, has on fertilizer distribution 

recommendation, iii) the subsequent effects on an aggregation that result from farm traffic and 

iv) the interaction of these multiple effects. The study was carried out as an on-farm tr ial with 

field sizes ranging from 1.9 ha to 4.2 ha. Winter b arley and winter wheat fields were monitored 

with a fixed -wing UAV and the resulting orthomosaics were resampled to 0.5 m, 5 m, 10 m 

and 20 m, respectively, to simulate typical GSDs from satellite (e.g. Sentinel-2 or PlanetScope) 

and UAV products. For all GSDs, an unclassified, continuous prescription map for the  variable 

rate fertilizer application based on the normalized difference red -edge (NDRE) vegetation 

index was calculated for three dates around typical times for fertilizer treatment. For each field, 

each GSD and each date, the fertilizer distribution recom mendation was then classified and 

aggregated in three and four classes, respectively (classified prescription map) . In a last step, 

these classified maps were re-aggregated along the farm traffic tracks used by the fertilizer 

spreader in an application map . For each step, the RMSE was calculated to quantify the error 

introduced by each aggregation. 

The study revealed that the precision of fertili zer recommendation decreases from 1.8% at 0.5 

m in the best case to 12.8% RMSE at 20 m GSD in the worst case compared to the baseline of 

0.5 m GSD with no aggregation to classes. In general, classifications with four classes provide 
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higher accuracy than classifications with three classes. When the actual management width of 

12 or 15 m was taken into account, the RMSE was comparable between the different GSDs. 

Moreover, the effects were more pronounced in the beginning of the season (March, April), 

when most management measures for wheat take place, compared to the situation in May. 

Finally, the analysis showed that up to 40% of the field area could not be covered by a GSD of 

20 m due to the comparably small field sizes, which highlights the ne ed for higher resolution 

data even in situations where a decreased GSD has low effect.  

4.2. Introduction 

Surplus of fertiliz er can cause severe damage to the environment and is identified as a major 

challenge in modern agriculture. There are several approaches to reduce nitrogen (N) fertilizer  

surplus . The field manager can use advanced methods to estimate plant fertilizer demand  

considering several factors related to nutrient demand and availability  in order to reduce the 

overall fertilizer input  for a specific field  (Richner et al., 2017). This encompasses knowledge 

about e.g. soil nutrient mineralization, crop history or the use of precise diagnostic methods 

such as chemical analyses of mineral N in the soil or the nitrate content or chlorophyll content 

of the plant (Grossrieder et al., 2022; Richner et al., 2017). Another way to reduce fertilizer 

surplus is to distribute the amount of fertilizer better in the field using site -specific 

management technology, which requires spatially resolved input data (Plant, 2001). 

Diagnostic tools point -based and need to be interpolated to give a spatially accurate idea of in-

field variability . Remote sensing methods however, such as tractor-based sensors, unmanned 

aerial vehicles (UAVs) or satellites offer a complete overview over the field and ta ke into 

account the spatial variability . With this data a prescription map can be generated, showing 

exactly where and how much fertilizer needs to be applied (Sharipov et al., 2020). These maps 

are then optimized for modern farming technology capable of variable rate application (VRA) 

by delineating management zones. Management zones constitute a compromise between 

highly precise, site-specific application of inputs such as fertilizer, and the need for some 

small-scale homogeneity in input application given by the practical limitations of fertilizer 

spreaders and/or other management-related machinery in practice. Thereby, using various 

management zones allows the farmer to target specific areas in the field and modify the inputs 

�•�˜�1�•�‘�Ž�1�œ�™�Ž�Œ�’�•�’�Œ�1�Œ�›�˜�™���œ�1�—�Ž�Ž�•�1� �’�•�‘�’�—�1�Š�1�›�Ž�œ�™�Ž�Œ�•�’�Ÿ�Ž�1�£�˜�—�Ž�1(Córdoba et al., 2016). 
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 To date, there is no standardized approach to delineate management zones. This includes the 

lack of standardization of input parameters or shared classification algor ithms. As described 

above, input parameters that have been used to create prescription maps include, but are not 

limited to , �•�Š�›�–�Ž�›���œ�1 �”�—�˜� �•�Ž�•�•�Ž�ð interpolated  information about soil  or plant health status, 

previous yield or information from remote sensing products, such as the NDVI or NDRE  

(Argento et al., 2022; Breunig et al., 2020; Fleming et al., 2012; Gili et al., 2017; Grossrieder et 

al., 2022; Guastaferro et al., 2010; Kinoshita et al., 2021; Vallentin et al., 2020; Yuzugullu et al., 

2020). The amount and complexity of the input parameters as well as the computational and 

educational resources of the field manager can influence the choice of algorithms used to 

delineate the management zones with results that differ  from each other (Gavioli et al., 2019; 

Vallentin et al., 2020). Once the choice of input parameters and delineation algorithm has been 

made, a fertilizer prescription map can be obtained, which shows the amount of fertilizer that 

has to be applied at each spot in the field.  

It has been found that various components of the workflow can introduce a considerable error 

between the prescription and the application map. This error can be caused e.g. by delayed 

response of the spreaders to changes of the management zones or positioning inaccuracies 

(Sharipov et al., 2020). However, it is unclear to which extent the GSD of the prescription map 

may contribute to the errors between the prescription map and the application map. The GSD 

of the input data depends on the source product. Whereas UAVs provide very highly resolved 

data with small GSD, satellite data, such as data from Planet scope (Houborg and McCabe, 

2016) or Sentinel-2 (Gatti and Bertolini, 2018), have a higher GSD of 5 to 20 m.  

Therefore, an experiment was implemented �˜�—�1 �•�Š�›�–�Ž�›�œ���1 �•�’�Ž�•�•�œ of average 2.84 ha in 

Switzerland , to investigate i) the effects of ground sampling distance on the fertilizer 

distribution recom mendation , ii) the effects that the management zone delineation has on a 

fertilizer distribution recom mendation , iii)  the subsequent effects of optimizing the 

management zone delineation for VRA applications iv) and finally the interaction of the 

different effects. 

  



100 

4.3. Material and Methods 

4.3.1. Data Acquisition  

4.3.1.1. Field Site 

The data set presented here is part of a multi-year observation study on field heterogeneity in 

small scale Swiss agriculture in north-east Switzerland (47.44952°N, 8.68214°E, 553 meters 

above sea level), near the plant research station of ETH Zürich (Swiss Federal Institute of 

Technology). From the study area, cereal fields with winter wheat and barley were selected.  

The five fields analysed in the experiment were managed by the cantonal competence centre 

for agriculture and experienced farmers according to good agricultural practice . Three fields 

were planted with winter wheat and two fields were planted with winter barley  (see also Table 

4-1). A ll fie lds were located on soils that were classified as high quality agricultural soil (ALN, 

2021), with cambisol or calcaric cambisol soil with patches of gleyic cambisol (mainly field_b, 

field_c, and field_e) being the predominant soil type (ALN, 1996). 

4.3.1.2. UAV 

In total, 37 UAV flights were conducted over the study area of approximately 50 ha from 2019 

to 2020 with a vertical-take-off -and landing fixed -wing UAV WingtraOne (Wingtra  AG, 

Zurich,  Switzerland ; Verling et al., 2017). Generally, the flights took place under sunny and 

cloud-free weather conditions. A side overlap of 70-80% was achieved by using a pre�.

programmed flight plan. From these flights, three flights were selected which covered wheat 

fields around the time of fertilization . In Switzerland, wheat receives the N fertilizer in up to 

three split  applications . The fertilization dates were determined with the field calendar of the 

Cantonal Agricultural school  and the following sample dates were chosen for the analysis: 

16.03.2020, 09.04.2020 and 19.05.2020. 

4.3.1.3. Cameras 

The UAV was equipped with a 5 -band multispectral camera, RedEdge-M by MicaSense 

(Seattle, U.S.A.). The UAV and the camera were replaced in April 2020 with a n identical fixed -

wing UAV and the camera was replaced with an upgraded version, the RedEdge -MX by 

MicaSense. Both cameras had the same specifications regarding the central wavelength and 

the full -width half max imum  (FWHM). The cameras were measuring blue (B) at 475 nm (20 

nm FWHM), green (G) at 560 nm (20 nm FWHM),  red (R ) at 668 nm (10 nm FWHM), RedEdge 

(RE) at 717 (10 nm FWHM), and near-infrared (NIR) at  840 nm (40 nm FWHM). For further 
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information on the field work set up, data collection and data proc essing please refer to Merz 

et al., (2022, submitted).  

4.3.2. Data Processing 

The data captured by the UAV was used to generate georeferenced orthomosaics with Agisoft 

Metashape (LLC Agisoft, 2021). All orthomosaics were calibrated radiometric ally  with a 

calibration panel and an on- board sensor which measured the incoming radiation. Due to the 

high overlap of 70-80%, each point on the ground was captured several times. The radiometric 

value for each point was averaged among all the input values before exporting the 

orthomosaic. Since areas at the border of the orthomosaic did not have multiple input values, 

the border areas of the orthomosaic were removed with an inward buffer of 20 m 

(approximate ly half the footprint of the multispectral camera), to ensure high data quality. The 

multiband orthomosaic was then used to calculate a vegetation index (VI) map subsequently 

used delineation  of management zones related to plant N nutritional status.  For this study, the 

Normalized Difference Red Edge index (NDRE) was chosen. The NDRE is related to N uptake 

and serves as a basis for the fertilizer distribution recom mendation according to Argento et 

al., (2022). The NDRE (Equation 1) was calculated as follows  

NDRE = (NIR - RE) / (NIR + RE)          (1) 

After  the calculation of the NDRE, all orthomosaics were spatially registered to the Sentinel-2 

tiling grid and resampled to 0.5 m, 5 m, 10 m and 20 m GSD, as described in Merz et al., (2022, 

submitted) . 

4.3.3. Determination of field borders 

In order to  extract the data of the fields, the field borders were obtained by visually analysing 

and drawing the field borders on high -resolution (5 - 10 cm) UAV orthomosaics. This allowed 

to identify and exclude flower strips  or different crops  from the polygons, w hich is not the 

case for polygons available from federal sources. As it can be seen in Figure 4-1, the field 

manager decided not to plant the entire fi eld with wheat, but spare d two small corners in the 

north and the south of the field which were later planted with phacelia . This practice is 

beneficial for pollinators (Basu and Cetzal-Ix, 2018) and is increasingly popular in Switzerland 

(Baettig et al., 2020). These parts were excluded from the analysis. After  identifying the field 

borders, an inward buffer of 1 m was applied to make sure that no field border effects affected 

the spectra gained from the image pixels. Subsequently, this field shape was adjusted to align 
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with the Sentinel -2 tiling grid of 20 m GSD and only pixels, which lay fully within the field , 

were kept. Figure 4-1 shows the difference between the true field border (blue dotted line) and 

the area that was finally used for the analysis (red li ne) which aligned with the sentinel -2 grid. 

This process ensured that the area analysed for each field is exactly the same for each GSD, 

however it also caused that the outer areas of the field were not analysed, see Table 4-1. 

 

 

4.3.4. Fertilizer distribution recommendation 

For each field in each GSD, the NDRE was used to calculate the recommended amount of 

fertilizer in percent  for each area in the field, according to  the formula described in  Argento et 

al. (2020). This method takes a pre-defined amount of fertilizer and re -distributes this amount 

in the field, based on the NDRE. As (Argento et al., 2022) demonstrated, the NDRE is related 

to the N status of the plant.  The formula is defined as follows:  

N fert,i = NST �. N corr,I           (2) 

Where N fert,I  stands for the fertilizer that is finally applied, N ST stands for the standard amount 

of fertilizer  demand, N corr,I is calculated based on the NDRE, as shown in equation 3. 

Figure 4-1. RGB orthomosaic showing a wheat field on 09.04.2020. The field borders are shown in a blue dotted line and 
the red shape represents the area that was extracted and analysed. The field corresponds to field_a. 
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Ncorr,i = N ST �Û  ((xi �. xm) / xm)        (3) 

Equation 2 describes that from the standard amount of fertilizer (N ST) a correction factor is 

subtracted which is based on the reflectance at point I (Xi) and the mean (Xm) NDRE of the 

field. In the study presented here, the standard amount of fertilizer (N ST) was defined by the 

average fertilizer norm without any site -specific corrections (Richner et al. 2017). In a practical 

application, this could be adjusted to the actual fertilizer demand of the field and crop and the 

�•�Š�›�–�Ž�›�œ���1�œ�•�›�Š�•�Ž�•�¢�ð�1�Ž�ï�•�ï�1�‹�¢�1�Œ�˜�›�›�Ž�Œ�•�’�—�•�1�•�‘�Ž�1��-input according to the corrected Norm (korrNorm ) 

or the soil sampling assisted Nmin method ( Richner et al., 2017). Since the method described 

in Argento et al., (2020) was tested in a plot-based setting where e.g. no bare soil occurred, the 

median was chosen instead of the mean in the present study to ensure the robustness of the 

�›�Ž�œ�ž�•�•�œ�1�•�˜�›�1�•�‘�Ž�1�Š�™�™�•�’�Œ�Š�•�’�˜�—�1�’�—�1�Š�1���›�Ž�Š�•���1field setting.  The maps that are generated in this step 

are called fertilizer distribution recom mendation map s and are subsequently abbreviated with 

�������1 �–�Š�™���ï�1 ���‘�Ž�œ�Ž�1 �����1 �–�Š�™�œ�1 �•�’�œ�™�•�Š�¢�1 �•�‘�Ž�1 �›�Ž�Œ�˜�–�–�Ž�—�•�Ž�•�1 �•�Ž�›�•�’�•�’�£�Ž�›�1 �’�—�1 �™�Ž�›�Œ�Ž�—�•�1 �˜�—�1 �Š�1 �Œ�˜�—�•�’�—�ž�˜�ž�œ�1

scale, whereas the norm for the respective case equals 100%.  

4.3.5. Classification of fertilizer levels 

Since most fertilizer spreaders are not able to handle continuous input data or vary at a very 

precise level the amount of fertilizer that is spread on the field, the continuous data had to be 

aggregated in discrete classes, which receive the same amount of fertilizer. The classes can be 

delineated using methods based on e.g. intervals, quantiles, natural breaks, k-means or 

DBSCAN (see e.g. Argento et al., 2020; Hamed Javadi et al., 2022; Vallentin et al., 2020). In 

order to ensure the comparability between several fields and obtain a stable number of classes, 

a quantile-based classification approach was chosen as shown in Vallentin et al. (2020). A 

preliminary examination of the datasets revealed that the spread of the values was different 

in every GSD. A 95% quantile was applied to remove some data that showed extreme values, 

this ensured that the results of the quantile -based classification was comparable across all 

GSDs. In the study presented here, the dataset was split in three or four classes based on the 

quantiles 0.33 and 0.66, or 0.25, 0.5, 0.75, respectively. From each class and for each GSD, the 

mean was then extracted to represent the amount of fertilizer that was assigned to the 

respective class. After this, the data with extreme values were assigned to the highest, 

respectively the lowest class, to avoid missing data in the final maps. For each field, the 
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analysis was performed using three and four classes, as frequently reported in literature (e.g. 

Gavioli et al., 2019; Gili et al., 2017; Vallentin et al., 2020). 

The maps that are generated in this step are called classified fertilizer distribution 

recom�–�Ž�—�•�Š�•�’�˜�—�1�–�Š�™�œ�1�Š�—�•�1 �Š�›�Ž�1 �œ�ž�‹�œ�Ž�š�ž�Ž�—�•�•�¢�1 �Š�‹�‹�›�Ž�Ÿ�’�Š�•�Ž�•�1 � �’�•�‘�1 �������1 �����1 �–�Š�™�1 �û�Y�1 �Œ�•�ü�1 �&�1 �û�Z �Œ�•�ü���ï�1

These CL FR maps display the management zones as classes. Each class is assigned an amount 

of fertilizer.  

4.3.6. Farm traffic aggregation 

Since this work  is aimed to study  the effects of GSD on a real-field application, the classified 

application map was then transferred to fit the demands of a modern variable rate fertilizer 

spreader. For this reason, a grid was established, in which each grid cell receives the same 

amount  of fertilizer. The grid is dependent on the technical properties of the fertilizer spreader, 

as described in the following section. Fertilizer spreaders are mounted on tractors, which drive 

through the field on tramlines. Tramlines are specific pathways defined by the field manager 

based on the field shape, swath width (the area that the spreader can reach) and crop 

Figure 4-2. RGB orthomosaic showing a wheat field on 09.04.2020. The Tramlines are shown in a yellow �t black stripe pattern 
and the fertilization grid is shown in pink. The fertilization grid has the same extent as the analysed area.  
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management needs. Some farmers also rely on controlled traffic farming  (CTF), where the 

same tramlines are used across seasons and their posit ion is exactly known  (Gasso et al., 2013; 

Latsch and Anken, 2019). In the study presented here, the tramlines were manually detected 

for each case in a high resolution RGB orthomosaic and drawn  as shapefiles in ArcGIS (ESRI, 

2017).  

After the  detection, the distance between the tramlines was calculated and shown in Table 4-1. 

The distance is usually dependent on the swath width, if the farmer planned the tramlines 

accordingly, but there might also be an overlap of fertilizer  spreading. In this experiment, a 

slight overlap of 0.3 m to 0.65 m was detected, as shown in Table 4-1. 

 With modern fertilizer spreaders,  the amount of fertilizer spread on each side of the tractor 

can be controlled separately; therefore, the swath width was divided by two  to obtain the area 

of influence of each side of the fertilizer spreader. This number was then adopted as the width 

of the grid cell. The length of the grid cell was set to 10 m for all fertilizer grids. The grid was 

created with the fishnet tool by ArcGIS  (ESRI, 2017) and rotated to align with the tramline 

orientation  for all fields with a rectangular shape. Curved fields  consequently also had curved 

tramlines . In this case the grid was established using a buffer around the centre axis of the 

tractor path. This buffer was then split every 10 m using the main direction of the field, starting 

at the southern border to create a curved grid with 10 m cells with the divide polygon tool by 

ArcGIS Pro (ESRI, 2021). After that, the cells that were overlapping were either clipped or 

removed. This process is labour-intensive. After establishing the grids , all grids  were clipped 

to the extent of the analysed area as shown in Figure 4-2. This grid was t hen used as an overlay 

over each of the CL FR maps for all GSDs. By using a majority aggregation, each grid cell was 

assigned the value that was predominantly found within that cell.  

Table 4-1. Overview over field size, shape and swath width, and crop type. 

 

The maps that are generated in this step are called classified fertilizer distribution 

recom�–�Ž�—�•�Š�•�’�˜�—�1�–�Š�™�œ�1�Š�•�•�›�Ž�•�Š�•�Ž�•�1�•�˜�›�1�•�Š�›�–�1�•�›�Š�•�•�’�Œ�1�Š�—�•�1�Š�›�Ž�1�œ�ž�‹�œ�Ž�š�ž�Ž�—�•�•�¢�1�Š�‹�‹�›�Ž�Ÿ�’�Š�•�Ž�•�1� �’�•�‘�1�������1
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�����1�����1�–�Š�™�1�û�Y�1�Œ�•�ü�1�&�1�û�Z�Œ�•�ü���ï�1��hese FT CL FR maps display the management zones as classes, but 

aggregated for farm traffic. Each class is assigned an amount of fertilizer. 

4.3.7. Differential Maps 

In order to visualize the error that is generated by the classification of the fertilizer distribution 

recommendation, differential maps were calculated by subtracting all classified maps from the 

non-classified, continuous fertilizer distribution recom mendation map w ith GSD 0.5 m (Figure 

4-3), which is considered the best-case scenario. The results were presented both as a map, to 

see the spatial distribution of th e error and as a histogram to quantify the error.  

4.3.8. RMSE 

Further, the root mean square error (RMSE) was used as a quantitative estimation of the error. 

The RMSE was calculated for each field and each of the three dates 16.03.2020, 09.04.2020, 

19.05.2020 as well as for each aggregation level, by comparing the respective classified and/or 

aggregated map to the map with the fertilizer distribution recom mendation in GSD 0.5 m, 

which is considered the baseline.  

4.4. Results 

4.4.1. Coverage 

In order to  compare the data for each GSD, it was ensured that each dataset covered the exact 

same extent of the field. Since GSD 20 was the highest GSD analysed in the present study, this 

GSD served as the basis to extract the area from the fields, that was analysed, as described in 

Section 4.3.3 ��Determination of field borders ���ï  

Table 4-2. Coverage of the analysed area in relation to the total area. 

 

The size of the investigated fields ranges from 2.1 ha to 4.2 ha (Table 4-2). The area that was 

extracted from the fields for the analysis ranges from 1.1 ha to 3.2 ha. It is evident that for the 

analysed fields, a large proportion of the area (up to 40% for field_a) is not covered in this 
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study design that relies on GSD 20 m and the Sentinel-2 tili ng grid. The area that could not be 

analysed varies from field to field and is mostly dependent on the field shape and tramline 

orientation towards the Sentinel -2 tiling grid.  Using a remote sensing product with a lower 

GSD, the coverage is higher. For GSD 0.5 e.g. the coverage is nearly congruent with the actual 

size of the field �. in most cases only 0.02 ha are missing.  

4.4.2. Fertilizer distribution recommendation 

The analysis was performed for all fields, but in the following sections, the results of the 

analyses are presented by displaying field_d, since it is the largest field of the study presented 

(Table 4-2). The results for the calculations of the RMSE are shown for all fields (Table 4-5). 

Overall, the fertilizer distribution recom mendations vary between the different  GSDs (Figure 

4-3). Albeit the orthomosaics show similar distribution patterns of fertilizer demand , the range 

of the actual values decreases with increasing  GSD. Within the field,  several distinct areas 

show different amounts of fertilizer  demands. For example, a lane in the middle of the field, 

ranging from north to south requires slightly higher amounts of fertilizer  compared to the rest 

of the field . This is more pronounced in the GSD 0.5 m, but it is still visible in the GSD 20 m. 

In the east of the field there is a large, homogeneous area which requires less fertilizer input. 

This area is visible in all GSDs. Moreover, i n the GSD 0.5 m it is apparent that there are 

tramlines . Such tramlines or smaller areas in the field which require an amount of fertilizer 

that deviates from the mean, are only visible in the GSD 0.5 m. Since there is no or little 

vegetation growing in the tramlines, the recommended amount of fertilizer by the algorithm 

is higher. Because the tramlines or small patches with extreme values are not visible in GSD 5, 

10 and 20 m, the range of these fertilizer distribution recom mendations is not as broad as in 

Figure 4-3. Orthomosaic of a wheat field in GSD 0.5, 5, 10 and 20 m, displaying the fertilizer distribution recommendation based 
on the NDRE. Data from 09.04.2020. �������Œ���À�]���š���������•���^�&�Z���u���‰�_�X 
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GSD 0.5. It is also noteworthy that the GSD 0.5 m map served as a baseline for later calculation 

of RMSE, since it is the most highly resolved map in this study.  

4.4.3. Classification 

After generating the fertilizer recommendation, the maps were classified in three (Figure 4-4) 

and four classes (Figure 4-5). 

 

 

Overall, the spatial pattern of the management zones (Figure 4-4 and Figure 4-5) corresponds 

to the fertilizer recommendation presented in Figure 4-3. The amount of fertilizer varies 

between the classes: First (lower input), Second (moderate), Third (high input) and Fourth 

(highest input). The classes correspond to the management zones, since they determine the 

amount of fertilizer in this case study.  

First 
Second 
Third 

First 
Second 
Third 
Fourth 

Figure 4-4 shows the spatial distribution of the management zones (First, Second, Third) for the wheat field (introduced in Figure 4-3) in 
different GSDs (0.5, 5, 10 and 20 m) classified in three classes; the corresponding spatial distribution for four classes. 

Figure 4-5 shows the spatial distribution of the management zones (First, Second, Third, Fourth) for the wheat field (introduced in Figure 4-
3) in different GSDs (0.5, 5, 10 and 20 m) classified in four classes. 
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Overall, the management zones are more aggregated and more spatially homogenous in 

higher GSDs (e.g. 10 m and 20 m) as they are in lower GSD (0.5 m and 5 m). In the GSD 0.5 m 

and 5 m we often find high spatial variability.  It  is apparent that areas, which show a higher 

demand for fertilizer in Figure 4-3 (e.g. the middle area of the field) are in the class which is 

given the highest amount of fertilizer (Third, respectively Fourth). Regarding smaller features 

in the field, it is notable that tramlines are distinguishable  in the GSD 0.5 m map, but not in 

the maps with a higher GSD. Small areas in the field that require a very high or very low 

amount of fertilizer (see Figure 4-3, e.g. the small stripe in the north of the field, in yellow) are 

not visible anymore in the classified map, respectively are within the same category as the 

surrounding area.  

As described in the methods section, the amount of fertilizer for each management zone was 

calculated for each GSD separately, based on the fertilization application recommendation for 

the respective GSD. The distribution and range of these values is shown in Figure 4-6 for three 

classes and Figure 4-7 for four classes. The amount of fertilizer and area that is associated with 

a management zone is displayed in Table 4-3. 

 

Figure 4-6. Boxplots of fertilizer levels for each GSD for the CL FR map (3 cl). The colouring of the levels corresponds to Figure 
4-4. 

 

Figure 4-7. Boxplots of fertilizer levels for each GSD for the CL FR map (4 cl). The colouring of the levels corresponds to Figure 
4-5. 

Regarding the range of the data in each class, it is evident that the range of the data is higher 

for the highest and the lowest class than for the mid-range for both analyses with three 
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respectively four classes. Generally, the span of data and the position of the median values 

vary between the GSDs and GSD 0.5 m e.g. shows a broader distribution of values then GSD 

20 m (Figure 4-6 and Figure 4-7). 

Table 4-3 summarizes the mean amount of fertilizer associated with a management zone and 

the area assigned to the zone.   

Table 4-3. Overview over amount of fertilizer given and area assigned to a class for the zone delineation based on a classified 
map. 

 

The mean amount of fertilizer associated with a management zone varies between the GSDs 

for both classifications. In general, as the GSD increases from 0.5 m to 20 m, the spread between 

the levels decreases from 15% to 10% for the classification with three classes and from 18% to 

11% for the classification with four classes. Assuming 60 kg N fertilizer per ha (a standard 

value for the second split in Switzerl and, (Richner et al., 2017), this would translate into a span 

of 9 kg/ha to 6 kg/ha, respectively 10.8 kg/ha to 6.6 kg/ha. Generally, range of fertilizer given 

is broader in the zone delineation encompassing four classes then three classes. Since the 

fertilizer calculation algorithm i s based on deviations from the mean, for the classification with 

three classes the medium class, Second, centers around 100% for all GSDs. What stands out in 

Table 4-3 is that the proportions of area which are assigned to a class do not vary strongly 

between the GSDs. In fact, for GSD 0.5 m, 10 m and 20 m the proportion for each class is the 

same, only for the classification with three classes in the GSD 20 m the area assigned to the 

medium class (Second) decreases by 0.03 ha and the lowest (First) and highest class (Third) 

increases by 0.01 and 0.02 ha, respectively.  
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4.4.4. Differential Maps 

To investigate the potential error that stems from each step of aggregation, all classified 

fertilizer recommendation maps were subtracted from the non -classified, continuous fertilizer 

recommendation map with GSD 0.5 m (Figure 4-3), which is considered the best-case scenario. 

The results are shown in Figure 4-8 and Figure 4-9 and display the error in percent (%), where 

red colours indicate that the classified maps (Figure 4-4 and Figure 4-6) recommend less 

fertilizer than the base line map (Figure 4-3, GSD 0.5 m), which leads to local surplus 

fertilization and blue colours indicate that the classified maps ( Figure 4-4 and  Figure 4-6) 

recommend to apply more fertilizer than the base line map ( Figure 4-3, GSD 0.5 m), which 

leads to local deficit fertilization. White colours correspond to no or negligible error.  

When inspecting Figure 4-8, it is apparent that there is a general trend: with successive 

increases in GSD from 0.5 m GSD to 5 m, 10 m and 20 m GSD, the total area that is either 

surplus (red) or deficit fertilized (bl ue) increases as well. This is especially visible in the middle 

of the field where a large area spans from North to South that increases in blue colour as the 

GSD increases. It is remarkable in Figure 4-8 that small areas that were not sticking out as such 

in the classified maps (Figure 4-4 and  Figure 4-6) are showing high errors in the differential 

map, e.g. the smaller, stripe in the middle of the field (dark blue colour). This stripe 

corresponds to the stripe in Figure 4-3 which shows a very high fertilizer demand of 150%. It 

is further notable that the tramlines are not as prominently recognizable in the GSD 0.5 m as 

they are the GSD 5 m, 10 m and 20 m. This means that in the higher resolved GSDs the 

tramlines were often assigned to the wrong management zone and thus contribute to the error . 

Figure 4-9 presents the differential map of fertilizer recommendation with four classes. We can 

observe a similar general trend that with increasing GSD, the misclassified area, both positive 

Figure 4-8. Differential map of fertilizer recommendation, obtained by subtracting the reclassified map with three classes (CL 
FR map 3 cl) of 0.5 m GSD (respectively 5 m, 10 m GSD, 20 m GSD) orthomosaic from the base line fertilization map of 0.5 m 
GSD. 
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(blue) and negative (red) increases, albeit this effect is slightly weaker than observed in Figure 

4-8. What stands out in Figure 4-9 is that the GSD 0.5 m shows less misclassified area than the 

GSD 0.5 m in Figure 4-8 (three classes).  

 

In order to quantify the qualitative assessment displayed in Figure 4-8 and Figure 4-9, the data 

were extracted and displayed as histograms, as shown in Figure 4-10 for the differential map 

of the CL FR map (3 cl) and Figure 4-11, for the CL FR map (4 cl).   

 

 
Figure 4-10. Histogram of error distribution of the differential map displayed in Figure 4-8. Colours correspond to Figure 4-8. 

Figure 4-9. Differential map of fertilizer recommendation, obtained by subtracting the reclassified map with four classes (CL FR 
map (4 cl)) of 0.5 m GSD (respectively 5 m, 10 m GSD, 20 m GSD) orthomosaic from the base line fertilization map of 0.5 m GSD. 
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Figure 4-10 and Figure 4-11 confirm what can already be guessed from Figure 4-8 and Figure 

4-9, namely that The majority of pixels (which corresponds to the area) is classified correctly 

and does not show any or only negligible error ( Figure 4-10 and Figure 4-11). It can be seen 

that the range of the error concentrates mostly between -20% and +20%, with only outliers 

reaching +40% or -40%. However, when assessed cumulatively, it becomes evident that for the 

management zone delineation with three classes (Figure 4-10) only GSD 0.5 shows most values 

classified correctly, for all other GSDs, the total error (number of pixels misclassified, both 

positive and negative) outperforms the correctly classified. This effect is even stronger for the 

analysis for a classification with four classes. 

In summary, these results suggest that with increasing GSD, also the amount of error in the 

classification increases and that fertilizer recommendation maps with fewer classes tend to 

show more classification errors.  

  

Figure 4-11. Histogram of error distribution of the differential map displayed in Figure 4-9. Colours correspond to Figure 4-9. 
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4.4.5. Tramline Aggregation 

In order to investigate the distribution of different management zones in a real field or farm 

setting, management maps were delineated further using a grid along the tramlines with a cell 

size of 10 m x 7.2 m (half of the distance between the tracks), as presented in Figure 4-12 and 

Figure 4-13. 

 

 

From Figure 4-12 we can see that the map is not as nuanced, in fact, GSD 0.5 m, 5 m and 10 m 

appear to be very similar. It is notable that these maps have lower (0.05 m x 0.05 m or 5 m x 5 

m) or similar (10 m x10 m) pixel size as the tramline grid used on this field (10 m x 7.2 m, see 

also Table 4-1). It stands out that the tramline aggregation for GSD 20 m appears to be stronger 

aggregated and shows larger, homogenous areas of the same class. In general, the GSD 5 m, 

10 m and 20 m displayed in Figure 4-12 seem to be comparable to the classified map shown in 

Figure 4-4 which is not the case for GSD 0.5 m. It is also apparent that small structures in the 

Figure 4-12. Fertilizer Application map with three classes for wheat field in GSD 0.5, 5, 10 and 20 m optimized for farm traffic. 
�������Œ���À�]���š���������•���^�d�Z��CL FR map (3 cl)�_�X�����}�o�}�µ�Œ�•�����}�Œ�Œ���•�‰�}�v�����š�}��Figure 4-4. 

Figure 4-13. Fertilizer Application map with four classes for wheat field in GSD 0.5, 5, 10 and 20 m optimized for farm traffic. 
�������Œ���À�]���š���������•���^�d�Z��CL FR map (4 cl)�_�X�����}�o�}�µ�Œ�•�����}�Œ�Œ���•�‰�}�v�����š�}��Figure 4-5. 
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field, which were usually seen in GSD 0.5 (e.g. in Figure 4-4 or Figure 4-3) are not visible 

anymore. For the tramline aggregation, which is based on four classes (Figure 4-13), the results 

appear to be similar as for the one based on three classes (Figure 4-12): As the GSD increases, 

the amount of detail decreases as well. The GSD 20 m aggregation appears to consist mainly 

of large, coherent areas and shows little variation compared to the GSD 5 m. It is also notable, 

that there are no smaller features (such as e.g. tramlines) visible. The proportion of the area 

that is assigned to each class within the tramline aggregation is shown in Table 4-4. 

Table 4-4. Overview over amount of fertilizer given and area assigned to a class for the zone delineation based on a classified 
map with three, respectively four classes optimized for farm traffic (FT CL FR map. 

 

The amount of fertilizer given corresponds to the amount shown in Table 4-3, since this was 

defined during the aggregation of the classes but is shown again for information. The area 

assigned to a certain class, however, has changed. While the classified map shows little to no 

variation for the area assigned to a fertilizer level for t he GSDs 0.5 m, 5 m and 10 m (Table 4-3), 

it can be stated that the area is differing in every GSD for the FT CL FR maps (Table 4-4) with 

�—�˜�1�Œ�•�Ž�Š�›�1�•�›�Ž�—�•�ï�1���‘�’�•�Ž�1�Ž�ï�•�ï�1�•�‘�Ž�1�Š�›�Ž�Š�1�Š�œ�œ�’�•�—�Ž�•�1�•�˜�1�£�˜�—�Ž�1�����Ž�Œ�˜�—�•���1�•�Ž�Œ�›�Ž�Š�œ�Ž�œ�1�•�›�˜�–�1�	�����1�V�ï�[�1�–�1�•�˜�1

GSD 5 m by 0.1 ha, it increases again by 0.04 ha to GSD 10 and finally decreases again for GSD 

20 m by 0.02 ha.  Unlike the CL FR map (4cl) as summarized Table 4-4 the proportion of areas 

assigned to a certain class is not stable, but there is a certain trend perceptible. Whereas the 

�Š�›�Ž�Š�1�Š�œ�œ�’�•�—�Ž�•�1�•�˜�1�Œ�•�Š�œ�œ�1�����’�›�œ�•���1�•�Ž�Œ�›�Ž�Š�œ�Ž�œ�1� �’�•�‘�1�’�—�Œ�›�Ž�Š�œ�’�—�•�1�	�����1�û�•�›�˜�–�1�W�ï�V6 ha at GSD 0.5 m to 0.87 

�‘�Š�1�Š�•�1�	�����1�X�V�1�–�ü�ð�1�•�‘�Ž�1�Š�›�Ž�Š�1�Š�œ�œ�’�•�—�Ž�•�1�•�˜�1�•�‘�Ž�1�Œ�•�Š�œ�œ�1�����˜�ž�›�•�‘���1�’�—�Œ�›�Ž�Š�œ�Ž�œ�1�û�•�›�˜�–�1�V�ï�^�W�‘�Š�1�Š�•�1�	�����1�V�ï�[�1�–�1

to 0.91 ha at GSD 20 m) 

In summary, these results show that additional deviation is introduced by the aggregation for 

the tramlines and that this is predominantly seen in the GSD 0.5 m.   
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4.4.6. Results of RMSE 

The RMSE was used to determine the deviation between the classified and aggregated 

orthomosaics and the baseline orthomosaic displaying the fertilizer distribution 

recommendation as summarized in Table 4-5.   

Table 4-5. Summary of RMSE for each field, date and aggregation level. The errors are displayed in percent. 

 

The RMSE was calculated for each field, each fertilization date (16.03.2020, 09.04.2020, 

19.05.2020), each GSD (0.5 m, 5 m, 10 m, 20 m) and each classification for three classes and four 

classes �û�Œ�˜�•�ž�–�—�1�����•�•�›�Ž�•�Š�•�Ž�•�1�Š�—�•�1���•�Š�œ�œ�’�•�’�Ž�•���ð�1�Œ�˜�›�›�Ž�œ�™�˜�—�•�œ�1�•�˜�1�����1�����1�–�Š�™�œ�ü. In a second step, 

the RMSE was also calculated for each map that was aggregated for farm traffic ( column 

�����›�Ž�™�Š�›�Ž�•�1�•�˜�›�1���›�Š�–�•�’�—�Ž�œ���ð�1�Œ�˜�›�›�Ž�œ�™�˜�—�•�œ�1the FT CL FR maps). The RMSE displays the errors in 

the same unity as the input, in this case percent. The RMSE shows the total deviation, it is 
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therefore not possible to distinguish between positive errors or negative errors like in e.g. 

Figure 4-10 or Figure 4-11. 

It is apparent, that the GSD differs between the fields, indicating that the effects of the GSD 

and aggregation are not influencing every field in the same way. When comparing the effects 

of the GSD for each field and class and date, it becomes apparent that the GSD 0.5 m usually 

shows the lowest RMSE and the RMSE gradually increases towards GSD 20 m. While e.g. 

���•�’�Ž�•�•���Š���1 �œ�‘�˜� �œ�1 ���������œ�1 �›�Š�—�•�’�—�•�1 �‹�Ž�•� �Ž�Ž�—�1 �[�ï�Y�1 �Š�—�•�1 �_�ï�[�1 �•�˜�›�1 �•�‘�Ž�1CL FR map (3cl) 16.03.2020, 

���•�’�Ž�•�•���‹���1�œ�‘�˜� �œ�1���������œ�1�›�Š�—�•�’�—�•�1�‹�Ž�•� �Ž�Ž�—�1�]�ï�Y�1�Š�—�•�1�W�X�ï�Z�1�•�˜�›�1�•�‘�Ž�1�œ�Š�–�Ž�1�•�Š�•�Ž�ï�1 

When comparing different levels of aggregation, it is striking to see, that the RM SEs 

(percentage of fertilizer distribution recom mendation)  for the FT CL FR maps are tendentially 

higher than the RMSE for the CL FR maps. The RMSE varies between 1.8 and 12.4 for the CL 

FR maps and between 3.1 and 12.8 for the FT CL FR maps. 

It is also noteworthy that for the FT CL FR maps, an increase in GSD does not point to an 

increase in RMSE as it can be observed for the CL FR maps. In fact, the RMSE of the FT CL FR 

maps does not vary much between the GSD 0.5 and GSD 20 m and it is noteworthy that the 

RMSE of the GSD 0.5 is in some cases even higher than the RMSE of the GSD 5 m (e.g. in 

field_a, on 09.04.2020).  

Concerning the temporal trend, it can be found in Table 4-5 that in most cases high RMSE 

values are associated with the GSD 20 m, for both the CL FR maps and FT CL FR maps, but 

only for the first two fertilization dates (16.03.2020, 09.04.2020). In late spring, for the third 

fertilization date (19.05.2020) we find generally very low RMSE values, ranging between 1.8 

and 4.8. 

In summary, these results indicate that more classes cause smaller errors. It is notable that 

there is a strong increase in error from the 0.5 m GSD to the 20 m GSD, but only for the 

aggregated and classified maps. When taking into account the aggregation for the farm traffic, 

the error is generally higher and it does not increase strongly from GSD 0.5 to GSD 20.  Overall, 

the error is also smaller later in season.  
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4.5. Discussion 

4.5.1. Considerations on the coverage for different GSDs 

As visualized in Figure 4-1 and summarized in Table 4-2, using a GSD with a pixel size of 20 

m x 20 m, as e.g. Sentinel -2, only part of the field can be analysed and subsequently only for 

this part of the field a fertilizer distribution recom mendation could be calculated. The part of 

�•�‘�Ž�1�•�’�Ž�•�•�œ�1�•�‘�Š�•�1�Š�›�Ž�1�—�˜�•�1� �’�•�‘�’�—�1�•�‘�Ž�1�Š�—�Š�•�¢�œ�Ž�•�1�Š�›�Ž�Š�1�û�›�Ž�•�Ž�›�›�Ž�•�1�•�˜�1�Š�œ�1���‹�˜�›�•�Ž�›�1�Š�›�Ž�Š�œ�1�’�—�1Table 4-2) range 

between 25% and 40%. This is due to the pixel size of 20 x 20 m of the Sentinel-2 multispectral 

camera, the shape of the field and the orientation of the field compared to the orientation of 

the Sentinel-2 tiling grid. This is clearly an advantage for the high -resolution data. Unlike for 

e.g. crop classifications or detection of seasonal trends, a fertilizer distribution 

recommendation should encompass the entire field in order to be of use to the farmers. This is 

especially important in areas of the world, where fields tend to be small, like e.g. Switzerland  

(Latsch and Anken, 2019). It is further notable that flower strips are becoming increasingly 

popular  and are promoted by the government (Baettig et al., 2020). While offering ecological 

benefits (Basu and Cetzal-Ix, 2018), flower strips on small fields cause further fragmentation 

and lead to even smaller fields, which cannot be accurately captured by a sensor with a GSD 

of 20 m. It is also noteworthy, that the area that is missing is mostly so-called headland area. 

This is area in the field in which the tractor is turning in the field. This area is mostly subject 

to heightened compaction and stress (Sunoj et al., 2021) which causes disadvantageous 

conditions for the crops and a closer monitoring, respectively adapte d fertiliz er application  

would be useful.  

4.5.2. Effects of ground sampling distance 

The next set of analyses examined the impact of GSD on a fertilizer distribution 

recommendation  of N in winter wheat  and winter barley . The study found that the spatial 

distribution of the fertilizer varies between the GSDs as illustrated in Figure 4-3 and that 

patterns are represented differently depending on their spatial extent. It is apparent that large 

patterns in the field are visible in all GSDs (see Figure 4-3), whereas smaller patterns, such as 

small areas or tramlines are only visible in the GSD 0.5 m. This is due to the fact, that these 

small features are partly smaller than the pixel size of GSD 5, 10 and 20 m. A single tramline 

e.g. is usually as wide as a tractor tyre and will range between 0.35 m and 0.5 m. Indeed, 

tramlines are small features and do not need to be fertilized as such. However, it is noteworthy 
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that w hile tramlines might not be detectable as such in a higher GSD, tramlines systematically 

influenced the data gained from the satellite, as found by Li et al., (2022). This might be because 

tramlines are often bare soil or covered with little vegetation , which can cause mixed spectral 

effects (Li et al., 2022; Price, 1994). A high -resolution system with a GSD of about 0.5 m, in 

which tramlines could be detected and removed from the fertiliz er distribution 

recommendation , might therefore be beneficial. As shown by Li et al., (2022), due to the 

influence of tramlines on satellite imagery,  knowledge about the position of tramlines could 

be very important when e.g. implementing satellite based decision support systems for 

agriculture, such as e.g. Farmstar (Coquil and Bordes, 2005).  

4.5.3. Effects of number of classes 

The classified maps strongly resemble each other, as seen in Figure 4-4 (three classes) and 

Figure 4-5 (four classes) and the original fertilizer distribution recommendation displayed in 

Figure 4-3. In general, a classification that was based on four classes provided better results in 

the differential map ( Figure 4-11) and the RMSE error analysis (Table 4-5). The baseline map, 

to which all other maps w ere compared, was the fertilizer distribution recommendation map 

of GSD 0.5 m, as presented in Figure 4-3. This map showed a continuous fertilizer dist ribution 

recommendation, this might be the reason that maps with four classes are showing less errors 

than maps with only three classes. However, this effect is predominantly visible for the GSD 

0.5 m. For e.g. the GSD 20 m the benefits of four classes are not as strong as the disadvantages 

of the low spatial resolution.  

In theory, an infinite number of classes could be tested, but in practice the number of classes 

used to delineate management zones is mainly dependent on the equipment of the field 

manager, respectively, the sensitivity and the signal bandwidth of the fertilizer spreader  and 

the GSD. In the study presented here, three and four classes were tested using a quantile-based 

approach, which is in line with other research (see e.g. Argento et al., 2020; Vallentin et al., 

2020). While approaches such as k-means (Yuzugullu et al., 2020) offer the benefit, that the 

data itself determines the amount of classes,  quantile -based approaches offer the benefit that 

there is a comparable amount of data in each class (Vallentin et al., 2020). It is important to 

note that, when using a quantile -based approach, the number of classes subsequently 

determines the range of the data in each class. The range of data in each class is also strongly 

dependent on the overall range of the data, which is dependent on the GSD, as e.g. shown on 
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fertilizer distribution recom mendation map (see Figure 4-3, some areas in the GSD 0.5 m 

receive up to 150% of the mean amount of fertilizer). These two effects, the GSD and the 

number of classes both influence the mean of each class. This value is important, since for each 

class, the mean was assigned as amount of fertilizer that will be applied to all pixels within 

that class. Even though the data was cleaned by applying a 95% quantile, it is still evident that 

the assigned amount of fertilizer per class is higher for the GSD 0.5 m then for the other GSDs 

( Figure 4-6, Figure 4-7 and Table 4-3), it is also notable that the data range is larger for the 

GSD 0.5 m then for other GSDs (see Figure 4-6 and Figure 4-7). 

As mentioned before, the GSD 0.5 m is also the only GSD that allows to see small areas in the 

field or tramlines , which are often associated with these extreme fertilizer distribution 

recommendations (see Figure 4-3). It can thus be suggested that areas with very low or no 

vegetation cover such as tramlines, therefore have the potential to distort calculation of the 

amount of fertilizer needed , but that this effect is only visible in the GSD 0.5 m (see Figure 4-8, 

Figure 4-9, Figure 4-10 and Figure 4-11).  

4.5.4. Effects of farm traffic aggregation 

Since this experiment was set out to represent and examine real farm situations, the classified 

maps were aligned with a tramline grid. This step is crucial, since tramlines are the only 

pathways on which the fertilizer spreader moves in the field and consequently the ultimate 

grid to which management zones for practical applications should be aligned.  

The shape of the field determines the positioning of the tramlines . In this study, two  different 

approaches were used to establish a fertilizer grid. For all rectangular (or nearly rectangular) 

fields with mostly parallel tramlines, a grid could directly  be generated. For fields with a curvy 

shape and subsequently curved or even diverting and converging tramlines, another approach 

had to be used. The second approach was based on creating buffers and manually adjusting 

the resulting shapefiles, when tramlines e.g. converged or diverged. Since this reflects reality, 

we focussed our analysis and discussion of the results on the resulting data.  

As these fields belong to different farm managers , different equipment with different swath 

width was operated on the fields, which resulted in different grids  (as seen in Table 4-1). For 

each field, an adapted grid was calculated, taking into account the swath width found on the 

field and a length of 10 m, which was considered the minimum length of a cell in the fertiliz er 

application  grid. In practice, some fertilizer spreaders need a certain amount of transition 
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period before they can switch between two  different levels of fertilizer. This transition period 

can cause errors in the fertilizer application (Sharipov et al., 2020). The farmer might handle 

this by manually adjusting the value of a cell that lies between two cells of e.g. higher levels. 

For reasons of practicality and reproducibility, the cells were not manually assigned to another 

level in this study.  

When comparing the CL FR maps (Figure 4-4 and  Figure 4-6) with the FT CL FR maps (Figure 

4-12 and Figure 4-13), it is obvious that for this show  case, that the orientation  of the grid does 

not align with the field borders shown used in this analysis, this is especially visible in Figure 

4-2. This is due to the fact, that the CL FR maps are aligned with the Sentinel-2 tiling grid, 

whereas the FT CL FR maps are aligned with the tramline s which the respective field manager 

had established in the field according to best practice. Planning tramlines in the field in 

alignment with the satellite tracks using a controlled farm traffic system (CTF) could help to 

reduce this offset (Latsch and Anken, 2019). 

A visual inspection ho wever, reveals that for the GSD 20 m the CL FR maps and the FT CL FR 

maps do appear to be very similar,  which can be seen when e.g. comparing Figure 4-4with 

Figure 4-12, respectively Figure 4-6 with Figure 4-13. This is also reflected in the summary of 

the RMSE (Table 4-5). When comparing the RMSE values for GSD 0.5 for the CL FR maps and 

the FT CL FR maps, there is a notable rise in the RMSE. The RSME is 30% - 50 % higher for the 

FT CL FR maps. This could be related to the fact that that the GSD of the tramline grid (e.g. 7.2 

m x 10 m) is higher than the GSD 0.5 m. This effect cannot be observed when reviewing the 

GSD 20 m. In this case, the cell size of the original pixel is much larger (20 m x 20 m) then the 

cell size of the tramline grid (e.g. 7.2 m x 10 m) and the RSME is very similar or the same value 

for the CL FR maps and the FT CL FR maps. This indicates that the benefits of the high accuracy 

of the GSD 0.5 m cannot fully be exhausted due to the poor accuracy of the fertilizer spreader.  

4.5.5. Effects of temporal progression 

It is interesting to see that for the last fertilization date, which happens around 19.05.2020, all 

RMSE are relatively low and range only between 2 and 4, apart for field_a, which showed 

values ranging between 4.9 and 8.2. This would indicate that at the last fertilization date 

management is not profiting much from high spatial resolution approaches. This might be due 

to the fact that in late spring, the canopy has mostly closed or that small differences are not 
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predominant anymore since in May the wheat has already received up to two fertilization 

splits (Richner et al., 2017). 

4.5.6. Considerations on the study design 

It is important to note that the study presented here, uses only data that was captured by 

cameras with the same characteristics (MicaSense RedEdge M and RedEdge MX) and 

compares the resampled aggregations to each other. Other studies directly compare data 

captured by UAV with data captur ed by satellite (see e.g. Gavioli et al., 2019; Gozdowski et 

al., 2020; Li et al., 2022). While a mathematical spatial aggregation is not the same as an actual 

data set from e.g. Planet labs or Sentinel-2 satellites, a spatial aggregation ensures the 

radiometric comparability (Huang et al., 2021). Since the camera bands of the MicaSense Planet 

labs or Sentinel-2 do not share the same centre wavelength or full width half maximum values 

(which are important characteristics to describe multispectral cameras (Jones and Vaughan, 

2010), it is difficult to impossible to compare the information of different cameras directly 

(Huang et al., 2021). Therefore, the data presented was aggregated to simulate the GSD of e.g. 

Sentinel-2 (10 m, respectively 20 m, Gatti and Bertolini, 2018) or Planet Labs (5 m, Houborg 

and McCabe, 2016). This allows us to directly compare the various GSDs, as the spectral 

component is kept constant and only the spatial component varies, but it is  not as close to 

reality as an original satellite data set.  

4.6. Conclusion 

The study presented aimed to investigate the influence of ground sampling distance and 

classification on management zone delineation for cereals such as winter wheat  or winter 

barley. The findings of the study suggest that high spatial resolution remote sensing data are 

beneficial for agriculture . Overall, a low GSD of 0.5 m and four instead of three classes have 

shown to give more accurate fertilizer distribution rec ommendations than e.g. higher GSDs of 

20 m. When a classified fertilizer map is transferred into a grid that is suitable for farm traffic , 

the influence of GSD is greatly reduced and already low  GSDs (e.g. 0.5 m) account for a 

considerable error. The study demonstrates that the benefits of the high accuracy of the GSD 

0.5 m cannot fully be exploited due to the poor accuracy of the fertilizer spreader. While it 

would be cost-effective to produce the remote sensing data at the resolution of the fertilizer 

spreader it must be stated that only spatially high ly  resolved data provides accurate 

information close to the field borders  and to remove/reduce confounding effects such as 
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tramlines, flow er strips and areas with reduced vegetation or bare soil on the tramli nes, which 

deter the spectral signal at a high GSD, as shown by Li et al., (2022). It is striking that for the 

case study region, up to 40% of the field area could not be covered with a GSD 20 m, since the 

fields were not aligned with the Sentinel -2 tiling grid. Overal l, the results show that field 

management could profit from high spatial resolution data and measurement procedures  and 

a field specific tramline or image acquisition optimization ; however, a trade-off with the 

capacity of the machinery has to be found.   
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5. Overall Discussion 

In the following  chapter, an overarching discussion of the findings in this thesis is given. Th e 

chapter will start with  a reflection on the methods tested in this thesis in the context of decision 

support  for sustainable agriculture . Then, an evaluation of the potential for application of the 

methods will be given, followed by  an overall conclusion. In general, this thesis evaluated the 

use of methods for decision support for arable crop field management on different scales in 

the interest of increasing sustainability in a small -scale farming setting such as that of 

Switzerland.   

5.1. Reflections on methods used in this thesis for improved decision making 

In this following section I will reflect on the tools that I used in the thesis for their potential to 

improve land management practice, may this be by means of increasing the knowledge on 

crop models or decision support in the context of smart farming. The following tools will be 

discussed: environmental sensors, such as Eddy Flux Towers as an advanced example of 

meteorological stations (see Chapter 2), UAVs, high resolution satellites, such as e.g. 

PlanetLabs, or medium resolution satellites, such as Sentinel-2 (see Chapter 3 and 4). The tools 

are presented in Table 5-1 and are assessed regarding their spatial resolution, temporal 

resolution, coverage per deployment and usability. The costs of the different tools are not 

discussed here, as they were recently discussed in Argento, (2021), Grossrieder et al., (2022) 

and Späti et al., (2021). 

Table 5-1. Comparison between different smart farming instruments. 

 

  

Device Spatial  

Resolution 

Temporal 

Resolution 

Coverage per 

deployment 

Usability 

UAV (e.g. WingtraOne) 0.05-0.5 m daily 50-100 ha/h hard to use 

Satellite, high resolution 

(e.g. PlanetScope) 

5 m daily global/day some knowledge 

required 

Satellite, medium 

resolution (e.g. Sentinel-2) 

10-20m 2-5 days global / 2-5 days some knowledge 

required 

Environmental Sensors (e.g. 

Eddy Flux Tower) 

not 

spatially 

resolved 

seconds footprint/s easy to use �t hard 

to use 
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5.1.1. Spatial Resolution 

The spatial resolution, or GSD, is one of the main aspects in which different sensors vary. 

Whereas UAVs offer a GSD of 0.05 �. 0.5 m (depending on the UAV, the camera and the flight 

height), satellites offer a GSD of 3 �. 5 m (e.g. PlanetScope) or 10 �. 20 m (depending on the 

band, e.g. Sentinel-2). Meteorological sensors, such as Eddy Flux Towers do not capture 

spatially resolved data per se. As demonstrated in Chapters 3 and 4, UAVs offer a very unique 

and high precision and manage to capture a field. When comparing different orthomosaics 

with different GSDs ( as shown in Chapter 3), it is striking how many more details can be 

detected in an image with a low GSD of 0.5 m. Not only can we see small areas which show a 

deviating signal from the rest of the area, we can also see tramlines, field borders and even 

larger, individual plants. It becomes clear in Chapter 3, that the borders of the fields examined 

in the study greatly varied between seasons and were not congruent with field borders 

provided by municipality. Using a UAV offered the chance to clearly distinguish between 

different crops or flower strip s. Furthermore, tramlines could also be easily tracked in a UAV 

orthomosaic, as demonstrated in Chapter 4. In the studies presented in Chapter 3 and Chapter 

4, the UAV resolution was resampled to 0.5 m. The original GSD of the UAV orthomosaics 

ranged between 0.05 and 0.10 m, which is typical for a multispectral  camera operated at the 

distance realised in Chapter 3. At this GSD, it is possible to locate single plants and this could 

show potential benefits in precision agriculture , as e.g. demonstrated by (Torres-Sánchez et 

al., 2015). Moreover, this is helpful  in phenotyping applications (Aasen and Roth, 2022). 

However, it also becomes clear in Chapter 4, that it is not easy to fully exploit the high precision 

that is offered by a UAV. In Switzerland, agricultural machinery, such as fertilizer spreader s 

have a typical swath width of about 10 �. 15 m. Depending on how fast a fertilizer spreader can 

adapt the amount of fertilizer  that �’�œ�1�•�’�œ�•�›�’�‹�ž�•�Ž�•�ð�1�•�‘�’�œ�1�›�Ž�œ�ž�•�•�œ�1�’�—�1�Š�1���	�������1�˜�•�1�W�V�1�. 30 m along the 

tramlines and 5 �. 7.5 m between the tramlines. Therefore, a high-resolution UAV image would 

need to be down-sampled to match the resolution of the spreader.  

With increasing GSD, there is generally an increase in error between the original 0.5 m 

orthomosaic and a resampled orthomosaic as clearly shown in Chapters 3 and 4. It is also 

striking to see, that while for a general orthomosaic (Chapter 3) or for a classified application 

map (Chapter 4) there is a clear increase in error, this is not the case for the application maps 

that were optimized for farm traffic. The maps that were optimized for farm traffic on the basis 

of a GSD of 5 m tend to show the smallest deviation from th e original application map. This is 
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most likely because a high-resolution satellite, such as e.g. PlanetScope, with a GSD of 3 �. 5 m 

is closer to the GSD of a fertilizer spreader. It could therefore be beneficial to investigate the 

opportunities of high -resolution satellites in relation to precision farming applications.  

It is interesting  to see that there is a certain temporal variation in the magnitude of the error. 

For cereals, e.g. (Chapter 4), it is demonstrated that for dates later in the season (May), the 

increase in error with increase in GSD is less pronounced than earlier in the season (March). 

This might be because in May the canopy of a cereal crop is more homogeneous than in March.  

Regarding the medium -resolution satellite of a GSD 10 �. 20 m (e.g. Sentinel -2), it can be stated 

that this data shows the largest deviation from the GSD 0.5 m. While it is still possible to detect 

large coherent areas in the field, fine structures such as tramlines or small patches are not 

visible anymore. These fine structures that are not detected by a satellite are also responsible 

for the high errors (see Chapter 3 and 4). It is important to note that while these structures are 

not directly visible anymore, they still influence the spectral signal of the are a (Li et al., 2022). 

This could lead to further errors when calculating the amount of fertilizer based on a  satellite 

image in comparison to calculating the necessary amount of fertilizer based on a higher 

resolution image. A key problem that became apparent in Chapter 3 and that is quantified in 

Chapter 4 for a few cereal fields, is that satellite images often do not cover an entire agricultural 

field . In fact, up to 40% of the field area monitored in our studies  could not be assessed using 

a GSD of 20 m. The majority of this area is at the border of the field . While the remaining area 

is still large enough to perform e.g. crop classifications (Turkoglu et al., 2021) or to study the 

phenology  (Diao, 2020), it is certainly not appropriate to perform  a precision farming 

application  �–�Ž�›�Ž�•�¢�1 �˜�—�1 �•�‘�Š�•�1 �•�›�Š�Œ�•�’�˜�—�1 �˜�•�1 �Š�1 �•�’�Ž�•�•���œ�1�Š�›�Ž�Š. Furthermore, even if there is a certain 

amount of satellite pixels within a field, the geo -positioning of a satellite is not always stable. 

This means that the pixels can be shifted in their location  (Yan et al., 2018). If this shift goes 

unnoticed, a neighbouring street might accidentally be measured and this would cause 

enormous errors, which are not foreseeable during the design phase of a study .  

With increasing GSD there was also a decrease in the range of the spectral information (see 

Figure 3-8 in Chapter 3). As indicated in Chapter 3, for precision farming application s, it is 

crucial to detect heterogeneity in the field  and a larger range of data might be beneficial. It is 

further  interesting to see that each crop species should be measured in a different GSD, as 

revealed in Chapter 3, Figure 3-6 and 3-9. 
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Meteorological sensors are not spatially resolved at all. Rather, they capture data that is 

representative for a certain area, s�˜�–�Ž�•�’�–�Ž�œ�1�Œ�Š�•�•�Ž�•�1 �Š�1 ���•�˜�˜�•�™�›�’�—�•���1 �û���ž�‹�’�—�Ž�•�1 �Ž�•�1 �Š�•�ï�ð�1 �X�V�W�X�ü�ï�1 ���•�1 �’�œ�1

possible to install several sensors and to perform a spatial interpolation to obtain spatially 

resolved meteorological data. This is often performed on a regional level: a meteorological 

station is placed into each major agricultural region to provide information for the 

surrounding farms (Dubuis et al., 2011). It is however not common to spatially interpolate 

meteorological information on a field level in Switzerland. Generating spatially resolved  

meteorological data on field level is very complex. This would require the installation of 

several sensors, which would need to be removed for certain cultivation measures such as 

harvesting or ploughing. In the experiment presented in Chapter 2, the three devices which 

measured leaf elongation rates were distributed around the Eddy Flux Tower  and they 

showed in princip le comparable growth patterns. This makes sense, since it is unlikely that 

the incoming radiation, precipitation or air temperature varies on a distance of 10 �. 50 m. It 

can therefore be stated that while stationary  meteorological sensors do not provide spatially 

resolved data on a field level , it is also questionable to which extent this might be useful  in an 

on-farm setting .  

While theoreti cal studies that examined the influence of ground sampling distance on 

economic outcome concluded that a higher GSD might be economically more competitive 

(Späti et al., 2021), the on-farm studies presented in Chapters 3 and 4 revealed that there are a 

few practical hurdles. Overall, concerning the spatial resolution, it can therefore be stated that, 

while for monitoring and classification purposes, a medium resolution satellite might be 

suitable; for purposes such as variable rate fertilization or even variable rate pesticide 

application, a higher resolution is preferred, given that the farmyard equipment can manage 

this.  

5.1.2. Temporal Resolution 

Another important specification to consider is the temporal resolution of a sensor.  In general, 

a higher frequency of data sampling points in time also comes with higher costs. It is therefore 

important to uncover  the degree of heterogeneity at certain physiological stages that can later 

on be utilized for on -farm deployment of such an approach, as demonstrated in Chapter 3. 

While a UAV is very flexible and can be deployed at any time and place (local legal restrictions 

may apply), t he temporal resolution of the satellites investigated in this thesis  (also known as 
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���›�Ž�Ÿ�’�œ�’t �•�’�–�Ž���ü is generally given by the provider  of the respective satellite. PlanetScope 

satellites provide satellite imagery daily (PlanetLabs, 2022a) and Sentinel-2 offers satellite 

imagery every five days (ESA, 2022). However, the temporal resolution of a satellite cannot 

always be fully exploited because optical satellite sensors cannot collect data if there are clouds 

�‹�Ž�•� �Ž�Ž�—�1 �•�‘�Ž�1 �œ�Š�•�Ž�•�•�’�•�Ž�1 �Š�—�•�1 �•�‘�Ž�1 �Ž�Š�›�•�‘���œ�1 �œ�ž�›�•�Š�Œ�Ž�ï�1 ���˜�›�1 ���œ�Œ�‘�’�”�˜�—�ð�1 �•�‘�Ž�1 �Œ�˜�›�Ž�1 �›�Ž�œ�Ž�Š�›�Œ�‘�1 �Š�›�Ž�Š�ð�1 �’�•�1 �’�œ�1

estimated that between February and July, the cloudy pixel percentage was over 50%, apart 

from April, when it was only somewhat higher than 20% (retrieved from the database of Graf 

et al., 2022). This low reliability in data is especially problematic in spring when  most crop 

management procedures take place. In this context, some authors claim that an additional 

benefit of a UAV is that it ��can fly below the clouds���1�Š�—�•�1�œ�•�’�•�•�1�Œ�˜�•�•�Ž�Œ�•�1�•�Š�•�Š�1(e.g. Ecke et al., 2022; 

Kaivosoja et al., 2013). While it is feasible for a UAV  �•�˜�1�Š�Œ�š�ž�’�›�Ž�1�’�–�Š�•�Ž�œ�1�˜�•�1�•�‘�Ž�1�Ž�Š�›�•�‘���œ�1�œ�ž�›�•�Š�Œ�Ž�1

while flying bel ow the clouds, it is difficult to compare data gained in cloudy conditions to 

data acquired in sunlight conditions  because clouds can absorb each wavelength differently 

and this will influence the spectral signal of the vegetation (Aasen et al., 2018; Kokhanovsky, 

2004). However, there is also a number of U AV applications which investigate structural 

canopy information gained from RGB data using the structure from motion technique, e.g. 

estimation of biomass (Bendig et al., 2014) or phenotyping applications where evenly lit light 

conditions without any hard shadows �. such as occurring in cloudy weather �. could even be 

beneficial (Aasen and Roth, 2022). Still, a UAV does offer higher flexibility and it is e.g. possible 

to wait for a few hours to see if the clouds maybe dissipate. Not dependent on cloud -free skies, 

flux towers and meteorological stations continuously  provide data in a very high temporal 

resolution of seconds. As seen in Chapter 2, plant growth adjusts to the environment on a scale 

of seconds to minutes. For most remote sensing applications, it is not feasible to monitor plant 

growth on su ch a fine temporal scale (an exemption are e.g. phenocams (Aasen et al., 2020)). 

Nevertheless, as demonstrated in Chapters 3 and 4, a temporal resolution of 14 days or higher 

during crucial phases (e.g. start of the stem elongation in wheat) allows to capture most of the 

temporal dynamics of field heterogeneity . Yet, for other purposes such as crop phenotyping 

in a breeding-related context, a higher temporal resolution would be desirable (Aasen and 

Roth, 2022). It becomes evident in Chapter 3 that each crop species shows a distinct temporal 

pattern of increase and decrease in field heterogeneity. This pattern also varies between the 

spectral indices and is differently pronounced in the investiga ted GSDs. This indicates that 

each crop species needs an adapted monitoring scheme in order to obtain the most adequate 
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data. We could also find a distinct temporal pattern for the relationship of LER and 

environmental measurements. As demonstrated in Chapter 2, leaf elongation rate is closely 

connected to GPP and incoming radiation on a scale of hours and to temperature on a scale of 

days. While a normal weather station is not able to measure GPP, many meteorological 

stations provide information on light i ntensity and temperature , usually integrated on a 

temporal period of hours (see e.g. Dubuis et al., 2011). The results obtained in Chapter 2 might 

also be useful to develop better crop models which can in turn be used as a decision support 

tool.  

It can therefore be concluded that, while a very high temporal reso lution might be interesting 

to further investigate plant physiology, from a practical aspect, it might be more beneficial to 

have a higher sampling frequency only when a high variability can be expected and a 

management procedure is planned.  

5.1.3. Coverage per deployment 

The coverage per deployment varies between the investigated tools. For UAVs, the coverage 

can vary considerably between UAV type s and flight height  (which in turn influences GSD). 

The data in Chapter 3 and 4 was obtained with a fixed-wing drone.  Fixed wing drones manage 

to survey up to 100 ha per hour. Satellites usually cover far more than that �. a single Sentinel- 

2 image covers 100 km x 100 km (ESA, 2022) and PlanetLabs state a variable size for a single 

scene, ranging between 32.5 km x 19.6 km and 24 km x 8 km (PlanetLabs, 2022b). The data 

gained from Eddy Flux Towers is usually assigned to a footprint , which is dependent on local 

topography  and specifications of the tower, but in the case of Oensingen it can be denoted to 

about 1 ha (Neftel et al., 2008). Data from meteorological stations is usually interpolated and 

should therefore be valid for entire regions. The coverage per deployment has a considerable 

effect on the economic aspect of the sensors. In order to reach the coverage of Sentinel-2, one 

hundred  UAV flights need to be performed.  

5.1.4. Usability 

All  of the tools differ substantially regarding their usability  in the context of precision 

agriculture on small -scale fields as investigated here. For the example of UAV -based 

multispectral images , this has been demonstrated by elaborating a number of steps that are 

required to generate a broadly applicable product  (Aasen et al., 2018): In order to obtain an 

orthomosaic from an UAV, the UAV first has to be flown over the area. Then, to create a good 
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data product, auxiliary  information such as sun incident angle, or flight direction must be 

taken into account (Aasen et al., 2018). Following image acquisition, the images have to be 

stitched together to form an orthomosaic . Although there are various commercially available 

programmes that perform this task, this requires a certain degree of knowledge to adequately 

adjust the settings (e.g. LLC Agisoft, 2021) in addition to high performing hardware. The 

subsequent steps of exporting the orthomosaic, calculating the vegetation indices and clipping 

the area of interest are comparable to the steps required to obtain data from a satellite image 

as described below. 

In order to obtain data from a satellite image, the image must  first  be retrieved from a database, 

before it can be processed locally or in a cloud. Several image processing programmes are 

available for satellite images, such as SNAP by ESA (Gomarasca et al., 2019) or EOdal (Graf et 

al., 2022). In some cases, an atmospheric correction has to be performed and the scene has to 

be checked for clouds (Gomarasca et al., 2019), which  requires a certain degree of knowledge 

to adequately adjust the settings. Subsequently, the preferred vegetation  indices can be 

calculated and the region of interest can be extracted from the scene. Some platforms such as 

onesoil.ai (OneSoil, 2022) or sentinel-hub (Sentinel Hub, 2022) also offer processed satellite 

imagery to download or view as a decision support tool for farmers.  

The widespread application of Eddy Flux Towers on a farm level is not feasible for precision 

farming applications due to the comparably high cost, intense maintenance and complex data 

handling (Aubinet et al., 2012; Wutzler et al., 2018). Yet, adequate information on relevant data 

can be retrieved from more common environmental sensors such as smaller meteorological 

stations as described e.g. in Dubuis et al., (2011). This data is relatively simpl e to acquire and 

in most cases the data is easily readable �. therefore, the principle shown in Chapter 2 could be 

applied  and the effect of environmental data on the expected biomass generation may 

contribute to the fine -tuning  of decision support .  

5.2.  Potential application of results 

In this section, I will briefly discuss possible application s of the results obtained in this thesis 

considering a Swiss agricultural  structure.   
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5.2.1. A glimpse into the future of in-field heterogeneity management 

As shown in Chapter s 3 and 4, small fields with high in -field heterogeneity can best be 

monitored  with a high -resolution UAV or satellite. Field heterogeneity can have natural causes 

such as topography or soil, but it can also be introduced into the field by the field manager. A 

farmer may choose to apply measures such as pollinator strips (Baettig et al., 2020), 

agroforestry (Vaccaro et al., 2022), or various forms of intercropping or mixed cropping 

(Hernández-Ochoa et al., 2022), which further introduce heterogeneity into a field. Cropping 

forms such as spot farming (Wegener et al., 2019) or patch farming (Donat et al., 2022) make 

use of different zones in the field by planting different crops in them. Higher heterogeneity in 

landscapes or fields can be beneficial for biodiversity (Benton et al., 2003). While these forms 

of management have an ecological justification, they need adapted cropping systems and 

occasionally also special machines (Wegener et al., 2019). With increasing i mportance of 

sustainable farming practices, these cultivation methods  could therefore become more 

popular. These farming systems need spatially highly resolved data to benefit from a decision 

support by remote sensing and UAVs could deliver such highly res olved data. 

5.2.2. Locally adapted management needs a harmonization of tools 

In order to profit from smart farming, the technology must be adapted to local circumstances 

(Rose et al., 2021). Regarding Switzerland, an important aspect to consider is the small field 

size of 1.3 �. 2.4 ha typically found across the country (Evans et al., 2016; Prasuhn et al., 2013; 

Zellweger-Fischer et al., 2018). As demonstrated in Chapter 4, satellite data with a resolution 

of 10-20 m GSD is not suitable for these small fields to define e.g. variable rate application of 

fertilizer , since a lot of the border area is not covered. This is especially pronounced in 

situations where the field orientation does not naturally align with the Sentinel -2 tiling grid . 

From an economic point of view, a GSD of 20 m would be beneficial (Späti et al., 2021). In 

theory, land clearing activities could lead to larger compound fields (Bovigny -Ackermann, 

2011), but they cannot always be implemented due to e.g. social circumstances of field owners. 

Another point  that should not go unnoticed is that if the orientat ion of tramlines in the field 

differs from the orientation of the remote sensing product (shown in Chapter 4), an additional 

error is introduced. Hence it might  be interesting to combine e.g. controlled traffic farming 

(CTF) systems (Latsch and Anken, 2019) with adapted flight paths for UAVs , or in cases where 

it can be implemented, consider re-arranging the tramlines to align with a satellite tiling grid. 
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It is further essential to consider that most of the nitrogen fertilizer is applied on the f ields as 

manure, slurry or compost (FSO, 2022). Advances in sensor technology (Evangelista et al., 

2021; Millmier et al., 2000) to determine the nutrient content of the manure and advances in 

spreading technology (Aranguren et al., 2019; Haneklaus et al., 2016; Whalen et al., 2019) are 

promising in thi s regard. 

5.2.3. Combination of techniques 

An approach that combines several technologies and relies on different data sources could be 

an ideal decision support tool, as explained in this section. The optimal time to apply fertilizer 

or pesticides is generally dependent on the local weather, on plant physiology , and on disease 

pressure (Dubuis et al., 2011; Ramseier et al., 2016; Richner et al., 2017). Optimized plant 

models based on field data of plant growth as described in Chapter 2, could be merged with  

crop growth models or  phytopathology models such as e.g. Phytopre or Fusaprog (Ramseier 

et al., 2016) to determine the exact time of application. Such an approach could further be 

combined with remote sensing products to determine the application rate for each point in the 

field  by e.g. identifying the plant density .  

Using several data sources is also important  when trying to identify the cause of plant stress 

in the field. While this is feasible in the lab (Bohnenkamp et al., 2021), these results cannot 

easily be transferred into the field (Berger et al., 2022). A remotely sensed image could show 

unexpected deviations from the standard development of crop s in the field. A closer look into 

environmental data could help to reveal the most likely cause for the crop stress, as abiotic 

stress can be directly dependent on environmental variables and biotic stresses such as pests 

and diseases tend to have ranges in which they are prevalent (Ramseier et al., 2016). It might 

still be inevitable to examine and sample suspicious areas in the field directly to identify the 

problem, but this approach could be especially useful for crops that grow very tall, such as 

maize, and cannot easily be overseen or crops that are grown far away from the farm.  

Another possible combination is to use differently resolved remote sensin g products at 

different points in the season depending on the application. As demonstrated in Chapter 3, 

there is a certain temporal dynamic of the in-field  heterogeneity, and it would be feasible to 

rely on a satellite for a part of the season and to switch to a higher resolved UAV at a time 

when this becomes beneficial. A crucial  point to acknowledge is that absolute values of e.g. 
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NDVI cannot be compared between different cameras (Huang et al., 2021), which would 

complicate the sequential use of differing data sources throughout the season. 

5.3. Reflections on the experimental location and design of this thesis 

In this section, I will briefly reflect upon the experimental set-up and design. The core research 

area encompassed the farm of the cantonal agricultural school, which is both an educational 

institute as wel l as an institute for applied agricultural research. The main advantages certainly 

were a high affinity for research and a general willingness to share data. Furthermore, we were 

generously granted access to fields and we were given the possibility to sample plant material 

and to place GCPs. Yet, for the experiments conducted for Chapter 3 and 4, the 

experimentative spirit of the agricultural school proved to be slightly problematic. Since many 

of their fields were also used for experiments, mainly strip cr opping experiments, these had 

to be excluded from e.g. the research shown in Chapter 3, since it was difficult to compare the 

artificial field heterogeneity induced by the strip  cropping  to other fields with a single crop. 

Overall, the cooperation was very  good, and since the core research area also encompassed a 

few fields managed by private farmers who worked according to good agricultural practice, 

enough data could be gathered. While there might be differences between the management 

practices of the experienced farmers and the farmers associated with the school, it was possible 

to successfully develop a workflow to measure and interpret in -field heterogeneity with an 

UAV , as shown in Chapter 3. This workflow can also be adapted to other regions with simi lar 

field sizes. The workflow proposed in Chapter 4 is in theory adaptable to different 

specifications of machinery.  

Due to the camera specifications, the studies presented in Chapter 3 and 4 relied mainly on the 

NDVI and NDRE . While these indices have previously shown promising results (see e.g. 

Argento, 2021), further studies should validate  certain aspects of the workflows proposed in 

Chapter 3 and 4 with other indices (Henrich et al., 2017; Zeng et al., 2022). 

Finally, while the data gathered in Chapter 1 show a correlation between LER and 

environmental variables, it is known that LER can be genotype-specific and it may therefore 

be interesting to repeat this experiment with a variety of  genotypes (Nagelmüller et al., 2016). 
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6. Conclusion 

This thesis aimed to investigate the monitoring of crop traits with smart farming methods, 

such as remote sensing applications or measurements of environmental variables. In the first 

study, shown in Chapter 2, it was found that the temporal scale played an important role in 

the analysis of plant growth. On a scale of days, air temperature is the main driver  of leaf 

elongation. However, a closer look revealed that on an hourly scale, GPP and shortwave 

radiation explain most of the variance of the LER. These results could be used to update crop 

growth models. The results further stress the dependence of plants on their environment and 

the importance of measuring environmental variables. The second study, as presented in 

Chapter 3, aimed to develop a workflow to explore the spatio-temporal d ynamics of in-field 

heterogeneity. A special focus was put on the effects of the spatial scale. The key finding was 

that the field h eterogeneity varies throughout the season, across species and different  

vegetation indices. It is therefore crucial to develop measurement schemes adopted for each 

species. The study further revealed that fields with a high heterogeneity profit from a 

monitoring with a better GSD. The third study, as described in Chapter 4, aimed to investigate  

a practical application of precision farming regarding  the effect of spatial scales. For this study, 

two different classification algorithms were tested to delineate management zones for a 

variable rate fertilizer application map. The study also included the transformation from a 

management zone map to an application map optimised for fertilizer spreaders, which caused 

additional errors for some GSDs. This study further revealed that for small scale fields, remote 

sensing data gained from a satellite is often not usable, since the field borders are not covered, 

which  is a major limitation compared to UAVs regarding  precision farming application.  

Together, these studies show the importance of monitoring schemes that are adapted to local 

circumstances. While satellite imagery might be beneficial in terms of lower cost, a lower 

resolved image might miss out a large part of the field. Considering the recent advances of 

alternative farming methods such as strip cropping or spot farming, only highly resolved 

images can offer the information that is needed to monitor crops cultivated in such cropping 

systems adequately.  

 



 

 

 

Teamwork �t on the field and in the office 

 

 

 

 

Acknowledgements 
  



 

148 
 

7. Acknowledgements 

I am very thankful for the opportunity to pursue a PhD in the Crop Science Group. Over the 

last five years, many people have been part of this group, and I am grateful to every member, 

both present and former, who contributed to the pleasant atmosphere in group. I am grateful 

for all the scientific exchange and feedback we had during meetings, excursions, and coffee 

breaks.  

I would like to express my gratitude to Achim Walter  for giving me the opportunity to write 

this thesis. Your critical comments were always helpful for improving my work . I am very 

thankful for everything I have learned from you over the past years about plants and Science 

in general and I am very grateful for the support  during challenging times.  

Thank you, Helge Aasen, for being my co- supervisor . You taught me how to fly drones and 

helped me navigate Academia and showed me how to pack for a week using only one small 

backpack. I am very thankful for everything I have learned from you over the past four years, 

scientifically and personally.  This thesis would not have been possible without your patient 

feedback. I am also truly grateful  that you never stopped believing in me - thank you for your 

guidance and ongoing support as a supervisor, especially during challenging times.   

I also thank Frank Liebisch for his enthusiastic support in all matters regarding field work, 

plant nutrition o r assembling furniture.  

I am also grateful to Georg Bareth for accepting to be co-examiner of this thesis and taking the 

time to evaluate the thesis.  

A very special thank you goes out to all who have been part of the A8 office crew: Francesco 

Argento, Gregor Perich, Corinna Oppliger, Lukas Graf, Flavian Tschurr, Olivia Zumsteg, 

Lukas Kronenberg, Jonas Anderegg, and Lukas Roth. Thank you for all the cheerful hours and 

all your support in managing computer problems, finding a paper  or fixing my b ike. 

My heartfelt thanks go to  my fellow Inno Farm PhDs, Regine Maier and Karin  Späti. Thank 

you both for your support during our regular coffee breaks and virtual lunch meetings, it 

means a lot to me. It was a pleasure to work in the field with you Regine , and I am very grateful 

that you granted me access to field material and the secret kitchen. I am also very thankful to 

you, Karin for providing datasets, ideas and codes.  



 

149 
 

I am also thankful to the other people involved in the InnoFarm project, especially  the 

Agricultural Economics and Policy Group  and the Grassland Sciences Group of ETH Zurich. 

My  honest gratitude also goes out to the technicians and administrative assistant without 

whom this project would not have been possible! Thank you Hansueli Zellwe ger for driving 

the tractor and teaching me everything (or nearly everything) about applied agr iculture . 

Thank you Brigitta Herzog, for assisting me with field material and sampling. Thank you also 

Norbert Kirchgessner, who provided me with scripts , tools and comic books, and Simon for 

support with interpreting my findings from an agronomic point of view. �����–�1�Š�•�œ�˜�1�•�›�Š�•�Ž�•�ž�•�1�•�˜�1

Marianne Wettstein for helping me with all matters regarding administration and general 

support. Markus Staudinger, thank you for kee ping the LLTs electrified in Oensingen and for 

your support with the drone. I am also very grateful for the support in the lab and on the field 

of our Hiwis, Lara, Ramon and Franziska.  I am also grateful to all the people of the Plant 

Nutrition group, who helped me in the lab or with operating the freeze dryer. A special thank 

you goes out to Mike Ruckle, whose support in operating the freeze dryer was invaluable.  

I would like to thank the Swiss National Science Foundation for funding the InnoFarm project  

within the National Research Programme 73. It was a pleasure to collaborate and exchange 

ideas with the other scientists from the NRP 73 during the workshops and conferences. 

Finally, I would like to thank my whole family and my friends for their support - I am grateful 

for all the materials I could borrow from the kitchen and garage for my field work and I am 

sincerely grateful for all the joyful moments that kept me going in these past years. 



 

 

 

Flying towards the future 

 

 

 

Curriculum Vitae 
 

  



 

151 
 

8. Curriculum Vitae 

Personal Data  

Name:    Quirina Noëmi Merz 

 

Education 

2018 - 2022  PhD Candidate, Crop Science Group  
Department of Environmental System Science, ETH Zurich, Switzerland 

2014 - 2017 Master of Science in Earth System Sciences, University of Zurich  

2014 Semester abroad at University College London (UCL), England 
Geography 

2010 - 2013 Bachelor of Science in Geography, University of Zurich 


