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Abstract

Abstract

Growing demands for increased global yields are driving researchers to develop
improved crops, capable of securing higher yields in the face of significant challenges
including climate change and competition for resources. However, abilities to measure
favourable physical characteristics (phenotypes) of key crops in response to these
challenges is limited. For crop breeders and researchers, current abilities to phenotype
field-based experiments with sufficient precision, resolution and throughput is
restricting any meaningful advances in crop development. This PhD thesis presents
work focused on the development and evaluation of Unmanned Aerial Vehicles (UAVs)
in combination with remote sensing technologies as a solution for improved
phenotyping of field-based crop experiments. Chapter 2 presents first, a review of
specific target phenotypic traits within the categories of crop morphology and spectral
reflectance, together with critical review of current standard measurement protocols.
After reviewing phenotypic traits, focus turns to UAVs and UAV specific technologies
suitable for the application of crop phenotyping, including critical evaluation of both the
strengths and current limitations associated with UAV methods and technologies,
highlighting specific areas for improvement. Chapter 3 presents a published paper
successfully developing and evaluating Structure from Motion photogrammetry for
accurate (R? > 0.93, RMSE < 0.077m, and Bias < -0.064m) and temporally consistent 3D
reconstructions of wheat plot heights. The superior throughput achieved further
facilitated measures of crop growth rate through the season; whilst very high spatial

resolutions highlighted both the inter- and intra-plot variability in crop heights,
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something unachievable with the traditional manual ruler methods. Chapter 4 presents
published work developing and evaluating modified Commercial ‘Off the Shelf” (COTS)
cameras for obtaining radiometrically calibrated imagery of canopy spectral reflectance.
Specifically, development focussed on improving application of these cameras under
variable illumination conditions, via application of camera exposure, vignetting, and
irradiance corrections. Validation of UAV derived Normalised Difference Vegetation
Index (NDVI) against a ground spectrometer from the COTS cameras (0.94 < R? > (.88)
indicated successful calibration and correction of the cameras. The higher spatial
resolution obtained from the COTS cameras, facilitated the assessment of the impact of
background soil reflectance on derived mean Normalised Difference Vegetation Index
(NDVI) measures of experimental plots, highlighting the impact of incomplete canopy
on derived indices. Chapter 5 utilises the developed methods and cameras from Chapter
4 to assess the impact of nitrogen fertiliser application on the formation and senescence
dynamics of canopy traits over multiple growing seasons. Quantification of changes in
canopy reflectance, via NDVI, through three select trends in the wheat growth cycle
were used to assess any impact of nitrogen on these periods of growth. Results showed
consistent impact of zero nitrogen application on crop canopies within all three
development phases. Additional results found statistically significant positive
correlations between quantified phases and harvest metrics (e.g. final yield), with
greatest correlations occurring within the second (Full Canopy) and third (Senescence)
phases. Chapter 6 focusses on evaluation of the financial costs and throughput
associated with UAVs; with specific focus on comparison to conventional methods in a

real-world phenotyping scenario. A ‘cost throughput’ analysis based on real-world
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experiments at Rothasmted Research, provided quantitative assessment demonstrating
both the financial savings (£4.11 per plot savings) and superior throughput obtained
(229% faster) from implementing a UAV based phenotyping strategy to long term
phenotyping of field-based experiments. Overall the methods and tools developed in
this PhD thesis demonstrate UAVs combined with appropriate remote sensing tools can
replicate and even surpass the precision, accuracy, cost and throughput of current

strategies.
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Introduction

Chapter 1: Introduction

The Food and Agriculture Organisation (FAO) of the United Nations (UN)
predicts that an increase of at least 50% in the yield potential of key cereal crops (e.g. rice,
barley, wheat) is needed by 2050 (Food and Agriculture Organization of the United
Nations, 2017). This is required to meet demands of a growing World population,
forecasted to reach 10 billion by the same year (United Nations, 2015). Furthermore,
securing increases in yield potential must be achieved in the face of significant challenges
posed by climate change (Altieri and Nicholls, 2017; Hunter et al., 2017), biotic and
abiotic stresses (Ashraf and Harris, 2005), and increasing competition for natural
resources and arable land (Oerke, 2006; Rathmann et al., 2010; Valentine et al., 2012).
Though past improvements in crop varieties, technologies and agricultural practices
have more than tripled yields in key cereal crops in the last 50 years, these varieties and
strategies are no longer delivering the required gains in yield potential (Evenson and
Gollin, 2003; Pingali, 2012). Therefore, pursuit of new sustainable, integrated, and
multidisciplinary approaches is concentrating on achieving meaningful gains in
potential yield of major agricultural crop types in the face of modern challenges (Lobos
et al, 2017; Parry and Hawkesford, 2010; Tanger et al., 2017). Important to these
approaches will be the utilisation of genetics and natural genetic variation within key
crop species to develop new, better adapted crops and achieve the ultimate goal of
improved yield potentials. Advances in genotyping techniques, including high-
throughput DNA sequencing, bioinformatics and genetic technologies have vastly

improved the ability to analyse and dissect genetic variation, producing significantly
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Introduction

greater quality and quantity of genetic information (Araus and Cairns, 2014a). However,
in order to harness this wealth of new information, careful and comprehensive
understanding, or phenotyping, of the association, interaction and impression of
genetics (genotypes) on target physical characteristics (phenotypes) such as yield and

stress tolerance is required (Furbank and Tester, 2011a).

Phenotyping is the application of methods, technologies and protocols used to
measure a specific observable trait or set of traits related to plant structures or functions
at a range of scales from cellular to whole-plant levels (Fiorani and Schurr, 2013a;
Ghanem et al., 2015). Successful phenotyping facilitates the understanding of these traits
as a result of the plant’s genotype and growing environment, including interactions
between the two over time and space (Gaudin et al., 2013; Yang et al., 2015). The
challenge or difficulty of phenotyping relates to the plasticity and dynamic nature of
phenotypes over both temporal and spatial scales, as plants grow through their life cycle
and adapt to their growing environment (Houle et al., 2010; Pieruschka and Schurr,
2019). Many current methods for phenotyping lack adequate detail, precision and speed
of throughput to facilitate sufficient exploitation of new genetic material and
technologies to their maxima (Virlet et al, 2016). This is especially the case for
phenotyping of field-based experiments, where conventional techniques are considered
labour intensive, limited in throughput, economically inefficient, often subjective due to
the reliance on visual scoring, and frequently lack any measures of spatial variation
(Furbank and Tester, 2011a; Jones et al., 2003). This is despite the known superiority of
results of field experiments over alternative controlled environments such as growth

chambers and greenhouses, where translation of results into real-world yield gains have
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suffered from lack of true environmental conditions (Araus and Cairns, 2014a;
Passioura, 2006; Poorter et al., 2012; Reynolds et al., 2012; White et al., 2012a). Therefore,
only by making significant improvements in the methods, technologies and protocols
available for phenotyping plants in field-based experiments, can the wealth of new
genetic material and tools be exploited and the challenges of improving crop yield

potentials be met.

Remote sensing (RS) is a prime candidate for improved phenotyping methods
and technologies due to its rapid and non-invasive data capture, and proven application
to temporal and spatial monitoring tasks (Tattaris et al., 2016). RS sensors and methods
are already employed for phenotyping applications in numerous growth chambers and
glass houses around the World (e.g. European Plant Phenotyping Network (European
Plant Phenotyping Network, 2019), and the Australian Plant Phenomics Facility
(Australian Plant Phenomics Facility, 2019). Techniques such as multispectral,
hyperspectral, and thermal infrared imaging, along with laser scanning, are providing
researchers with a suite of new methods for collecting valuable phenotypic information.
Importantly, these methods provide fast, non-destructive measures of target
phenotypes, allowing researchers to observe the continuous, dynamic development of
plants in response to environmental conditions (Araus and Kefauver, 2018) However,
adoption of these technologies and methods to field-based experiments, sufficient to
overcome the bottleneck in phenotyping, remains to be achieved (Araus and Cairns,

2014a; Cobb et al., 2013; White et al., 2012b).

Several RS options for phenotyping in the field are available, however limitations

restrict their widespread application. Data from satellite and high-altitude aerial remote
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sensing (e.g. from helicopters and planes) is widely used in vegetation monitoring (Berni
et al., 2012, 2009b, 2009a) . However, the generally low spatial resolution and challenge
of obtaining cloud-free images at regular return intervals from satellites, as well as the
high costs associated with aerial imaging campaigns, make these options largely
unsuitable for most phenotyping field experiments (Gago et al., 2015; Mahlein, 2015).
Ground based RS options provide far more options for repeated measurements at
frequent intervals, and detail at a spatial scale, and these include handheld devices,
vehicles and fixed platforms. The simplest of these options are handheld devices,
including spectrometers or imagers, manually walked through experiments (Pietragalla
et al., 2012). These low-cost devices require little to no training; however, data collection
is labour intensive, and the low throughput makes them inefficient overall unless
significant amounts of manual labour is available. Improved throughput, and increased
automation can be achieved via the mounting of sensors to vehicles (e.g. Tractors) or
fixed platforms (e.g. Lemnatec Field Scanalyzer (Lemnatec, Aachen, Germany)) (Virlet
et al, 2016). Automation and the carrying of multiple sensors allows for high
throughput, reduced labour requirements, and simultaneous measurements of multiple
phenotypes (Deery et al., 2014; Liebisch et al.,, 2015; White et al.,, 2012b). However,
limitations with field access in poor weather conditions, as well as the impact of heavy
vehicles on soil structure make vehicles an unpopular option for many situations
(Liebisch et al., 2015), whilst limited plot coverage of fixed platforms combined with high
investment costs makes this option prohibitive. A potentially viable alternative to these,
gaining popularity and recognition over the course of the period that this thesis research

was undertaken, is the use of low-altitude Unmanned Aerial Vehicles (UAVs).
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UAVs, also referred to as Drones, Unmanned Aerial Systems (UAS), or Remotely
Piloted Aerial Systems (RPAS) are defined as any aircraft whose pilot is not on-board
(CAA, 2019). Initially developed by the military for photographic monitoring as early as
1955 (Rango et al., 2009), rapid advances in the accuracy, economic efficiency and
miniaturisation of many technologies including Global Navigation Satellite Systems
(GNSS) such as Global Positioning Systems (GPS), cameras and microprocessors has
promoted UAV systems from military tools to cost effective, innovative and
commercially available remote sensing platforms for use in a wide variety of
applications — including research activities and agriculture (Pajares, 2015; Yao et al.,
2019). UAV platforms have the ability to offer high spatial and temporal resolution data
at high throughputs, filling a gap in current phenotyping options (Chapman et al., 2014).
However, UAVs do suffer from several recognised limitations such as payload size,
flight endurance, and risk of damage - which means they do not currently provide a
single, ‘out of the box’ solution to overcome all limitations of alternative field
phenotyping platforms. The limited payload does restrict the size and number of RS
sensors available for use with UAVs (Sankaran et al., 2015), whilst the endurance
restricts the area able to be covered per flight, though this is still comparable to that of
ground based vehicles and platforms (Anderson and Gaston, 2013; Dandois and Ellis,

2013).

The need for new field phenotyping technologies and methods is apparent.
Remote sensing from UAVs is one viable candidate for providing phenotypic data at
sufficient temporal and spatial resolutions to overcome some of the current phenotyping

bottlenecks. However, the success of any new phenotyping system will depend on (i)
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the quality of the phenotypic information provided; (ii) the affordability; (iii) data
management; and (iv) validation of its high throughput abilities (Araus et al., 2018). In
respect of this, the broad aims of this thesis are to (i) investigate the use of UAV based
remote sensing technologies, data capture methods, and processing methodologies for
providing high throughput data collection of phenotypic traits in the field; (ii) validate
derived phenotypic measurements against current standard measurement techniques;
(iii) prove integration and application of developed methods to phenotyping of on-going
field-based wheat crop experiments, (iv) assess affordability and high throughput

abilities.

1.1 Outline of Thesis Structure

This thesis is comprised of this Introductory chapter, along with a Background,
four chapters reporting empirical research (of which two culminated in published
articles presented herein in their published format) and a Summary and Conclusion
chapter. Due to the inclusions of these publications, readers may notice some parts of
repetition between chapters. The structure of this thesis, as well as details of each chapter

is as follows:

Chapter 2: Background and Specific Objectives

This chapter provides an overview of specific phenotypic traits typically
measured in the field, along with critical evaluation of existing methods, highlighting
the target phenotypes for this thesis research. The chapter also discusses and reviews
UAVs as a remote sensing platform. From the review of phenotypic traits and UAVs, a

review of suitable RS technologies and methodologies applicable to UAV phenotyping
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of targets traits is then provided. Finally, the chapter concludes with an outline of the
specific research objectives addressed in subsequent chapters.
Chapter 3: High Throughput Field Phenotyping of Wheat Plant Height and Growth
Rate in Field Plot Trials Using UAV Based Remote Sensing

This chapter comprises work conducted developing and testing a methodology
for measuring 3D crop structure, specifically plant height, of field trial plots. The work
for this chapter culminated in a publication in the international journal Remote Sensing:
Holman, F.H.; Riche, A.B.; Michalski, A.; Castle, M.; Wooster, M.].; Hawkesford, M.].
High Throughput Field Phenotyping of Wheat Plant Height and Growth Rate in Field
Plot Trials Using UAV Based Remote Sensing. Remote Sens. 2016, 8, 1031.

Alongside the published article, additional work investigating Digital Elevation
Model (DEM) processing, and Digital Surface Model (DSM) normalising procedures is
presented.
Chapter 4: Radiometric Calibration of Commercial ‘Off the Shelf” Cameras for UAV-
based High-Resolution Crop Phenotyping of Reflectance and NDVI

This chapter comprises work conducted developing a methodology for
capturing radiometrically calibrated imagery of canopy reflectance. The work for this
chapter culminated in a publication in the international journal Remote Sensing:
Holman, F.H.; Riche, A.B.; Castle, M.; Wooster, M.].; Hawkesford, M.]. Radiometric
Calibration of ‘Commercial off the Shelf’ Cameras for UAV-Based High-Resolution
Temporal Crop Phenotyping of Reflectance and NDVI. Remote Sens. 2019, 11, 1657.

Alongside the published article, a more detailed description of the procedure

used for determining spectral responses of the cameras is presented.
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Chapter 5: Dynamic Quantifying of Canopy Trait Response of Modern Wheat
Cultivars to Varied Nitrogen Applications
This chapter presents further validation of UAV methods into a longer-term field-based
wheat experiment. The chapter focuses on the utilisation of high temporal resolution
data from UAVs to assess the impact of nitrogen fertiliser treatments on canopy
formation and maturation.
Chapter 6: “Cost-throughput’ Analysis of UAVs for Long Term Phenotyping of Field-
based Crop Trial Experiments

This chapter presents a cost benefit analysis of UAVs for field-based phenotyping
compared to traditional manual methods. The focus of this chapter is on the assessment
on the financial and measurement throughput benefits/drawbacks of UAVs in
comparison to alternative conventional methods.
Chapter 7: Summary of Findings, Conclusions and Future Work

The final chapter collates together the major findings of this thesis and assesses
the extent to which the proposed research aims and objectives were met.

Recommendations for future work are also discussed.
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Chapter 2: Background and Specific
Objectives

2.1 Introduction
The aim of this chapter is to critically assess current standard field phenotyping
methods, as well as identify suitable UAV based remote sensing alternatives to facilitate

high throughput field phenotyping in the future.

Firstly, the importance of field-based phenotyping is discussed in relation to key
target crop characteristics of interest to crop breeders and researchers. Within this
discussion, the specific phenotypes selected for focus within this PhD are identified, with
focus on their relevance to field phenotyping, as well as known limitations of current
standard field phenotyping. The second section introduces and discusses UAVs as low-
cost remote sensing platforms, with a focus on their use in high throughput
phenotyping. This section also provides a critical review of UAV relevant sensors and
methodologies, with a focus on identifying shortcomings and opportunities for
improvement. Finally, from these reviews of phenotypes and UAV methods, the third
section will summarise the main points from Chapter 2 and present the specific research

questions, aims and objectives for the remaining chapters of this thesis.

2.2 Phenotypes and Phenotyping
Phenotyping is the application of methods, technologies and protocols to
measure a specific observable trait or traits related to plant structure or function. It is

considered a vital step in the development of new cultivars, as measurement and
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monitoring of target traits can provide a quantifiable expression of the interaction
between a crop’s genotype and its growing environment (Walter et al., 2015).
Phenotypes are widely used by breeders and scientists looking to develop new cultivars
with favourable characteristics such as enhanced nutrient and water use efficiency,
better drought and heat tolerance, resistance to diseases and pests, photosynthetic
capacity, and improved yield quality and quantity. With yield used as an example target
trait, a wide range of phenotypes have been assessed and applied to generating direct or
indirect measures of predicted final crop yield. Traits such as in-season biomass, date of
anthesis (flowering), early vigour, canopy morphology, growth rates, root structures,
spectral reflective properties of canopies, in-season damage and leaf area index have all
been utilised to understand and predict final yields during the life cycle of crops pre-
harvest (Reynolds et al., 2012).For drought and heat tolerance, traits of interest include
canopy temperature, stomatal conductance, leaf water potential, and root structures

(Pask et al., 2012).

There is a wide range of phenotypic traits available and applicable to breeding
and development of new superior crops. However, these phenotypes are diverse and
occur at a range of scales from cellular to whole-plant levels, such that many phenotypes
are not suitable for targeted monitoring via UAV based remote sensing techniques
(Walter et al., 2015). Therefore, careful selection of phenotypes is required to ensure the
developed methods are applicable to real-world end-users, such as breeders. For
example, though root structure is of interest in relation to water use efficiency and
drought tolerance, it is not suitable for monitoring via remote sensing in the field.

Similarly, fine scale traits such as anthesis (flowering) will be more challenging to
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monitor from UAVs compared to leaf or even whole canopy scale traits. Considering
these factors two categories/areas/types of phenotypic traits have been identified for
focus within this PhD through discussions with crop breeders (Rothamsted Research
and Bayer Crop Sciences). Selection of these phenotypes was driven by both their
application in cultivar development, and their suitability for assessment via remote
sensing and UAVs. The phenotypes are crop morphology, specifically plant height and
growth; and spectral canopy reflectance, with focus on the visible and near infrared
regions of the spectrum. The following section will provide both further specific
justification for monitoring these traits in their worth to breeders and researchers; and
discussion of current standard techniques implemented in the field along with their

advantages and disadvantages.

2.2.1 Crop Morphology: Plant Height and Growth

Crop morphology is the study of the physical form and external structure of
plants (Evert and Eichhorn, 2013). Plant height is a fundamental morphological
phenotype utilised by crop breeders. Typical applications include direct indication of
plant growth and development stages if measured temporally (Figure 2.1). In addition
to growth status it has been shown to be a strong predictor for in-season biomass, harvest
index, and final grain yields (AHDB, 2015; Erten et al., 2016; Pittman et al., 2015;
Schirrmann et al., 2016b; Torres and Pietragalla, 2012); as well as a useful indicator for
sensitivity to in-season damage such as lodging, a source of yield loss (Blonquist et al.,
2009). Plant growth rate, the changes in height over time, have also been shown to
provide good indications of plant responses to environmental stresses, e.g. stunted

growth due nitrogen deficiency. Plant height is also often used as a key parameter in

24



Background and Specific Objectives

numerous computer-based models including those to evaluate water stress and canopy

temperatures (Doelling et al., 2018). Beyond crop breeding and cultivar development,

plant height is also an essential parameter for site specific management practices and

precision agriculture. For example, taller plants offer the advantage of easier mechanical

harvesting, however, this is opposed by increased risk of crop damage resulting from

lodging (Lati et al., 2013).
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Figure 2.1. Crop height presents a typical temporal trend over the plants life cycle, with the main
period of growth occurring between April and June. GS = Growth Stage, and GSXX refers to the
specific numbered growth stages as outlined by the Agricultural and Horticultural Development

Board (Agriculture and Horticulture Development Board, 2015).
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Clearly plant height is a useful phenotype applicable to assessing several
important breeding traits such as in-season biomass, risk of lodging and final yields. Yet
despite this, current standards for in-field phenotyping of crop height and growth rate
are limited. Conventional protocols for field phenotyping of crop height is most
commonly performed manually, based simply on use of a meter rule (Torres and
Pietragalla, 2012). The method typically involves subsampling of five plants within each
experimental plot adjudged to visually represent the average height of the plot. Their
heights are measured, and their average defines the plant height for the entire
experimental plot. Advantages of this method include its simplicity, minimal training
requirements, as well as being a non-destructive assessment. However, several
significant limitations are recognised, such that this method is not suitable for large-scale
experiments. These include; limited spatially representative sample size, low
throughput, labour intensive, and susceptibility to subjectivity and error between
measurements (Jiang et al., 2016). The manual, low throughput nature of this method in
turn limits the collection of height data to a few time points per season, resulting in a
clear loss of dynamic measurements of growth rate through the plant’s life cycle (Figure

2.1).
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2.2.2 Spectral Reflectance and Absorbance

This section discusses phenotypic traits associated with the spectral reflectance
and absorbance of light by above-ground plant structures (e.g. canopy), and their

applications in crop breeding programs.

The term ‘reflectance’ refers to the ratio between the light reflected and light
arriving on a target surface (Khan et al., 2018a). Measurement of canopy reflectance is a
widely used phenotypic metric for measuring a variety of traits including canopy size,
photosynthetic capacity, chlorophyll content, nitrogen status, water status, and biomass
(Li et al., 2014). This technique utilises understanding of the interaction of light at
different wavelengths of the electromagnetic spectrum with specific constituents within
the canopy, in order to produce applicable proxy measures of crop canopies (Pietragalla
et al, 2012). Crops exhibit a typical reflectance curve across the electromagnetic
spectrum (Figure 2.2), within which sub-domains of the spectrum are related to different
typical properties. The visible domain (400-700nm) exhibits high absorption and low
reflectance, particularly within the blue (450-490nm) and red (625-700nm) regions
caused by foliar pigments of interest such as chlorophyll, carotene and xanthophyll. A
sharp increase in reflectance at the red-edge (~700nm) and into the near infrared (NIR)
domain (700-1300nm) is related to leaf structure, and in particular the reflective
properties of healthy mesophyll structure in the NIR light (Pettorelli et al., 2005). Beyond
the NIR, reflectance the short-wave infrared (SWIR) (1300-2500nm) domain is influenced
by water content, nitrogen concentration and non-photosynthetic components of the
canopy including cellulose and starch (Pefia-Barragan et al., 2011). The reflectance curves

exhibited by crops within these spectral domains will change in relation to the afore
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mentioned canopy components, and how these change through the life cycle of the crops
as well ins response to stressors such as drought or nutrient deficiency. Utilising the
known relationships between canopy components and reflectance, allows for the

development of useful proxy measures for numerous crop health and breeding traits.
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Figure 2.2. Typical trend of reflectance spectra of healthy vegetation in the visible, near infrared

and short-wave infrared regions of the electromagnetic spectrum (Li et al., 2014).
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Most commonly these measurements of canopy features are achieved through
the use of spectral vegetation indices (VIs), formulated to compare reflectance between
absorbing and non-absorbing wavelengths (Roberts et al., 2011). Selection of vegetation
index is dependent on the canopy component of interest as well as the specific
wavelengths available (dictated by monitoring equipment). Table 2.1 provides several
examples of previously used VIs applied to vegetation monitoring and crop
phenotyping. Most common, these VIs use wavebands in the visible and near infrared
regions due to the characteristic photosynthetic response of green vegetation to incident
light (Khan et al., 2018b). Of these, the Normalised Difference Vegetation Index (NDVI)
is the most commonly used in numerous applications including crop phenotyping.
Calculated to relate the difference between reflectance in NIR and red wavebands,
NDVTI’s proven applications include biomass prediction (Bendig et al., 2014; Cabrera-
Bosquet et al., 2011), leaf area index and green area index (Ali et al., 2015; Zheng et al.,
2009), plant nitrogen status (Munoz-Huerta et al., 2013), vigour (Khan et al., 2018; Kipp

et al., 2014) and final yield prediction (Lopresti et al., 2015).
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Table 2.1. Examples of vegetation indices calculated using either visible wavebands,

near-infrared wavebands or a combination of both. R = reflectance (%), Rs = reflectance

in the Blue waveband, Rc = reflectance in the Green waveband, Rr = reflectance in the

Red waveband, Rnir = reflectance in the NIR waveband; L = soil adjustment factor.

Index Name Equation Reference
Normalised Difference Ryir — RR (Pettorelli,
NDVI ) _NIR R
Vegetation Index Ryir + Rg 2013)
Green Normalised
] i Ryir — Rg (Hunt et al.,,
GNDVI Difference Vegetation —_—
Ryir + Rg 2008)
Index
. . Ryir
SR Simple Ratio R (Slafer, 2012)
R
PRI Photochemical Rs31 — Rsyg (Berni et al.,
Reflectance Index Rs31 + Rs79 2009a)
Rp (Coops et al.,,
RGI Red Green Index —
Rg 2006)
Green Red Vegetation R; — Ry (Motohka et al.,
GRVI
Index Rg + Ry 2010)
2X (R.—Rr — R Hunt Jr. et al.,
GLI Green Leaf Index (Ro =R ) ( J
2% (Rg + Rz + Rp) 2013)
(Woebbecke et
ExG Excess Green 2XG—R-B
al., 1995)
(Meyer et al.,
ExR Excess Red 14XR—-G
1999)
(Meyer et al.,
ExGR Excess Green Red ExG — ExR
2004)
Soil Adjusted Vegetation Ruir — Re
SAVI e (& rep)<a+w (Huete, 1988)
Modified Soil Adjusted R — Rr .
MSAVI (& ) <a+w (Qi et al., 1994)

Vegetation Index
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Standard methods for measuring canopy reflectance in the field use
spectrometers to measure reflectance either over a range of wavebands or at preselected
wavebands (e.g. red and NIR for NDVI) suitable for calculation of target VIs. Examples
include simple hand-held dedicated devices (e.g. GreenSeeker (Govaerts and Verhulst,
2010), SPAD meter (Bullock and Anderson, 1998)) which are designed for measuring a
single VI quickly and consistently over multiple measurements. Alternatively, multi- or
hyperspectral spectrometers provide a more sophisticated technology able to collect
measurements at a range of wave bands (e.g. VIS-NIR) from which the user can calculate
a wealth of VIs. Advantages of the dedicated hand-held devices is their simplicity, and
the automation of data processing, thus requiring minimal expertise or training to collect
data. The more complex spectrometers provide greater flexibility and increased
phenotypic information by calculating multiple VIs from a single measurement; though,

their increased complexity makes training a requirement (Steele et al., 2008).

A common limitation of both these techniques is the lack of spatial resolution
and the inability to dissect any trends in spatial variability within the area of
measurement (Daughtry et al, 2000). All these devices provide single point
measurements from the entire scene contained within the field of view. This poses a
significant problem as any measurement of reflectance at the canopy scale will be a
measure, not only of the target canopy, but also of the background soil brightness,
colour, minerology and canopy architecture (Latorre-Carmona et al., 2014). As such, any
derived VIs, and in turn, any measures of specific phenotypes, will be formed from the
combination and interaction of these factors into a single measure (Jay et al., 2017a). For

example, a crop presenting of low canopy cover, but high vegetation vigour may present
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the same VI measurement as a crop expressing high canopy cover but lower vegetation
vigour. Though the same VI measurement is derived, the causation varies between the
two situations, specifically variations in canopy size vs. canopy quality. Such situations
can provide false measures of phenotypic traits, and lead to subsequent errors in crop

management practices or prediction models (Knyazikhin et al., 2013).

2.2.2.1 Crop Ground Cover

Crop ground cover is used to assess crop establishment, early vigour and the
early stages of the plant’s life cycle (Mullan and Barcello Garcia, 2012). It represents the
percentage of soil surface covered by the crop (Figure 2.3), and is characterised by fast
developing leaf area and/or above-ground biomass (Jimenez-Berni et al., 2018). Rapid
early formation of canopies is a target trait, as it has the potential to improved crop
photosynthesis. The total period a canopy is able to intercept light directly affects
photosynthetic ability, biomass production and yield (Parry et al.,, 2011a; Parry and
Hawkesford, 2010). Early establishment of canopies also leads to increased levels of soil
shading which in turn reduces soil water loss from evaporation (Mullan and Reynolds,
2010). This relationship between ground cover and soil water loss is of particular interest
in water-limited environments, where water use efficiency is a key requirement for
crops. For example, a 16% increase in yield has been previously achieved from high
ground cover wheat varieties grown in water limited conditions (Zhao et al., 2019). In
addition to water use efficiency, the increased shading from early vigour and high
ground cover may positively suppress weed growth through reduced light availability

at the soil surface (Coleman et al., 2001).
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Figure 2.3. Examples of crop ground cover percentages. Top left =10% cover; top right =30%
cover; bottom left = 50% cover; bottom right = 90% cover. (Li et al., 2014).

Accurate phenotyping of ground cover has typically been achieved by
destructive sampling methods in controlled environments (Botwright et al., 2002;
Rebetzke and Richards, 1999). In the field, three standard methods exist for measuring
crop ground cover, (i) visual scoring, (ii) digital RGB (Red, Green, Blue) photography
and image analysis and (iii) spectral indices from spectral scanning or imaging systems
(Jimenez-Berni et al., 2018). Visual scoring involves an estimation of the percentage of
ground cover, in increments of 10% (Pask and Pietragalla, 2012). As discussed earlier,
the subjectivity of visual scoring severely limits the validity or accuracy of the
phenotypic data produced, and therefore is not a robust method for generating
quantitative measures of crop ground cover. Digital photography has been used to

obtain measures of ground cover by counting number of vegetation pixels versus soil
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pixels within an image. Utilising contrast between soils and vegetation, often enhanced
via vegetation indices, this process can be easily automated and standardised to ensure
consistency between images and datasets (Li et al., 2010). Finally, the use of spectral
systems such as handheld scanners, and spectral indices (e.g. NDVI) has been shown to
exhibit good correlation with crop ground cover (Prabhakara et al., 2015). However, as
discussed and described before in relation to canopy reflectance measurements, there is
a chance of multiple contrasting spatial ground cover situations producing similar VI
values. Comparison of digital imagery and VIs, found that photography performed
better when compared to visual assessments (Duan, 2017). The ability of the imagery to
mirror visual assessments, specifically to acknowledge and assess spatial variability,

compared to single point VI measurements is the likely cause of improved results.

2.2.2.2 Canopy Maturation/Senescence

Canopy maturation or senescence is associated with the final phase of a plant’s life
cycle, occurring post-anthesis and is characterised by a series of degenerative processes
which lead to plant death (Distelfeld et al., 2014). Its initiation, after anthesis, and
duration, under optimal growth conditions, is defined by a ‘developmentally-regulated,
age-dependent process’ (Heyneke et al., 2019). During senescence, nutrients are
mobilised and moved from sources (e.g. leaves) to sinks for storage (Balazadeh et al.,
2014). Senescence of wheat crops overlaps with grain filling, and the synchronisation of
these two phases plays a highly important role in determining crop yield (Liang et al.,
2018). For crop development, canopy senescence traits are a target, due to their influence
on total period of photosynthetically active canopy. ‘Stay-green’ traits, present in some

varieties, delay the onset of senescence and have been shown to lead to increased yields
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and improved performance in response to drought stress (Bagherikia et al., 2019;
Christopher et al., 2014). Senescence has also been shown to influence grain quality
parameters including protein content 