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Summary

RS is widely employed as a non-destructive methodology to monitor grasslands. Us-

age of UAV as the RS platform benefits to provide high spatial (fine-grain) and tempo-

ral resolution, unclouded data over small grassland extent. Therefore, this thesis eval-

uated the applications of UAV-borne RS for fine-scale grassland monitoring along with

practical farm condition. Grass biomass estimation, predicting forage quality of grass

and mapping invasive lupine in grasslands are considered as applications of UAV-

borne RS.

Amount of available grassland biomass at field-scale is essential information for grass-

land farmers as well as agronomists to make feeding plan to animals. Chapter 3 in-

vestigated the grass sward height derived from UAV-borne RGB images to estimate

grassland biomass in three different grasslands with variable sward composition and

mowing systems in northern Hesse, Germany. First, the strongly related CHM met-

ric out of 10 metrics was found with both FB and DB. The 75th percentile (p75) height

was discovered as the highest correlated CHM metric with biomass according to Per-

son’s correlation coefficient values. Three different levels of linear empirical models

(sampling date-specific, grassland-specific and global) were built to estimate grassland

biomass using p75 height. The complexity of grassland sward was increased respec-

tively to the order of modelling level. The sampling date-specific models provided the

highest model performance, followed by grassland specific and global models. The

results disclosed the potential of CHM derived from UAV-borne images for estimating

fine-scale grassland biomass, although models were affected by species heterogeneity

of grasslands.

The timely information of forage nutritional values of grassland is vital for feeding

high-quality forage for ruminants. UAV-borne imaging spectroscopy data was exam-

ined in Chapter 4 to predict two crucial forage quality parameters (CP and ADF) for a

multitude of grasslands in northern Hesse, Germany. First, the relationship with forage

quality values and various spectral reflectance data sets were evaluated according to

Person’s correlation coefficient values. Based on that, normalised reflectance data was

xvi



found as the strongly associated dataset with forage quality values. Afterwards, the

linear regression models were built against forage quality values and different spec-

tral features (i.e. single bands, NDSIs, SRs). None of the linear models with spectral

features offered excellent results. Therefore, ML regression models were built using all

spectral bands. In that respect, five ML algorithms (PLSR, GPR, RFR, SVR, and CBR)

were evaluated with 100 simulations. The SVR model obtained the highest model

performances for CP estimation while the CBR model provided the best model for

ADF estimation. Lastly, the trained ML model was utilised to generate maps of forage

quality values of each grassland fields. The Chapter 4 revealed a combination of full

spectral data and ML algorithms can provide comprehensive forage quality estimation

model that can predict value regardless of grassland type.

Chapter 5 successfully developed a transferable, repeatable workflow to map invasive

lupine grasslands using UAV-borne RS data and OBIA as an alternative standard im-

age digitising. The UNESCO biosphere reserve “Rhön” consists of semi-natural grass-

lands where most of them were invaded by lupine. The spatial coverage of invasive

lupine was crucial to understand invasion pattern, to plan control activities as well as

to assess the results of eradication actions. RGB images and thermal images acquired

form UAV was used in the developed workflow. In the image segmentation phase,

CHM raster, PD raster and hue image were utilised to delineate image segments which

represent lupine and non-lupine objects. Four geometric attributes and twenty-eight

images-based attributes were computed for each object. An RF classification model

was trained using all attributes. The lupine coverage maps generated from classifica-

tion were compared against standard digitised maps. The accuracy of the lupine map

from classification increased when there is low relative lupine coverage. This result

indicates a combination of UAV-borne RS data and OBIA would be a valuable tool to

map invasive lupine in grasslands.
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Zusammenfassung

Fernerkundung ist eine weit verbreitete, nicht-destruktive Untersuchungsmethode im

Grünland. Je nach Aufgabengebiet kommen unterschiedlichste Fernerkundungsplatt-

formen (z. B. Satelliten, Flugzeuge, Drohnen und terrestrische Systeme) zum Einsatz.

Der Vorteil des Einsatzes von Drohnen liegt in der Erzeugung von räumlich und zeit-

lich hochaufgelösten, wolkenfreien Daten, welche auf kleinen Günlandbeständen er-

hoben werden können. Diese Thesis untersucht die Anwendung von drohnenbasierten

Fernerkundungssystemen im fein skalierten Grünlandmonitoring unter praktischen

Bedingungen. Die Abschätzung von Grünlandbiomasse, die Vorhersage der Futter-

qualität von Grünlandaufwuchs und das Identifizieren der invasiven Stauden-Lupine

werden als Einsatzzwecke für drohnenbasierte Fernerkundungssysteme in Betracht

gezogen.

Die Menge verfügbaren Grünlandaufwuchses auf Feldniveau ist eine essenzielle In-

formation für Landwirte, wie auch für Agrarwissenschaftler. Kapitel 3 untersucht die

Vegetationshöhe, erhoben mittels drohnenbasierter RGB Bilder, zur Abschätzung von

Grünlandbiomasse. Drei verschiedene Grünlandtypen mit unterschiedlicher Artzu-

sammensetzung und Nutzungsintensität wurden hierfür in Nordhessen untersucht.

Zunächst wurden aus einem Vegetationshöhenmodell (CHM) zehn Variablen abge-

leitet und die beste Variable für die Modellierung von Frisch- und Trockenmasseer-

trag identifiziert. Das 75. Perzentil (p75) hatte die höchste Biomassekorrelation, ge-

messen am Korrelationskoeffizienten nach Pearson. Drei unterschiedliche Level von

empirischen Modellen (Aufnahmezeit-spezifisch, Grünlandtyp-spezifisch und global)

wurden zur Biomasseabschätzung mit Hilfe von p75 modelliert. Die Komplexität der

Grünlandtypen stieg gleichermaßen in Reihenfolge der Modellierungslevel an. Das

Aufnahmezeit-spezifische Modell erzielte die höchste Modellgenauigkeit, gefolgt vom

Grünland-spezifischen und globalen Modell. Die Ergebnisse offenbaren das Potenti-

al der Vegetationshöhe aus drohnenbasierten Bildern zur detaillierten Schätzung von

Grünlandbeständen, auch wenn die Modelle durch die Heterogenität der Bestände be-

einflusst sind.
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Die rechtzeitige Erfassung von Qualitätsparametern eines Grünlandbestandes ist ent-

scheidend für die Bereitstellung von hochwertigem Futter für Wiederkäuer. In Ka-

pitel 4 werden drohnenbasierte Spektraldaten untersucht, um zwei relevante Futter-

qualitätsparameter (Rohprotein und ADF) für eine Vielzahl von Grünlandtypen in

Nordhessen zu bestimmen. Zunächst wurde die Beziehung zwischen Futterqualität

und verschiedenen spektralen Reflektionsdatensätzen mittels des Korrelationskoeffi-

zienten nach Pearson evaluiert. Hierbei zeigte sich, dass die normalisierten Reflekti-

onsdaten die höchste Assoziation zu Futterqualitätswerten aufwiesen. Des Weiteren

wurden lineare Regressionsmodelle mittels unterschiedlicher spektraler Features (z.B.

Einzelbänder, NDSIs, SRs) gebaut. Keines dieser linearen Modelle aus spektralen Fea-

tures erzielte exzellente Ergebnisse. Daher wurden Modelle des maschinellen Lernens

mit allen verfügbaren spektralen Bändern eingesetzt. So wurden fünf unterschiedliche

Algorithmen mit je 100 Simulationen evaluiert (PLSR, GPR, RFR, SVR und CBR). Die

SVR Methode lieferte das beste Modell zur ADF Abschätzung. Zuletzt wurde das trai-

nierte Modell genutzt, um Futterqualitätskarten für jeden Grünlandtyp zu erzeugen.

Die Ergebnisse aus Kapitel 4 zeigen, dass eine Kombination aus der Nutzung der ge-

samten spektralen Daten in Modellen des maschinellen Lernens eine flächendeckende

Schätzung der Futterqualität, unabhängig von Grünlandtypen, ermöglichen kann.

In Kapitel 5 zeigt sich die erfolgreiche Entwicklung eines transferierbaren, wiederhol-

baren Workflows zur Erzeugung von Karten Lupinen invadierten Grünlandes. Dies,

mittels drohnenbasierter Daten und objektbasierter Bildanalyse (OBIA), als eine stan-

dardisierbare Bild-Digitalisierungsalternative. Das UNESCO Biosphärenreservat ”Rhön“

ist geprägt durch extensive Grünlandtypen, von denen ein großer Teil durch die vielblättrige

Lupine invadiert ist. Die räumliche Abundanz der invasiven Lupine ist wichtig zur

Beurteilung der Ausbreitungsmechanismen, zur Planung von Kontrollmaßnahmen,

wie auch zur Beurteilung des Erfolges solcher Maßnahmen. Drohnenbasiere RGB und

Thermal-Bilder wurden zur Gestaltung eines Workflows genutzt. In der Phase der

Bildsegmentierung wurde das Raster des Vegetationshöhenmodells (CHM) und das

der Punktdichte (PD), sowie das Bild der Farbtonwerte genutzt, um die Daten in Ob-

jekte von Lupine und nicht-Lupine zu segmentieren. Vier geometrische und 28 bild-

basierte Attribute wurden für jedes Objekt errechnet. Ein Random Forest (RF) Klassifi-

kationsmodell wurde mithilfe der gesamten Daten trainiert. Die mittels Klassifikation

erzeugten Lupinen-Karten wurden mit manuell digitalisierten Karten verglichen. Die

Genauigkeit der Lupinen-Karten aus Klassifikationsmodellen verbesserte sich, wenn

nur geringe Lupine-Deckung vorherrschte. Das Ergebnis zeigt, dass die Kombination

aus drohnenbasierten Fernerkundungsdaten und OBIA ein wichtiges Werkzeug zur

Erzeugung von Lupine-Deckungskarten im Grünland ist.
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Chapter 1

Introduction

1.1 Grassland

’Grassland’ is an ecosystem where grasses and herbs are the dominant species of the

vegetation and woody species do not exceed 10 % of the total land cover (White 1983).

Grassland ecosystems are the largest land ecosystems in the world, and they extend

through all continents except Antarctica (Xu and Guo, 2015). Types of grassland can be

classified or characterised in terms of soil type, climate condition, species composition,

and land use management system (e.g. pasture, hay meadow) (Peeters, 2009). The role

of grasslands as an ecosystem service provider is very prominent. It is linked to food

provision, climate regulation, erosion regulation, water flow regulation, and recreation

(Hönigová et al., 2012).

Grasslands cover approximately 70.5 million hectares in 28 European Union member

countries in the year 2013 (33 % of the utilised agricultural area), and they are the most

species-rich environments (Peeters, 2009; Leclère et al., 2016). According to Huyghe

et al. (2014), grassland can be divided into two major groups i) permanent grassland

and ii) temporary grassland. Grasslands that have not been disturbed by ploughing

for more than five years are considered as the permanent grasslands. They can be

further categorised as agriculture-improved grasslands and semi-natural grasslands

which are intensively managed with improved yield and extensively managed with

low yield respectively. Further, according to management practises, the permanent

grasslands can be labelled as meadows (predominantly mowed) and pastures (pre-

dominantly grazed). The temporary grasslands are sown with the annual, biennial, or

perennial forage species and experienced crop rotation practise (Huyghe et al., 2014).

The most prominent ecosystem service of grassland is forage provision to both domes-
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tic and wild herbivores, i.e. cattle, sheep, goats, horses (Gibson, 2009). Since grass

is providing the required nutritious feed to herbivores, it was considered as the earth’s

green gold (Frame and Laidlaw, 2011). The forage productivity of grassland is measured

using annual forage dry matter quantity (DM) per area (usually using DM tonnes per

hectare per year – t ha-1 year-1). The productivity of grassland is dependent on dif-

ferent factors, namely temperature, rainfall and length of the day (Smit et al., 2008).

Moreover, grassland productivity varies due to botanical composition and manage-

ment practise (Gibson, 2009). In Europe, the productivity of grassland differs between

10 t ha-1 year-1 in the Atlantic zone and 1.5 t ha-1 year-1 in the Mediterranean (Smit et al.,

2008).

Acting as a hotspot for biodiversity is another leading ecosystem service provided by

grassland (Gibson, 2009). Grassland biodiversity is high because of its plant species

richness and being a foundational habitat for animals ranging from small insects to

large mammals (Silva et al., 2008). However, the biodiversity of grassland is threat-

ened by many factors such as poor agricultural practises, intensified pesticide usage,

increasing stocking rate, biological invasions by alien species, and climate change.

1.2 Grassland monitoring

The monitoring is an action of measuring and repeatedly detecting the change of phe-

nomena (Smith et al., 1985). Monitoring of grassland, therefore, involves repetitive

measurements of grassland vegetation and management activities (Heather and Na-

ture, 1999). The two most common goals of monitoring grasslands are, to detect natu-

ral trends in the ecosystem, and to study the influence of external factors (Zielinska et

al., 2015). Biophysical, biochemical plant traits (e.g. biomass, nutrition value), as well

as species diversity, richness, and abundance, are concerned as monitoring attributes

for natural trends. Grassland changes due to grazing or mowing activities, human in-

tensification, different climatic situations (flood, drought, and wildfire), and biological

invasion are related to the external factors.

Moreover, the ecological scale of the grassland monitoring varies from a large spatial

extent (e.g. global, national or regional) with a coarser grain (e.g. Pan European grass-

land map with 100 m spatial resolution from European Environment Agency (2018))

to a small spatial extent (e.g. paddock scale, patch scale or field-scale) with a fine grain

(less than 10 m spatial resolution) (t’Mannetje and Jones, 2000). From a greater extent

with coarser grain, it is difficult to obtain a detailed botanical composition of grass-

lands, although it is possible to differentiate grassland types from other land cover

types. In contrast, the small spatial extent of fine-grain monitoring provides more in-
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depth information on the botanical composition of the grassland study area, but the

outcomes are limited to the local level. Consequently, there is a trade-off between the

spatial extent and the degree of details that need to be obtained in the monitoring

system. Concurrently, temporal frequency is another important factor when it comes

to grassland monitoring as well as other targets of monitoring (Heather and Nature,

1999). The monitoring intervals are the variable of the temporal frequency. However,

monitoring intervals usually depend on the scale and the goals of the monitoring.

Decisively, when it comes to grassland management, it is an important aspect to mon-

itor grassland variation within the field or paddock level due to spatial and temporal

heterogeneity (Schellberg et al., 2008). Primarily, there is a necessity to get informa-

tion regarding production, nutritional value, and invasive species or functional group

of species within the paddock to better achieve management goals (t’Mannetje and

Jones, 2000). Secondly, the European grassland distribution is fragmented, and small

grassland fields are existing (Zillmann et al., 2014). Therefore, it is indispensable to

monitor grassland in the small spatial extent (field or paddock) of fine-grain (from

now on referred to as fine-scale) with different focus areas.

One of the most common fine-scale grassland monitoring methods is in-situ (ground-

based) monitoring (Ali et al., 2016; Wachendorf et al., 2017). Measurement tools such

as rising plate meter, and laboratory analysis using cut grassland samples are some

examples of the in-situ type monitoring techniques. Usually, observations are sampled

one-dimensionally (point-based) in the field. Subsequently, data is interpolated to ob-

tain a field map, which generally provides fine-scale information of the study area. On

the downside, this process is a time-consuming and labour-intensive method which

can be untenable in the estimation of results for large areas (t’Mannetje and Jones,

2000; Ali et al., 2016; Wachendorf et al., 2017). On the contrary, remote sensing can

overcome those limitations.

1.3 Remote sensing for grassland monitoring

Remote Sensing (RS) is defined as the act of collecting or acquiring information about

the object(s) without getting in contact with them (Bhatta, 2013). RS provides the op-

portunity to extend information from fine-scale to larger scale for land ecosystem mon-

itoring (Borre et al., 2011). It allows to measure and model the ecosystem at various

spatial and temporal scales (Ali et al., 2016). According to the two review articles by

Ali et al. (2016) and Wachendorf et al. (2017), several studies have applied RS as a

non-destructive sampling method to (a) classify grassland types, (b) model grassland

biomass, growth rate, as well as forage nutritional values and (c) map species compo-
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sition and biodiversity among others. Furthermore, it is summarised that different RS

platforms and sensors have certain limitations in estimating the grassland ecosystem’s

attributes. There is a strong relationship between reflectance derived from the visi-

ble and the infrared region of the spectrum and vegetation properties, which can be

utilised to estimate vegetation properties through optical RS. In particular, hyperspec-

tral RS data have the full potential to estimate grassland biomass and forage quality

(Biewer et al., 2009a; Biewer et al., 2009b; Safari et al., 2016b). Furthermore, it was

proven that the grass canopy height derived from RS data also has the potential to

estimate grassland biomass (Fricke et al., 2011; Safari et al., 2016a).

In the matter of fine-scale grassland mapping and monitoring, neither satellite- nor

ground-borne remote sensing data provide sufficient information (Ali et al., 2016; Möckel

et al., 2016). The primary reasons that satellite-borne RS data is not suitable for fine-

scale grassland monitoring are, (a) limitations of the spatial resolution to address fine-

scale elements in fragmented grassland landscape, (b) unavailability of timely satellite

RS data due to cloud coverage, and (c) insufficient revisit time of the satellite sensors

(Wachendorf et al., 2017). In contrast, point-based ground-borne RS data (e.g. field

spectroscopy, ultra-sonic sensor) provides adequate detailed information. However,

the data collection over a larger area is challenging because of the high demand for

labour and time. Alternatively, the usage of Unmanned Aerial Vehicles (UAVs) as

RS platform can obtain a high spatial resolution, unclouded, and timely RS data over

larger fields or paddocks for monitoring grasslands at fine-scale (Möckel et al., 2016).

1.4 UAV-borne remote sensing for grassland monitoring

The rapid development of technology during the last decades has introduced minia-

ture versions of most electronic appliances. Simultaneously, the field of RS has broad-

ened with technology development. Subsequently, UAVs have become a platform for

lightweight and small remote sensors, which added a new area of RS called UAV-borne

RS (Wijesingha, 2016). The combination of the UAV and mini remote sensors provide

cloud-free, high spatial resolution, and timely available data (Ma et al., 2013). Within

the last 5-6 years, UAV-borne RS has rapidly developed in terms of payload sensors,

flight time, and image processing. Currently, UAVs are equipped with various types

of imaging and non-imaging sensors (i.e. consumer-grade visible cameras (red, green,

blue (RGB) cameras), multispectral sensors, hyperspectral sensors, and thermal sen-

sors) which provide high spatial and spectral resolution data. In addition to the spec-

tral data, UAV-borne RS can provide 3-dimensional (3D) point cloud data which is

advantageous to the derivation of the height of the vegetation canopies (Bendig, 2015).
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Typically, overlapping images in both forward and side directions to the flight line are

acquired during the UAV-borne RS data collection. The 2-dimensional (2D) overlap-

ping images are processed using a computer vision technology called structure from

motion (SFM) which results in two main outputs, namely 3D point cloud and ortho-

mosaic. The 3D point cloud is a collection of points where each point consists of x,

y, z coordinates in space which can be employed to derive structural parameters of

the observed object such as height and volume. The ortho-mosaic is a mosaic of the

collected UAV-borne images that is ortho-rectified where each pixel contains the cor-

responding sensor data (e.g. spectral reflectance, temperature) (Snavely et al., 2006;

Wijesingha, 2016). Consequently, the UAV as an RS platform can overcome the men-

tioned limitations in satellite-borne or ground-borne RS for fine-scale grassland moni-

toring (Wachendorf et al., 2017).

The allometric relationship between sward height or tiller blade length and biomass

has proven as a basis for non-destructive methods to predict grassland biomass. This

was employed to model fine-scale grassland biomass using ruler height (Santillan et

al., 1979; Williamson et al., 1987), ultra-sonic sensor derived sward height (Frame and

Laidlaw, 2011), and terrestrial laser scanner derived sward height (Wallace et al., 2017;

Schulze-Brüninghoff et al., 2019). Likewise, 3D point clouds obtained from the UAV-

borne RGB camera data enables to get vegetation canopy heights (Bendig, 2015). A

canopy height model (CHM) can be generated from two 3D point clouds where one

with vegetation canopy (digital surface model – DSM) is subtracted from one with-

out grown vegetation canopy (digital terrain model – DTM). The CHM derived from

UAV-borne RGB data was successfully employed to model biomass of crops namely

rice (Bendig et al., 2013), barley (Bendig et al., 2014), and wheat (Schirrmann et al.,

2016) where mostly homogeneous canopy surfaces are presented due to single plant

species. On the contrary, grassland represents a mixed canopy surface with various

species. Biomass estimation of grassland using CHM derived from UAV-borne RGB

images was also successfully applied in experimental grassland setups which showed

significant results (Bareth et al., 2015; Possoch et al., 2016). Besides, UAV-borne mul-

tispectral and hyperspectral data have been used to model grassland biomass (Näsi

et al., 2018; Lussem et al., 2019).

The nutritional quality parameters of grassland forage showed a relationship with the

spectral reflectance in both lab-based and field-based measurements (Ali et al., 2016;

Wachendorf et al., 2017). Forage quality parameters of grassland namely crude pro-

tein (CP), acid detergent fibre (ADF), and neutral detergent fibre (NDF) have been

estimated frequently utilising field spectroscopy data (Biewer et al., 2009b; Skidmore

et al., 2010; Pullanagari et al., 2012; Safari et al., 2016b). Similar to grassland biomass
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modelling, UAV-borne RS data have been effectively employed to estimate grassland

forage quality parameters only in experimental grassland setup (Capolupo et al., 2015;

Näsi et al., 2018). The mentioned studies with UAV had utilised hyperspectral sen-

sors which provide almost continuous spectral reflectance data from visible to infrared

spectral regions of the electromagnetic spectrum.

UAV-borne RS data provide both high spatial and spectral resolution data, which is

beneficial for classifying both native species and invasive species in grassland. One

of the latest studies from Lu and He (2017), showed the potential of grassland species

classification using UAV-borne images and object-based image analysis (OBIA). On the

issue of invasive species mapping in grassland, so far, there has been no study that has

utilised UAV-borne RS data. On the contrary, invasive species mapping with UAV-

borne RS data was effectively applied to map Fallopia japonica (shrub) in flood plains

(Martin et al., 2018), Phragmites australis (reed) in an estuary (Abeysinghe et al., 2019),

and Heracleum mantegazzianum (perennial herb) in a riparian zone (Michez et al., 2016).

Those studies employed both spectral and CHM data from UAV-borne RS and OBIA

to obtain spatial coverage of invasive species.

Regardless of the method of RS data collection, empirical models are developed based

on a statistical relationship between RS data and grassland biomass or forage quality

values (Möckel, 2015). The model development employs different statistical modelling

techniques. Simple linear regression with selected single or multiple RS variables (e.g.

single wavebands, vegetation indices, canopy height metrics) and machine learning

(ML) regression models using highly correlated RS variables (e.g. full-spectrum data)

have been employed in both biomass and forage quality estimation modelling in grass-

land (Biewer et al., 2009a; Biewer et al., 2009b; Fricke and Wachendorf, 2013; Safari et

al., 2016b; Möckel et al., 2017). Comparatively, OBIA was applied in species map-

ping, including invasive species because of the high spatial resolution characteristics

of UAV-borne images. However, under the classification phase in OBIA, either rule-

based classification (Lu and He, 2017) or ML classification (Michez et al., 2016; Martin

et al., 2018; Abeysinghe et al., 2019) were utilised.
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Chapter 2

Research motivations and objectives

As discussed in Chapter 1, up-to-date and accurate information of grasslands is cru-

cial for fine-scale grassland monitoring. Several studies from the last 5-6 years demon-

strated the applicability of UAV-borne RS data for different aspects of fine-scale grass-

land monitoring (i.e. biomass estimation, forage nutritional value estimation, species

mapping). However, most of those studies focused on experimental grassland setups,

which contained small grassland plots in a controlled environment. It is essential to

check the potential of UAV-borne RS data in the experimental setup as a first step.

Nevertheless, as a way forward, studies that apply UAV-borne RS data to monitor

grasslands at a fine-scale (small extent with fine grain) to experience the proper vari-

ations in actual grassland field conditions (i.e. different fertiliser application systems,

cutting regimes, conservation systems, different botanical composition, and, environ-

mental conditions) are needed. Therefore, this study was conducted to fulfil these

research gaps by addressing the following research question:

Can UAV-borne RS data be utilised for fine-scale grassland monitoring under real

field conditions with the aspect of biomass, forage quality estimation and invasive

species mapping?

This thesis consists of three distinct studies focusing on three different emphases (biomass

estimation, forage nutritional value estimation, and invasive species mapping) of fine-

scale grassland monitoring using UAV-borne RS data which have been culminated in

three scientific manuscripts.

From three experiments, each study intended to accomplish specific sub-objectives

which can lead to achieving the overall objective of the study. In the first study (Chap-

ter 3), 3D point cloud-based CHM derived from UAV-borne RGB (red, green, blue)

images were examined for grassland biomass estimation at three grassland fields with
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different management intensities near Witzenhausen, Hesse, Germany. Furthermore,

the performance of biomass estimation models based on UAV-borne RS data was com-

pared with biomass models based on terrestrial laser scanner (TLS) data to under-

stand the potential of UAV-borne 3D point cloud data for grassland biomass estima-

tion. Examination of UAV-borne imaging spectroscopy data for estimating two impor-

tant grassland forage quality parameters (crude protein - CP and acid detergent fibre -

ADF) in a multitude of grasslands in Northern Hesse, Germany, was conducted in the

second study (Chapter 4). Moreover, the developed forage quality estimation models

were employed to generate CP, and ADF concentration maps to understand the spatio-

temporal variation of forage quality values. The third study (Chapter 5) developed a

repeatable and transferable workflow to map invasive Lupinus polyphyllus Lindl. (here-

after referred as lupine) coverage in semi-natural grassland using UAV-borne RGB and

thermal data and OBIA. It was carried out at UNESCO biosphere reserve ‘Rhön’ where

lupine has invaded many grasslands. Altogether, the three investigations were con-

tributed to achieving the following general objective of the study:

• To explore the applicability of UAV-borne RS data for fine-scale grassland

monitoring under real field conditions

From this perspective, specific sub-objectives of the study were:

i To investigate the usage of CHM derived from UAV-borne RGB 3D point cloud

data for estimating grassland biomass (Chapter 3).

ii To explore the capability of UAV-borne hyperspectral data for selected grassland

forage nutritional parameters, namely CP and ADF (Chapter 4).

iii To build a workflow to map invasive lupine using UAV-borne RS data and OBIA

(Chapter 5).

iv To understand the limitations as well as measures to improve for fine-scale grass-

land monitoring using UAV-RS data (Chapter 3, 4, and 5).
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Chapter 3

Evaluation of 3D point cloud-based

models for the prediction of grassland

biomass

Abstract

Farmers, as well as agronomists, are intrigued by efficient quantification of grassland

biomass at field-scale. Canopy height model (CHM) based non-destructive grassland

biomass estimation over a larger area has important advantages compared to destruc-

tive methods. 3D point clouds generated from remote sensing (RS) data offer a sys-

tematic methodology to derive CHM and estimate grassland biomass. This study

evaluated 3D point clouds derived from a terrestrial laser scanner (TLS) and an un-

manned aerial vehicle (UAV)-borne structure from motion (SFM) approach for grass-

land biomass estimation over three grasslands with different composition and manage-

ment practice in northern Hesse, Germany. TLS data, UAV-borne images and reference

biomass data were collected two days before each harvest from the selected grasslands

in 2017. Three levels of linear empirical models (i.e. sampling date-specific, grassland-

specific and global) were developed to estimate grasslands fresh and dry biomass us-

ing CHM derived from TLS and SFM 3D point clouds. The aforementioned three level

models resulted in an average nRMSE of 17.2%, 25.3%, and 28.7% respectively for the

grassland dry biomass estimation based on CHM from TLS data. Similarly, models

based on CHM from SFM data estimated dry biomass with somewhat higher average

nRMSE of 19.5%, 27.1%, and, 36.2% respectively. In general, models with 3D point

clouds from UAV-borne SFM was slightly outperformed by models with TLS point

cloud data. This study also identified that the utilisation of UAV-borne SFM devel-
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oped digital terrain model as a reference layer to derive CHM could enhance the per-

formance of the models with SFM data. Furthermore, the performance of the biomass

estimation models was affected by both species richness and sward heterogeneity of

the grasslands. Overall, these results disclosed the potential of 3D point cloud derived

from RS for estimating field-scale grassland biomass.

Keywords : 3D point cloud; Canopy height model; Grassland biomass; Structure from

motion; Terrestrial laser scanner; Unmanned aerial vehicle

3.1 Introduction

Biomass production is one of the most important ecosystem service measures in grass-

land ecosystems (Zielinska et al., 2015). Destructive sampling methods are commonly

used to quantify grassland biomass. However, it is a labour-intensive and time-consuming

work and the prediction accuracy can be very low when prediction is done for large

areas (Catchpole and Wheelert, 1992). Non-destructive biomass sampling techniques

can be advantageous in comparison to destructive methods, particularly for large ar-

eas. Plant structural properties such as grass sward height or tiller blade length de-

rived from non-destructive sampling were employed for biomass prediction models

and were based on allometric relationships (Santillan et al., 1979; Williamson et al.,

1987).

Remote sensing (RS) as a contact-free sampling method can quantify both structural

and biochemical properties of the vegetation, such as plant height, leaf area or chloro-

phyll content (Jones and Vaughan, 2010)). RS instruments can collect data over larger

areas at different spatial and temporal scales in comparison to destructive sampling

or field-based height measurements. Various RS derived variables have been utilised

to develop empirical biomass models such as spectral vegetation indices, vegetation

height, or leaf area index (Ali et al., 2016; Safari et al., 2016a; Wachendorf et al., 2017).

Vegetation height derived from RS is generally the main input for empirical biomass

prediction models in grassland monitoring. Three-dimensional (3D) data acquired

from RS sensors is an efficient way to derive vegetation height (Jones and Vaughan,

2010; Fricke and Wachendorf, 2013).

RS-based 3D data acquisition techniques are categorised into active and passive tech-

niques (Weinmann, 2016). Active techniques directly measure the distance from the

object to the sensor while passive techniques usually acquire 2D images which are

then further processed to obtain distance measurements. Light detection and ranging
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(LiDAR) is the most renowned active technique and the most popular passive 3D data

acquisition technique is stereoscopic digital photogrammetry. Technological advance-

ments introduced new state-of-the-art passive methods such as structure from motion

(SFM) to derive 3D measurements from RS imagery.

LiDAR sensors emit coherent light and receive the reflected energy from the distant

object. The distance between sensor and object is calculated based on the time of flight

and finally the 3D coordinates of the object’s point with respect to the sensor’s location

are calculated (Heritage and Large, 2009). A terrestrial laser scanner (TLS) is a ground-

based static LiDAR sensor. The height or volume derived from the TLS point cloud

data is utilised to estimate low vegetation biomass in shrub-covered areas (Glenn et

al., 2015; Greaves et al., 2015), agricultural crops (Eitel et al., 2014; Tilly et al., 2014a;

Tilly et al., 2014b), as well as in grasslands (Cooper et al., 2017; Wallace et al., 2017).

Structure from motion is a computer vision technology that generates a 3D dense point

cloud from overlapping 2D images. The dense cloud is derived from repetitive bundle

adjustment of the multiple overlapping images and precise image matching techniques

(Snavely et al., 2006). The overlapping images are generally taken from the moving

camera mounted on a, for example, unmanned aerial vehicle (UAV). Using a UAV for

the SFM method has advantages over terrestrial-based techniques, as it allows sys-

tematic acquisition of images over large areas with the same procedure. SFM derived

object height has been utilised in tree structure assessments (Hesse, 2014; Morgenroth

and Gomez, 2014) as well as in agricultural monitoring (Bendig et al., 2013; Bendig

et al., 2014; Holman et al., 2016).

To our knowledge, there exist only two studies that compared grassland biomass pre-

diction using SFM and TLS derived data. Wallace et al. (2017) and Cooper et al. (2017)

estimated pasture and Bromus inermis grassland biomass, respectively, using TLS and

SFM derived heights. Both the SFM and TLS data models had similar potentials to

estimate grassland biomass. However, in both studies close-range images were taken

by humans and both methods monitored only small areas (~1 m2 plots). While such

methods do not allow the biomass prediction on large areas, the SFM approach based

on UAVs do have much less constraints. SFM was applied to images from large barley

(Bendig et al., 2014) and rice fields (Bendig et al., 2013) and provided accurate biomass

predictions.

So far, there has been no study that examined the performance of SFM with UAV-borne

images compared to other 3D RS methods for grassland biomass prediction. Therefore,

this study compares SFM with TLS based methods for developing empirical models for

biomass prediction from grasslands differing in terms of botanical composition and
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management practises. We hypothesize that the canopy height model calculated from

SFM 3D point clouds based on UAV-borne images can predict grassland biomass with

similar accuracy as with 3D point clouds based on TLS data. Thus, the objectives of

this study are;

• To develop empirical models to estimate grassland biomass from 3D point clouds

derived from SFM and TLS methods

• To compare the performance of biomass prediction models based on SFM and

TLS data

• To assess the model accuracy for different grassland types

3.2 Material and methods

3.2.1 Study area

The study was conducted on three grasslands with different management practise

and species composition. All grasslands were located in the Werra-Meißner district

in Hesse, Germany. The location of the grasslands is shown in Figure 3.1.

Figure 3.1: The map of the study area and selected grasslands
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Grassland one (G1) was an intensively managed temporal grassland established on a

former arable field in 2013. The field was situated on a gentle slope at an altitude of 270

m a.s.l. Lollium multiforum and Trifolium repens were the dominant species and species

diversity (8 species) and spatial variability of the vegetation was very low. It was cut

four times per year and nitrogen fertiliser was applied with 80 kg ha-1 year-1. G2 was

a leniently managed permanent grassland, which was also cut four times but was not

fertilised in 2017. It was located at 200 m a.s.l. The sward was more heterogeneous

with 29 species and classified as an Arrhenatheretum elatioris meadow. G3 was situated

in a flat land next to a river. It was an old permanent grassland with only two cuts per

year and no N fertiliser application. The sward comprised 30 species and was classified

as a Plantagini lanceolatae-Festucetum rubrae meadow. Based on the Bray-Curtis index

value (McCune and Grace, 2002), which describes the species dissimilarity between

sites, G3 obtained highest index values (0.62), equivalent to lowest species dissimilar-

ity, followed by G2 (0.47) and G1 (0.36). In each grassland a 25 m by 50 m rectangle

plot (~1250 m2) was selected as the study plot. 18 randomly distributed sub-plots (1

m2 each) were established within each study plot to conduct destructive biomass sam-

plings and species composition surveys. Sub plot location was generated using QGIS

programme and each sub plot is minimum 6 m away from the nearest other sub plot.

3.2.2 Data collection

TLS data and UAV-borne images were collected in each study plot two days before

mowing between May and October 2017. In total four data sets for G1, three data

sets for G2, and one data set for G3 were collected. The dates and connected harvest

number for each sampling are described in Table 3.1. The data for the second cut in G2

and G3 could not be collected.
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Table 3.1: Sampling dates and connected harvest numbers of grasslands

Grassland Date Harvest

G1

15th May First cut (H1)

23rd June Second cut (H2)

14th August Third cut (H3)

29th September Fourth cut (H4)

G2

14th May First cut (H1)

15th August Third cut (H3)

30th September Fourth cut (H4)

G3 06th June First cut (H1)

TLS data

A Leica ScanStation P30 (Leica Geosystem, Switzerland) TLS was used. The TLS is

equipped with a 1550 nm near-infrared wavelength sensor, which has a three-dimension

accuracy of 3 mm at a distance of 50 m. It can scan 1 million points per second with a

field of view of 360° horizontal and 290° vertical (Leica Geosystems, 2017).

The TLS data collection was conducted with the same procedure in all plots and at all

harvest dates. Six scans were taken in each study plot to obtain equal density point

clouds for the whole area and to avoid shadow effects within the grassland canopy.

Three reflective markers were utilised at each scan for mosaicking the single point

clouds. The positions of the markers were measured using a Leica real time kinematic

(RTK) global navigation satellite system (GNSS) with an accuracy of 2 cm. In addition,

one TLS data set was gathered for each plot one day after mowing to generate a digital

terrain model (DTM).

UAV-borne images

A DJI-Phantom III quadcopter with an inbuilt consumer grade camera (DJI, China)

was used to obtain UAV-borne images. The camera (FC300S) captures 12-megapixel

images in true colour (R: Red, G: Green, B: Blue). The UAV was flown over the study

plot using a pre-designed flight plan which had two flight grids with 90° orientation

difference. The UAV flight grids were designed using Pix4D capture app for android

(Pix4D, Switzerland). To ensure an image overlap of 80% for both sides and forward,

the camera was set to trigger automatically considering the flying altitude of 25 m and

flying speed of 3 ms-1. Markers were used as ground control points (GCPs), which
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were installed in the four corners of the rectangle plot prior to the flight session. The

position data for the GCPs were collected after the flight session using RTK GNSS.

Biomass smapling

The selected 1 m2 sampling areas were used at every sampling in each study plot. After

the sensory data collection, two corners of each subplot were staked out on the ground

using RTK GNSS and the biomass was clipped at 5 cm above ground level, which is

the common stubble height in practical mowing. The sample was weighted in the field

(fresh biomass, FB) and a sub-sample was dried at 105° C for 48 hours to calculate the

dry matter content, which was used for calculating dry biomass (DB).

3.2.3 Data processing

Canopy height modelling based on TLS data

The TLS data was processed using Leica Cyclone 3D (Leica Geosystem, Switzerland)

point cloud processing software. The six separate scan measurements for each study

plot were merged using marker locations. The merged scan data was geo-referenced

using the measured GPS coordinates, cropped to the boundary of the study plot and fi-

nally exported as a 3D point cloud. The scan data recorded after harvest was processed

similarly and point clouds were exported for each plot. Post-harvest point clouds were

binned to a raster (Petras et al., 2018) and minimum z values of all points falling within

each cell was considered as equal to ground level . To identify the optimum raster cell

size for the binned raster, cell size was varied from 1 cm to 10 cm in 10 steps. The

raster cell size resulting in the lowest no-data cell percentage was identified as the

optimum cell size for binning, which was 10 cm (1.1% of no-data cells). The binned

raster from post-harvest data was considered as the DTM in this study. Z values of the

DTM were subtracted from respective z values of the pre-harvest point cloud based on

x and y coordinates to generate a point cloud with canopy height model (CHM, see

Equation 3.1).

CHMx,y = Zx,y −DTMx,y (3.1)

Canopy height modelling based on SFM data

The acquired UAV-borne images were processed with the Agisoft PhotoScan Profes-

sional version 1.3.4 (64 bit) software (Agisoft LLC, Russia) to generate a point cloud. To

this end geo-tagged images from one UAV flight session were aligned using tie points
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in the overlapping images. In this step sparse point clouds were produced which only

contained matching points and which had to be geo-referenced based on the geotag

data from the images. However, as the geo-reference accuracy was not adequate for

precise analysis, GCP data was used for geo-referencing the points (Figure 3.2). The

resulting point cloud was further processed to build a dense point cloud containing all

image points of the study area. In this step, the quality parameter was set as high and

filtering parameter was set to mild to obtain many points and to reduce possible data

loss (Figure 3.2).

Figure 3.2: SFM data processing chain using the Agisoft PhotoScan software (PC: point
cloud)

Similar to the TLS data processing, CHM based on SFM data was obtained by subtract-

ing z values of the DTM from the dense point cloud z values based on x and y location

(Equation 3.1).

Biomass modelling

Canopy height model for each subplot was extracted for the TLS and SFM datasets sep-

arately. CHM statistics for each subplot were computed comprising minimum, maxi-

mum, arithmetic mean, median, standard deviation, count, and 25th, 75th, 90th and 95th

percentiles.

The grassland biomass was modelled for each sampling in each study plot using SFM

and TLS data exclusively. First the Pearson correlation coefficient (r) was calculated

for each CHM statistic parameter from both SFM and TLS data. Ordinary least squares

linear regression models with 5-fold cross validation were built for the parameter

with highest r value both for FB and DB. The performance of the linear regression

model was evaluated using the adjusted coefficient of determination (adj.R2) value,

root mean square value (RMSE) (Equation 3.2) and normalised RMSE (nRMSE) value

(Equation 3.3). All analyses were carried out using R software version 3.4.1.
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RMSE =

√√√√ 1

18

18∑
i=1

(measured yield− estimated yield)2 (3.2)

nRMSE =
RMSE

mean measured yield
× 100 (3.3)

3.3 Results

3.3.1 Biomass reference data

Average dry matter content of the grassland biomass was 22.5 %, 27.1 %, and, 25.4 %

for G1, G2, and G3, respectively (Table 3.2). For G1 the average FB was 22.3 t ha-1 and

DB was 5.1 t ha-1. Without the missing data from H2 average FB was 10.6 t ha-1 and DB

was 2.8 t ha-1 for G2. The only harvest obtained from G3 was 5.8 t ha-1 and 1.5 t ha-1 for

FB and DB respectively.

Table 3.2: Mean, minimum (Min), maximum (Max) values and standard deviations
(SD) of measured grassland biomass (FB: fresh biomass, DB: dry biomass)

Grass-

land

Harvest

number

FB (t ha-1) DB (t ha-1)

Min Mean±SD Max Min Mean±SD Max

G1

H1 2.9 5.6±2.0 11.4 0.7 1.3±0.4 2.2

H2 5.4 8.6±1.9 12.1 1.2 2.0±0.4 2.6

H3 1.4 4.5±2.3 9.5 0.4 1.0±0.4 1.9

H4 1.1 3.6±1.7 6.6 0.3 0.8±0.3 1.3

G2

H1 3.0 4.7±1.0 6.8 0.8 1.2±0.2 1.6

H3 2.4 4.7±1.1 6.8 0.7 1.3±0.2 1.7

H4 0.7 1.2±0.3 1.9 0.2 0.3±0.1 0.5

G3 H1 4.3 5.8±1.1 8.3 0.9 1.5±0.3 2.2

3.3.2 Canopy height model as derived from point clouds

Canopy height model based on TLS ranged from 0.10 to 0.36 m, whereas values based

on SFM were somewhat lower (0.04 to 0.27 m) (Table 3.3). Point densities of clouds

fluctuated substantially among harvests for both methods. Although CHM calcula-

tion was similar for TSL and SFM, values of the first harvest of G2 exceeded the geo-

reference RMSExyz threshold which was 0.20 m. Therefore, CHM from this sampling
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were not considered in this study. SFM based point densities from G1 were consider-

ably smaller than from G2 and G3. Exemplary CHM derived from both TLS and SFM

for a subplot at the third harvest of G2 is shown in Figure 3.3.

Table 3.3: Summary statistics of point density and canopy height model (CHM) as
derived from TLS and SFM measurements (M: mean, SD: standard deviation, NA: not
assessed)

Grass-

land

Harvest

number

TLS SFM

Point density

(m-2)

CHM (m)

(M±SD)

Point density

(m-2)

CHM (m)

(M±SD)

G1

H1 15260 0.19±0.07 2666 0.27±0.14

H2 16002 0.31±0.11 2048 0.22±0.06

H3 8615 0.15±0.07 2095 0.07±0.04

H4 15920 0.10±0.15 1012 0.04±0.02

G2

H1 5175 0.27±0.07 NA NA

H3 10335 0.22±0.08 10729 0.24±0.05

H4 19151 0.11±0.04 13627 0.06±0.04

G3 H1 7446 0.36±0.16 8088 0.39±0.09

Figure 3.3: Canopy height model based on TLS (a) and SFM (b) point clouds for one 1
m2-subplot in the third harvest of G2
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3.3.3 Biomass prediction

Prior to the biomass calculation correlations between statistic parameters from both

TLS and SFM based CHM and the measured biomass (FB and DB) were evaluated.

For TLS the 25th percentile (p25) of CHM values obtained the highest correlation coef-

ficient (r) both for FB and DB in five of eight harvests (G1-H3, G2-H1, G2-H3, G2-H4,

and, G3-H1) (average r = 0.7). Based on these results, the p25 value was identified as

the most appropriate parameter for biomass calculation with TLS data. Correlation

analysis between the SFM based CHM parameters and the biomass produced more

heterogeneous results, but overall the 75th percentile achieved the strongest explana-

tory power (average r = 0.63). Consequently, p75 values were used to estimate biomass

from SFM based CHMs from all harvests.

Sampling date-specific biomass prediction

Biomass prediction models based on TLS data for G1 provided the highest adjusted

coefficient of determination (adj.R2) and the lowest normalised RMSE (nRMSE). How-

ever, for the second harvest of G1 no significant relationship between the TLS derived

p25 height and both the FB and the DB was found. The three regression models devel-

oped for G2 had an average adj.R2 of 0.46 (p < 0.01) with an average nRMSE of 18.7 %

for the prediction of FB. In contrast, the prediction of DB for G2 showed an adj.R2 of

0.34, 0.60, and 0.25 (p < 0.005) for H1, H3, and H4, respectively. The model for G3 had

the lowest prediction accuracy of all three grasslands with an adj.R2 of 0.35 (p < 0.05)

and a nRMSE of 18.4 %. The model results based on TLS and SFM data are shown in

Table 3.4.
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Table 3.4: Regression statistics for sampling date-specific relationships between mea-
sured fresh (FB) and dry biomass (DB) for canopy height model based on TLS and
SFM. (NA: not assessed)

Grass-

land

Harvest

number

TLS SFM

FB DB FB DB

adj.R2 nRMSE adj.R2 nRMSE adj.R2 nRMSE adj.R2 nRMSE

G1

H1 0.60*** 21.7 % 0.59*** 17.8 % 0.56*** 22.7 % 0.53*** 18.8 %

H2 0.03ns 21.2 % 0.05ns 25.9 % 0.14• 19.2 % 0.14• 15.9 %

H3 0.78*** 22.3 % 0.83*** 15.0 % 0.58*** 31.0 % 0.62*** 22.7 %

H4 0.58*** 29.1 % 0.58*** 24.2 % 0.57*** 29.3 % 0.55*** 24.9 %

G2

H1 0.46** 15. 0 % 0.34** 16.0 % NA NA NA NA

H3 0.49** 15.6 % 0.60*** 11.6 % 0.29* 18.4 % 0.40** 14.1 %

H4 0.42** 20.1 % 0.25* 19.5 % 0.01ns 26.3 % 0.06ns 21.7 %

G3 H1 0.23* 15.3 % 0.35* 16.3 % 0.10• 16.5 % 0.15* 18.6 %

ns - not significant
• - significant at p <0.1
* - significant at p < 0.05
** - significant at p < 0.01
*** - significant at p < 0.001

Similar to the TLS results SFM based prediction of biomass was more accurate for G1

than for the other grasslands. Except for the second harvest average adj.R2 was 0.57.

H2 models both for FB and DB achieved significant weaker accuracies of adj.R2 = 0.14.

For G2 only H3 gave significant results with an adj.R2 of 0.29 and 0.40 for FB and DB

respectively. No strong relationship between biomass and SFM based CHM was found

for G3.

Grassland-specific biomass prediction

There were strong and statistically significant linear relationships between TLS and

SFM derived CHM and field measured biomass when analysed separately for G1 and

G2. Generally, relationships for DB showed a more stable trend than for FB. Corre-

lations between TLS and DB resulted in adj.R2 0.72 for G1 and 0.70 for G2, whereas

correlations with SFM were weaker for G1 (adj.R2 0.49) and better for G2 (adj.R2 0.86).

As SFM covered a wider range in CHM, slopes of SFM regression functions were gen-

erally lower than with TLS data. Observed and predicted biomass plots from each

model were presented in Figure 3.4.
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Figure 3.4: Relationship between observed and predicted biomass (FB and DB) from
TLS- (a-d) and SFM- (e-h) based canopy heights for the G1 (a, b, e, f) and G2 (c, d, g, h)
grasslands. (broken line is 1:1 relationship)

Global grassland biomass prediction

Global regression models were developed to predict biomass including SFM and TLS

data from all samplings of grasslands G1, G2, and G3 (Figure 3.5). Like in grassland

specific models, the TLS based prediction model (adj.R2 = 0.61) for DB performed better

than for FB (adj.R2 = 0.48, p < 0.001). Global models based on SFM data performed

slightly weaker with adj.R2 = 0.45 for DB and adj.R2 = 0.35 for FB.
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Figure 3.5: Relationships between measured and predicted biomass (FB and DB) from
TLS (a, b) and SFM (c, d) based canopy heights global models for grasslands. (broken
line is 1:1 relationship)

3.4 Discussion

The results of this study showed that SFM data based on UAV-borne imagery has the

capability to assess grassland CHM with a similar accuracy as with TLS data. Both

TLS and SFM provided similar CHM distribution for each harvest date and grassland

type, therefore, both approaches can be assumed a sound basis for the prediction of

grassland biomass.

The first goal of this study was to develop biomass prediction models based on SFM

and TLS data. The linear empirical models with cross validation were developed to

Chapter 3 Jayan S.J. Wijesingha 22



Fine-scale grassland monitoring using UAV-borne RS

predict grassland biomass (FB and DB) from both data sources (SFM and TLS) at three

different levels, which were i) harvest-specific, ii) grassland-specific and iii) global

models including all data. While TLS based models predicted DB with an average

nRMSE of 17.2 %, 25.3 % and 28.7 %, nRMSE values for SFM were bigger (19.5 %,

27.1 % and 36.2 %, respectively) at the three before-mentioned levels. The results for

SFM are similar to those from two other studies that utilised close-range images with

subsequent SFM analysis in pastures (nRMSE 21.7 %) and Bromus inermis grasslands

(nRMSE 28.0 %) (Cooper et al., 2017; Wallace et al., 2017). Li et al. (2017) showed good

results for non-linear models including a multitude of statistical variables derived from

CHM contrary to our study, where only the optimal parameter was used. However,

this procedure was tested for shrub biomass prediction with airborne LiDAR data,

which is not readily comparable with our experimental setting. In any case, such pro-

cedure would largely increase the complexity of modelling compared to our simple

linear modelling approach.

Possible reasons for the different performance of TLS and SFM based prediction mod-

els may be a) variation of the viewing geometry of the two sensors, and b) effects of

the utilised DTM and geo-referencing procedure of the point clouds.

Considering a) The lateral perception and the high resolution (in our study 3 mm point

distance at a range of 10 m) of the TLS was shown to capture more of the isolated ele-

ments of the canopy top, i.e. single grass blades and seed heads (Cooper et al., 2017).

Contrary, UAV-borne photo images provide an aerial perception of the grasslands and

due to the dense vegetation canopy do not collect data from below the canopy surface

level. Depth filtering and multi-view image processing during SFM processing further

reduced the information from lower canopy levels (Wallace et al., 2017). Though the

spatial resolution of our UAV-borne images was 1-2 cm due to the low flight altitude

of the UAV, it did not allow both the separation of distinctive canopy elements in the

image and the collection of any information about the density of biomass below the

canopy surface. Flying at a lower altitude would certainly increase the spatial resolu-

tion of images, but would at the same time reduce the area to be covered.

Considering b) The accuracy of CHM prediction based on SFM data was shown to be

substantially affected by the DTM and the geo-referencing step in the SFM procedure

(Shi et al., 2016). In our study, the DTM from the post-harvest TLS data were employed

for both the TLS and SFM based models. Therefore, misalignment between the DTM

and the SFM point cloud may have occurred. DTM generation derived directly from

the UAV-borne images may be advantageous, as was shown for semi-desert grassland

without using post-harvest data (Cunliffe et al., 2016), where ground point classifica-
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tion was utilised to derive the DTM from the SFM data. However, that methodology

did not work under our conditions, as canopies of temperate grasslands are too dense

to allow a sound ground point identification. In our study the SFM point cloud was

geo-referenced using four GCPs, while the TLS point cloud was geo-referenced with

six black-white targets. Using only four GCPs, which is the minimum for proper geo-

referencing, limited somewhat the possibility to select clearly visible GCPs and to reject

low accurate GCPs in the UAV-borne images (Wijesingha, 2016). Therefore, increasing

the number of GCPs may enhance the precision of SFM data and improve the model

performance. Moreover, the study plots that were utilised in this study provided very

low biomass yield in the year of the experiment due to frost in late spring and extended

dry spells in summer. Total annual DB of intensively managed grassland is around 8

t ha-1 (Statistisches Bundesamt, 2018). However, the temporal grassland in this study

(G1) produced only 5.1 t DB/ha per year. Similarly, the two permanent grasslands

delivered lower DB (average 3.0 t ha-1 per year) than what is normally expected for

permanent grassland’s DB in North Hesse . Therefore, as prediction accuracy is usu-

ally low at low levels of biomass, the TLS and SFM derived model results cannot be

extrapolated to highly productive grasslands.

The third objective of this study was to assess the biomass prediction model accu-

racy for different grassland types. The data suggest that the performance of the em-

pirical models decreased with the increase of species richness and the related spatial

heterogeneity of grassland for both SFM and TLS data. Biomass prediction for the

species-poor and homogeneous grassland (G1) showed higher correlations than for

the two other grasslands (G2 and G3), which were species-rich, heterogeneous grass-

lands. Consequently, global models for grassland biomass did not provide a convinc-

ing predictive ability. These results imply that exclusive use of CHM is not informative

enough to predict the biomass in species-rich, heterogeneous grassland, which was

also suggested by Fricke and Wachendorf (2013) and Möckel et al. (2017).

The hypothesis, that CHM derived from SFM processed UAV-borne images can predict

the biomass with similar accuracy as with TLS derived CHM, could be proven based on

the examined grasslands. It was found that SFM derived CHM can predict grassland

biomass more easily, when models were developed specifically for the grasslands. A

better understanding of measures to minimise possible shortcomings of acquiring and

processing of SFM data can lead to an improved UAV-borne biomass assessment as a

low-cost precision agriculture method for temperate grasslands, like it was shown for

a range of arable crops (i.e. rice, barley, maize) (Bendig et al., 2013; Bendig et al., 2014;

Malambo et al., 2018).
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3.5 Conclusions

Accurate and timely quantification of biomass is an important information in sustain-

able grassland management. The results of this study demonstrate that FB and DB of

grasslands can be predicted using the CHM derived from SFM and TLS point cloud

data and that prediction accuracy in intensively managed species-poor grassland is

higher than in divers and heterogeneous canopies. However, SFM exhibited a slightly

worse performance than TLS did. This study identified measures that can minimise

the prediction errors of the UAV-borne images with SFM. In contrast to pure-species,

arable crops, the complex structures in grassland lowers biomass prediction accuracy

if CHM is used exclusively. The combination of CHM and spectral data from UAV-

borne images is seen as a promising way for future research.

The content of Chapter 3 has not been changed from the original published version.
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Chapter 4

Predicting forage quality of grasslands

using UAV-borne imaging spectroscopy

Abstract

The timely knowledge of forage quality of grasslands is vital for matching the de-

mands in animal feeding. Remote sensing (RS) is a promising tool for estimating field-

scale forage quality compared with traditional methods, which usually do not pro-

vide equally detailed information. However, the applicability of RS prediction models

depends on the variability of the underlying calibration data, which can be brought

about by the inclusion of a multitude of grassland types and management practices

in the model development. Major aims of this study were (i) to build forage quality

estimation models for multiple grassland types based on an unmanned aerial vehi-

cle (UAV)-borne imaging spectroscopy and (ii) to generate forage quality distribution

maps using the best models obtained. The study examined data from eight grass-

lands in northern Hesse, Germany, which largely differed in terms of vegetation type

and cutting regime. The UAV with a hyperspectral camera on board was utilised to

acquire spectral images from the grasslands, and crude protein (CP) and acid deter-

gent fibre (ADF) concentration of the forage was assessed at each cut. Five predictive

modelling regression algorithms were applied to develop quality estimation models.

Further, grassland forage quality distribution maps were created using the best models

developed. The normalised spectral reflectance data showed the strongest relationship

with both CP and ADF concentration. From all predictive algorithms, support vector

regression provided the highest precision and accuracy for CP estimation (median nor-

malised root mean square error prediction (nRMSEp) = 10.6 %), while cubist regression

model proved best for ADF estimation (median nRMSEp = 13.4 %). The maps gener-

26



Fine-scale grassland monitoring using UAV-borne RS

ated for both CP and ADF showed a distinct spatial variation in forage quality val-

ues for the different grasslands and cutting regimes. Overall, the results disclose that

UAV-borne imaging spectroscopy, in combination with predictive modelling, provides

a promising tool for accurate forage quality estimation of multiple grasslands.

Keywords : unmanned aerial vehicle; hyperspectral; grassland; crude protein; acid

detergent fibre; predictive modelling

4.1 Introduction

In Europe, approximately 30 % to 35 % of the agricultural area consists of grasslands

(Huyghe et al., 2014). Mainly permanent grasslands are incredibly variable in species

composition, biodiversity, and management practices, as well as in productivity (Less-

chen et al., 2014). Food provisions as forage for ruminants and herbivores and as

biomass substrate for energy production are the most comprehensive ecosystem ser-

vices from grasslands. There exists a multitude of destructive and non-destructive

methods to measure or estimate the production and quality of the forage (Heather

and Nature, 1999; t’Mannetje and Jones, 2000; Wachendorf, 2018). Timely and accu-

rate information about forage quality is essential to match available feed on offer with

animals’ demand.

Usually, farmers use visual criteria to evaluate forage quality, such as the plants’ phe-

nological stage, leafiness, or colour. Additionally, lab-based chemical analysis and

near-infrared reflectance spectroscopy (NIRS) are utilised by agronomists to evaluate

forage quality (Horrocks and Vallentine, 1999). Lab-based methods are used to deter-

mine chemical forage components that relate to the digestibility of the forage. Acid

detergent fibre (ADF), which represents cellulose, lignin, and silica, is an important

parameter that is negatively correlated with forage digestibility (Horrocks and Vallen-

tine, 1999; Gibson, 2009). The protein concentration of forages is another parameter

essential for the creation of adequate fodder rations. Protein consists mainly of amino

acids, which are fundamental elements of all cells and tissues. Protein is an essential

component of ruminant nutrition and provides nitrogen for ruminants’ metabolism

and production of milk and meat (Frame and Laidlaw, 2011).

Remote sensing (RS) is a non-destructive method for estimating grassland biomass and

forage quality (Numata, 2011; Möckel, 2015; Wachendorf et al., 2017). From satellite RS

to field spectroscopy and from optical RS to synthetic aperture radar were employed

for forage quality monitoring and mapping (Ali et al., 2016; Wachendorf, 2018). A lit-
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erature review on RS based forage quality estimation studies published between 2004

and 2018 shows that more than 60 % of studies (21 out of a total of 31 reviewed stud-

ies) have utilised field spectroscopy. Often, point-level spectral reflectance data from

visible to short-wave infrared regions of the electromagnetic spectrum are collected in

field spectroscopy (Milton, 1987). Crude protein (CP), nitrogen (N), neutral detergent

fibre (NDF), and ADF are the most common forage quality parameters that have been

estimated using field spectroscopy data for different grasslands with significant accu-

racy (Mutanga et al., 2004; Biewer et al., 2009b; Pullanagari et al., 2012; Ramoelo et al.,

2013b; Safari et al., 2016a).

Point-level data observation is laborious and challenging to collect over large areas.

The application of imaging spectroscopy (also known as hyperspectral imaging) mounted

on higher-altitude platforms (i.e., airborne, space-borne) could overcome these dis-

advantages. Imaging spectroscopy is the “acquisition of images in many (hundreds)

narrow contiguous spectral bands” (Goetz et al., 1985). Instead of point observation,

imaging spectroscopy provides a two-dimensional image with each pixel containing

spectral reflectance data. Airborne imaging spectroscopy has been utilised for forage

quality mapping in grassland (Skidmore et al., 2010; Knox et al., 2011; Pullanagari

et al., 2012), but conducting manned airborne mission requires extensive well-ahead

planning. On the contrary, an unmanned aerial vehicle (UAV) allows the collection of

low altitude images over large areas with less effort and relatively low costs.

UAV as an RS platform for both multi- and hyperspectral imaging has been frequently

applied for field-scale vegetation mapping in the last few years owing to miniature

sensor availability and the advancement of computer vision techniques. Concerning

grassland monitoring and mapping, the UAV-borne RS has been employed mainly

for grassland biomass estimation with multispectral imaging (Viljanen et al., 2018),

imaging spectroscopy (Capolupo et al., 2015; Näsi et al., 2018), and consumer-grade

cameras (Grüner et al., 2019; Wijesingha et al., 2019). Only two studies that utilised

UAV-borne imaging spectroscopy data for forage quality estimation are known to the

authors (Capolupo et al., 2015; Näsi et al., 2018), and the results showed that UAV-

borne imaging spectroscopy data could accurately predict forage quality parameters.

However, those studies have only focused on experimental plots, and no study has

evaluated the UAV-borne imaging spectroscopy for forage quality estimation under

practical field conditions including different grassland types in terms of plant commu-

nity composition and with a wide range of management practices.

Except for the spectral data collection method, the model development for forage

quality estimation employed various techniques. In general, forage quality modelling
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utilised actual reflectance data or transformed spectral reflectance data, among which

normalised spectra, derivative spectra, and continuum removal spectra. The most fre-

quently applied statistical modelling method is the linear regression (simple linear,

step-wise linear) with selected highly correlated spectral features, such as wavebands

(Skidmore et al., 2010; Durante et al., 2014), normalised difference spectral indices (ND-

SIs) (Safari et al., 2016a; Castro and Garbulsky, 2018; Näsi et al., 2018), spectral ratios

(SRs) (Biewer et al., 2009b; Zengeya et al., 2012), and other well-known vegetation

indices (e.g., NDVI, SAVI, NDRE) (Ramoelo et al., 2013b; Viljanen et al., 2018). Pre-

dictive modelling (also known as machine learning) algorithms, such as partial least

squares regression (PLSR) (Starks et al., 2004; Pullanagari et al., 2012; Ramoelo et al.,

2013a; Durante et al., 2014; Safari et al., 2016b), random forest regression (RFR) (Singh

et al., 2017; Näsi et al., 2018; Pullanagari et al., 2018), and artificial neural network (Mu-

tanga and Skidmore, 2004; Skidmore et al., 2010; Knox et al., 2011), were employed to

estimate forage quality parameters using highly correlated spectral reflectance data.

Predictive modelling algorithms frequently enhanced the predictive capability com-

pared with the simpler linear regression models (Näsi et al., 2018; Pullanagari et al.,

2018). Moreover, there are several other algorithms in predictive modelling, namely,

Gaussian processing regression (GPR), support vector regression (SVR), and cubist re-

gression (CBR), that have not been examined with spectral data to estimate forage

quality.

Typically, the models developed to estimate forage quality using spectral data are re-

stricted to single grassland types. Consequently, the transferability of the models to

other grassland types is limited due to the low variability of the underlying training

data. Therefore, a general model that can estimate forage quality parameters, irrespec-

tive of the grassland type, would be a preferable solution. Thus, we hypothesise that

the usage of spectral data over different grasslands with predictive modelling algo-

rithms can build models to estimate major forage quality parameters regardless of the

grassland type or management practice. The overall objective of this study is to de-

velop comprehensive predictive models to estimate CP and ADF concentrations (from

now on referred to as CP and ADF) on the field level, using UAV-borne imaging spec-

troscopy data from different grasslands. Specifically, to build models that can predict

values regardless of the grassland type and to examine the effect of grassland type for

the model performances. With this in mind, the specific sub-objectives are as follows:

• To understand the relationship between forage quality parameters (CP and ADF)

and spectral reflectance

• To develop models for CP and ADF estimation from imaging spectroscopy data
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and to evaluate models

• To create field-level CP and ADF maps for grasslands and describe the spatial

and temporal variation of forage quality

4.2 Material and methods

4.2.1 Study area

The study was carried out on eight grasslands with different management practice and

species composition. Table 4.1 gives details of the grasslands, and Figure 4.1 shows

their locations on the map. Six grasslands were in nature protection areas, where no

fertilisation was applied, and they were mowed only once per year. Two of them were

mountain hay meadows (MHM), and another two were Nardus stricta grasslands (NSG).

MHML and NSGL were MHM and NSG grasslands, which were substantially invaded

by the neophyte Lupinus polyphyllus. The lowland hay meadow (LHM) is an exten-

sively utilised grassland located on the Werra riverbank, and it was mowed two times

per year. The intensively managed grassland (IMG) was fertilised and was harvested

three times per year. All grasslands were in northern Hesse, Germany. MHM1, NSG1,

LHM, and IMG grasslands were in Werra-Meißner district in Hesse (EPSG 4326: 9.9°N,

51.3°E) (Figure 4.1b). The other four grasslands (MHM2, NSG2, MHML, and NSGL)

were located in UNSECO Biosphere reserve Rhön (EPSG 4326: 10.0°N, 50.5°E) (Fig-

ure 4.1c).
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Table 4.1: Details of grasslands investigated in the study. (m.a.s.l. = meter above sea
level).

Field

ID
Vegetation Type Location (m.a.s.l) Short Description

MHM1 Mountain hay meadow
Werra-Meißner

district (684)

Nature conservation

grassland late harvest, no

fertilisation

MHM2 Mountain hay meadow
Biosphere Reserve

“Rhön” (739)

Nature conservation

grassland late harvest, no

fertilisation

NSG1 Nardus stricta grassland
Werra-Meißner

district (718)

Nature conservation

grassland late harvest, no

fertilisation

NSG2 Nardus stricta grassland
Biosphere Reserve

“Rhön” (822)

Nature conservation

grassland late harvest, no

fertilisation

MHML

Former Mountain hay

meadow invaded by

Lupinus polyphyllus

Biosphere Reserve

“Rhön” (839)

Nature conservation

grassland late harvest, no

fertilisation

NSGL

Former Nardus stricta

grassland invaded by

Lupinus polyphyllus

Biosphere Reserve

“Rhön” (846)

Nature conservation

grassland late harvest, no

fertilisation

LHM Lowland hay meadow
Werra-Meißner

district (135)

Extensive alluvial grass-

land, no fertilisation

IMG Seeded grassland
Werra-Meißner

district (199)

Intensive grassland, fer-

tilised
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Figure 4.1: Map of Germany (a) and the areas with the location of grasslands investi-
gated in the study (b,c). MHM: mountain hay meadow, NSG: Nardus stricta grassland,
MHML: MHM invaded by Lupinus polyphyllus, NSGL: NSG invaded by Lupinus poly-
phyllus, LHM: lowland hay meadow, IMG: intensively managed grassland.

A 25 m by 50 m rectangle plot (1250 m2) was selected as the study plot in grasslands

located in Werra-Meißner district. In each study plot, twenty 1 m2 subplots were ran-

domly distributed and selected for destructive biomass samplings. The random sub-

plot generation was done in QGIS, with each subplot having a minimum distance of 5

m to the nearest subplot.

The plots in the biosphere reserve Rhön were not allowed to be mown before 15 July

and, to replicate different vegetation maturity stages, different sampling design was

employed. From the grasslands in biosphere reserve Rhön, a 50 m by 30 m rectangle

plot (1500 m2) was chosen as the study plot. A total of fifteen small plots (8 m by 8

m) were established in each study plot, and they were in a regular grid (five rows and

three columns). Three 1 m2 sampling plots were picked from each small plot as the

subplots for destructive biomass sampling.
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4.2.2 Data collection

The UAV-borne imaging spectroscopy system

The Cubert Hyperspectral Firefleye S185 SE (Cubert GmbH, (Ulm, Germany) www.cubert-

gmbh.de) snapshot camera (12 mm focal length) is an imaging spectroscopy sensor that

acquires spectral images between 450 and 998 nm. It is a 2D imager with a multi-point

spectrometer. The spectral resolution of the sensor (full width at half maximum) is 4.8

nm at 450 nm and 25.6 nm at 850 nm. The camera records a total of 138 spectral bands

with a 4 nm sampling interval, but the manufacturer recommended to use only 126

bands between 450 and 950 nm. Each spectral band image is 50 by 50 pixel, and radio-

metric resolution is 12 bit (0–4096 digital numbers). In addition to the spectral bands,

a grayscale panchromatic image is also recorded with 1000 by 990 pixels in size (Aasen

et al., 2015; Cubert GmbH, 2016). The spatial resolution of the spectral image is 20 cm

at 20 m flying height. The captured image from the camera is an image cube that has

126 bands.

The Cubert camera was attached to the UAV (RTK X8 Hyperspectral Mapping, Cu-

bert GmbH, www.cubert-gmbh.de). It is a co-axial multi-rotor UAV equipped with

real-time kinematic (RTK) global navigation satellite system (GNSS). It can fly auto-

matically guided with less than 1 m position accuracy. The maximum payload is 2.5

kg, and maximum flight weight is 10 kg. The camera is affixed to a gimble on the UAV,

which compensates for pitch and roll movement during the flight, and keeps the cam-

era always nadir looking (Cubert GmbH and Copter Squad, 2018). Figure 4.2 shows

the UAV and the attached Cubert camera.
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Figure 4.2: The unmanned aerial vehicle (UAV) and the Cubert camera used in the
study.

Spectral images and forage quality data

UAV-borne imaging spectroscopy data collection and destructive biomass sampling

were carried out on every grassland immediately prior to each cut between May and

September in 2018 (Table 4.2).

Spectral images were acquired between 10:00 and 14:00 under clear-sky conditions.

Before the UAV flight, four corners of the study area were staked out using the Leica

RTK GNSS (Leica Geosystem, www.leica-geosystems.com) and six black-white 1 m2

ground control points (GCP) were distributed around the study plot. The coordinates

of the GCPs were also measured using the RTK GNSS. The UAV flight mission was

done with guided auto-pilot system in parallel flight lines at a flying height of 20 m

and a horizontal flying speed of 5 ms-1. Image acquisition points were calculated based

on 80 % image overlap in both directions. In each image capturing point, the UAV

hovered for 1 s to minimise the shaking effect. The UAV automatically triggered the

Cubert camera on each correct position.
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Table 4.2: Details on samplings of the grasslands investigated in the study.

Field ID Harvest Sampling date No. quality samples

MHM1 First cut 13 July 20†

NSG1 First cut 14 July 19†

MHM2, NSG2, MHML, NSGL First cut 15 June 20† (5, 5, 5, 5)

MHM2, NSG2, MHML, NSGL First cut 27 June 20‡ (5, 5, 5, 5)

MHM2, NSG2, MHML, NSGL First cut 11 July 20‡ (5, 5, 5, 5)

LHM
First cut 28 May 20†

Second cut 24 September 15†

IMG

First cut 10 May 20†

Second cut 06 June 20†

Third cut 01 August 20†

† - 1 m2 plots.
‡ - at each cut, three 1 m2 subplots inside the 64 m2 plots were sampled, which gives

a total of fifteen samples (3 × 5) at each cut for one grassland. However, in the lab

analysis, samples from the three sub-plots were mixed and concentration data were

determined (five quality samples per cut in one grassland).

Before the flight, the radiometric calibration for the Cubert camera was done using a

spectral reference image on the white calibration panel (95 % reflectance Zenith Lite)

and a dark current image by closing the lens using a lens cap. The relative spectral

reflectance value for each image pixel was calculated according to Equation 4.1 during

image acquisition.

Ri,j,λ =
DNi,j,λ −DCi,j,λ
WCi,j,λ −DCi,j,λ

(4.1)

where i, j, and λ represent image row number, column number, and wavelength, re-

spectively; R is the relative spectral reflectance; and DC, WC, and DN are the digital

numbers of the dark current image, the white calibration panel image, and the raw

image, respectively (Yang et al., 2017).

After spectral data collection, grass biomass was clipped on the identified 1 m2 sub-

plots at a stubble height of 5 cm. The fresh biomass was weighted in the field, and

total biomass in each plot was divided into two separate samples for dry biomass and
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forage quality analysis. The samples for the quality analysis were dried at 65 °C for 48

hours. Afterwards, the dried samples were ground for 1 mm uniform particles with a

Foss CT 193 Cyclotec mill (FOSS, www.fossanalytics.com). Subsequently, the dry mat-

ter and the ash content of the ground samples were determined, and the N and ADF

were determined.

The ADF was determined using the ANKOM 200 Fibre Analyser (ANKOM Technol-

ogy, www.ankom.com). The samples were cooked in the analyser at 100° C for one

hour in strong acid detergent (Cetyltrimethylammonium bromid in 1 N H2SO4). Af-

terwards, the cooked samples were washed, dried, and weighed to determine the

ADF. The N concentration was measured using a Vario Max CHN elemental analyser

(Elementar Analysensysteme GmbH, (Langenselbold, Germany) www.elementar.de),

which employs the Dumas method in analytical chemistry. CP was computed multi-

plying the N concentration by 6.25. CP and ADF were determined for a total of one

hundred and ninety-four (194) samples in all grasslands (Table 4.2).

From image cubes to digital ortho-mosaic

The following procedure was applied in each image acquisition to generate a mosaic

from Cubert image cubes (Figure 4.3). First, the image cubes were exported as TIFF

files using the CubeExport DOS (Cubert GmbH, www.cubert-gmbh.de) programme.

It produced a stacked spectral image (50 × 50 pixels) and a grayscale image (1000

× 1000 pixels). Afterwards, the spectral images were disaggregated (nearest neigh-

bour resampling) 20 times and stacked with the grayscale image using raster pack-

age in R programming language (R Core Team, 2019; Hijmans, 2019). Then, the pre-

processed stacked images were input to the Agisoft PhotoScan Professional version

1.4.1 (64 bit) software (Agisoft LLC, (St. Petersburg, Russia) www.agisoft.com) (Ag-

iSoft LLC, 2018). The PhotoScan software was used to create the ortho-mosaic from

single images. The measured GCP coordinates were fed to the PhotoScan during the

mosaic generation. The geo-referenced mosaic was then corrected for elevation to pro-

duce an ortho-mosaic with 127 layers (grayscale band + 126 spectral bands). The mean

spectral reflectance data for each 1 m2 subplot were extracted from the ortho-mosaics

of each sampling date. Due to noise in the spectral bands between 450 and 478 nm (8

bands), only 118 spectral bands (482–950 nm) were utilised in this study.
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Figure 4.3: The workflow for processing the UAV-borne spectral images to obtain a
single geo-referenced ortho-mosaic.

4.2.3 Data analysis

4.2.4 The relationship between reflectance and forage quality

Correlation analysis was carried out to understand the relationship between CP and

ADF in the grassland biomass and the reflectance data. First, spectral reflectance data

were normalised using vector normalisation based on Equation 4.2 (Sun et al., 2015),

where xi is the spectral vector for i = 1, 2, . . . , n. The normalised reflectance data was

transformed into the first derivative reflectance (Dawson and Curran, 1998) and con-

tinuum removal band depth (Clark and Roush, 1984).

xi =
xi√∑
‖xi‖2

(4.2)

Pearson correlation coefficients (r) between various transformed reflectance (actual,

normalised, derivative, and continuum removal) data and forage quality data were

computed. The optimal transformation method was identified based on the highest

average correlation coefficient value. Simple linear regression models were created

between each band from the identified transformed reflectance data set and forage

quality data. Further, all possible variants of SR and NDSI (Equations 4.3 and 4.4)

were derived from the reflectance data to check for the relationship with CP and ADF

by simple linear regression modelling. The resulting models were evaluated based on
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the adjusted coefficient of determination (adj.R2) value.

SRλ1,λ2 =
ρλ1
ρλ2

(4.3)

NDSIλ1,λ2 =
ρλ2 − ρλ1
ρλ2 + ρλ1

(4.4)

where λ1, λ2 are two wavelengths and ρ is the reflectance at the wavelength.

Forage quality modelling with full spectral data

In conformity with the results from the simple linear regression analysis, neither sin-

gle wavelengths nor SR or NDSI provided strong relationships with CP or ADF (data

are shown in Results in Section 4.3.3) Consequently, full spectral reflectance data were

used instead of selected spectral features. Five predictive modelling algorithms were

utilised, namely, partial least squares regression (PLSR), random forest regression (RFR),

Gaussian processes regression (GPR), support vector regression (SVR), and cubist re-

gression (CBR). A short description of each regression algorithm with references is

given in Table 4.3.

Table 4.3: Summary of the predictive modelling algorithms used in the study.

Algorithm Description Reference

PLSR

Partial least squares regression builds a

linear regression model on the data pro-

jected in a space, based on nonlinear iter-

ative partial least squares

Geladi and Kowalski (1986)

GPR

Gaussian processes regression finds a re-

gression solution based on a probabilistic

approach

Rasmussen and Williams

(2006) and Williams and

Rasmussen (2008)

RFR
Random forest is ensemble method con-

sists decision trees and bagging
Breiman (2001)

SVR

Support vector regression builds linear

regression models in high dimension fea-

ture space

Smola (1996), Drucker et

al. (2003), and Smola and

Scholkopf (2004)

CBR
Cubist is a rule based regression tech-

nique with boosting functionality

Quinlan (1992), Quinlan

(1999), and Quinlan (2006)
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Predictive modelling can be either supervised or unsupervised learning methods (Kuhn

and Johnson, 2013). Thus, a supervised learning approach was employed in this study.

First, the data set was split into two portions, representing the training and test dataset.

Then, the model was trained using only the train data, while the test data were held

out. After the model was trained, the model performance was evaluated using the

test data (hold-out method) (Raschka, 2018). However, one random split of the data

in the hold-out method results in only one model and the model performance may

differ significantly among different split sets from the data (Kuhn and Johnson, 2013).

Developing separate models for different data splits could explain the variability in

model performance within the given data subsets. Therefore, a simulation was done

100 times and each replicate consisted of separate training (80 % data) and test (20 %

data) data sets. Data set split was based on the stratified random sampling method

with grassland field as strata. Then, 100 separate models using 100 training data sets

were built for each regression algorithm using the R package “classification and regres-

sion training (caret)” (R Core Team, 2019; Kuhn and Johnson, 2013; Kuhn et al., 2018).

In the model training phase, the repeated cross-validation (five folds; three repeats)

technique was applied to tune the models’ hyper-parameters (ncomp in PLSR; sigma

in GPR; mtry in RFR; sigma & cost in SVR; committees & neighbours in CBR). Hyper-

parameters are model configuration parameters that optimise the performance of the

predictive modelling algorithm (Raschka, 2018). Finally, model testing was done us-

ing the corresponding 100 different test data. To evaluate the prediction performances

of the model, the squared correlation coefficient between observed and prediction R2
p

(Kvalseth, 1985), root mean square error prediction (RMSEp) (Equation 4.5), and nor-

malised RMSEp based on observation range (nRMSEp) (Equation 4.6) (Otto, 2019) were

calculated. The overall workflow is shown in Figure 4.4.

RMSEp =

√√√√ 1

n

n∑
i=1

(yi − ŷi)2 (4.5)

nRMSEp =
RMSEp

ymax − ymin
× 100 (4.6)

where y is the observed value, ŷ is the predicted value, ymax is the maximum observed

value, ymin is the minimum observed value, and n is the number of observations.

Chapter 4 Jayan S.J. Wijesingha 39



Fine-scale grassland monitoring using UAV-borne RS

Figure 4.4: The model building workflow. PLSR:, partial least squares regression, RFR:
random forest regression, GPR: Gaussian processes regression, SVR: support vector
regression, CBR: cubist regression, RMSE: root mean square error, nRMSE: normalised
RMSE.

On the basis of the optimal regression algorithms and hyper-parameter values, two

models were calibrated using the 100 % data with the repeated cross-validation tech-

nique (five folds; three repeats) as the final predictive models for CP and ADF. The

performance of final models was evaluated using R2
cv (Kvalseth, 1985), RMSEcv (Equa-

tion 4.5), and nRMSEcv (Equation 4.6).

Forage quality prediction maps

Model predictions were utilised to create forage quality distribution maps. For this

purpose, the ortho-mosaic was averaged to 1 m2 pixel to match the ground sampling

distance of the models, and for every pixel, CP and ADF were predicted for each har-

vest in each grassland. The predicted forage quality maps were compared visually for

different cuts in the same grassland and examined for spatial and temporal variations.
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4.3 Results

4.3.1 Forage quality data

Crude protein concentration varied between 5.1 %DM and 23.3 %DM, while ADF var-

ied between 22.5 %DM and 38.5 %DM (Table 4.4). Forage from the intensively man-

aged grassland (IMG) had the highest average CP and the lowest average ADF (Fig-

ure 4.5). However, forage from the two grasslands invaded by Lupinus polyphyllus

(MHML, NSGL) contained higher CP than non-invaded grasslands. Further, CP and

ADF were inversely correlated (correlation coefficient −0.78).

Table 4.4: Summary statistics for crude protein (CP) and acid detergent fibre (ADF)
concentrations of different grasslands.

Variable CP (%DM) ADF (%DM)

n 194 194

Min 5.14 22.50

Max 23.35 38.54

Range 18.21 16.04

Median 9.84 30.84

Mean 11.20 30.77

Variance 16.29 10.57

Standard deviation 4.04 3.25

Coefficient of variation 36 % 11 %
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Figure 4.5: Distribution of crude protein (CP) (a) and acid detergent fibre (ADF) (b)
concentrations in the harvested biomass of different grasslands.

4.3.2 Imaging spectroscopy data

Normalised mean reflectance values in the visible region (500–700 nm) obtained for

every 1 m2 sampling plot were lower for samples with higher CP values, along with

higher values in the near-infrared region (750–900 nm) (Figure 4.6). A similar pattern

was found for ADF data. However, there were some reflectance curves that did not

follow the natural vegetation spectral curve, as they probably contained mixed vege-

tation signals.
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Figure 4.6: Normalised mean spectral reflectance for CP (a) and ADF (b) concentration
data for all 1 m2 sampling plots.

4.3.3 Linear modelling with individual bands and spectral indices

(spectral features)

Correlograms for the different reflectance data sets (original, normalised, derivatives,

and continuum removal band depth) are shown in Figure 4.7. On the basis of correla-

tion values, normalised reflectance data obtained the highest average r-value from all

wavelengths (0.26 for both CP and ADF) and highest cumulative sum of r-value (30.5

for both CP and ADF). Therefore, the normalised reflectance data were used for fur-

ther statistical analysis in this study. For CP, the normalised reflectance value obtained

negative r-values in the visible region, but these became positive in the near-infrared

region. The correlogram of normalised reflectance for ADF showed an opposite pat-

tern compared with that of CP.
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Figure 4.7: Correlogram for CP (a) and ADF (b) between original, normalised, deriva-
tive reflectance, and continuum removal band depth data.

With simple linear regression modelling, a weak relationship was found for both CP

and ADF against individual spectral bands (Table 4.5). The best performing model for

CP was found with 718 nm (adj.R2 = 0.33) and for ADF with 794 nm (adj.R2 = 0.23).

Overall, the model performance was better for CP in the visible region and, vice-versa,

for ADF in the near-infrared region.

Linear regression models with NDSI and SR performed better than single-band models

(Table 4.5). Models with the two indices performed similarly, and the best results were

found for similar band combinations for both forage quality values. For CP estimation,

the best NDSI and SR models obtained adj.R2 values of 0.42 and 0.40, respectively.

Similarly, for ADF, the best NDSI and SR models obtained adj.R2 values of 0.34 and

0.33, respectively.
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Table 4.5: Summary of the best linear regression models using spectral features for CP
and ADF estimation for different grasslands. (NDSI: normalised difference spectral
indices; SR: spectral ratio)

Forage quality Spectral feature λ1 λ1 adj.R2

CP

Single band 718 nm - 0.33***

NDSI 626 nm 486 nm 0.42***

SR 626 nm 490 nm 0.40***

ADF

Single band 794 nm - 0.23***

NDSI 630 nm 486 nm 0.34***

SR 630 nm 490 nm 0.33***

*** - significant at p <0.001

4.3.4 Predictive modelling with full spectral data

The best predictive modelling algorithm

On the basis of 100 different model runs with random train and test data sets, the

model with the highest accuracy (lowest median RMSEp and lowest median nRMSEp),

the highest precision (highest R2
p), and the highest stability (lowest standard devia-

tion of RMSEp) was identified as the best-performing model (Table 4.6 and Figure 4.8).

Accordingly, the SVR model (median RMSEp = 1.9 %DM; median nRMSEp = 10.6 %;

median R2
p = 0.79; SD RMSEp = 0.29 %DM) was the best model for CP estimation,

whereas for ADF, the CBR model (median RMSEp = 2.2 %DM; median nRMSEp = 13.4

%; median R2
p = 0.56; SD RMSEp = 0.23 %DM) was the optimal model. PLSR was

the least performing model type among all the predictive algorithm models. For CP

estimation, nRMSEp of the SVR model varied between 7.0 % and 14.5 % and nRMSEp

varied from 6.5 % to 16.4 % of the CBR model. Comparably, nRMSEp of ADF models

varied from 10.7 % to 18.3 % and from 10.5 % to 16.7 % for the SVR and CBR models,

respectively. Further, the precision of (median R2
p) CP models was larger than 0.73,

except for the PLSR model. However, the precision of (median R2
p) ADF models was

lower than for CP models.
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Table 4.6: Summary of the predictive algorithm models (from 100 different model runs)
for CP and ADF estimation of different grasslands. Bold values highlight the best
models. (SD: standard deviation, CBR: cubist regression, GPR: Gaussian processing
regression, PLSR: partial least squares regression, RFR: random forest regression, SVR:
support vector regression).

Quality parameter Algorithm
Median

R2
p

Median RMSEp

(%DM)

SD RMSEp

(%DM)

Median

nRMSEp

CP

PLSR 0.48 3.0 0.36 16.5 %

GPR 0.73 2.3 0.33 12.4 %

RFR 0.74 2.1 0.38 11.5 %

SVR 0.79 1.9 0.29 10.6 %

CBR 0.77 1.9 0.45 10.4 %

ADF

PLSR 0.39 2.6 0.31 16.4 %

GPR 0.51 2.3 0.25 14.5 %

RFR 0.52 2.3 0.24 14.5 %

SVR 0.50 2.3 0.26 14.5 %

CBR 0.56 2.2 0.23 13.4 %

Figure 4.8: Normalised RMSEp distribution for CP (a) and ADF (b) concentrations in
different grasslands for each predictive algorithm model (CBR: cubist regression, GPR:
Gaussian processing regression, PLSR: partial least squares regression, RFR: random
forest regression).

The plots of fit for the best-performing models show the model fit across all grasslands

(Figure 4.9). Overall, prediction accuracy tended to be lower at higher levels of CP,

whereas for ADF, accuracy was consistent across the whole range of values observed.
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Figure 4.9: Observation versus prediction scatter plots from the SVR model for CP
(a) and the CBR model for ADF (b) concentrations in different grasslands. Colours
represent different grasslands. The black line is the 1:1 line, and the blue line represents
the linear regression line between observed and predicted values.

Apart from the determination of the optimal predictive modelling algorithm, the best

hyper-parameter values for each algorithm were identified. In the SVR model for CP

estimation, the best sigma value was 0.035, and the optimum cost parameter was 20. In

the CBR model for ADF, the optimal committees and neighbours values were 91 and

9, respectively (Table 4.7).

Table 4.7: The optimal hyper-parameter values for each predictive modelling algorithm
to estimate CP and ADF concentrations in different grasslands.

Algorithm Hyper-parameter Best for CP Best for ADF

PLSR ncomp 6 7

GPR sigma 0.045 0.040

RFR mtry 20 20

SVR
sigma 0.035 0.025

cost 20 4

CBR
committees 91 91

neighbors 5 9
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Final models

With SVR and the CBR predictive algorithms being identified as the best algorithms to

estimate CP and ADF, repeated cross-validations were performed using the complete

data set. The SVR model resulted in a nRMSEcv of 9.6 % with R2
cv = 0.81 for CP estima-

tion, while for ADF estimation, the CBR model had a nRMSEcv of 13.0 % and a R2
cv of

0.60. The errors of the final models were found between the errors from 100 different

models in the model training and testing phase.

4.3.5 Forage quality maps

The final models (SVR for CP and CBR for ADF) were applied to the mosaic images to

generate forage quality prediction maps exemplary for the IMG and MHML grasslands

(Figures 4.10 and 4.11). The produced maps show observed spatial and temporal vari-

ability for both quality parameters. The maps of the IMG grassland (Figure 4.10) indi-

cate an increase in CP from the first to the second cut and a decrease from second to the

third cut, which agrees with the values of the reference data (Figure 4.5). The maps for

ADF (Figure 4.10g–i) indicate an opposite pattern compared with CP (Figure 4.10d–f).

Both CP and ADF maps for the second cut (Figure 4.10e,h, respectively) indicate a con-

siderably higher spatial variation compared with the first and third cut. The ADF map

of the third cut (Figure 4.10i) shows certain areas (towards the west-southwest corner)

with somewhat lower values (purple colour patches) compared with the rest of the

field.

The true colour images of the MHML grassland show a unique chessboard pattern

at the later cutting dates (Figure 4.11). While on the 13th June, the whole area had

the same maturity stage (the first cut was taken at 15 June on a third of all plots), the

five brownish areas in the picture from 27 June represent the plots that were regrown

since the first cutting date. Brown colour shades further increase in the picture from

11 July. The forage quality maps for the last two dates were masked using small plot

boundaries (64 m2). The CP map from 13 June shows higher CP value patches (yellow

patches) at the northern region of the plot and lower ADF values (purple spots) for

corresponding areas are shown in the ADF map from the same date. The most matured

grass plots were available on 11 July, where the lowest CP values are shown (dark

purple plots). Those patterns are less pronounced in the ADF map of 11 July. Colours

on the map from 27 June indicate that the biomass on recently cut areas has more

significant ADF concentrations than that from areas with continued growth, and thus

an advanced plant maturity.
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Figure 4.10: Forage quality prediction maps for the intensively managed grassland
(IMG). The first row is the hyperspectral mosaic in the true colour composite (R: 606
nm, G: 546 nm, B: 482 nm) for different sampling dates (a–c). Predicted CP and ADF
maps are shown in the second (d–f) and third rows (g–i), respectively. Columns rep-
resent different cutting dates. The value range in the colour scale is different for each
quality parameter. White spots in the map represent no data pixels.
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Figure 4.11: Forage quality prediction maps for the mountain hay meadow invaded
by Lupinus polyphyllus (MHML). The first row is the hyperspectral mosaic in the true
colour composite (R: 606 nm, G: 546 nm, B: 482 nm) for different sampling dates (a–c).
Predicted CP and ADF maps are shown in the second (d–f) and third rows (g–i), re-
spectively. Columns represent different cutting dates. The value range in the colour
scale is different for each quality parameter. White spots in the map represent no data
pixels. The 64 m2 small plot boundaries are in green colour.

The extracted CP and ADF values from each cutting date of the MHML grassland were

plotted against each other to understand the temporal variation of the relationship

between the two forage quality parameters (Figure 4.12). The strength of the negative

linear relationship between the two parameters decreased when the cutting date was

delayed. Further, the distribution of CP values decreased with increasing duration of

growth, but the distribution of ADF values did not change significantly.
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Figure 4.12: Scatter plots between predicted CP and ADF from MHML’s small plots
harvested on 13 June (a), 27 June (b), and 11 July (c). The marginal histogram shows
the distribution of each axis value.

4.4 Discussion

Correlograms were used to understand the relationship between grassland CP and

ADF and spectral reflectance (Figure 4.7). For both quality parameters, normalised

spectra indicated a stronger relationship with forage quality parameters than the orig-

inal spectra or other spectra transformations (derivatives and continuum removal band

depth). The normalisation process reduced the temporal noise of the data, which

strengthened the relationship between spectral features and forage quality. Further,

two correlograms from CP and ADF showed an inverse pattern, confirmed by the neg-

ative correlation between them. Nevertheless, both forage quality parameters had a

stronger relationship in the red-edge and the near-infrared regions of the spectrum.

Linear regression models with spectral features (single waveband, NDSI, SR) obtained

a maximum adj.R2 of 0.42 for CP and 0.34 for ADF. The best correlated NDSIs com-

prised wavebands in the chlorophyll absorption features in the visible domain of the

spectrum (470–518 nm and 550–750 nm), which relates to N and other biochemicals

in green canopies (Mutanga et al., 2004). These results paralleled with the results from

previous studies that come from the same geographical region (Biewer et al., 2009b; Sa-

fari et al., 2016a). The study from Safari et al. (2016b) obtained linear regression models

with NDSI with R2 of 0.58 and 0.49 for CP and ADF, respectively. Moreover, the results

from Biewer et al. (2009b) reported R2 values of 0.33 and 0.13 R2 for CP and ADF mod-

els with SR, respectively. Nonetheless, the results from the studies mentioned above
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were obtained with field spectroscopy data, which had a more comprehensive spectral

range (305–1700 nm) than the camera utilised in the present study.

Several predictive modelling algorithms were tested to identify the best algorithms to

estimate CP and ADF from the full spectral data, as no single consistent algorithm

was shown to surpass all the given circumstances every time in a study by the au-

thors of (Yuan et al., 2017). Moreover, model consistency was evaluated by training

and testing 100 models using 100 different random train and test data sets, which al-

lowed to disclose the model performance irrespective of the calibration data set. Except

for the PLSR, other tested predictive algorithms (GPR, RFR, SVR, and CBR) proved

promising for the underlying data. The SVR and CBR models for CP and ADF esti-

mation showed the maximum precision (highest R2
p) and prediction accuracy (lowest

nRMSEp) followed by the RFR, GPR, and PLSR models, respectively. SVR and CBR

predictive modelling algorithms were previously utilised to estimate water quality pa-

rameters based on spectral data (Keller et al., 2018; Hafeez et al., 2019), however, to our

knowledge, such algorithms have not been employed so far to estimate forage quality

parameters.

According to the literature, the PLSR and RFR were the most prominent predictive

modelling algorithms in forage quality parameter estimation using spectral data. For

example, Safari et al. (2016b) reported on PLSR models, which obtained nRMSE values

of 8.5 % and 7.3 % for CP and ADF, respectively. However, PLSR models resulted in

the lowest accuracies both for CP and ADF in this study. Moreover, Pullanagari et

al. (2018) achieved an nRMSE of 11.2 % for CP with the RFR model, and Singh et al.

(2017) obtained an nRMSE of 21.7 % for ADF with the same modelling algorithm. It

is noteworthy that the studies mentioned above only tested one predictive modelling

algorithm; thus, no conclusions are possible considering the comparison with other

algorithms.

Both CP and ADF estimation models resulted in less than 15 % relative prediction er-

ror. However, CP estimation had a slightly lower relative error (median nRMSEp = 10.6

%) than ADF estimation (median nRMSEp = 13.4 %). A similar relative error pattern

for CP and ADF estimation models was obtained in previous studies that utilised field

spectroscopy data (Kawamura et al., 2008; Pullanagari et al., 2012; Safari et al., 2016b).

Moreover, the data points from the IMG were clustered out and acted as the driver of

the CP model according to the plot of fit (Figure 4.9a). Although, ADF data points in

the observed against predicted plot did not highlight a similar pattern (Figure 4.9b).

The high variation of CP between the cuts in IMG due to intensive management prac-

tice might be the reason for the mentioned pattern. However, the data points from
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other grasslands were mostly grouped in both plots because they almost experienced

similar management practice.

Remarkably, the wavelength (718 nm) that obtained the highest linear correlation with

CP turned out to be the most fundamental wavelength for the final CP and ADF mod-

els (Appendix Figure 4.13). However, the identified first most important wavelengths

were not related to any foliar chemical absorption feature, such as chlorophyll, protein,

or cellulose (Curran, 1989). According to Curran (1989), the absorption features that

relate to CP and ADF can be found at wavelengths in the shortwave infrared region of

the spectrum (1400–3000 nm). Singh et al. (2017) also confirmed that important wave-

lengths for ADF were in the shortwave infrared region of the spectrum. The camera

used in the present study did not have the sensitivity to the shortwave infrared regions,

even though the study showed a superior accuracy for grassland CP and ADF.

Imaging spectroscopy provides the advantage to generate maps by direct application

of the model to recorded spectral images without the need for spatial interpolation.

The prediction maps in our study displayed a substantial spatial variation in forage

quality on the grasslands. While there is an inverse relationship between CP and ADF

at the early cutting date of the MHML grassland, it vanishes with the increasing ma-

turity of plants (Figure 4.12). Thus, biomass from such grasslands (MHML, NSGL)

may display a much more considerable variation in CP than in ADF content, which

probably depends very much on the degree of Lupinus polyphyllus invasion. Such in-

formation may help farmers to identify areas with contrasting forage quality, which

is a prerequisite for targeted site-specific management of larger fields, for example,

to determine a sound scheduling of mowing or grazing activities. Further, biomass

from grassland areas with contrasting quality may be collected and ensiled separately

to match the requirements of animals, which usually differ sharply among different

animal species and performance categories.

To summarise, predictive modelling algorithms allow an adequate forage quality esti-

mation, regardless of the grassland type and cutting regimes applied. Ultimately, fine-

tuning of the calibrated models with data from further diverse grassland types could

increase the robustness of the models to generate forage quality maps for grasslands

with different vegetation types and management practices.

4.5 Conclusions

The present study aimed to estimate CP and ADF concentrations of a multitude of

grasslands with different vegetation composition and cutting regimes applied based

Chapter 4 Jayan S.J. Wijesingha 53



Fine-scale grassland monitoring using UAV-borne RS

on UAV-borne imaging spectroscopy data. It was demonstrated that the resulting

models could accurately estimate CP and ADF irrespective of the grassland type, and

that model accuracies are in the same range as those obtained with the use of field

spectroscopy. With such models, forage quality maps can be generated, which may

provide a benefit for practical grassland farming. Eventually, continued tweaking of

the models with data from additional grasslands will be a way forward to ultimately

obtain an accurate generalised model with a validity range that covers most grasslands

within a broader region.

Appendix

Figure 4.13: Wavelength importance for two models. The higher the important variable
score, the higher the importance of the wavelength.

The content of Chapter 4 has not been changed from the original published version.
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Chapter 5

Mapping invasive Lupinus polyphyllus

Lindl. in semi-natural grasslands using

object-based analysis of UAV-borne

images

Abstract

Knowledge on the spatio-temporal distribution of invasive plant species is vital to

maintain biodiversity in grasslands which are threatened by the invasion of such plants

and to evaluate the effect of control activities conducted. Manual digitising of aerial

images with field verification is the standard method to create maps of the invasive

Lupinus polyphyllus Lindl. (lupine) in semi-natural grasslands of the UNESCO bio-

sphere reserve “Rhön”. As the standard method is labour- and time-intensive, a work-

flow was developed to map lupine coverage using an unmanned aerial vehicle (UAV)-

borne remote sensing (RS) along with object-based image analysis (OBIA). UAV-borne

red, green, blue (R, G, B) and thermal imaging, as well as photogrammetric canopy

height modelling (CHM), were applied. Images were segmented by unsupervised pa-

rameter optimisation into image objects representing lupine plants and grass vegeta-

tion. Image objects obtained were classified using random forest classification mod-

elling based on objects’ attributes. The developed classification model was employed

to create lupine distribution maps of test areas and predicted data were compared with

manually digitised lupine coverage maps. The classification models yielded a mean

prediction accuracy of 89 %, and 0.78 mean kappa statistics. The maximum difference

in lupine area between classified and digitised lupine maps was 5 %. Moreover, the
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pixel-wise map comparison showed that 88 % of all pixels matched between classified

and digitised maps. Our results indicate that lupine coverage mapping using UAV-

borne RS data and OBIA provides similar results as the standard manual digitising

method and, thus, offers a valuable tool to map invasive lupine on grasslands.

Keywords : invasive plant species; Lupine; RGB camera; object-based image analysis;

spatial coverage mapping; grassland

5.1 Introduction

Biological invasion is threatening to biodiversity in many ecosystems in the world. The

invasion by alien plant species is considered as one of the significant drivers for loss

of biodiversity and ecosystem functionality. The leading cause for the introduction of

alien plant species is human activities. After a new plant species is introduced to the

ecosystem, depending on the adaptation capability of the plant it obtains a naturalisa-

tion status which is the ability to self-sustain without human involvement (Pyšek and

Richardson, 2011). At present, there are 3749 naturalised alien plant species in Europe,

and 37.4 % out of them occur in grassland habitats (Lambdon et al., 2008).

Processes and dynamics of invasion of plant species are complex (Courchamp et al.,

2017). However, knowledge on spatial, temporal distribution of invasive plant species

in a given habitat is critical to understand invasion pattern (Müllerová et al., 2017),

and maps showing invasive plants’ distribution are helpful for effective control activi-

ties. Aerial image digitising verified with field survey is the standard method to create

invasive plant species distribution maps. Such maps are time-consuming and labour

intensive to produce due to aerial image acquisition, manual digitising, and field veri-

fication steps.

Classification of remotely sensed images to map invasive species is a well-adopted

technology for many invasive species in different parts of the world and various ecosys-

tems (Royimani et al., 2018). In grasslands, invasive woody (Mirik et al., 2013) and

shrubby (Laliberte et al., 2004; Ishii and Washitani, 2013) species mapping has shown

excellent results with satellite and airborne image classification. Meanwhile, using an

unmanned aerial vehicle (UAV) borne remotely sensed (RS) imaging was increasingly

applied for invasive species mapping in the recent years in flood plains and coastal re-

gions (de Sá et al., 2018; Martin et al., 2018; Abeysinghe et al., 2019). Cost-effectiveness,

high spatial and temporal resolution and the increasing availability of various minia-

ture sensors (e.g. RGB cameras, spectral sensors, thermal cameras) are the main ad-

vantages of the UAV-borne imaging compared to satellite RS data (Michez et al., 2016).
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Apart from the spectral or thermal information, UAV-borne RS data can also provide

3D point cloud data, which can be employed to derive canopy height models (CHM)

for grassland canopies (Grüner et al., 2019; Wijesingha et al., 2019).

UAV-borne RS images are very-high spatial resolution images (less than 50 cm), where

one object in the real world is represented by many pixels. Object-based image analysis

(OBIA) can better be employed when pixels are considerably smaller than the object

to be identified (Blaschke, 2010). Several studies indicated that OBIA provides sub-

stantial advantages for mapping invasive plant species based on UAV-borne RS data

(Michez et al., 2016; Martin et al., 2018; Abeysinghe et al., 2019). Typical OBIA em-

ploys rules derived from the object’s attributes to classify an object, which requires

expert knowledge and limits the transferability of the classification model (Belgiu et

al., 2014). Contrary, machine learning classification algorithms (e.g. random forest,

support vector machine) have shown their capability in OBIA procedures, as they do

not require prior knowledge of the objects (Grippa et al., 2017).

Lupinus polyphyllus Lindl. (hereafter referred to as lupine) is on the list of the most 150

widespread alien plant species in Europe (Lambdon et al., 2008). The lupine plant

is about 50-150 cm tall and contains 1-2 cm broad leaflets. Lupine flowers are up

to 80 cm long in a single terminal, and they are in shades of blue, pink and white

(Fremstad, 2010). Lupine is native to the western parts of North America. It has been

recorded in many habitats in Europe, such as grasslands in Germany, Lithuania, and

road verges as well as in ruderal areas in Scandinavia (Fremstad, 2010). The UNESCO

biosphere reserve Rhön in Germany covers a total area of 2433 km2 and mainly consists

of low mountain semi-natural grasslands (e.g. NATURA habitat types 6520 - mountain

hay meadows and 6230 - species-rich Nardus grasslands) (Biosphärenreservat Rhön,

2019). In the last few decades, lupine invaded significant parts of the grasslands in the

biosphere reserve. It substantially changed the habitat functionality mainly through

the ability to fix atmospheric nitrogen, which transforms the low-growing, open and

species-rich grasslands into dense and productive, but species-poor dominance stands

(Otte and Maul, 2005). Individual lupine plants are controlled manually at early stages

of invasion to prevent a massive invasion by lupine, and grassland mowing is al-

lowed after 1st July to maintain a broad diversity of insects and ground breeding birds

(Biosphärenreservat Rhön, 2019).

The knowledge of the spatial distribution of lupine in the grasslands is vital to con-

duct control activities and to monitor their efficacy. The first lupine distribution map

of the region was created in 1998 using manually digitised aerial photographs at a

1:2500 scale (Otte and Maul, 2005). The latest map of the spatial distribution was gen-
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erated in 2016 using 20 cm digital ortho-mosaics from aerial photographs (Klinger et

al., 2019). Those maps were useful to monitor changes in the lupine distribution in the

long term. The interval between the two maps of eighteen years is partly due to the

time and labour demanding processes involved. Therefore, a repeatable, transferable

methodology is needed, that produces lupine distribution maps at different spatial and

temporal scales to monitor the lupine distribution and to assess the benefit of control

activities.

According to Skowronek et al. (2018), RS based mapping of the spatial distribution

of Lupine was not successfully implemented until now. In order to fill this gap, we

propose an approach to map invasive lupine in grassland, which is based on UAV-

borne RS data and OBIA. We hypothesise that the proposed procedure could categorise

lupine and non-lupine vegetation in grasslands with the same precision as the standard

digitising method. This study presents an operational workflow to create maps of

lupine cover and compares lupine distribution maps from the developed workflow

with manually digitised lupine coverage maps.

5.2 Material and methods

5.2.1 Study area

The study was carried out in two grassland fields UNESCO biosphere reserve Röhn in

Germany which were invaded by lupine (Figure 5.1a, Figure 5.1b, Figure 5.2). One field

was classified as a former mountain hay meadow (hereafter referred to as G1), and the

other was an old Nardus stricta grassland (hereafter referred to as G2). In both fields,

rectangle plots of 1500 m2 (50 m by 30 m) were chosen as study areas, and 15 small plots

of 64m2 (8 m by 8 m) were established within a grid (Figure 5.1c, Figure 5.1d). Three

cutting dates (12th June, 26th June, 09th July, hereafter referred to as D1, D2, and D3,

respectively) were randomly assigned to 5 replicated plots (Figure 5.1c, Figure 5.1d).

At each date, plots were mowed at a stubble height of 5 cm, and biomass was removed

from the field.
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Figure 5.1: (a) Location of the UNESCO biosphere reserve Rhön, (b) positions of the
two grassland fields, and the experimental plot design of (c) G1 and (d) G2 grasslands.

Figure 5.2: Lupine invaded grassland in the Röhn biosphere reserve.
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5.2.2 Data collection

At each sampling date in each grassland field, UAV-borne images were acquired. A

DJI-Phantom IV quadcopter (DJI, China) with an inbuilt off-the-shelf camera (FC330)

was employed to obtain UAV-borne RGB images. The camera (FC330) captures a 12-

megapixel image in red (R), green (G), and blue (B) bands. The UAV was flown at

20 m flying height, and it resulted in 0.09 m ground sampling distance. The UAV

flight mission was designed using Pix4D capture app for Android (App version 4.4.0,

Pix4D, Switzerland). The UAV was flown as double grid mission (two perpendicular

missions), and the camera was triggered automatically to capture nadir looking images

based on the image overlap configuration (80 % both forward and side overlap). All

the flight sessions were conducted between 12:00 and 14:00. Before each flight session,

nine black and white 1 m2 ground control points were distributed over the study area.

Just after the UAV flights, the position of each ground control point was measured

using a Leica RTK GNSS (Leica Geosystems GmbH, Germany) with 2 cm 3D coordinate

precision. Additional UAV-borne RGB image was taken on 16th August 2019, when the

whole fields were mowed.

A FLIR Vue Pro R (FLIR Systems Incorporation, USA) thermal camera was attached

to the UAV parallel to the RGB camera. The camera has a 19 mm lens, and it has a

spectral sensitivity between 7500 - 13500 nm. With a single UAV flight, both thermal

and RGB images were captured simultaneously. The thermal camera captures images

as a radiometric JPEG which contains radiometrically calibrated temperature data. The

thermal image has 640 by 512 pixels (FLIR, 2016). The thermal camera was triggered

every second throughout the whole UAV mission. Before each thermal data collection,

metadata related to the thermal camera was collected using the FLIR UAS 2 app (App

version 2.2.4, FLIR Systems Incorporation, USA), such as distance to the target (20 m),

relative humidity, air temperature, and emissivity (0.98). All the metadata was saved

in each captured image’s EXIF data.

A total of six UAV-borne RGB and six thermal datasets were collected. Hereafter, each

dataset is labelled according to cutting date and grassland type (DiGj: where i = 1, 2, 3

and j=1, 2). In each dataset, maturity stages of grasslands were different due to mowing

activities in 64 m2 small plots. Maturity stage was lowest (V0) in the D1 dataset and

was the same for all 30 small plots. At the 2nd cutting date (D2), 20 small plots out of

30 were covered by two weeks older vegetation (V2weeks), while 10 small plots (which

were cut at D1) had vegetation which was regrown for two weeks (VR2weeks). The D3

dataset was composed of 10 plots with undisturbed vegetation (V4weeks) which was

four weeks older than V0, 10 plots of (VR2weeks), and further 10 plots with vegetation
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regrown for four weeks (VR4weeks) after D1.

5.2.3 Object-based image analysis

Canopy height model and point density

Each collected dataset was processed separately, and the same procedure was applied,

as explained below. The UAV-borne RGB images and coordinates of ground control

points were processed with the Agisoft PhotoScan Professional version 1.4.4 software

(Agisoft LLC, Russia) (AgiSoft LLC, 2018). The software applied structure from motion

(SFM) technique to align multi-view overlapping images and to build a dense 3D cloud

point. The procedure of point cloud generation and canopy height computation was

adopted from Wijesingha et al. (2019), and further details of the process can be found

there.

The point density (PD) raster was created from the dense point cloud by binning into

a raster with 2cm. The PD raster contained point count under a cell area (4 cm2). The

digital terrain model (reference plane) was generated using the August RGB images

with a cell size raster of 5 cm. The z values of 3D point cloud and the digital terrain

model based on x, y locations were subtracted to generate a point cloud with canopy

height. The point cloud with canopy height was binned into the 2 cm cell size raster,

where each cell contained mean crop height value and hereafter it was considered

CHM raster.

RGB ortho-mosaic

RGB ortho-mosaic was obtained after further processing of the dense point cloud in

PhotoScan software. The output RGB ortho-mosaic was geo-referenced with a 1 cm

spatial resolution. The RGB ortho-mosaic was converted into hue (H), intensity (I),

and saturation (S) colour model using GRASS GIS and hereafter it was considered as

HIS ortho-mosaic (Gonzalez and Woods, 2008; GRASS Development Team, 2017).

Thermal ortho-mosaic

The single JPEG thermal image contained 8-bit digital numbers. Following workflow

and equations were adapted from Turner et al. (2017) to convert digital numbers to

temperature values. The conversion workflow was conducted with EXIFtools and R

programming language (Phil Harvey, 2016; Dunnington and Harvey, 2019; R Core

Team, 2019). A raw thermal TIFF image was exported from the JPEG image. Metadata

of image were extracted from the JPEG EXIF header for each image. Based on the

Chapter 5 Jayan S.J. Wijesingha 61



Fine-scale grassland monitoring using UAV-borne RS

metadata and raw TIFF image values, the image with temperature was computed and

exported as a TIFF file. The exported TIFF image contained a calibrated temperature

value in degree Celsius (°C). Like RGB ortho-mosaic generation, thermal ortho-mosaic

with 2 cm spatial resolution was generated using calibrated thermal images.

Spectral shape index and texture images

A spectral shape index (SSI) (Equation 5.1) based on RGB image values were com-

puted, and it showed excellent results for isolation of shadows within the vegetation

(Chen et al., 2009). Moreover, two texture features (angular second moment (ASM)

- uniformity, and inverse difference moment (IDM) - homogeneity) (Haralick, 1979)

from both intensity image and thermal image were computed.

SSI = |R +B − 2×G| (5.1)

where R, G, and B are red, green, and blue values respectively.

Segmentation

Segmentation and classification are the two main steps in OBIA (Silver et al., 2019).

The segmentation is the first step and by definition ”it divides an image or any raster

or point data into spatially continuous, disjoint and homogeneous regions, referred

to as segments or image objects” (Blaschke et al., 2014). According to Espindola et

al. (2006), the quality of segmentation depends on the balance between intersegment

homogeneity (the similarity between segments) and intersegment heterogeneity (the

difference between segments).

Variance and spatial autocorrelation (Moran’s I) between segments are utilised as mea-

sures to evaluate intersegment homogeneity and heterogeneity respectively. A low

variance leads to over-segmentation of images, as very similar pixels are contained in

each segment which divides one real-world object into many segments. In contrast, a

low spatial autocorrelation between segments can increase the variance, and it causes

under-segmentation, which gives one large segment that covers many different real-

world objects. The segmentation threshold (also referred to as scale) can control the

balance between intersegment variance and spatial autocorrelation. Therefore, find-

ing the optimum threshold is essential to produce segments which are matching to the

real-world objects (Espindola et al., 2006).

Johnson et al. (2015) established an F measure to identify the quality of the segmenta-

tion result for a given threshold value. The F measure is based on variance and spa-
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tial autocorrelation and calculated using Equation 5.2 (Johnson et al., 2015). A weight

value (a) must be defined in the F measure, with 0.5 is half weighting, and 2 is double

weighting. Like the normalise sum measure, the higher the F measure, the higher the

quality of the segmentation.

F = (1 + a2)

(
MInorm × Vnorm

a2 ×MInorm + Vnorm

)
(5.2)

here MInorm is the normalised Moran’s I value, Vnorm is the normalised variance value,

a is the alpha weight, and F is the F measure.

Espindola et al. (2006) introduced the Unsupervised Parameter Optimisation (USPO)

procedure to identify the optimum threshold value for the given image from a range

of threshold values based on one of the quality measures mentioned above. The USPO

procedure was implemented as an add-on tool called i.segment.uspo in GRASS GIS soft-

ware (Lennert and GRASS Development Team 2019a). The CHM raster, PD raster and

hue image from HIS ortho-mosaic were used in the segmentation process (Figure 5.3).

According to Georganos et al. (2018), finding the optimum threshold values for differ-

ent local image regions gives superior results compared to the use of a single threshold

for the whole image. Hence, the image was divided into sixteen small zones (15 zones

overlapping with the 64 m2 plots for each study plot and one zone for the paths be-

tween the plots). Specific local thresholds (ranging from 0.01 to 0.15) was determined

for each region based on the F measure. The alpha value in the F measure calcula-

tion was kept at 0.5. Python Jupyter Notebook codes from Grippa (2018) were adopted

and modified according to this study for automatizing the segmentation process us-

ing i.segment.uspo for each zone. The segmentation procedure was applied separately

for each study plot and sampling date. A total of six different segmented raster were

created according to six datasets.
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Figure 5.3: Flow diagram of the segmentation with i.segment.uspo and attribute calcu-
lation using GRASS GIS

Attribute calculation for segmented image objects

The segmented raster was vectorised, and each segmented object was created as a poly-

gon. Four geometric attributes (area (A), perimeter (P ), fractional dimension (FD)

(Equation 5.3), and circle compactness (CC) (Equation 5.4)) for the segmented objects

were calculated. Based on all raster data (RGB image, HIS image, CHM raster, PD

raster, thermal image, SSI image, and texture raster), the mean and standard devia-

tion values for each polygon was computed as image-based attributes. Attribute cal-

culation was done using i.segment.stats add-on in GRASS GIS (Lennert and GRASS

Development Team, 2019; GRASS Development Team, 2017). In total, 32 attributes (4

geometric and 28 image-based) were generated (Table 5.1).

FD = 2×
(

logP

logA+ 0.001

)
(5.3)

CC =
P

2×
√
π × A

(5.4)
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Table 5.1: Description of the calculated object’s attributes. (SD: Standard deviation

ID Attribute Description

1 Area Area of the object

2 Perimeter Perimeter of the object

3 FD fractional dimension of the object

4 CC circle compactness of the object

5 Mean R Mean red image value of the object

6 Mean G Mean green image value of the object

7 Mean B Mean blue image value of the object

8 Mean hue Mean hue image value of the object

9 Mean intensity Mean intensity image value of the object

10 Mean saturation Mean saturation image value of the object

11 Mean intensity ASM Mean intensity ASM texture image value of the object

12 Mean intensity IDM Mean intensity IDM texture image value of the object

13 Mean SSI Mean spherical shape index image value of the object

14 Mean temperature Mean temperature value of the object

15 Mean thermal ASM Mean thermal ASM texture image value of the object

16 Mean thermal IDM Mean thermal IDM texture image value of the object

17 Mean CHM Mean canopy height value of the object

18 Mean PD Mean point density value of the object

19 SD R SD of of red image value of the object

20 SD G SD of gree image value of the object

21 SD B SD of blue image value of the object

22 SD hue SD of hue image value of the object

23 SD intensity SD of intensity image value of the object

24 SD saturation SD of saturation image value of the object

25 SD intensity ASM SD of intensity ASM texture image value of the object

26 SD intensity IDM SD of intensity IDM texture image value of the object

27 SD SSI SD of spherical shape index image value of the object

28 SD temperature SD of temperature value of the object

29 SD thermal ASM SD of thermal ASM texture image value of the object

30 SD thermal IDM SD of thermal IDM texture image value of the object

31 SD CHM SD of canopy height value of the object
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32 SD PD SD of point density value of the object

Classification model

Ten percent of the segmented objects (3698 out of a total of 81704 objects) were manu-

ally labelled as either lupine (L) or non-lupine (NL) based on visual observation using

the RGB ortho-mosaics. In each dataset, the number of L and NL labels were very

similar (L = 1892 and NL = 1806), and labelled objects were spatially randomised.

The labelled objects with attributes were utilised to develop a supervised classifica-

tion model.

Classification model training and testing were conducted using R statistical software

(R Core Team, 2019). The random forest (RF) machine learning classification algorithm

was employed to build a classification model using the mlr package in R software (Bis-

chl et al., 2016). The RF has proven its efficiency for image object classification using

objects’ attribute data (Belgiu and Drăgu, 2016). The RF algorithm utilises both deci-

sion trees and bagging (Breiman, 2001). The decision trees are created from a subset

of the training samples with replacement (known as bagging). Based on the average

decision of the trees, the sample is assigned to different classes (Belgiu and Drăgu,

2016).

A total of six RF classification models were built, and in each model, five datasets were

employed to train the model, while the remaining dataset was used to test the model

(Table 5.2). All the attributes (32) were employed as an input of the model alone with

objects’ labels. Two hyperparameters, namely mtry (number of selected variables in

each split) and node size (number of observations in a terminal node) (Probst et al.,

2019), were tuned in the model training phase using random search. The model was

trained with repeated spatial cross-validation resampling (five-folds and two repeats)

to classify objects. Resampling is based on the location of the observations to reduce

the effect of spatial autocorrelation for model accuracy (Brenning, 2012). The location

was based on the centroid of the objects. The trained model employed to predict ob-

jects’ labels of the holdout. According to predicted labels and actual labels, the model

performance was evaluated by calculating overall accuracy (OA), true-positive-rate

(TPR), false-positive-rate (FPR), and Kappa (K) values (Equation 5.5, 5.6, 5.7, and 5.8

respectively).

OA =
TP + TN

TP + FN + FP + TN
(5.5)
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TPR =
TP

TP + FN
(5.6)

FPR =
FP

FP + TN
(5.7)

K =
Observed agreement− Expected agreement

1− Expected agreement
(5.8)

Where TP is true positives, TN is true negative, FP is false positive, and FN false

negative.

Table 5.2: Details of the training and testing datasets for different classification models.

Model name Datasets for training Dataset for testing

M11 D1G2, D2G1, D2G2, D3G1, D3G2 D1G1

M12 D1G1, D2G1, D2G2, D3G1, D3G2 D1G2

M21 D1G2, D1G2, D2G2, D3G1, D3G2 D2G1

M22 D1G2, D1G2, D2G1, D3G1, D3G2 D2G2

M31 D1G2, D1G2, D2G1, D2G2, D3G2 D3G1

M32 D1G2, D1G2, D2G1, D2G2, D3G1 D3G2

5.2.4 Lupine coverage mapping

A single RF classification model (Mall) was trained using all labelled objects from the six

datasets. Based on predicted labels from Mall, a lupine coverage map was generated

(hereafter referred to as classification-based lupine coverage map).

A reference lupine coverage map for each dataset was created by digitising each RGB

ortho-mosaic and was compared to the lupine area from the classification-based lupine

coverage map. A relative number of no-difference pixels from two maps was com-

puted as a measure for map accuracy (MA) (Equation 5.9). Additionally, the pixel-wise

Person’s correlation coefficient (PCC) was calculated. Each 64 m2 plot was divided into

four equal areas of 16m2 each, and the relationship between relative digitised lupine

area (LA) and MA of subdivided plots was analysed to understand the MA at different

levels of LA.

MA =
Number of equally categorised pixels in the two maps

Total number of pixels
(5.9)
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5.3 Results

5.3.1 Image segmentation

Ortho-mosaics from RGB and thermal camera images were created in this study and

SSI, and hue images were computed from the RGB ortho-mosaic. RGB images were

processed with SFM technique to generate CHM raster and PD raster. Exemplary im-

ages and raster from D1 of G1 are shown in Figure 5.4.

Figure 5.4: Exemplary images for D1G1 (Field G1, 12th June) dataset (a) RGB digital
ortho-mosaic, (b) Thermal digital ortho-mosaic, (c) spectral shape index (SSI) image,
(d) hue image, (e) canopy height model (CHM) raster, and (f) point density (PD) raster

The CHM raster, PD raster, and hue image were utilised to create image objects. The

optimum threshold values for different image regions were determined using USPO.

As shown in Figure 5.5, three image regions with different vegetation maturity ob-

tained distinct optimum threshold values. Example segmented image is shown in the

Appendix Figure 5.9.
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Figure 5.5: Course of (a) variance, (b) spatial autocorrelation, and (c) F measure values
for different threshold values in three different image regions where VR4weeks: regrown
vegetation 4 weeks after mowing, VR2weeks: regrown vegetation 2 weeks after mowing,
and V4weeks: vegetation four weeks older than 12th June vegetation

5.3.2 Classification model training and testing

Six classification models were trained while holding out one dataset at each time. The

model results are summarised in Table 5.3. Based on the all performance measures in

model testing phase, model M12 (model tested with D1G2 data) obtained the lowest

performances (OA = 78.2 %, K = 0.55) and model M32 (model tested with D3G2 data)

achieved the highest values (OA = 97.2 %, K = 0.94). Although model M12 accurately

classified all lupine objects (100 % TPR), it also categorised nearly half of the non-lupine

objects as lupine objects (47.3 % FPR). Additionally, models that tested with D1 data

(M11 and M12) obtained slightly lower performances compared to other models.
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Table 5.3: Classification model results. L: lupine, NL: non-lupine, TA: training ac-
curacy, OA: overall accuracy, K: Kappa statistics, TPR: true positive rate, FNR: false
negative rate.

Model
Training Testing

No. of objects No. of objects OA (%) TPR (%) FPR (%) K

M11
L = 1581

NL = 1545

L = 311

NL = 261
83.2 76.8 9.2 0.67

M12
L = 1394

NL = 1381

L = 498

NL = 425
78.2 100.0 47.3 0.55

M21
L = 1578

NL = 1429

L = 314

NL = 377
90.6 84.1 4.0 0.81

M22
L = 1701

NL = 1638

L = 191

NL = 168
96.4 95.8 3.0 0.93

M31
L = 1530

NL = 1405

L = 362

NL = 401
90.1 88.4 6.7 0.82

M32
L = 1676

NL = 1632

L = 216

NL = 174
97.2 96.7 2.3 0.94

5.3.3 Final classification model and important attributes

After testing six classification models with the different spatial-temporal dataset, the

complete classification model (Mall) was trained using all available data (3698 objects)

with spatial cross-validation. The Mall model achieved 94.2 % training accuracy.

The importance of the objects’ attributes to the Mall classification model was assessed

based on the mean decrease Gini value (Figure 5.6). It is based on ”the total decrease

in node impurities from splitting on the variable, averaged over all trees” (Liaw and

Wiener, 2002). The six most important variable of the model were Mean CHM, SD SSI,

Area, SD CHM, Perimeter, and Mean hue attribute values. Attributes related to texture

features were the least essential prediction variables to the Mall model.
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Figure 5.6: Important object’s attributes for the Mall classification model (complete
model) based on mean decrease Gini values.

5.3.4 Lupine coverage maps

Based on visual observation between digitised lupine map and classified lupine map,

both maps showed similar visual representation. Figure 5.7 illustrates lupine coverage

maps from both digitising and classification for three sampling dates (D1, D2, D3) in

G1 field. However, the area-based comparison showed maximum ±5 % of the change

in total lupine coverage (Table 5.4).
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Figure 5.7: Lupine coverage map of the G1 field with a, c, e, showing manually digi-
tised lupine cover (purple) at D1 (12th June), D2 (26th June), and D3 (9th July) and b, d,
f, showing lupine cover classified by UAV-borne RS data and OBIA.
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Table 5.4: Pixel-based comparison between manually digitised and classified lupine
coverage. MA: map accuracy, PCC: pixel-wise Pearson’s correlation coefficient.

Date Field Lupine area (m2)
Relative lupine area

difference (%)
MA (%) PCC

D1
G1 294 -5 80.4 0.40

G2 443 +3 80.9 0.50

D2
G1 237 +1 88.7 0.52

G2 308 +3 89.0 0.61

D3
G1 188 +2 93.1 0.63

G2 181 +2 93.8 0.65

The classification based lupine coverage was assessed against reference lupine cover-

age map using comparing pixels in two raster maps. From comparison results, map

accuracy relative to the reference map and CC was computed (Table 5.4). According to

raster comparison results, D1 dataset obtained the lowest MA (80.4 %, 80.9 %) and PCC

(0.40, 0.50) values in G1 and G2 fields respectively. The MA and PCC values tended to

increase with reducing lupine coverage. However, comparison results for G2 dataset

always indicated slightly better results than G1.

Relationship between the relative LA and MA indicated a negative exponential trend

(Figure 5.8). The correlation coefficient between relative LA and MA was -0.88, and

trend line had 0.80 goodness of fit. Regardless of the vegetation maturity, the explained

relationship was valid. Until LA reached 25 %, it showed a strong relationship with

MA, but over 25 % LA the MA values were scattered around the regression curve.
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Figure 5.8: The relationship between relative lupine area (LA) from manual digi-
tising and map accuracy (MA) based on the generalised model, comprising undis-
turbed/not mowed vegetation (V0, V2weeks, V4weeks), and regrown vegetation after
mowing (VR2weeks, VR4weeks). Grey areas indicate the data density along the x- and
y-axis. The black line represents the fitted exponential curve, and dotted lines show
the 95th confidence interval of the fitted curve.

5.4 Discussion

Invasion by lupine endangers biodiversity and ecosystem functionality (Klinger et al.,

2019). The spatial and temporal distribution of lupine is essential to understand the

invasive pattern, to plan appropriate management strategies and to monitor the impact

of control actions. While RS was utilised to map several invasive plant species (e.g.

Impatiens glandulifera, Spartina anglica, Solidago canadensis), invasion patterns of lupine
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were not examined until now (Skowronek et al., 2018). This study aimed to develop an

operational workflow to map the spatial distribution of invasive lupine in grasslands

using UAV-borne imageries and OBIA.

OBIA has shown its’ effectiveness to work with very high-resolution (<1 m spatial

resolution) images, where several pixels represent one object rather than classifying

each pixel separately. While OBIA allowed taking advantage of RGB images only, a

pixel-based classification approach would have demanded spectral signatures. Seg-

mentation is the critical step in the OBIA. The first step of the proposed workflow was

to segment collected UAV-borne images into image objects that represent either lupine

or non-lupine (i.e. mainly grass) plants. USPO based area-specific threshold values

benefitted for obtaining good object delineation (Figure 5.5). However, USPO for a

multitude of image areas leads to an increased computational time corresponding to

the size of the areas and the spatial resolution of the images (Georganos et al., 2018).

Apart from optimal threshold identification, different combinations of various raster

types were tested (data not shown). Visual assessment of the segments obtained sug-

gested that the combined raster with CHM, PD and hue data provided the best seg-

mentation results. This is comprehensible, as the canopy height of lupine plants is

usually taller than the surrounding grass vegetation (Otte and Maul, 2005), also result-

ing in higher point densities at the edges of the lupine plant than in the plants’ cen-

tres. Therefore, CHM and PD raster data significantly contributed to the delineation

of objects and the contour like pattern can be seen from segmented raster (Appendix

Figure 5.10). CHM data has been utilised recently as classification variable for invasive

species mapping (Jones et al., 2011; Lehmann et al., 2017), but this is the first study

where CHM data was employed to delineate objects in invasive species mapping. Ad-

ditionally, hue data derived from RGB images characterised the degree of pureness of

the colour compared to the primary colours (Gonzalez and Woods, 2008) also assisted

in defining object boundaries.

Random forest classification models with 32 attributes as predictors were trained and

tested based on different datasets. The model M12 obtained the highest TPR but got

the lowest FPR and tended to over-classify non-lupine objects as lupine objects. As the

M12 model was tested with datasets containing only young lupine plants, small objects

that were not lupine may have been overestimated. This may also be true for the M11

model, which had a similarly low accuracy compared to the other models. Overall,

the performance of the six models showed high model stability and robustness across

time and space, which indicates that the models could be transferred easily to other

grassland sites of varying maturity. As demonstrated with previous studies (Belgiu
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and Drăgu, 2016), our results confirmed that RF modelling creates robust algorithms

to use object classification in OBIA for vegetation mapping.

Several attributes related to plant structure or architecture as well as colour were essen-

tial predictors in the Mall model. The height difference between lupine plants and grass

vegetation contributed to the classification of segmented objects. It points at a promi-

nent advantage of UAV-borne RS, which allows the separation of two plant types by

CHM attributes. This was also proven by other studies that utilised CHM from UAV-

borne RS data to map invasive species mapping, i.e. Phragmites australis in estuaries by

Abeysinghe et al. (2019) and Fallopia spp. in floodplains by Martin et al. (2018).

Segment’s area and perimeter were further vital geometric features in the final classifi-

cation model, whereas fractional dimensions and circle compactness were not useful.

A closer look at the segmented objects shows that area (average values were 0.04 m2

and 0.17 m2 for L and NL objects respectively) and perimeter (average values were

1.6 m and 3.5 m for L and NL objects respectively) of lupine objects were substantially

smaller compared to non-lupine objects, irrespective of the lupine coverage (Appendix

Figure 5.10). The automated process segmented lupine objects always in relatively

small areas even when large parts of the area were covered by lupine. Our findings

confirm results from other studies, where area and perimeter were essential variables

in discrimination models, e.g. species mapping in arid areas as demonstrated by Silver

et al. (2019).

To reduce the computation complexity, only two texture parameters (angular second

moment, inverse difference moment) were computed out of many existing parame-

ters. Surprisingly, all four texture attributes (intensity-based and thermal-based) were

ineffective in our study. Previous studies (Chabot et al., 2018; Silver et al., 2019) with

OBIA have proven that textural information was useful. However, they utilised many

more texture attributes than employed in our study. Hence, the accuracy of our models

might be increased by including further texture parameters.

Corresponding to the intense green colour of lupine leaves and pronounced red and

blue shades of flowers, SSI values computed from RGB intensities indicated higher

values in leafy areas and lower values in regions, where flowering lupine dominated.

Consequently, an increased cover of lupine plants at different maturity stages resulted

in increased standard deviations of SSI, due to a broader distribution of the SSI values

(Appendix Figure 5.10). This may explain why the variation of standard deviation

values among objects supported the categorisation of lupine and non-lupine objects.

As lupine plants contain higher water contents compared to grasses (Hensgen and

Wachendorf, 2016), lupine containing areas in thermal images showed lower temper-

Chapter 5 Jayan S.J. Wijesingha 76



Fine-scale grassland monitoring using UAV-borne RS

atures compared to the surrounding grass area (Figure 5.4). Additionally, the bushy

structure of lupine plants creates shaded areas in the surrounding, which may have

further decreased temperature. Surprisingly, temperature-related attributes (tempera-

ture or texture attributes from thermal image) did not become significant predictors in

the classification models. Evidently, other predictors were of superior relevance than

the temperature attributes. However, this leads to reduced costs for sensors and plat-

forms as well as model complexity and computing time.

As relative LA increased, the MA of the lupine coverage maps that generated from our

workflow decreased (Figure 5.8). The negative relationship was valid for both undis-

turbed vegetation of different maturity and regrown vegetation after mowing. With

an increasing lupine area, the classification procedure tends to over-estimate lupine

coverage due to difficulty to separate lupine and grass vegetation. In general, early de-

tection of invasive plant species and rapid action is critical to control invasive species

(Cock and Wittenberg, 2001). Similarly, for lupine management activities, ecologists

prefer to act in regions with lower lupine coverage, as at this stage of invasion, eradi-

cation and containment are easier than high lupine coverage regions. Since maps with

lower lupine coverage were accurate, ecologists can identify regions with relatively

small lupine coverage and precisely locate single lupine plants for eradication.

Though it could be shown that the proposed method performed as well as the standard

digitising method, it may be criticised that vegetation mapping based on UAV-borne

RS data is challenging to scale up (e.g. Chabot et al. (2018)). In this study, one UAV

flight took 20 minutes (including ground preparation and flight time) to collect data

of approximately 0.4 hectares (without thermal sensor). The conduction of additional

flight sessions, as well as expected advance in sensor and platform technology, may

lead to an increased data acquisition area in the future. The proposed method can be

considered cost-efficient, as it only requires a standard UAV-mounted RGB camera,

and as most of the utilised software is free and open-source (GRASS GIS, R, QGIS),

except the Agisoft PhotoScan software, which could be replaced with available free

software (e.g. open drone map).

Our proposed classification approach can easily be applied in other comparable en-

vironments, as the model was trained with heterogeneous datasets from commonly

occurring grassland vegetation at different stages of maturity. The spatial lupine cov-

erage maps that were created can be utilised i) to identify the distribution of lupine in

grasslands, ii) to estimate the size and degree of lupine invasion by comparing maps

generated in different years, and iii) to evaluate the effectiveness of lupine control. As

suggested by Kattenborn et al. (2019), UAV-borne lupine coverage maps can further
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be employed for the creation of field samples to train and test satellite image-based

models for invasive lupine mapping in larger areas.

5.5 Conclusions

Gaining knowledge on the spatio-temporal distribution of lupine is vital to maintain

biodiversity in grasslands which are threatened by the invasion of this plant. We suc-

cessfully developed a workflow that can accurately map lupine coverage in a grassland

using UAV-borne RS and OBIA. In our proposed workflow, we developed a robust RF

classification model that can classify lupine and non-lupine image objects. The result-

ing maps showed a ±5 % discrepancy in the lupine area compared to the standard digi-

tising method. Moreover, the classification model can be transferred to other regions,

and thereby overcomes limitations of the standard way of lupine mapping. Finally, the

developed procedure can be adopted for mapping other invasive species.

Appendix

Figure 5.9: Subset of the (a) segmented object raster (unique colour represents a sin-
gle segmented object and colours are repeated), and (b) vectorised segmented object
overlay with RGB image for G1D1 (Field G1, 12th June) dataset
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Figure 5.10: Distribution of the values of the most six significant predictors in the clas-
sification model for lupine (L), and non-lupine (NL) category. (a) mean canopy height
model values, (b) standard deviation values of spectral shape index, (c) area values, (d)
standard deviation values of canopy height model, (e) perimeter values, and (f) mean
hue values

The content of Chapter 5 has not been changed from the original submitted version.

Wijesingha, J., Astor, T., Schulze-Brüninghoff, D., Wachendorf, M., Mapping invasive Lupinus polyphyllus Lindl. in semi-natural

grasslands using object-based analysis of UAV-borne images. (Manuscript submitted for publication in Journal of Photogramme-

try, Remote Sensing and Geoinformation Science on 08 January 2020)
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Chapter 6

General discussion

According to Frame and Laidlaw (2011), attention to detail is vital for effective grass-

land management. To achieve great details in grassland monitoring, sampling unit size

(grain) must be smaller (t’Mannetje and Jones, 2000). Ground-borne observations can

obtain fine grain but covering a broader geographic area (extent) requires a lot of time

and labour. UAV-borne RS observations provide fine-grain (high spatial resolution)

data due to low-altitude flight. Furthermore, UAVs can effortlessly cover a greater

spatial extent (e.g. grassland field or paddock level) compared to ground-borne obser-

vations.

In the last few years, UAV-borne RS has been employed for fine-scale (small extent

in fine-grain) vegetation monitoring including grasslands. Most of the studies that

demonstrated UAV-borne RS for fine-scale grassland monitoring focused on the ex-

perimental grassland conditions or on a single grassland type. Thus, this whole study

addressed the applicability of UAV-borne RS for monitoring and mapping grassland in

fine-scale in a multitude of grassland types under actual field conditions. Estimating

grassland biomass, grassland forage quality values and classifying invasive species in

grasslands were considered as applications in this study using UAV-borne RS.

In the first part (6.1) of the following discussion, the results from each chapter combin-

ing the corresponding sub-objectives of the whole study are discussed. The potential

applications from this thesis outcomes are discussed in the second part (6.2) of this dis-

cussion. Finally, limitations and possible improvements (6.3) for fine-scale grassland

monitoring using UAV-borne RS are discussed.
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6.1 Biomass, forage quality estimation and invasive lupine

mapping in grasslands

The sward height is an essential structural measure for grassland management de-

cision (Hopkins, 1999). Chapter 3 described CHM derived from UAV-borne images

using SFM technique (hereafter referred to as UAV SFM) which can be another tech-

nique to measure grassland sward height other than existing methods such as ruler

(Williamson et al., 1987), disk pasture meter (Santillan et al., 1979), ultra-sonic measure-

ment (Fricke et al., 2011), and TLS (Schulze-Brüninghoff et al., 2019). The CHM derived

from UAV SFM underestimated actual field measured height due to small sward struc-

ture and high mobility of grass swards due to wind (Cunliffe et al., 2016). Apart from

vegetation formation, depth filtering during the SFM could also remove extreme points

where it might represent actual swards of grasses. It was confirmed by the results in

Chapter 3, where TLS provided taller sward height compared to UAV SFM (average

sward height was 0.21 m and 0.18 m for TLS and UAV SFM respectively). As reported

by Bendig (2015), this is a common drawback of UAV SFM based CHM developed for

arable crops (e.g. rice) also.

The CHM derivation from UAV SFM involved two primary height models, namely the

digital surface model (DSM) and the digital terrain model (DTM). The DSM represents

the vegetation canopy surface, whereas the DTM acts as a reference plane which con-

tains only the base layer without vegetation. Thus, the precision of the CHM is always

reliant on the precision of DTM and DSM. When subtracting two height models, the

positional accuracy of the two models could affect the accuracy of the output CHM.

This could occur if the sources of the two height models are different. To calculate

CHM from UAV SFM data in Chapter 3, the DTM from TLS and DSM from UAV SFM

were utilised. Due to slight changes in the horizontal position of the two height mod-

els, inaccurate canopy height values were observed in some regions. On the contrary,

two UAV SFM data sets were utilised as DSM and DTM to compute CHM in Chap-

ter 5 with the experience from Chapter 3. Hence, those errors were not observed in

the CHM calculated in Chapter 5. 3D point clouds with vegetation could be classified

into ground points and vegetation points using terrain filtering methods avoiding a

need for two data sets for CHM generation (Dandois and Ellis, 2013). However, this

method only works when the ground area can be recognised clearly in the images. In

grasslands, it is difficult to see bare ground areas due to dense sward canopy, so this

method did not work for our studies.

In Chapter 3, the field samples represented 1 m2 area. Hence the most correlated sward

height metric from 1m2 area (e.g. mean, max, median, percentiles) against grassland
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fresh and dry biomass (FB and DB) were identified. The most robust relationship be-

tween grassland biomass was shown by the 75th percentile (p75) sward height (aver-

age correlation coefficient = 0.7). Similarly, 80th and 90th percentile sward height values

showed the highest correlation coefficient with grassland biomass in the experiment

conducted by Viljanen et al. (2018). Conversely, Grüner et al. (2019) demonstrated

mean sward height obtains the highest relationship with grassland biomass. This ex-

plains the fact that it is necessary to check various sward height metrics to identify the

best candidate as a proxy for biomass estimation.

Three different levels of biomass estimation models were built in Chapter 3, which

were i) harvest-specific, ii) grassland-specific, and iii) global models with all data points.

The DB estimation models obtained average nRMSE of 19.5 %, 27.1 %, and 36.2 % re-

spectively at three mentioned modelling levels. The species richness and related spa-

tial heterogeneity of grassland were increasing from harvest-specific to global models.

Therefore, model performances were decreasing in the same order. The same pattern

was observed from models that were generated using TLS data. Our results imply

that using solely sward height could not be enough to model biomass under complex

grassland conditions. There might be a necessity for additional data such as spectral

characteristics which was already suggested by Fricke and Wachendorf (2013). The

RGB camera was employed in our study; hence spectral data was limited. However,

the combination of CHM from UAV SFM and RGB values showed improved results

in an experimental grassland setup (Viljanen et al., 2018). Generally, Chapter 3 effec-

tively investigated the usage of CHM derived from UAV-borne images for estimating

grassland biomass, which was the first sub-objective of this study.

UAV-borne imaging spectroscopy data and machine learning regression were utilised

for estimating two important forage quality parameters (CP and ADF) in a multitude

of grasslands in Chapter 4. The relationship between spectral reflectance and forage

nutritional values has been widely employed for modelling forage chemical concentra-

tions (Curran, 1989). Results in Chapter 4 showed that CP and ADF could be estimated

with less than 15 % relative error regardless of the grassland type. These model per-

formances were comparable to the forage quality estimation models from field spec-

troscopy data (Kawamura et al., 2008; Pullanagari et al., 2012; Safari et al., 2016b).

Chapter 4 highlighted that single spectral features (single wavebands, NDSI, SR) did

not show a strong relationship with CP or ADF. Thus, the combination of full-spectral

data and ML aided to grasp the variety of different grasslands and to provide accu-

rate models. Following previous studies (Singh et al., 2017; Pullanagari et al., 2018),

ML regression was employed due to multicollinearity of spectral reflectance data and
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the possibility to use all spectral bands. Besides, several ML regression algorithms

were compared to find out the best performing algorithm because there is no single

algorithm that consistently delivers excellent results for every data set (Yuan et al.,

2017). The ML algorithm comparison showed the most popular algorithm (PLSR) that

utilised with spectral data being outperformed by all other employed algorithms (CBR,

SVR, GPR, RFR). Furthermore, the identified best two ML regression algorithms (CBR,

SVR) have not been employed for forage quality estimation, which verified that it is

critical to assess more than one ML algorithm.

2D images from imaging spectroscopy data were processed to create forage quality

maps that visualised the spatial distribution of CP and ADF. Those maps displayed

forage quality data based on actual measured reflectance values. Hence, they contain

lower inaccuracies compared to the interpolated maps, which could contain uncertain-

ties from interpolation. The spatial pattern of the forage values from the maps could

be utilised for identifying an underlying relationship between forage nutritional values

and species composition or other factors such as soil moisture and grazing intensities.

Moreover, an examination of multi-temporal maps would explain the link between

quality values and regrown grasses after mowing or grazing activities. Overall, this

verified that low-altitude spectral images with fine grain from UAV could be utilised

for forage quality estimation as an alternative to standard field-based methods. Hence,

it indicates that our second sub-objective was fruitfully accomplished

UAV-borne RS data was employed to map invasive lupine in semi-natural grasslands

in Chapter 5. To get the full advantages from very high spatial resolution images (less

than 1m the spatial resolution) from UAV-borne images, OBIA was exploited. Addi-

tionally, OBIA allowed taking the maximal benefits of RGB images (Silver et al., 2019).

The canopy height variation between lupine and non-lupine vegetation was the critical

variable in both segmentation and classification steps. Straightforward derivation of

CHM using UAV-borne images provided an extra data component for invasive species

classification, which was also demonstrated by several previous studies in different

habitats (Martin et al., 2018; Abeysinghe et al., 2019).

Two ML classification algorithms (RF and C5.0) were tested in the study in Chap-

ter 5. Results were only shown for RF because the models based on the C5.0 algorithm

showed almost similar results. Generally, spatial autocorrelation can be found in RS

data. Moreover, if dealing with time-series RS data, there is temporal autocorrelation

in addition to spatial autocorrelation (Meyer et al., 2019; Rocha et al., 2019). Predic-

tion models that used data featured by spatial or temporal autocorrelation can result

in higher performance due to the autocorrelation effect. It is recommended to train
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and test models with spatio-temporal cross-validation to obtain actual model perfor-

mance without auto-correlation effect (Meyer et al., 2019). In Chapter 5, six different

RF classification models were trained and tested. In each model, five spatio-temporal

data sets were used to train the model, and the hold-out spatio-temporal data set

was utilised to assess the trained model. This procedure was similar to leave-one-

out spatial-temporal cross-validation, which allowed to evaluate model robustness for

spatio-temporal variations. Except for one model (M12), all other five models showed

stable model performances in every evaluating metric, namely overall accuracy, kappa

statistics, true-positive rate, and false-negative rate.

In Chapter 5, UAV-borne thermal camera images were utilised in addition to RGB im-

ages. Thermal images are usually employed to retrieve evapotranspiration and water

stress in vegetation (Berni et al., 2009; Brenner et al., 2018; Sagan et al., 2019). Accord-

ing to our knowledge, UAV-borne thermal images have been investigated for species

mapping for the first time in Chapter 5. In thermal images, low temperature indicated

lupin plant regions compared to the surrounding non-lupine vegetation regions being

indicated by higher temperatures. Higher water content in lupine compared to other

grassland species (Hensgen and Wachendorf, 2016) and a shading effect due to the

bushy lupine structure were the possible reasons, therefore. Although thermal images

showed a distinct difference between lupine and non-lupine vegetation, the thermal at-

tributes did not turn out to be considerable predictors in the classification models. An

error resulting from a shift between thermal and RGB images due to different spatial

resolutions (2 cm for thermal images and 1 cm for RGB images) as well as variations in

geo-reference accuracy might be the possible reasons for that.

The lupine coverage maps generated from image classification showed a similar map

and area accuracy to the maps made from image digitising. Cock and Wittenberg

(2001) explained that the early detection of regions with low coverage of invasive

species is critical to control those species. Therefore, the ecologist must identify re-

gions sparsely invaded by lupine to start immediate eradication actions. Parallel to

that, the generated lupine coverage maps showed higher map accuracy when the rel-

ative lupine area was lower. As discussed here, the developed novel workflow to map

invasive lupine in grassland using UAV-borne images showed robust performance,

and it indicated that positive attainment of the third sub-objective.

6.2 Potential applications

In the last few decades, the agricultural industry changed to deliver site-specific man-

agement responding to field variability with technological development leading to a
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system called precision agriculture (PA) (Cox, 2002). It facilitated utilising available

resources more efficiently by the precise identification of a requirement, possibly in-

creasing yields while reducing cost. According to Cox (2002), global navigational satel-

lite systems (GNSS) and RS are the crucial tools that are applied in PA, enabling non-

destructive measurements of agricultural vegetation at an exact location. The avail-

ability of UAVs as the RS platform has been widely utilised in PA. Salamı́ et al. (2014)

reported that more than 60 % of UAV-borne RS data researches focused on PA.

UAV-borne RS has been widely employed for PA in arable crops such as maize, wheat,

cotton, rice, soya and vineyards (Tsouros et al., 2019). However, PA in grasslands was

not much investigated using UAV-borne RS, though a review by Schellberg et al. (2008)

mentioned that UAV-borne RS could be a potential technique for PA in grasslands.

Therefore, the findings of this study can shed light on the application of UAV-borne RS

for PA in grasslands. This study could help to answer three main questions related to

UAV-borne RS for PA in grasslands.

Which grassland traits can be accurately measured using UAV-borne RS?

This study demonstrated that both structural (sward height, fresh and dry biomass)

and biochemical (forage nutritional values) grassland traits could be successfully esti-

mated using UAV-borne RS data. Further, maps visualising those traits can be gener-

ated using UAV-borne image, which is useful for PA in grasslands. Measuring sward

height enables to monitor the growth of grass halms that is essential to identify the

regions where different growth pattern occurs as well as underlying mechanisms for

growth pattern (i.e. species composition, fertiliser application, water availability) and

growth rate (Schellberg et al., 2008). Similar to the sward height, knowledge about

available biomass from grassland is necessary for PA to manage feedstocks for ru-

minants (Wachendorf et al., 2017). Accurate estimation of both CP and ADF values

of grass forage was reported in Chapter 4. Besides stated quality parameters, UAV-

borne RS showed the potential to estimate other forage quality parameters such as

crude ash, metabolic energy, and minerals (e.g. Na, K) in experimental grassland setup

(Capolupo et al., 2015). Maps with forage nutritional values can facilitate to farmers; i)

to schedule mowing and grazing activities, and ii) to harvest and ensile similar qual-

ity biomass together to meet requirements of distinct animal species and performance

categories. However, forage nutritional values are closely related to stages of growth

(young or matured), species composition (e.g. legume percentage) (Frame and Laid-

law, 2011), which might be determined by combined data retrieved from biomass and

sward height.

Which sensor or camera is suitable to measure those traits?
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Miniaturising of sensors facilitated to build light-weight sensors which could be pay-

loads for the UAV. An RGB camera (visible light camera), imaging spectroscopy (hy-

perspectral camera), and a thermal camera were employed in this study. The RGB cam-

era provided very high-resolution true colour images. RGB cameras are relatively low

cost and easy to operate compared to other sensors but do not provide valuable non-

visible spectral data that are crucial for the estimation of vegetation properties. How-

ever, through processing with SFM, they can deliver 3D point clouds that could be use-

ful to derive vegetation CHM. Further, vegetation indices based on RGB values could

also provide potential data related to vegetation. In Chapter 3, CHM derived from the

UAV-borne RGB camera was successfully employed to obtain grassland sward height

and estimate grassland biomass. An Imaging spectroscopy sensor onboard the UAV

provides hyperspectral 2D images where each pixel contains near-continuous spectral

reflectance data. The sensor employed was a relatively expensive and complicated sen-

sor. The hyperspectral camera delivered 20 cm image while the RGB camera delivered

1 cm spatial resolution images at 20 m flying height. The near-continuous spectral

reflectance data are useful to estimate forage nutritional values as well as grassland

biomass (Capolupo et al., 2015; Näsi et al., 2018). A UAV-borne thermal camera cap-

tures images that represent emitted thermal infrared data from vegetation (Berni et

al., 2009). In Chapter 5, thermal images were utilised to discriminate lupine and non-

lupine vegetation based on plant water content. Following the same concept, thermal

cameras can be employed for PA in grassland as a sensor to monitor water stress in

grassland vegetation and soil water content as well as evapotranspiration of grassland

(Brenner et al., 2018).

In addition to the sensors employed in this study, it is worth to mention that multi-

spectral cameras and light-weight LiDAR sensors were reported in few studies as UAV

payloads for grassland trait estimation (Wang et al., 2017; Grüner et al., 2020). Multi-

spectral sensors have wide spectral bands in selected regions of the electromagnetic

spectrum such as green, red, red-edge, and near-infrared. Additionally, multispectral

sensors are less expensive than hyperspectral sensors. Data from multispectral cam-

eras mostly used to calculate popular vegetation indices, namely NDVI, EVI, and SAVI,

which can be utilised as a proxy for estimating grassland biomass and nitrogen content

(Grüner et al., 2020). UAV-borne LiDAR sensors are a trend recently developed trend

in UAV-borne RS, which can also be applied to estimate sward height and grassland

biomass (Wang et al., 2017).

Which statistical methods are appropriate for modelling grassland traits?

To develop a model that can estimate grassland traits, various statistical methods have

been employed. In this study, both simple linear models, as well as complex ML mod-
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els, were applied. Simple linear models are easy to understand and interpret, although

they do not allow the use of multicollinearity data. As RS data can provide many mul-

ticollinearity explanatory variables, the optimal variables must be selected to be used

in simple linear regression models. In Chapter 3, the Pearson correlation coefficient

was employed to identify the optimal variables. On the contrary, the multicollinearity

data can be applied to the ML models though those are complex to understand and

explain (Garg and Tai, 2013). ML regression and classification models were utilised

in Chapter 4 and 5 to materialise the advantages of all available explanatory variables.

Capolupo et al. (2015) also proved that PLSR models performed better than linear mod-

els. Besides the statistical algorithm, models are biased to an underlying data set that

has been employed to train the model, so it is challenging to develop a generalised

statistical model that can be utilised for all grasslands. In Chapter 3, when the level

of the heterogeneity (i.e. species, management) was increased, the performance of the

linear models decreased. However, ML models in Chapter 4 and Chapter 5 showed

that they can address those complex variation up to some level in the data set and can

deliver comprehensive models. Nevertheless, for successful utilisation of UAV-borne

RS for PA in grassland, the models had to be trained at least one time with the data

from every grassland sampled to increase the precision of the model.

In the previous paragraphs, the discussion was focused on the question, ”how the find-

ings of this study support for PA utilisation in grasslands”. Apart from PA, Wachen-

dorf et al. (2017) reported the maps representing grassland traits produced from RS

could be used for three different levels (i.e. strategic level, tactical level, and opera-

tional level) of decision making in grassland farm management which in the future

might be suited to provide cheap, accurate, timely information to farmers. The ap-

plication of UAV-borne RS could directly involve the operational level where farmers

could use the information derived to influence day to day decisions such as pasture

rotation and fertiliser input. When it comes to the strategic level, an aggregation of

a time series of UAV-borne RS data could assist. However, the usage of models with

UAV-borne RS data alone is not enough to provide suitable information to farmers.

Dry conditions in summer of 2018 caused a different situation than usual and models

in Chapter 4 could not explain some variations due to that effect. Therefore, data re-

lated to weather is also necessary as an input in addition to RS data models to address

changes in weather. This could be one focus for future research in the UAV-borne RS.

Besides forage production from grassland, UAV-borne RS could be used for monitoring

biodiversity and measures for climate change in grasslands. Biodiversity is an essential

component of semi-natural grassland (Gibson, 2009). When semi-natural grasslands

are contested by invasive plant species, the species richness of grasslands could decline
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(Courchamp et al., 2017). The described workflow in Chapter 5 helped to map inva-

sive lupine coverage which can be utilised as an indicator for species diversity. Those

maps with invasive species coverage could be employed for the grassland restora-

tion process, which was considered as one of the main grassland research activities

in the 21st century (Wilsey, 2018). Additionally, airborne hyperspectral data showed

the potential for estimation of alpha and beta diversity (Möckel, 2015), and it might

be implemented using UAV-borne imaging spectroscopy data. This would be another

direction to future research. Overall, monitoring biodiversity indicators in grasslands

using UAV-borne RS data would also be beneficial to achieve the United Nations sus-

tainable development goal 15 (SDG 15: Life On Land) (Spröte, 2010; United Nations,

2020)

Grassland can sequestrate carbon which can help to mitigate climate change, but emis-

sions of methane and nitrous oxide from ruminants (often fed with grassland-based

forage) increase the effect of climate change (Frame and Laidlaw, 2011). Emission of

those greenhouse gasses can be reduced by proper management of grasslands and

livestock (FAO, 2009). The data obtained from UAV-borne RS can assist in conduct-

ing proper management of grasslands, as discussed under the PA section. The maps

indicating available biomass and quality information can improve the effective use of

grazing management. Forage with controlled CP content, for instance, will help to

reduce the emissions of nitrous oxide from ruminants (Frame and Laidlaw, 2011). Fur-

thermore, UAV-borne RS application may be a suitable method for the non-destructive

sampling of experimental works which explore grassland condition due to climate

change.

6.3 Limitations and ways forward

The fourth sub-objective of the study was to understand the limitations as well as mea-

sures to improve fine-scale grassland monitoring using UAV-borne RS. Subsequent dis-

cussion section reviews identified problems and possible solutions derived from this

study. However, most of the identified problems are not limited to grassland monitor-

ing, and they are familiar to general UAV-borne RS in agriculture.

One of the significant concerns of UAV-borne RS is a limitation in the data collection

area. According to experience gained from fieldwork in this study, it was observed

that 0.5 hectare was the maximum area (within 15 minutes) which could be covered

in one flight session at 20 m flying height using a quadcopter or an octocopter. Fixed-

wing UAVs can fly with more extended flight sessions, but there are limitations in their

flying characteristics (not possible to hoover in the air, higher-flying speed) (Bendig,
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2015). Increment of flying height can provide more excellent area coverage, but it will

lead to a decrease in spatial resolution (Shi et al., 2016). Hence, in UAV-borne RS, there

is always a trade-off between the area to be covered and details to be inspected due to

limited battery capacity in UAVs. However, about 65 % of farm fields in Europe are less

than five hectares (Eurostat, 2016), and a few flight sessions using extra batteries can

cover one field easily. On the other hand, UAV technology is still evolving, and future

technological development could deliver a single battery with a longer cycle. However,

the UAV flights with most commercial available platforms cannot be conducted on

rainy or very windy days. Additionally, a special permission is needed before being

allowed to fly in specific areas (e.g. conservation areas, urban areas, close to air-traffic

control regions) as required according to legislation and rules of the country (Tsouros

et al., 2019).

The requirement of skilled human resources and physical resources for UAV-borne RS

data collection and image processing are additional challenges in UAV-borne RS. Dur-

ing the last few years, the availability of a simple and inexpensive UAV system has in-

creased, and they are easily customisable to existing sensors. In Chapter 5, the thermal

camera was attached to the commercial UAV system using a 3D printed gimbal. Ad-

ditionally, those simple UAVs are easy to deploy, and an auto-pilot system of the UAV

allows to do systematic data collection, which can be repeated in the same way. When

it comes to processing UAV-borne images, commercial software such as Agisoft Photo-

Scan, Pix4D dominates (Gross, 2015). This commercial software is relatively expensive,

and algorithms used to process images are not disclosed to the users. However, they

are easy to use and provide excellent results, as well as they are popular among the

UAV-borne RS community. Nevertheless, open-source software is available, and they

are being developed to compete against commercial software (Open Drone Map, 2019).

In addition to the software, the computational capacity (memory and processing power)

of the computer should be high to process large raster files from UAV-borne RS. This

study employed a computer with 128 GB memory and 3.6 GHz processor. Moreover,

some sensors also offer cloud-based processing options, where collected images are

uploaded to the cloud and processed. Afterwards, output ortho-mosaics can be down-

loaded; (e.g. MicaSense Inc (2019) Atlas). After obtaining an ortho-mosaic, funda-

mental RS and statistical skills are required to generate models and maps. Due to the

explained necessity of knowledge, skills and resources, farmers are not able to become

the direct users of UAVs to manage their grassland fields. However, universities, agri-

cultural organisations or private companies can act as the service providers (collect

and process images, build models and disseminate grassland trait maps) to farmers

through the internet or another possible method. Additionally, future research should
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focus on automating the whole work chain, and identification of effective mechanism

to distribute information to farmers.

As mentioned in the previous sections (6.1 and 6.2), a generalised prediction model

that is suitable for any grassland type is challenging to develop. Data representing

all possible grassland varieties should be included to obtain an accurate generalised

model, but this is a practically tough task. However, a combination of ML and hy-

perspectral data from UAV showed some potential to develop comprehensive models

for grasslands in the north Hessen region in Germany in Chapter 4. Further, the fu-

sion of different UAV-borne RS data (e.g. CHM and spectral) could be a way forward

for achieving a generalised model. Möckel et al. (2017) reported that the combined

usage of ground-borne hyperspectral data and ultra-sonic height measurements had

improved biomass estimation in different pastures.

UAV-borne data collection of this study was conducted one day before the farmer’s

mowing date in each field to simulate the actual conditions. However, time-series data

related to the full growing period was missing in this study. That data is vital for PA

in grasslands, for example, i) to identify growth patterns of grass swards in spring and

after mowing or grazing, ii) to outline the point in time of high nutritional or high

productive grass biomass for the animals. Grüner et al. (2019) demonstrated grass

biomass modelling using data from the whole growing season in experimental field

conditions, but they recommended future studies towards this direction. Confirming

the same, future research focusing on UAV-borne RS to describe grass sward growth

patterns and temporal grassland traits should be conducted.

To sum up, this study comprehensively examined the applicability of UAV-borne RS

for fine-scale grassland monitoring under real field conditions. Based on the findings

from this study, it can be stated that grassland biomass, forage quality as well as inva-

sive species mapping in grassland can be successfully conducted using UAV-borne RS.

Further development of the described methods can be obtained using the suggested

improvements to the identified limitations.

6.4 Conclusions

This study was conducted to fill the research gaps of UAV-borne RS for fine-scale grass-

land monitoring under real field conditions. Overall, this study demonstrated that

UAV-borne RS is a potential and promising tool for fine-scale grassland monitoring

with the aspect of grassland biomass, forage quality estimation and invasive species

mapping in grassland. According to the findings from this study, the following con-
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clusions can be drawn based on the specific study aims.

i The 3D point cloud derived from UAV-borne RGB images showed that it could be

utilised to extract grassland CHM (Chapter 3). The obtained sward height from

CHM employed as a proxy to estimate grassland biomass (both fresh and dry)

successfully from different grasslands. However, model performances decreased

when the grassland species richness and canopy heterogeneity increased.

ii The spectral reflectance obtained from UAV-borne imaging spectroscopy data and

ML algorithms revealed that generalised forage quality estimation models could

be developed (Chapter 4). Consequently, those comprehensive models proved that

they could accurately estimate important two forage quality values (CP and ADF)

irrespective of grassland type. Further, based on the model estimations spatio-

temporal maps indicating forage nutritional values were generated, and they assist

the practical grassland agriculture.

iii The combination of UAV-borne RS images and OBIA directed to build an effective

workflow to map invasive lupine in grasslands (Chapter 5). The lupine coverage

maps generated from developed workflow obtained small discrepancy than the

standard digitised maps. The classification models indicated that they were robust

in both spatial and temporal variations in grasslands. Hence, the models can be

directly transferred to other lupine invaded grassland regions. Additionally, data

derived from UAV-borne RGB images (hue, CHM, SSI) were essential variables in

the classification model. However, thermal and texture attributes did not become

crucial for classifying lupine and non-lupine vegetation.

iv Relatively small area coverage, the requirement of human and technical resources,

and developing generalised models that are compatible with any grassland type

are the identified limitations for UAV-borne RS for fine-scale grassland monitoring

under real field conditions. Simultaneously, procedures to improve those limita-

tions were recognised and discussed, which would be helpful to apply these study

findings to practical grassland applications.
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