Propositions
1. Broadscale application of remote sensing for precision pasture management is within technical reach.
(this thesis)
2. Outdoor spectroscopy has three main and equally important setbacks: measurement error, feature
redundancy, and ambiguity in spectral response.
(this thesis)
3. Science is a play of alternative hypotheses to unveil nature’s mysteries.
4. The basic rules of specialization of labor are not applied to a doctoral degree.
5. Science and technology are often mistakenly perceived as synonyms by the public.
6. Complex solutions are often fragile.

Propositions belonging to the thesis, entitled
From field to airborne spectroscopy – advancing spectral data analytics for accurate retrieval of
perennial ryegrass biomass and feed quality
Gustavo Togeiro de Alckmin
Wageningen, 19 May 2021 (Date defence ceremony)

1

From field to airborne spectroscopy –
advancing spectral data analytics for
accurate retrieval of perennial
ryegrass biomass and feed quality

Gustavo Togeiro de Alckmin

Thesis committee
Promotor:
Dr. Lammert Kooistra
Associate Professor, Laboratory of Geo-information Science and Remote Sensing
Wageningen University & Research
Co-promotors:
Prof. Arko Lucieer
Professor of the School of Geography, Planning, and Spatial Sciences
University of Tasmania, Hobart, Australia
Dr. Richard Rawnsley
Researcher of the Livestock Production Centre
Tasmanian Institute of Agriculture, Burnie, Australia
Other members:
Prof. Dr. Eldert van Henten, Wageningen University & Research
Prof. Andrew Robson, University of New England, Australia
Prof. Onisimo Mutanga, University of KwaZulu-Natal, South Africa
Prof. Raul Zurita-Milla, University of Twente, Enschede
This research was conducted under the auspices of the School of Geography,
Planning and Spatial Sciences, Australia, and the C.T. de Wit Graduate School of
Production Ecology & Resource Conservation (PE&RC), The Netherlands,
as part of a joint PhD programme.

From field to airborne spectroscopy –
advancing spectral data analytics for
accurate retrieval of perennial
ryegrass biomass and feed quality
Gustavo Togeiro de Alckmin

Thesis
submitted in fulfilment of the requirements for the joint degree of doctor between
University of Tasmania
by the authority of the Rector Magnificus, Prof. dr. Rufus Black,
and
Wageningen University
by the authority of the Rector Magnificus, Prof. dr. Arthur P.J. Mol,
in the presence of the
Thesis Committee appointed by the Academic Boards of both universities
to be defended in public
on Wednesday 19 May 2021
at 1:30 p.m. in the Aula of Wageningen University.

Gustavo Togeiro de Alckmin
From field to airborne spectroscopy – advancing spectral data analytics for accurate retrieval
of perennial ryegrass biomass and feed quality
Joint PhD thesis, University of Tasmania, Hobart, Australia, and Wageningen University,
Wageningen, the Netherlands (2021)
With references, with summary in English
ISBN 978-94-6395-766-3
DOI https://doi.org/10.18174/544521

This thesis contains no material which has been accepted for a degree or diploma by the
University or any other institution, except by way of background information and duly
acknowledged in the thesis, and to the best of my knowledge and belief no material
previously published or written by another person except where due acknowledgement is
made in the text of the thesis, nor does the thesis contain any material that infringes
copyright.
The publishers of the papers comprising Chapters 2 to 5 hold the copyright for that
content and access to the material should be sought from the respective
journals/publishers. The remaining nonpublished content of the thesis may be made
available for loan and limited copying and communication in accordance with the
Statement of Access and the Copyright Act 1968.

Contents
Page
Contents

vii

Chapter 1 Introduction

1

Chapter 2 Comparing Methods to Estimate Perennial Ryegrass Biomass 11
Chapter 3 Retrieval of Crude Protein in Perennial Ryegrass

35

Chapter 4 Retrieval of Hyperspectral Information from Multispectral Data
65
Chapter 5 Perennial Ryegrass Biomass Retrieval Through Multispectral
UAV data
89
Chapter 6 Synthesis

111

References

125

Summary

149

Acknowledgements

153

About the author

155

PE&RC Training and Education Statement

157

Chapter 1
Introduction
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1.1

Introduction

Background and Motivation

Grasslands are the most extensive vegetation land cover spanning across 31.5% of the
global landmass (Allen et al., 2011; Latham et al., 2014). Adequate grazing-management
of these areas allows for the transformation of non-digestible resources into high-value
nutritious products, securing sustainable food production systems (Knaus, 2016). In the
same way, pasturelands (Allen et al., 2011) are the backbone of the dairy industry in many
countries, enhancing the productivity of marginal agricultural lands while supporting rural
communities (Hennessy et al., 2020). In Australia and the Netherlands, the dairy sector
plays a significant socioeconomic role, generating over AUD$ 4.8 billion (Dairy Australia,
2020) and € 4.9 billion (Beldman et al., 2020) while employing close to 43,500 and 49,000
people, respectively.
In temperate climates, perennial ryegrass (Lolium perenne L.) has been widely employed as
a major grass species for intensive pasture production (Fulkerson et al., 2007), covering an
estimate of six and one million hectares across 5,000 and 14,852 dairy farms in Australia
and the Netherlands, respectively (Beldman et al., 2020; Dairy Australia, 2020). In
practice, optimal pasture growth is achieved through constant monitoring and decisionmaking (García et al., 2014). In this way, pasture managers rely on accurate information
through extensive spatial and temporal data collection to adjust the rate of inputs (e.g.,
irrigation and fertilization levels), grazing intervals, and stocking rates. Such decisions
have a substantial impact both on pasture quantity and quality (Rawnsley et al., 2014) as
well as animal performance (McEvoy et al., 2009).
Often though, despite an extensive body of knowledge outlining best practices, farmers are
handicapped in their decision-making process due to the absence of reliable or accessible
information about key biophysical and biochemical parameters (Regan et al., 2020). In
most cases, pasture management is often conducted through empirical and non-technical
practices and can, consequently, lead to poor grazing in the form of overgrazing or low levels
of pasture utilization (Hall et al., 2017). Additionally, despite being the main component
of the animal’s diet, within-farm pasture assessments for feed quality information are
usually based on biophysical measurements, morphological proxies, and seasonal trends
rather than through analytical procedures (Machado et al., 2005).
In essence, farmers are constrained to laborious methods for biomass estimation while
having a limited assessment of pasture quality parameters, usually relying on seasonal
patterns (Kallenbach, 2015), while having no direct metric of the consequences of its pasture
management practices (Chapman et al., 2012). The absence of this sort of information
directly impacts overall farm profitability (Hanrahan et al., 2018) and limits the efficient
use of natural resources, leading to environmental impacts (Wachendorf et al., 2004) and
non-optimal allocation of scarce resources.
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Currently, most techniques for measurement and monitoring of biomass rely on canopyheight measurements (Hall et al., 2017), which have been shown to be prone to inaccuracies
(Nakagami, 2016). Such canopy height and biomass relationships were shown to vary
throughout season, years and management practices (Thomson et al., 1997). Finally,
the continual trend of larger farms, decreasing availability of rural labour and an ageing
demographic (Regan et al., 2020) indicates the need for improved and automated methods
for pasture assessment (Gargiulo et al., 2018). Requirements such as continuous monitoring
of (intra)-paddock quantity and quality are crucial for decision support systems and further
developments towards precision pasture management (Jago et al., 2013).
The possibility of fast and automated information retrieval of vegetation is a main and
traditional topic within the field of remote sensing (Fussell et al., 1986). Ideally, such
techniques can provide accurate information concerning key biophysical and biochemical
parameters at an appropriate spatial and temporal resolution for pasture management (Ali
et al., 2016). Despite its potential, no effective technological package has yet been devised
nor massively adopted by pasture-managers, a main driver for the current marginal impact
of precision technologies in pasture-based systems (Shalloo et al., 2018).
Historically, substantial effort has been made to develop spectra-based techniques to
monitor grasslands, particularly through satellite data (Rouse et al., 1973) and handheld
spectrometers (Pearson et al., 1976). However, the adoption of satellite-based techniques
was limited due to the absence of an appropriate spatial and temporal resolution. More
recently, the development of portable hyperspectral instruments has fostered many studies
concerning the use of spectral data in outdoor environments as a substitute for laboratory
Near Infrared Spectroscopy (NIRS) feed quality analysis (Kawamura et al., 2009; Sanches,
2009).
In 1968, as part of a pioneering remote sensing monitoring program, a 10-band multispectral
imaging system was mounted on an aircraft and employed to monitor different aspects of
grasslands (Tucker et al., 1973; Tucker et al., 1975), as a precursor of satellite observation.
There is strong reason to believe that such a program initiated the use of remote sensing
techniques for grassland observations, validating the use of satellite observation on a global
scale. Within this program another novelty was introduced, Pearson et al. (1976) built
a multispectral handheld spectrometer as a tool for fast measurement of plant traits,
validating airborne spectral observations and ground-truthing measurements.
At such early period, satellite observation was seen as the only economical platform for
regional scale (Verstraete et al., 1996), while field spectroscopy was considered an ideal
technique for the retrieval of the true spectral response of a target (Milton, 1987). Such
in-situ observation could then be employed as a complementary data source for satellite
observations or biophysical model validation.
Field spectroscopy is a well-established technology and, although not as accurate as
benchtop NIRS, it has been consistently employed for estimations of pasture quantity
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(Starks et al., 2006) and quality (Pullanagari et al., 2012). However, despite such technique
having shown the great potential of outdoor spectral observations, it has not dealt nor aimed
to deal with the issue of automated data-collection. Consequently, most advancements such
as narrowband vegetation indices (Mutanga and Skidmore, 2004a), multi-angle spectral
data (Gianelle and Guastella, 2007), or multivariate analysis could not be adopted in large
scale due to the absence of appropriate platform and pipeline for data collection.
Alternatively, satellite or airborne remote sensing have been constrained by inadequate
spatial or temporal resolutions (Schellberg et al., 2008), prohibitive costs and complexity
for application-specific tasks (Milton, 1987), such as crop-specific payloads or on-demand
revisit intervals. Yet, through the recent popularization of Remotely Piloted Aircraft
System (RPAS), a subset of these constraints, particularly those linked with data-collection
automation, spatial and temporal resolutions, became manageable (Von Bueren et al.,
2015). In summary, the advent of low-cost RPAS allows the possibility of acquiring data
at a scale, frequency, convenience and cost, which are suitable for farming operations
(Mondino, 2018).
These developments have opened new avenues of opportunity, translating highly complex
platforms, such as satellites, into affordable semi-autonomous aerial solutions (Paredes
et al., 2017). Nowadays, low-cost Vertical Take off and Landing (VTOL) RPAS (Pircher
et al., 2017) can provide the necessary autonomy and range for farm-operations (i.e. below
500 ha), while taking advantage of custom-designed sensing payloads (Price, 1994). In
parallel, these custom-designed sensors can benefit from the use of field spectrometers
to define optimal bands for the task at hand (Milton, 1987). The selection of a minimal
number of bands has impacts on sensor manufacturing costs, data storage and processing
power requirements as well as, usually, more robust models. Remarkably, an equivalent
miniaturized sensing setup to the 1968 airborne multispectral system can now be designed
and deployed in a farm-scenario, at a fraction of the cost (Morales et al., 2020).
Finally, the possibility to automate pasture quantity and quality assessment is in-pace,
and to some extent overlap, with new technologies such as virtual fencing, decision
support systems and variable rate application of fertilizers. This suite of techniques has
the potential to promote precision pasture management and dairy production to higher
productivity levels, substantially decrease environmental impact, such as nitrogen leaching,
while improving working conditions and attractiveness of rural activities.
In the context of this thesis, the terms Remotely Piloted Aircraft System (RPAS),
Unmanned Aerial Vehicle (UAV) and Unmanned Aerial System (UAS) are used
interchangeably referring to the aerial platform and sensor, as a unique remote sensing
system. However, it is important to dissociate the physical measurement from the platform
and data acquisition scale. For such reason, whenever possible, the term low-level flight
refers to the spectral observations acquired below 120 meters (400 feet) height, in accordance
with the regulations from most civil aviation authorities. Also, the term biomass refers to
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aboveground biomass, expressed as kilograms dry-matter per hectare (kg DM/ha). Finally,
the term optimal sensor design refers to the number and position of bands, rather than
the all-encompassing topic of optics and electronics as well as corresponding processes of
sensor correction (Kelcey and Lucieer, 2012).

1.2

Research Gaps

As a new branch of remote sensing, RPAS remote sensing entails several challenges and
research-needs. Firstly, the radiometric correction pipeline (Kelcey and Lucieer, 2012) for
an autonomous system operating under changing light conditions (Hakala et al., 2013)
and unstable sensor position is still under active research (Suomalainen et al., 2018).
Secondly, due to the redundant nature of vegetation reflectance, the task of feature
(i.e. band) selection for optimal sensor design is non-trivial (Wiersma and Landgrebe,
1980). The number, width and position of bands have a significant impact on the final
prediction accuracy of pasture parameters and sensor cost (Bajcsy and Groves, 2004).
Thirdly, the ambiguous response of vegetation spectra provides a poorly determined subset
of solutions, imposing limitations in achievable accuracy as different combinations of
vegetation parameters can output the same spectral response (Baret and Buis, 2008).
These challenges have been sparsely reported throughout the scientific literature, without
necessarily discussing optimal solutions such as radiometric correction pipelines, minimal
and optimal number of bands in sensors, nor achievable accuracy for each specific retrieval
task.
Although a large number of studies in field spectroscopy have dealt with the accurate
retrieval of quantitative and qualitative parameters (Kawamura et al., 2009), these studies
have not focused on a limitation of practical importance: minimizing the number of
necessary spectral bands while maintaining prediction accuracy (Starks et al., 2006).
Overcoming such limitation would consequently lead to a straightforward translation
into low-cost, simple sensors, readily applicable to RPAS remote sensing and farming
scenarios.
Most of these studies (Kawamura et al., 2009; Sanches, 2009; Starks et al., 2006) directly
translated laboratory-based NIRS methods to field spectroscopy, as well as employing
chemometric techniques, such as pre-processing techniques and spectral transformations,
which may present limited utility in multispectral systems or in outdoor-scenarios due to
the inherent low signal-to-noise ratio. Consequently, these approaches, although valid in
their context, do not address measurement errors nor the ambiguous nature of outdoor
spectral measurements (Baret and Guyot, 1991).
Alternatively, it seems rational to understand the limitations of spectra-based methods
in uncontrolled scenarios (Verstraete et al., 1996) and determine achievable accuracies,
while minimizing sensor complexity and cost (i.e., number of bands) rather than naively
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aiming to minimize error metrics through non-robust models. Furthermore, employing
the informative part of the spectra, rather than the full output of hyperspectral sensors
should be beneficial both to the modeling task and the understanding of the phenomena
(Kjeldahl and Bro, 2010).
Besides an optimal sensor design through the selection of spectral bands, a relevant
unattended gap refers to the definition of appropriate modeling strategies (Verrelst et
al., 2015) for the different pasture parameters, as well as validation strategies (Meyer
et al., 2019) which would allow insights into model performance in different contexts (e.g.,
location, years or season). The ability to better understand and quantify these gaps,
providing evidence of model performance across different scenarios is crucial for broad-scale
adoption of remote sensing techniques in agricultural activities (Meyer et al., 2018), and
assessment of the benefits of these new upcoming technologies.
Although a large number of studies have dealt with achievable accuracies for a particular
biophysical or biochemical parameter, validation strategies may have been "naive" in their
prevention of issues such as data leakage, leading to overfit and poor results whenever
employed in different scenarios (Meyer et al., 2019). Additionally, within the last decades,
an overall trend for complex black-box models has increased model fit at the cost of
lower levels of interpretability and inference (Roscher et al., 2020), while under such naive
validation strategies. These challenges and shortcomings, which are commonly approached
through a data-science point-of-view, are dealt and discussed across the thesis.

1.3

Problem Statement

Although many empirical studies have aimed to determine the achievable accuracy of
spectra-based models when mapping perennial ryegrass biophysical and biochemical
characteristics, none have specifically aimed to determine the best and smallest subset
of bands to achieve such accuracies. This task is not trivial and has not been clearly
described in the scientific literature.
Furthermore, most models are not assessed under distinct validation strategies, providing
poor evidence of reproducibility of results and robustness across different contexts.
Consequently, there is a significant gap between understanding whether spectral models
are generalizable outside the boundary conditions (i.e., across different sites and dates)
under which data was collected.
Finally, it is important to determine whether the achievable accuracy found through
handheld data is equivalent to spectra-based models in low-level flight and whether these
accuracies are sufficient for pasture-management, justifying the adoption of such.
Provided that these gaps are better or completely understood, sufficient evidence can be
provided to determine the benefits of RPAS remote sensing against the current standard
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methods for pasture management. Also, non-destructive and accurate monitoring of
the biophysical and biochemical properties of perennial ryegrass provides an effective
technique for phenotyping purposes. The integration of continuous pasture monitoring
with other upcoming digital technologies can provide farmers with key performance
indicators, significantly reducing inputs while maintaining or enhancing productivity.
In summary, if robust remote sensing techniques can be made available and ready
for pasture-managers adoption, a substantial impact can be made on productivity.
Consequently, this can meet the upcoming global demand for food production (i.e.,
food security), improve the use of marginal lands, and encourage pasture conversion to
croplands (Zalles et al., 2019) whenever suitable.

1.4

Research Aim and Objectives

The overarching aim of this thesis is to expand and enable the use of spectral data for
perennial ryegrass management, bridging the techniques of field spectroscopy and optimal
imaging systems. To this end, this thesis employs a range of regression algorithms, band
selection procedures, spectral transformations and validation strategies to enable timely,
repeatable and cost-effective imaging systems for pasture management.
To achieve the main aim, a set of four objectives were developed and employed throughout
the thesis. Table 1.1, shows in which chapter each research objective is addressed:
• Objective 1 – To evaluate the trade-offs between subsets of spectral bands and
achievable accuracies for retrieval of biophysical and biochemical parameters.
• Objective 2 – To assess the impact of different regression algorithms for an optimal
model fit between spectral features and pasture parameters.
• Objective 3 – To determine model performances through the use of rigorous
validation protocols for different temporal and geographical circumstances.
• Objective 4 – To explore the transferability of spectra-based models from canopy
to low-level flight.
A series of progressive studies are presented, discussing the superiority of spectra-based
models in relation to standard practices for biomass assessment as well as the optimal
representation of biochemical parameters, the retrieval and redundancy of hyperspectral
data for broadband absorption features and the transferability of handheld methods to
low-level sensing systems.
Previous research-gaps which have been elucidated refer to the achievable accuracy for
biomass and crude protein retrieval based solely on top-of-canopy canopy reflectance,
model-performance in different locations and years, as well as judicious selection of spectral
ranges and regression algorithms.
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Table 1.1: Research Objectives and their relationship with thesis chapters

Chapters

Objectives

2

1&2

3

1&3

4

1&3

5

2, 3 & 4

1.5

Titles
Comparing methods to estimate perennial ryegrass
biomass: canopy height and spectral vegetation
indices.
Retrieval of crude protein in perennial ryegrass using
spectral data at the canopy level.
Retrieval of hyperspectral information from
multispectral data for perennial ryegrass biomass
estimation.
Perennial ryegrass biomass retrieval through
multispectral UAV data.

Thesis Structure

In order to fulfill the objectives of this thesis, four experimental sites were established for
data collection. The main experimental site was located in Elliot (TAS, Australia), while
three other experimental sites were located in the Netherlands (Goutum, Vredepeel, and
Zegveld). While the experimental site in Elliot was used for all the studies in this thesis,
the locations in the Netherlands were specifically included for chapters 3 and 4. Data
collection campaigns largely employed both handheld hyperspectral spectrometers, RPAS
multispectral cameras and complementary instruments for canopy-height estimation.
The chapters of this thesis are based on four peer-reviewed publications, each addressing
one or more research objectives as described above.
Chapter two critically addresses the use of vegetation indices and canopy height for
biomass estimation while quantifying accuracy improvements based on different regression
algorithms. As a proxy for status-quo techniques, a comparison between canopy height
models and the normalized vegetation index (NDVI) is performed. In addition, to further
explore the potential of vegetation indices, a brute-force procedure was employed to generate
11,026 normalized ratio indices (NRI) while selecting the best NRI band combination. In
parallel, a pool of 97 vegetation indices (synthesized from the literature) was filtered and
underwent a feature selection procedure to determine an optimal small subset of indices.
Several regression algorithms were evaluated as well as whether significant differences in
prediction performance could be attributed to different algorithms.
In chapter three, a genetic algorithm was employed in a two-objective search procedure:
to minimize the number of spectral bands while simultaneously maximizing model accuracy
for crude protein estimation (CP). This protocol was employed over different spectral
ranges, namely VIS-NIR (400–1100 nm), SWIR (1100–2500 nm) and the Full-Spectrum
range (400—2500 nm), while comparing achievable accuracies of two different metrics:
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crude protein as dry matter fraction (% CP) or in a weight-per-area basis (kg CP/ha).
Model performance was assessed whenever the validation set covered all locations and
whenever a new and unknown location was used as the validation set.
Chapter four presents a new approach for retrieval of a continuous spectral signature (550–
790 nm) from discrete multispectral measurements (i.e., four bands, as per a commercially
available multispectral camera) based on a piecewise function described by two parametric
sub-functions. The retrieval of spectral signatures allowed for the generation of continuumremoved features and associated vegetation indices for the prediction of biomass, previously
reported in the literature as optimal indices for biomass estimation. These synthetic
vegetation indices were compared against vegetation indices derived from the original band
values, and model performance for each subset of indices was contrasted. Finally, model
performance was assessed for known and unknown locations.
Chapter five employed RPAS multispectral imagery, handheld spectral-data and five
distinct decision-rule regression techniques to validate the approach of biomass assessment
employing a small subset of indices, while critically addressing the challenges in radiometric
calibration, model interpretability, model deployment in an operational scenario, and
model-performance through different validation strategies. The five regression algorithms
build upon the concept of regression-trees, using techniques of bootstrapping aggregation
(i.e., bagging) and boosting, consequently increasing model complexity (e.g., number of
trees, depth of trees) while decreasing overall interpretability. The RPAS multispectral
measurements was compared against handheld top-of-the canopy spectral measurements
and significant inconsistencies were found between reflectance values of both sensors. The
absence of well-defined and robust protocols for spectral data collection of commercial
multispectral cameras is discussed, and predictive performance between handheld and
low-level flight spectral is evaluated.
In the chapter six of the thesis, General Discussion and Outlook, special emphasis is
directed to maximum achievable accuracies through the use of spectral data in outdoor
environments, under the presence of confounding and masking effects derived from canopy
geometry and illumination conditions while stressing the need for rigorous protocols and
quality assurance mechanisms for spectral data collection. Finally, this chapter identifies the
main bottlenecks for the advancement of spectral imaging techniques in a farm-operational
scenario, indicating possible advancement through optimal multispectral sensing equipment,
automated data-collection, faster and interpretable modeling techniques.

Chapter 2
Comparing Methods to Estimate
Perennial Ryegrass Biomass: Canopy
Height and Spectral Vegetation
Indices

This chapter is based on: G. Togeiro de Alckmin, L. Kooistra, R. Rawnsley, and A. Lucieer
(2021). “Comparing methods to estimate perennial ryegrass biomass: canopy height and
spectral vegetation indices”. Precision Agriculture 22.1, 205–225. doi: 10.1007/s11119020-09737-z. url: http://link.springer.com/10.1007/s11119-020-09737-z
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Abstract
Pasture management is highly dependent on accurate biomass estimation. Usually, such
activity is neglected as current methods are time-consuming and frequently perceived as
inaccurate. Conversely, spectral data is a promising technique to automate and improve
the accuracy and precision of estimates. Historically, spectral vegetation indices have
been widely adopted and large numbers have been proposed. The selection of the optimal
index or satisfactory subset of indices to accurately estimate biomass is not trivial and
can influence the design of new sensors. This study aimed to compare a canopy-based
technique (rising plate meter) with spectral vegetation indices. It examined 97 vegetation
indices and 11026 combinations of normalized ratio indices paired with different regression
techniques on 900 pasture biomass data points of perennial ryegrass (Lolium perenne)
collected throughout a one-year period. The analyses demonstrated that the canopybased technique is superior to the standard normalized difference vegetation index (∆
115.1 kg DM/ha RMSE), equivalent to the best performing normalized ratio index and
less accurate than four selected vegetation indices deployed with different regression
techniques (maximum ∆ 231.1 kg DM/ha). When employing the four selected vegetation
indices, random forests was the best performing regression technique, followed by support
vector machines, multivariate adaptive regression splines and linear regression. Estimate
precision was improved through model stacking. In summary, this study demonstrated
a series of achievable improvements in both accuracy and precision of pasture biomass
estimation, while comparing different numbers of inputs and regression techniques and
providing a benchmark against standard techniques of precision agriculture and pasture
management.

2.1 Introduction

2.1
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Efficient pasture production and utilization is often the most critical component in a
pasture-based dairy operation (García et al., 2014). Despite the extensive literature
available about the constituent factors of pasture production and management, most
pasture-based grazing systems are not optimally managed due to the costly and timeconsuming nature of standard methods for pasture measurement and monitoring. In
practice, coordinating pasture growth rates and grazing events is crucial to optimize yield
(Chapman et al., 2012) while avoiding nutritional value losses (Turner et al., 2006).
In a farm scenario, such coordination can be achieved through weekly measurements of
pasture biomass (García et al., 2014). Currently, common methods, such as rising plate
meter (RPM), rely on linear relationships between canopy height (Allen et al., 2011)
and biomass. However, these relationships are limited in their accuracy and biased due
to plant-development stages, canopy architecture (erectophile or plagiophile) or canopy
density (Nakagami, 2016). Finally, such a method requires a trained observer constantly
monitoring and sampling paddocks, which can lead to inconsistencies due to observer-bias
(Thomson et al., 1997) and requires extensive time investment (Hall et al., 2019).
Alternatively, remote sensing (RS) techniques can be employed to provide semi- or fullyautomated monitoring, provided that the ideal temporal-spatial scales are observed. This
constraint has, historically, prevented widespread adoption, as satellite revisit intervals
and pixel size are not adequate for on-farm management. Furthermore, persistent cloud
cover is a pervasive constraint (Kawamura et al., 2008) during seasons of rapid growth
rates, hence, decreasing the utility of satellite optical imagery (Ali et al., 2016).
Unmanned aerial vehicles (UAV) and multispectral (MS) cameras (those defined as multicamera 2D imagers in Aasen et al. (2018)), provide a flexible and economical system for
spectral observation at a time and spatial-scale which are ideal for agricultural practices.
As an advantage, such multispectral cameras are readily available, producing radiometric
calibrated imagery which can be easily integrated into agricultural management tools.
A drawback, however, is that multi-camera 2D imagers are mostly restricted to a small
number of bands, usually five as per Aasen et al. (2018), within the visible to near-infrared
range (VIS-NIR) of the spectrum due to their silicon-based sensors. As a consequence,
end users have focused on vegetation indices (VI) as enhanced predictors for biomass
estimation.
Vegetation indices have been, to an extent, successfully employed in precision agriculture
(PA) and RS to estimate different biophysical and biochemical attributes of vegetation.
Accordingly, a vast number of VIs have been proposed (Xue and Su, 2017), surpassing the
possibility of optimally or correctly utilizing each one of them without extensive domain
knowledge. This issue is found in UAV remote sensing, where most commercial sensors rely
on a broadband VI such as the normalized difference vegetation index (NDVI) to estimate
a range of different, non-correlated attributes. Notwithstanding its versatility, estimations
from a multi-purpose VI (i.e., NDVI) are, logically, not optimal for attributes different
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from which the index was originally designed. Issues such as NDVI saturation, occurring
after a certain biomass threshold, are well-described in the literature (Thenkabail et al.,
2002).
Despite the saturation drawback with the traditional NDVI, Mutanga and Skidmore (2004a)
have shown that, through systematic generation of normalized ratio indices (NRI) for all
band pairs of a hyperspectral dataset (acquired at handheld level), certain narrowband
NRIs can overcome biomass saturation. In parallel, Burkart et al. (2014) demonstrated
the equivalence between spectral observations at two different data acquisition scales:
handheld and low-level flight. In a more recent study, Wang et al. (2019) presented a brief
review on the difference between reflectance measurements from both acquisition-scales,
indicating that such differences are negligible. Such findings fulfill a methodological gap
for data collection, analysis and performance validation for UAV sensors (i.e., low-level
flight) extrapolated from handheld spectral information.
Presently, these approaches (i.e., filtering and selection of optimal NRIs and known VIs)
have not been tested and translated to custom-made commercial UAV sensors. Hence,
canopy based approaches, such as the RPM, are still favored in pasture-based systems
rather than spectroscopy methods despite the unique potential, at a low-cost, offered by
the adoption of UAVs, multispectral sensors and a satisfactory small set of VIs.
Given this research-gap, current commercial multispectral cameras and data analysis
(Michez et al., 2019) have reported poor performances for pasture biomass estimation, both
when employing spectral-based (R2 = 0.35) or canopy based (photogrammetric estimated
height) techniques (R2 = 0.23). This is in spite of the potential reported in previous
research (Mutanga and Skidmore, 2004a) and absence of scaling-up issues (Burkart et al.,
2014; Wang et al., 2019).
The research objective of this study was to evaluate how many and which VIs (i.e.,
features) should be employed for perennial ryegrass (Lolium perenne) biomass estimation
while comparing with two traditional techniques: the rising plate meter and broadband
NDVI. Consequently, accuracy improvements can be quantified based on the nature of
measurements (canopy height or spectra) and number of indices. Furthermore, different
regression techniques (parametric and non-parametric algorithms) were analysed, so that
increments in accuracy and precision of feature(s)-algorithm pairs can be evaluated.

2.2

Methods

2.2.1

Experimental Design

The trial was undertaken at the Tasmanian Dairy Research Facility in Elliot (TAS,
Australia - 41°04’57.3" S, 145°46’21.8" E). The experimental layout was an array of 30
rainfed perennial ryegrass plots (dimensions of 2.0 x 7.5 m), with 0.35 m border at each
side of the plot’s longitudinal axis), arranged as two rows by 15 columns (Figure 2.1).
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Figure 2.1: Experimental layout employed in each of the five data collection campaigns.
Colour-codes refer to regrowth periods (colours) and nitrogen levels (hue). Each block (encased
by a dashed rectangle) comprises all combinations of regrowth periods and N fertilizing regimes.
Plots are numbered from left-to-right and bottom to top. Within, each plot, six different
sample-sites were measured both by the spectroradiometer and the rising plate meter

Plots were grouped in three main blocks (10 plots per block). Each block was split in two
different growth intervals: long and short or approximately 30 and 15 days, respectively.
Each plot on the split-block was randomly allocated a different nitrogen (N) fertilizing
regime (0, 25, 50, 75 or 100 kg N/ha). The fertilizer was manually applied (i.e., topdressing) on each plot at the start of each regrowth cycle, having urea as N source. Prior to
spring (end of August) and prior to installing the experiment, phosphorus (P), potassium
(K) and sulfur (S) were broadcast throughout the trial area according to soil analysis to
ensure that the lack of macronutrients would not impede pasture growth.
Data collection campaigns consisted of three subsequent stages: (1) spectral measurement,
(2) canopy height measurement and (3) biomass determination. In each of these stages,
attention was given to minimize confounding factors and ensure independence amongst
measures, given that measurements of stages (1) and (2) overlapped spatially (Figure 2.2).
In total, five campaigns were carried out from December 2016 to November 2017 (as per
the dates of spectral measurements).
1. Spectral measurements. Spectral data was collected by a field spectroradiometer
(ASD Handheld 2, Colorado, USA) on five dates under clear-sky conditions and
around solar noon: December 18th 2016, February 06th , April 29th , October 22nd and
November 28th 2017. This instrument acquires data from 325 to 1075 nm, with a
total of 750 bands and field of view (FOV) of 25°. Total time spent to obtain all
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Figure 2.2: Data collection workflow. Stages: 1 - Spectral measurements (spectroradiometer);
2 - Canopy height measurements (rising plate meter); 3 - Biomass determination, a) drying
(forced-air oven), b) weighing (digital scale). Plots (1-30) dimensions: 2.0 x 7.5m. Sample-sites
(1-6) were measured both with the spectroradiometer and the rising plate meter

spectral measurements (180 data points) was 1.5 to 2 h per field campaign with
minimum warm-up of 30 minutes. The instrument setup follows the manufacturer’s
recommendation: 30 scans for spectrum averaging, 60 scans for dark current and
white reference. The sequence of measured plots was randomized to minimize any
systematic effect of solar position across the plots during data collection. In addition,
after finishing measuring the samples of each plot, a spectral measurement of the
white reference (Spectralon® ) was recorded. The intention of this procedure was
twofold: (a) to monitor the stability of the instrument and (b) detect any possible
change in atmospheric conditions. The instrument was recalibrated (against the
white reference) after seven minutes of continuous usage or whenever the whitereference measurement deviated from 100% reflectance, whichever occurred first.
Within each plot, six randomly allocated sample-sites were selected (Figure 2.2 1). Spectral measurements were taken from approximately one-meter height, thus,
yielding a circular footprint equal to 0.15 m2 (or 0.44 m diameter). Each sample-site
was measured five times. Final sample spectral value (referred to as raw spectral
data) was the average value of these five measurements.
2. Canopy height measurements. An analogue RPM with 5 mm resolution,
described in Earle and McGowan (1979), was employed to measure (compressed)
canopy height, once per sample-site (Figure 2.2 - 2).
3. Biomass determination. Pasture biomass was mechanically defoliated above a
residual height of 50 mm from the 0.15 m2 footprint used in stage 1 and 2 (Figure 2.2
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- 1 and 2). Harvested material was dried for a minimum of 48 hours at 60 °C in
a forced-air oven (Figure 2.2 - 3a) immediately following each harvest for pasture
dry-matter (DM) determination. Samples were weighed (Figure 2.2 - 3b) using a
digital scale (MassCal, 30 kg ±0.5 g).
2.2.2

Data Analysis

For reproducibility purposes, data analysis operations are introduced by the corresponding
package::function format (italics typeface and accompanied by the double colon operator,
i.e., the scope resolution operator).
Data analysis was performed in RStudio/R (versions 1.14 and 3.5.1, respectively).
Necessary packages for the analysis, besides the base and dependencies packages, are
hsdar (Lehnert et al., 2018), caret (Kuhn, 2008) and caretEnsemble (Mayer and Knowles,
2015).
2.2.3

Feature Generation

The raw spectra data were smoothed using the Savitzky–Golay filter (hsdar::smoothSpeclib,
window-size = 9 nm, polynomial-degree = 2). This operation aims to decrease the
influence of random instrument noise without distorting the original reflectance values. As
a consequence, this operation improves the signal-to-noise ratio.
Vegetation Indices. The smoothed spectra were transformed into a set of 97 VIs
(hsdar::vegindex) available in the literature. The full list of VIs can be found in Lehnert
et al. (2018) and are listed in Table 2.2. As a baseline approach and as a complementary
step for data analysis, all VIs were fitted in a univariate (single-index) ordinary linear
regression against biomass values.
Normalized Ratio Indices. The smoothed resampled spectra were used in an exhaustivesearch process, testing all available bands combinations in a normalized difference equation,
as described in Mutanga and Skidmore (2004a) and shown in Eq. 2.1. The smoothed
spectra were resampled from 750 to 149 bands given that the necessary computation time
to test all band combinations would be substantial, and most likely superfluous due to high
spectral band correlation. Spectra were resampled (hsdar::spectralResampling) applying a
Gaussian response function and 10 nm bandwidth, reducing computational load to 4% of
all possible combinations. In total, 11,026 combinations were assessed.
N RI(λ1 , λ2 ) =

λ1 − λ2
λ1 + λ2

(2.1)

All the NRIs were then fitted in a univariate (single-index) ordinary linear regression
(stats::lm) against biomass values.
From these, the best fitting linear model
(hsdar::nri_best_performance, highest R2 ) was identified and the best performing NRI
(λ1 ,λ2 - optimized NRI ) included in the pool of filtered VIs.
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Figure 2.3: Data analysis workflow. Statistical packages employed are indicated on the
top-left of each dashed rectangle. Feature generation process is enclosed by the top dashed
rectangle while feature filtering, model fitting and performance analysis are encased in the
lower dashed rectangle. Single and double asterisks indicate where train/test and validation
dataset were, respectively, employed.

2.2.4

Feature Filtering and Selection

The framework for data analysis consisted of three steps: (A) filtering of highly correlated
and non-significant VIs (i.e., features); (B) recursive feature elimination and feature
selection (optimal and satisfactory subsets) and (C) model fitting, stacking and validation.
A detailed description and rationale of the feature filtering and selection workflow is
discussed in Perez-Riverol et al. (2017) and a specific case-study for perennial ryegrass
is available in Alckmin et al. (2019). The training/testing set (n = 630) comprises 70%
of the entire dataset and was used in a repeated k-fold cross-validation (folds = 10 and
repeats = 5).
A) Filtering: Pearson correlation among all VIs was calculated. A maximum cut-off of
|0.95|, based on a sensitivity analysis developed in Alckmin et al. (2019), was applied to
identify highly correlated VIs. Such VIs were evaluated in a pair-wise fashion: the one
with the largest mean correlation (i.e., correlation with all other features) was removed. A
minimum Pearson correlation removal cut-off equal to |0.2| between the remaining filtered
VIs and DM values was applied.
B) Recursive Feature Elimination: after the filtering process, remaining VIs were
centered, scaled and a recursive feature elimination process (caret::rfe) was performed
using the training set. Two subsets were identified: optimal (minimal RMSE) and the
satisfactory subset, which was the smallest group of features that presented results (in
training-testing stages) which were below a 10% threshold from the minimum RMSE
model (optimal subset). This workflow and guidelines were presented in Kuhn and Johnson
(2013) and Perez-Riverol et al. (2017).
Ranking of VIs (variable importance, caret::varImp) for each different VI subset size, at
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each cross-validation fold, was calculated through a random forests routine using Gini
Importance, introduced in Breiman et al. (2017).
C) Model Fitting, Stacking and Validation: after the satisfactory feature set was
determined (i.e., Selected VIs), different regression algorithms were fitted to the data.
The following models were chosen: “Bagged MARS ” (Friedman, 1991), “Random Forests”
(Breiman, 1984) and “Support Vector Machines with Polynomial Kernels” (Cortes and
Vapnik, 1995) and “Ordinary Linear Regression” (referred to hereafter as MARS, RF,
SVM and LM, respectively). The rationale for this selection was to test models that do
not share the same core technique or are simply variations of the same technique. Tuning
of hyper-parameters was performed automatically at the training-test stage (caret::train)
through an embedded grid-search algorithm. Model ensemble/stacking consisted of training
(caretEnsemble) an algorithm to combine the predictions of other previously trained
algorithms (Caruana et al., 2004). Such an approach was generated through a generalized
linear model of the three non-parametric models (referred to as STACK ).
Finally, models were validated against an unseen dataset, corresponding to 30% of total
observations (n = 270), where it is expected that model performance is similar (or superior)
to the training-test stage. For benchmarking purposes, RPM, NDVI, optimized NRI and
the satisfactory subset (i.e., Selected VIs) were all fitted using a linear model and underwent
the Performance Analysis protocol, allowing a comparison between features.
2.2.5

Performance Analysis

In this study, the error of each feature(s)-algorithm pair, or the difference between
predicted and observed/true values (sample weight), was assessed using three different
metrics: root-mean-square error (RMSE), coefficient of determination (R2 ) and mean
absolute error (MAE). Ultimately, this analysis aimed to (i) assess the accuracy (Joint
Committee for Guides in Metrology, 2008) for each feature(s)-algorithm pair; (ii) to test if
the accuracy differences between the feature(s)-algorithm pairs were statistically significant
(p-value>0.05); (iii) if the error-distribution (i.e., precision) of these feature(s)-algorithm
pairs were statistically different (Figure 2.4).
For items (i) and (ii), the algorithm (caret::diff.resamples) and workflow provided in
Kuhn and Johnson (2013) was employed, which are descriptions of benchmark studies
mostly based in one sample t-test. To check if the error-distribution was different between
feature(s)-algorithm pairs, item (iii), the Kolmorogov-Smirnov test (Massey, 1951) was
employed. The two-sample Kolmogorov-Smirnov (KS ) test is a non-parametric analysis
that compares the cumulative distributions of two datasets. In this context, it was employed
using error metrics (RMSE) derived from each feature(s)-algorithm pair. The error-metrics
(n = 50) were generated through a repeated k-fold cross-validation (5 folds, 10 repeats) on
the training set. Feature(s)-algorithm pairs are presented in Figure 2.4 under the “Model
Fitting” section. A schematic diagram of this workflow is presented in Figure 2.4.
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Figure 2.4: Feature(s)-algorithm pair model fitting (left-side), performance and tests workflow
(right-side). Selected VIs were used as features on non-parametric models. Non-parametric
models were used as features on the STACK model

2.3

Results

2.3.1

Experimental Setup - biomass and canopy height:

Pasture biomasses ranged from 164 kg DM/ha (minimum) to 4663 kg DM/ha (maximum)
and a mean of 1633 kg DM/ha. The descriptive statistics data of biomass and canopy
height values, per campaign, can be found in Table 2.1.
Table 2.1: Descriptive statistics for biophysical characteristics per campaign.

Canopy Height (mm)
Date

Average

SD Max

Biomass (kg DM/ha)

Min

Average

SD

Max

Min

Dec-16
Feb-17
Apr-17
Oct-17
Nov-17

124.2
65.2
56.8
129.8
99.2

31.1
20.3
19.8
27.8
37.7

225
115
115
205
210

75
30
20
50
45

1837.3
1115.5
1117.4
2450.1
1646.2

677.0
829.8
471.4
943.2
877.4

4222.2
3801.3
2380.7
4662.8
3761.8

322.3
164.4
269.6
559.0
401.2

Total

95.1

41.0

225

20

1633.3

923.0

4662.8

164.4

2.3.2

Feature Generation

Vegetation Indices: The result of a baseline approach (i.e., single index linear regression),
and consequent model fit metrics, can be examined in Table 2.2. The optimized NRI
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(“Opt NRI”), retrieved within this analysis ranks as the best performing VI (Table 2.2) as
found by Mutanga and Skidmore (2004a).
Table 2.2: Performance by vegetation index in an ordinary linear regression. Bold indices
are selected within the satisfactory subset. Underlined indices are those remaining after the
filtering process.
Vegetation Index
Opt NRI
RDVI
SAVI
MSAVI
OSAVI
OSAVI2
DD
MCARI2/OSAVI2
Vogelmann2
Vogelmann4
MCARI2
Datt2
MTVI
Sum Dr2
SPVI
TVI
Sum Dr1
Vogelmann
Carter4
Green NDVI
SR6
NDVI2
mND705
mSR705
Boochs2
REP Li
mSR2
D1
EGFR
MTCI
GMI1
SR3
CI2
EGFN
PWI
GMI2
SR1
Carter3
Gitelson2
Carter2
DDn
Maccioni
PSND
mREIP
Datt3
NDVI
REP LE
PSSR
D2

R2

RMSE

Vegetation Index

0.64
0.63
0.63
0.61
0.60
0.60
0.60
0.60
0.59
0.59
0.59
0.57
0.57
0.57
0.56
0.56
0.56
0.55
0.55
0.55
0.54
0.54
0.54
0.54
0.54
0.53
0.53
0.53
0.53
0.53
0.52
0.52
0.52
0.51
0.51
0.51
0.51
0.50
0.50
0.50
0.49
0.49
0.49
0.48
0.48
0.48
0.48
0.47
0.46

530.3
538.7
541.9
553.8
557.0
557.3
559.5
562.4
564.9
570.4
570.7
578.1
579.4
583.2
588.7
588.9
589.9
591.9
592.5
596.0
597.8
600.5
600.6
602.9
603.9
604.3
606.8
607.4
607.9
609.7
612.0
612.0
613.2
617.7
620.4
621.1
621.1
623.5
625.5
626.9
629.8
630.6
635.1
637.8
638.8
640.3
641.6
645.9
649.0

PARS
SR2
Datt
mNDVI
TCARI2/OSAVI2
SR
Vogelmann3
PRI norm
PSRI
PRI
SIPI
NPCI
SRPI
SR7
Datt5
GDVI 2
NDVI3
SR5
Datt4
DWSI4
GI
SR4
Boochs
MCARI
SR8
Carter5
GDVI 3
TCARI2
Datt6
MPRI
CI
Carter
GDVI 4
TGI
TCARI
CRI1
mSR
MCARI/OSAVI
Gitelson
ClAInt
CRI2
DPI
TCARI/OSAVI
Carter6
EVI
CRI3
PRI*CI2
CRI4
CARI

R2

RMSE

0.46
0.45
0.45
0.45
0.45
0.44
0.44
0.43
0.42
0.41
0.40
0.40
0.39
0.38
0.38
0.38
0.37
0.36
0.35
0.33
0.32
0.32
0.31
0.31
0.29
0.29
0.28
0.28
0.25
0.24
0.24
0.23
0.20
0.17
0.17
0.11
0.10
0.09
0.09
0.07
0.06
0.05
0.04
0.03
0.02
0.01
0.01
0.01
0.00

651.5
654.3
654.6
657.7
658.7
660.4
661.5
668.5
676.9
681.5
685.8
688.4
694.7
695.1
698.0
698.7
704.2
707.9
714.2
727.9
729.1
731.4
733.7
736.6
745.3
745.7
753.0
754.1
766.4
770.3
773.5
777.9
790.8
806.6
808.5
834.2
842.7
843.6
845.6
854.3
860.4
864.9
867.6
874.1
876.4
880.6
880.6
881.0
886.0
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Table 2.2: Performance by vegetation index in an ordinary linear regression. Bold indices
are selected within the satisfactory subset. Underlined indices are those remaining after the
filtering process. (continued)
Vegetation Index

R2

RMSE

Vegetation Index

R2

RMSE

Obs: Values corresponding to an ordinary linear regression (stats::lm).

1000

0.64

600

800

0

400

Wavelength band 2 (nm)

Optimized Normalized Ratio Indices: Figure 2.5 presents the R2 value for each NRI
(λ1 ,λ2 combination) and pasture biomass values. The region with the highest correlation
to pasture biomass (delimited by a dashed rectangle) occurred within the far end of the
red-edge region (680–730 nm) until the NIR shoulder (up to 900 nm). The best performing
NRI (λ1 = 745, λ2 = 755 nm) is then added to the feature-space in which the feature
selection will be performed.

400

600

800

1000

Wavelength band 1 (nm)
Figure 2.5: Normalized Ratio Index Correlogram (λ1 , λ2 and biomass). Displaying the
determination coefficients between biomass and narrow band NRI values calculated from all
possible combinations spread across λ1 (350—1075 nm) and λ2 (350—1075 nm). Dashed
rectangle limits λ1 700–900 and λ2 700–760 nm
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600

optimal subset
satisfactory subset
threshold line

50
40

RMSE

30
500

20

450

% Tolerance

550

10
0

400
0

5

10

15

20

Number of Features

Figure 2.6: Feature Selection Protocol. Average RMSE by number of VIs (features). Optimal
(filled circle) and satisfactory (filled triangle) subsets have 20 and four VIs, respectively. Optimal
subset corresponds to the lowest average RMSE found through the feature selection process.
The satisfactory subset corresponds to the minimal number of features (i.e., VIs) below a ten
percent tolerance threshold over the minimal RMSE

2.3.3

Feature Filtering and Selection:

The filtering selection protocol reduced the number of features from 97 to 19 VIs. Within
the selection workflow, the optimal (filled circle) and satisfactory (filled triangle) features
subset were identified in the feature selection protocol (Figure 2.6). By this protocol, the
number of VIs necessary to fulfill this constraint (i.e., 10% threshold above minimum
RMSE) was equal to four and are listed in Table 2.3 as well as indicated in boldface in
Table 2.2. Complementary, the optimal model, or the model with lowest RMSE value,
includes all 20 VIs (i.e., filtered VIs plus the optimized NRI). However, the increments in
performance are marginal from six features onward (Figure 2.6).
Variable Importance. The four selected VIs (satisfactory subset) used as features for
different regression techniques are: the optimized NRI, Chlorophyll Index, Simple Ratio
7 and Double Difference near the red-edge. Variable importance, extracted as per the
description in Methods, respective formulas and bibliographical references are listed in
Table 2.3.
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Table 2.3: Selected Vegetation Indices (satisfactory subset), Variable Importance, Formulas
and References.
Vegetation Index

Importance

Formula

Author(Year)

Optimized NRI
Chlorophyll Index
Double Difference n
Simple Ratio 7

29.7
27.5
17.2
14.6

(λ755 − λ745 ) / (λ755 + λ745 )
(λ675 ∗ λ690 ) /λ2683
2 ∗ (λ710 − λ660 − λ760 )
λ440 /λ690

Mutanga and Skidmore (2004a)
Zarco-Tejada et al. (2003)
Lichtenthaler et al. (1996)
le Maire et al. (2008)

2.3.4

Performance Analysis:

From the repeated k-fold cross-validation, the error metrics for each feature(s)-algorithm
pair are summarized in Table 2.4. It presents, in descending order, the feature(s)-algorithm
pair performances. Results range from (max) 770.6 to (min) 325.3 kg DM/ha (RMSE)
from NDVI and SVM, respectively. In terms of precision, the standard-deviation (SD)
ranges from 59.5 to 15.6 kg DM/ha (RMSE).
Table 2.4: Posterior analysis results for each feature(s)-algorithm pair.
RMSE
Models
NDVI
OptNRI
RPM
LM
MARS
SVM
RF
STACK

R2

MAE

Average

SD

Max

Min

Average

SD

Max

Min Average

636.9
520.3
521.8
475.8
453.8
425.7
407.6
405.8

59.5
51.0
58.8
46.0
44.8
45.1
41.7
15.6

770.6
692.2
645.5
571.9
528.5
513.4
493.5
434.2

532.1
406.2
374.8
354.9
338.5
325.3
327.6
367.5

0.49
0.65
0.68
0.71
0.74
0.77
0.79
0.79

0.05
0.08
0.07
0.06
0.06
0.06
0.05
0.02

0.61
0.77
0.82
0.84
0.86
0.88
0.88
0.82

0.39
0.45
0.54
0.55
0.56
0.61
0.63
0.74

495.0
412.0
406.6
371.5
358.3
332.6
312.3
310.7

SD

Max

Min

38.1
36.2
45.8
36.4
36.6
34.5
33.1
12.5

567.5
514.1
511.8
442.3
419.2
401.1
386.7
337.8

430.0
311.1
296.8
295.7
279.6
259.2
248.9
278.3

The performance of RF and STACK models are equivalent in terms of average accuracy.
However, the STACK model is more precise with a standard-deviation of 15.6 kg DM/ha
in contrast to 41.7 kg DM/ha of the RF model. Such difference in error-distribution is
statistically significant (p-value<0.01) as per the results of a two-sample KS-test results,
displaying narrower error-distribution for the STACK model (Figure 2.7 - b).
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Figure 2.7: Density plot of the error-distribution RMSE for each model - (a): different
features fitted to a linear model. (b): selected VIs (features) fitted using non-parametric
methods.

Figure 2.7 presents the density plot of error-distribution of each feature(s)-algorithm pair,
from which a visual assessment of accuracy and precision can be extracted. This figure is
divided in to a density plot where only an ordinary linear regression (parametric) model
was employed (Figure 2.7- a) and models where different non-parametric models and the
selected VIs were employed (Figure 2.7 - b).
The visual analysis provided a clear indication of the higher precision of the STACK
model in comparison with other methods. In the interest of avoiding similar figures, only
the RMSE density plot will be presented as the same information for MAE and R2 are
also presented in Figure 2.8. The ranking and performance (average error metrics and
error-distribution) of each feature(s)-algorithm pair is presented in Figure 2.8.
The results of the benchmark methodology developed by Kuhn and Johnson (2013) are
presented in Table 2.5. With regard to accuracy differences, the best performing feature(s)algorithm pair is the STACK of models with an average RMSE = 405.8 and MAE = 310.7
kg DM/ha. The lowest performing feature-algorithm pair is NDVI based on an ordinary
linear model. Likewise, the saturation of NDVI becomes noticeable at around 2.500 kg
DM/ha, whereas the optimized NRI does not present the same pattern (Figure 2.9).
As a consequence, the maximum RMSE difference between feature(s)-algorithm pairs is
between the STACK models and NDVI (231.1 kg DM/ha). Additionally, the optimized
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NRI has, on average, a ∆ (difference) in RMSE of 111.1 kg DM/ha smaller than the NDVI
(Table 2.5).
Concerning error-distribution (precision), most noticeably the results of the t-tests (lower
diagonal - Table 2.5), indicate that the average inaccuracy (RMSE and MAE) of (i) the
STACK and RF models and (ii) RPM and optimized NRI are not statistically different
(Table 2.5). Given such, it follows to check if each of these two pairs, (i) RPM/optimized
NRI and (ii) RF/STACK, share equivalent error-distributions.
The p-value (0.717) for the two-sample KS-test indicates that the error-distribution between
the RPM and the optimized NRI are not statistically different. These results indicates
that both accuracy (Table 2.5 - t-test diagonal RMSE) and precision (KS-test) of the
RPM and optimized NRI are equivalent.
In contrast, for the STACK and the RF algorithm, the KS-test p-value was 0.01. That
indicates that both (error) distributions are unlikely (p-value < 0.05) to share the same
distribution. In practical terms, these post-hoc tests indicate that the use of the STACK
model provides more precise estimates, making it a more stable model, given that the
standard-deviation of the error metrics (Table 2.4) for the STACK model is smaller than
any other feature(s)-algorithm pair (Figure 2.8).

R2

RMSE

MAE

STACK

RF

SVM

MARS

LM

RPM

OptNRI

NDVI

0.4

0.5

0.6

0.7

kg DM/ha

0.8

0.9

400

500

600

kg DM/ha

700

250

300

350

400

450

500

550

kg DM/ha

Figure 2.8: Error distribution presented through boxplots. The four top boxplots refer to
non-parametric models. Conversely, the four boxplots on the bottom relate to ordinary linear
models. The STACK model presents a narrower error-distribution.

2.3 Results

27

Table 2.5: Posterior Analysis - RMSE, MAE and R2 for feature(s)-algorithm pairs.
Models

MARS

MAE
MARS
LM
SVM
RF
OptNRI
RPM
NDVI
STACK

0.00
0.01
0.00
0.00
0.00
0.00
0.00

RMSE
MARS
LM
SVM
RF
OptNRI
RPM
NDVI
STACK

0.00
0.00
0.00
0.00
0.00
0.00
0.00

R2
MARS
LM
SVM
RF
OptNRI
RPM
NDVI
STACK

0.00
0.00
0.00
0.00
0.00
0.00
0.00

LM

SVM

RF

OptNRI

RPM

NDVI

STACK

-25.10

11.36
36.46

31.52
56.61
20.15

-69.12
-44.02
-80.48
-100.63

-59.11
-34.01
-70.47
-90.63
10.01

-147.45
-122.35
-158.81
-178.96
-78.33
-88.34

36.83
61.92
25.46
5.31
105.94
95.94
184.27

0.00
0.00
0.00
0.00
0.00
0.00

-38.31
0.00
0.00
0.00
0.02
0.00
0.00

0.04
0.00
0.00
0.00
1.00
0.00
0.00

0.00
0.00
0.00
0.00
0.00

13.31
51.62
0.00
0.00
0.00
0.00
0.00

-0.02
-0.06
0.01
0.00
0.00
0.00
0.01

0.00
0.00
0.00
1.00

29.26
67.57
15.95
0.00
0.00
0.00
1.00

-0.03
-0.08
-0.02
0.00
0.00
0.00
1.00

1.00
0.00
0.00

-78.45
-40.15
-91.76
-107.72
1.00
0.00
0.00

0.10
0.05
0.11
0.13
0.24
0.00
0.00

0.00
0.00

-74.40
-36.09
-87.71
-103.66
4.05
0.00
0.00

0.06
0.02
0.08
0.09
-0.04
0.00
0.00

0.00

-189.51
-151.21
-202.82
-218.78
-111.06
-115.11

41.60
79.91
28.29
12.34
120.05
116.00
231.11

0.00

0.25
0.21
0.27
0.28
0.15
0.19

-0.05
-0.09
-0.03
-0.02
-0.15
-0.11
-0.30

0.00

Footnote
Upper diagonal: average difference between each feature(s)-algorithm pair
(MAE, RMSE are expressed in kg DM/ha ). Lower diagonal: t-test p-value for H0:
difference = 0.05. p-value adjustment: bonferroni

Validation results, in which trained-tested models are applied to an unseen (validation)
dataset, are presented in Figure 2.9. The first row of plots presents predicted vs. observed
results for different features in ordinary linear regressions (parametric-model). The
second row presents the performance of selected VIs in different non-parametric regression
algorithms.
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Figure 2.9: Scatterplots of predicted vs observed data of all feature(s)-algorithm pairs on the validation dataset (n = 270). The first
row presents different features using an ordinary linear regression (parametric-regression). The second row uses the four selected VIs
(i.e., satisfactory subset) in different (non-parametric) regression algorithms. Noticeably, the NDVI (top-left) scatterplot illustrates
its saturation issue at around 2.500 kg DM/ha. Scatterplots have been arranged according to accuracy improvements and follow a
left-to-right and top-to-bottom order.
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Discussion

This study successfully selected and validated a subset of (four) VIs and regression
technique (STACK) that largely outperforms the conventional method (RPM) for biomass
estimation by an average ∆ RMSE of 116kg DM/ha (Table 2.5).
This analysis has also shown that, in comparison to the most commonly adopted method
on precision agriculture (i.e., standard NDVI), the best method substantially decreases the
average inaccuracy and error-distribution (RMSE ±SD) of biomass estimation from 637
±60 to 406 ±16 kg DM/ha (Table 2.4), while eliminating its characteristic saturation issue
(Figure 2.9 - NDVI). In retrospect, given the worse performance of NDVI in comparison
with the RPM (∆ RMSE = 115 kg DM/ha), it is clear why end users have not adopted
NDVI over RPM measurements.
The approach of an exhaustive-search of an optimized NRI identified a band combination
that, both in terms of accuracy and precision, is equivalent to the RPM (Table 2.5). The
performance of this particular VI (optimized NRI λ1 = 745, λ2 = 755 nm) is in-line with
the results reported by Mutanga and Skidmore (2004a). Equivalent performance and
similar spectral band combinations were also presented in Cho et al. (2007), who reported
that such combination overcomes the saturation issue presented by the standard NDVI
(Figure 2.9 - optimized NRI).
An additional set of 97 other VIs was tested and compared based on a linear regression
performance (Table 2.2): all were suboptimal in performance when compared to the
optimized NRI. However, it is important to remark that the performances of these 97
VIs as predictors may be handicapped by a poor fit (Table 2.2), as the best fit function
between a VI and biomass is not necessarily linear. Yet, the analysis demonstrated that
the VIs extracted from the literature present a high degree of multicollinearity. The
process of filtering eliminated 80.4% (78 out of 97) of features (VIs): a strong indication
of redundancy and limitation of VIs. Also, the selection protocol indicated that models
with more than four VIs only yield marginal accuracy improvements (Figure 2.6).
This analysis also quantified the improvement in error-metrics when employing nonparametric models in comparison to a parametric model (i.e., ordinary linear regression
- LM). On average, the use of ordinary linear regression, with the same selected VIs,
presented an additional 38.3, 51.6, 67.6 and 79.9 kg DM/ha error (RMSE) compared to
MARS, SVM, RF and STACK models, respectively. It is important to highlight that such
improvement in performance is due exclusively to model selection and tuning, improving
results without requiring additional features.
While there are accuracy improvements based solely on the choice of employing either
parametric or non-parametric models (e.g., STACK - LM = ∆ 79.9 kg DM/ha), such
improvements are not so substantial within the group of non-parametric models. The
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largest difference between non-parametric models (RF - MARS) was equal to 29.3 kg
DM/ha. Overall, the largest improvements in performance are due to a better selection
of features (e.g., LM - NDVI = ∆ -151.2) rather than a better performing regression
algorithm. This highlights the importance of feature selection and feature engineering
(e.g., optimized NRI process).
It was not surprising that both the RF and STACK techniques share the same average
accuracy. Random forests employs the technique of bootstrapping the dataset and
aggregating results (known as bagging). The same core concept is used in stacked models.
However, STACK models present a better precision level, given that their output is an
ensemble of other models (not features).
In essence, this analysis has shown that the use of a small feature set of VIs coupled with
non-parametric methods enhances the accuracy and precision of pasture biomass estimation.
Such VIs are located in the region of the red-edge and NIR-shoulder (Figure 2.10), regions
which have been identified as important for chlorophyll and/or leaf area index (LAI)
assessment (Darvishzadeh et al., 2008; Delegido et al., 2011) as well as for pasture biomass
estimation (Clevers et al., 2007).
It is reasonable to hypothesize that the selection of VIs around the red-edge could be
linked with an underlying physiological process as canopies with higher levels of biomass
will present higher LAI and chlorophyll mass (drivers of shifts on the red-edge). Previous
studies have reported similar findings: Horler et al. (1983) credits the red-edge shift,
centered at around 740 nm, to leaf stacking, thus, showing a causal link with biomass.
Tucker (1977b) and Collins (1978), indicated the same spectral region (740 nm) and
behavior when estimating attributes linked to biomass. Guyot and Baret (1988) examined
the effects of higher chlorophyll content and LAI on the spectral behavior around the
red-edge. Finally, Mokvist et al. (2014) discussed a wider range of the limits of the far-red
spectral absorption, demonstrating a plasticity for light absorption at higher biomass
levels, indicating a characteristic which might overcome saturation.
Given the similar results and the mechanistic link explored by these previous studies,
the approach and findings become more robust and, most likely, generalizable to other
locations or contexts.
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Figure 2.10: Selected VIs through the feature selection workflow. In the background, the
mean (solid line), upper and lower boundaries (SD, dashed line) of all spectral observations.
Different line styles identify each selected VI. All VIs have at least one band within the regions
of chlorophyll absorption, the red edge and the NIR shoulder

The plateau of 430 kg DM/ha (RMSE) is equivalent to approximately 6.5 g per sample
area (0.15 m2 ). Thus, a fraction of this error may well be due to the sampling/harvesting
technique or even a drying process that, despite best efforts, has an inherent random noise.
It is reasonable, therefore, to assume that this methodology was able to explain most of
the variance which could be mapped by VIs. Further performance improvements in error
metrics are mostly likely due to overfit or noise-fitting. As illustrated in Figure 2.6, the
addition of extra VIs will only yield marginal improvements. Under normal field-conditions,
it seems unlikely that measurement error could be decreased further.
The ranges presented in Table 2.1 are in-line with growth rates, canopy architecture and
height displayed in different seasons as per the intrinsic ecophysiological characteristics of
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cool-season grasses (Christie et al., 2018). Given the significant duration and number of
data collection campaigns, coupled with the consequent different plant development stages,
this dataset should provide an adequate surrogate for on-farm pasture conditions.
As spectral data is highly correlated, it is unlikely that the relationships found would not
perform equally well whenever employed in perennial ryegrass pastures displaying the
same range of biophysical and biochemical status to the sample site in this study, granted
that no major factor which could influence spectral response is introduced (e.g changing
light/atmospheric conditions or soil-background at low biomass levels). This indicates
a satisfactory approach to estimate a wide range of pasture biomass values throughout
the year with a small number of VIs, which could be implemented on a UAV mounted
sensor.

2.5

Conclusions

In this study, we examined the accuracy and precision of vegetation indices and machine
learning methods for biomass assessment, while featuring the rising plate meter (RPM) as
benchmark for pasture management. This study was able to present, test and evaluate
an optimal method to select and employ spectral vegetation indices (VIs) for biomass
assessment of perennial ryegrass under different fertilization, regrowth periods and seasonal
effects. Findings are in-line with previous results reported in the literature, while our best
method largely outperforms standard practices (i.e., RPM) as well as known VIs.
Our study has shown that the optimized NRI is equivalent to the RPM while providing
a firm analytical ground for substitution between these techniques. Also, it is clear that
reflectance can outperform canopy height as a feature for biomass estimation provided
that the optimal spectral bands and methods are employed. Furthermore, multispectral
systems can be employed in a multitude of data acquisition platforms, providing estimates
at near or real-time.
This analysis could lead to the development of a multispectral UAV-mounted sensor with
known added-value in relation to current on-farm practices and precision agriculture
methods. Overall, the comparison of achievable accuracies by employing either canopy
height or reflectance (through VIs) can indicate the most appropriated path when
developing sensors and establishing optimal sensing techniques (either spectral or canopy
based) for assessing pasture biomass.
Given the agreement of these findings with previous research, the best method (STACK
and selected VIs, as feature(s)-algorithm pair) and validation results (i.e., assessed against
an unseen validation set) should be transferable from this study site to other locations.
Furthermore, from an end-user perspective, the accuracy and precision achieved is sufficient
to efficient pasture-management.
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Given the high accuracy achieved, further improvements to this methodology will necessarily
have to take into account the accuracy of reference measurements and data-collection
protocols. However, given the unsatisfactory results of current VI methods, a new UAV
sensor (with a small number of bands) should benefit from the results and methods
presented here. Finally, this study also indicated that the most well-known VI (NDVI) is
not optimal for biomass estimation. It also indicated that better performing VIs which
could be measured from a UAV-mounted multispectral sensor, which would allow mapping
and monitoring of pasture biomass with high accuracy at very high spatial resolution and
with complete coverage of management areas.

Chapter 3
Retrieval of Crude Protein in
Perennial Ryegrass Using Spectral
Data at the Canopy Level

This chapter is based on:
G. Togeiro de Alckmin, A. Lucieer, G. Roerink, R. Rawnsley, I. Hoving, and L.
Kooistra (2020b). “Retrieval of Crude Protein in Perennial Ryegrass Using Spectral Data
at the Canopy Level”. Remote Sensing 12.18, 2958. doi: 10.3390/rs12182958. url:
https://www.mdpi.com/2072-4292/12/18/2958
Supplementary materials to this chapter can be found in the online publication.
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Abstract
Crude protein estimation is an important parameter for perennial ryegrass (Lolium perenne)
management. This study aims to establish an effective and affordable approach for a
non-destructive, near-real-time, crude protein retrieval, based solely on top of canopy
reflectance. The study contrasts different spectral ranges, while selecting a minimal number
of bands and analyzing achievable accuracies for crude protein expressed as a dry matter
fraction or in a weight per area basis. In addition, model prediction performance in known
and new locations are compared. Data collection comprises 266 full-range (350 - 2500
nm) proximal spectral measurements and corresponding ground truth observations in
Australia and the Netherlands from May to November 2018. An exhaustive-search (based
on a genetic algorithm) successfully selected band subsets within different regions and
across the full spectral range, minimizing both number of bands and an error metric. For
field conditions, our results indicate that the best approach for crude protein estimation
relies on the use of the visible to near-infrared range (400 - 1100 nm). Within this range,
eleven sparse broad bands (of 10 nm bandwidth) provide better or equivalent performance
than previous studies which used a higher number of bands and of narrower bandwidth.
Additionally, when using top of canopy reflectance, our results demonstrate that the
highest accuracy is achievable when estimating crude protein in its weight per area basis
(RMSEP 80 kg/ha). These models can be employed to new unseen locations results with a
minor decrease in accuracy (RMSEP 85.5 kg/ha). Crude protein as a dry matter fraction
presents a bottom-line accuracy (RMSEP) ranging from 2.5 - 3.0 %DM in optimal models
(requiring ten bands). However, these models display a low explanatory ability of the
observed variability (R2 > 0.5), rendering it only suitable for qualitative grading.

3.1 Introduction
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Introduction

Timely assessment of feed quality parameters is necessary for optimal management of
pasture-based dairy (livestock) systems. Such monitoring can instruct well-informed
decisions in grazing (feeding) management, according to whichever nutritional goals are
established (Fariña et al., 2011). Currently, these parameters are usually estimated through
laboratory analysis, involving time-consuming sampling procedures, complex logistical
operations and are subject to the availability of a service provider (Jones et al., 1987;
Roberts et al., 2004). In practice, most pasture managers often rely on proxies such
as seasonal patterns, plant maturity, morphology or ecophysiological relations (Prewer
et al., 2004), which may not provide the accuracy nor precision required for optimal
pasture management (Machado et al., 2005). Within perennial ryegrass’ (Lolium perenne)
macronutrients, crude protein (CP) usually displays the largest variability (Roberts et
al., 2004), directly responding to soil-plant-animal interactions and seasonal patterns,
whilst being a key component to optimal ruminal activity and, consequently, intake and
digestibility (Valk et al., 2000).
Feed quality assessment is ultimately based on wet-chemistry methods which are usually
expensive, complex and time-consuming. Inversely, near-infrared spectroscopy (NIRS)
is an established spectral-based laboratory technique able to reduce costs and increase
throughput, while providing estimates equivalent to such reference methods (Jones et al.,
1987; Norris et al., 1976). Ideally, employing non-destructive spectral analysis in field
conditions would be advantageous to farmers as accurate real-time information allows
precise management of the herd’s diet and understanding of short and long-term effects of
different strategies for grazing (e.g., grazing interval and pressure) and pasture management
(e.g., timing and application rates of inputs).
To such end, remote sensing (RS) has been employed in several studies (Curran, 1989;
Kawamura et al., 2008; Sanches et al., 2013; Wijesingha et al., 2020), where different
spatial, spectral and data acquisition scales (e.g., proximal, low-level flight, airborne
and satellite) were examined. None, however, has found the same level of accuracy for
crude protein retrieval as benchtop NIRS, demonstrating the challenging nature of the
straightforward translation of laboratory methods to field conditions. In contrast to
processed laboratory samples (i.e., dried and ground), spectral field measurements are
impaired by non-homogeneous biophysical attributes of targets (e.g., moisture, LAI, LAD)
(Asner, 1998), in which the underlying fundamentals of spectroscopy (Beer-Lamberts’ law)
(Beer, 1852; Curran, 1989) are not entirely observed.
In outdoor environments, measurements and analyses are increasingly complex given the
dynamic and reactive nature of plant-light interactions and nitrogen mobility through the
plant (Baranoski and Eng, 2007; Shorten et al., 2019). More importantly, field spectroscopy
is an ill-posed problem as per Hadamards’s definition (Hadamard, 1902): an observed
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spectral response can be resolved by multiple combinations of parameters (e.g., pigment
concentration, optical thickness), resulting in ambiguous estimations of the target’s true
constituents (Asner, 1998; Baret and Samuel, 2008). Consequently, in the absence of prior
biophysical information, plant-tissue biochemical characterization based solely on top of
canopy (TOC) reflectance is inherently poorly determined.
To cope with such limitations, two approaches have been extensively utilized (Baret et al.,
2006; Biewer et al., 2009; Kawamura et al., 2010; Starks and Brown, 2010; Thulin et al.,
2014): (i) the use of spectral shapes and transformations (e.g., derivatives and continuumremoval) and (ii) the estimation of the canopy’s biochemical attributes in conjunction
with biophysical properties (e.g., biomass per unit area). Such approach (ii) has led to the
retrieval of biochemical estimates as mass per unit area (i.e., kg/ha) rather than as a dry
matter (DM) fraction (i.e., %DM) (Baret and Fourty, 1997; Baret et al., 2006).
While spectral transformations (i) are used as a tool to disentangle overlapping absorption
features and ameliorate light scattering, in practice, such potential has not been confirmed
in uncontrolled environments when employed as a preprocessing tool to improve estimations
(Starks et al., 2006; Thulin et al., 2014). Additionally, in a farm-scenario, its adoption would
be limited by the necessary number of contiguous bands, narrow-bandwidth, radiometric
sensitivity and high signal-to-noise ratio necessary for its accurate computation. In
contrast to transformations, reflectance measurements can be executed in sparse bands,
with broader bandwidths and coarser radiometric resolution. Hence, a plausible alternative
is the (ii) estimation of biochemical attributes in terms of mass per area through reflectance
measurements (Kattenborn et al., 2019).
Despite not achieving the same levels of accuracy as NIRS, from a pasture management
perspective, the absence of extremely accurate estimates (i.e., within less than 1% of
the reference method) is offset by continuous non-destructive estimations of acceptable
precision, provided that these are made available at a low-cost and without geographical
or temporal restrictions. These requirements can be met through the development of a
spectral model with a small number of bands (i.e., feature selection), validated under
representative sampling conditions (i.e., different locations, dates or seasons). Such
conditions are essential to instruct the design of an effective, low-cost sensor for CP
estimation.
Notably, hyperspectral data presents a high degree of multicollinearity (i.e., redundancy
of explanatory variables), which is usually handled through multivariate techniques such
as partial least squares regression (PLSR). However, a common misconception is the
assumption that the full spectral range should yield better results than the causal or
informative part of the spectra (Kjeldahl and Bro, 2010), allowing for a feature selection
routine without a corresponding loss on model prediction accuracy (Rasmussen and
Bro, 2012). However, due to overlapping absorption features and multicollinearity, an
upfront and deliberate choice of optimal spectral ranges or band subsets (i.e., explanatory
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variables) is not trivial. Multicollinearity also renders model comparison and performance
analysis difficult as different subsets of bands can be employed with equivalent model
performance.
Approaching these issues, Kawamura et al. (2010) provides an insight into feature selection
for crude protein yield (CPm , kg CP/ha) and achievable accuracies employing both iterative
stepwise elimination and genetic algorithm (GA) routines, reporting best results in the
latter (R2 = 0.79 and 0.85, respectively). The authors also applied the same routines to
estimate %CP and, as expected, reported lower accuracies than CPm (R2 = 0.30 and 0.27,
respectively).
To a large extent the cost-requisite can be tackled by a restriction of spectral regions
employed in models and, consequently, sensors. Visible and near-infrared (VIS-NIR,
400–1100 nm), mostly Si-based semiconductors, mass-produced for off-the-shelf consumer
cameras, are less expensive than shortwave infrared (SWIR, 1100 - 2500 nm) instruments,
mostly InGaAs or PbS -based. Discussing this issue, Starks et al. (2006) reported that
CP (%CP and CPm ) could be best estimated using the VIS-NIR rather than the SWIR
portion of the spectrum.
By joining these methods (Kawamura et al., 2010; Starks et al., 2006), this study aims
to assess model performances coupled with routines of feature selection within different
spectral regions (i.e., VIS-NIR or SWIR) or the full spectrum (FS) range. Such analysis
can inform both the minimal necessary spectral measurements for crude protein retrieval
as well as the design of a multispectral (MS) sensor (both point-measurement or imaging
system), less complex and costly than hyperspectral instruments employed in laboratory
analysis.
In summary, this research aims to predict perennial ryegrass CPm and %CP after routines
of feature selection (i.e., genetic algorithm) employing either VIS-NIR, SWIR or the
full-range spectrum as predictors. Spectral transformation (e.g. derivatives or continuumremoved features) are not to be employed, as these require either contiguous or specific
bands and low radiometric error, which may prevent the transferability of findings to
a rural scenario. Finally, the analysis of the data should indicate a necessary minimal
number of spectral bands for the design of a multispectral sensor at low-cost with an
acceptable accuracy, which can be integrated in an autonomous system (unmanned aerial
or ground vehicle) for a higher level of automation in data collection.

3.2

Methods

The experimental units consisted of rainfed perennial ryegrass plots managed under
different nitrogen (N) fertilization regimes and mowing intervals, generating a quantitative
and qualitative gradient. The combination of these factors (i.e., nitrogen rate and regrowth
interval) was randomized across each pseudo-replicate (Figure 3.1 - A and B). Nitrogen
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(supplied as urea) was broadcast uniformly across each plot. For all plots, the residual
mowing-height was approximately 50 mm (Figure 3.1 - II).
Four experimental sites were available: Elliot, Goutum, Vredepeel, and Zegveld. While
the first is located in Australia (Tasmania), the remaining sites are in the Netherlands.
The data collection period started in early May and finished in late November 2018
(Table 3.1).
Table 3.1: Metadata associated with the data collection per location.
Location

Date 1

Date 2

Date 3

Instrument

Soil Type

Elliot (AU)

11-Nov

17-Nov

24-Nov

FieldSpec 4

Clay

50-75-100

3

Goutum (NL)

15-May

28-Jun

05-Oct

FieldSpec 3

Clay

180-360

4

Vredepeel(NL)

11-Jun

03-Jul

27-Sep

FieldSpec 3

Sandy

180-360

4

Zegveld (NL)

10-May

19-Jun

10-Oct

FieldSpec 3

Peat

180-360

4

*

N Rates *

Regrowth **

kg N/ha ** Weeks/Mowing Cycles

3.2.1

Experimental Setup

The Dutch experimental sites (Figure 3.1 - A) contained 24 plots per location. In each,
the layout was a factorial combination of three N fertilization levels (0, 180, and 360 kg
N/ha per year), four mowing intervals (in a cycle of four weeks, when then all plots were
mown) and two pseudo-replicates of this combination, as presented in Hoving et al. (2018).
Each site is located within a different soil type (either clay, sandy or peat). Data collection
spanned from May to October 2018. From the second half of July till September, data
collection was interrupted due to a prolonged heatwave and drought, which constrained
plant growth.
The Australian site (Figure 3.1 - B) consisted of 30 plots, managed under five different N
levels (0, 25, 50, 75, and 100 kg N/ha) applied on October 20th , at a clay soil location. A
set of 10 distinct plots was mowed on November 11th and 17th , resulting in three different
regrowth periods. Data collection took place in the 11th , 17th , and 24th of November,
2018.
To provide evidence that these models are not restricted by location or season, data
was collected in four locations (one in Australia and three in the Netherlands) spanning
from Spring to Autumn (i.e., the most important growth period), during early May to
late November 2018. Nitrogen levels were set based on previous research work and in
accordance to appropriate ranges of fertilizer levels commonly applied in each production
system (Hoving et al., 2018; Rawnsley et al., 2014; Valk et al., 2000). Dates were chosen
to portray the most important growth periods (i.e., Spring and Autumn) for cool-season
grasses. Only in Australia all data was collected in Spring (November), as the instrument
was available for a limited period of time. However, Australian biomass and %CP ranges
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were comparable to the locations in the Netherlands and analyzed within the Ground
Truth Analysis.

Figure 3.1: Data collection protocol (I - III) and plot layout (basic pseudo–replicate, A and B).
Top: (I) Spectral Measurements, (II) Mechanical Defoliation and (III) Drying and Weighing.
Bottom: basic Dutch (A) and Australian (B) plot layout. Borderline colours indicate regrowth
period and hues of green (darker higher rates) indicate nitrogen levels (rates are also indicated
within each plot)

3.2.2

Data Collection

An identical data collection protocol was performed across sites and dates (Figure 3.1
- I to III). Spectral measurements, ranging from 350 to 2500 nm, were taken in clearsky periods at around solar noon ± 2 hours. Total time employed for spectral data
collection ranged from 45 minutes to one hour. An ASD FieldSpec® 3 and FieldSpec® 4
(Malvern PanAnalytical - Colorado, USA) were employed in the Netherlands and Australia,
respectively. Both instruments had no attached fore optics (i.e., bare fiber. Field of view:
25°) and were configured using the following setup (i.e., number of scans): 60 for white
reference (SpectralonTM . Labsphere - New Hampshire, USA), 60 for dark-current, 30 per
measurement and five measurements of each target (Figure 3.1 - I). The average of these
five measurements was utilized, for analysis purposes, as the target’s reflectance value.
Measurements were taken at approximately one meter high (Figure 3.1 - I), resulting in a
circular footprint of approximately 0.44 m diameter.
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After the measurements of each plot were taken, a reference scan of the white reference
was recorded for quality assurance. This procedure aimed to create a pseudo dual field
of view (Mac Arthur and Robinson, 2015), by which the target’s reflectance could be
further corrected in case of changing ambient light (e.g., cloud formation). The instrument
was recalibrated whenever the white reference measurement deviated from a straight line
centered at one or a maximum time-limit of seven minutes between recalibrations was
reached, whichever occurred first.
The footprint was mechanically defoliated to a specific residual height (i.e., 50 mm) and
stored in perforated plastic oven bags (Figure 3.1 - II). Such residual height corresponds to
the best practice perennial ryegrass management (Fariña et al., 2011) as well as a height
strata that has little to no light interaction (Lantinga et al., 1999). The harvested material
was immediately refrigerated and transported from the experimental sites to a forced-air
oven, where it was dried for 48 hours at 65 °C and weighed (Figure 3.1 - III).
The samples were then taken to a third-party feed quality laboratory (EuroFins Agro, NL
and FeedTest, AU), where %CP was estimated using proprietary NIRS methods. Crude
protein fraction estimates are expected to be within less than 1.0% RMSE (Marten et al.,
1989) of wet-chemistry methods results.
Observations with sample-weight above 3500 kg DM/ha were excluded from the data set as
these are not biomass levels to be achieved within the best pasture management practices
(Fariña et al., 2011) (target pre- and post-grazing biomass of 2400 to 1500 kg DM/ha,
respectively) and, thus, should not be considered within the representative conditions
under which these models should operate.
3.2.3

Data Analysis

Data analysis was performed in RStudio/R (R Core Team and R Development Core
Team (2019), versions 1.2.5 and 4.0.2, respectively). The main necessary packages for the
analysis, besides the base and dependencies packages, are rsample (Kuhn and Johnson,
2019), desirability (Kuhn, 2016), plsVarSel (Mehmood et al., 2012), and caret (Kuhn, 2008).
For reproducibility purposes, data analysis operations are introduced by the corresponding
package::function format (italics typeface and accompanied by the double colon operator,
i.e., the scope resolution operator).
Ground Truth Analysis
Comparability between locations: measurements underwent a series of post hoc tests
(i.e., analysis of variance) to ensure that data collected between locations was comparable,
testing whether average values(µ) and variances (σ 2 ) were significantly different (H0 : µi =
µj at α = 0.05). Initially, the Bartlett Test of Homogeneity of Variances (stats::batlett.test)
was performed, followed by Kruskal-Wallis (stats::kruskal.test) and Dunn’s Multiple
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Comparisons (FSA::dunnTest). The Kruskal-Wallis (KW) test is a non-parametric method
for testing whether samples originate from the same distribution. Pearson-correlation
(ρ, and its p-value stats::cor.test) between biochemical and biophysical attributes were
also computed to identify spurious relationships between spectral based models and the
main biophysical property (i.e., biomass). Such should indicate whether CPm models were
estimating simply biomass or, indeed, the attribute of interest (i.e., CPm ).
Missing data and outlier detection: two samples had %CP missing values, as these
did not reach the minimum sample weight required for testing. For these, %CP values
were imputed (missMDA::imputePCA) using the methods described in Josse and Husson
(2016), having spectral data and metadata (e.g. collection date, location) as predictors.
Crude protein yield (CPm ) was calculated as the product of %CP per the sample’s dry
matter weight. Outlier detection was performed (enpls::enpls.od) as per the workflow
described in Cao et al. (2017). The top ten observations that accounted for the highest
error standard-deviation or error-mean were excluded from the analysis data set. Such
process is equivalent to other preliminary analysis as the inspection of the inner relations
of PLS (i.e., TU plot) where the scores of both the predictor (T ) and response variables
(U ) are plotted in order to identify outliers or the analysis of Q-residuals and Hotelling
Distance (Hotelling, 1931).
Spectral Analysis
A. Preprocessing: raw reflectance measurements were exported to ASCII format using
ViewSpecProTM and merged (dplyr::right_join) with the sample’s metadata and feed
quality information. The raw target-reflectances were summarized as the average of
the five measurements and a data frame with single reflectance value per measurement
was created. This data frame was transformed into a Speclib object (hsdar, Lehnert
et al. (2018)), spectra was corrected at 1000 and 1800 nm (prospectr::spliceCorrection FieldSpec sensor artifacts), followed by a smoothing process using a Savitzky-Golay filter
(hsdar::noiseFiltering, window-size = 19 nm) and resampling (hsdar::spectralResampling) to
10 nm (FWHM) contiguous bands, using a gaussian distribution as response function. The
Savitzky-Golay filter was set in such a way to remove high-frequency noise, prevent oversmoothing and windows-size is similar to the value (i.e., 15 nm) employed in Kawamura
et al. (2010). Bands associated with water vapor absorption features and noisy areas were
identified and excluded (i.e., 350 to 400, 1325 to 1475, 1775 to 2000 and 2400 to 2500 nm)
from the final data frame (Figure 3.2 - Pre-processing). For visualization and reference
purposes, an exploratory analysis was performed by grouping and averaging the spectra
according to quartiles (either CPm or %CP).
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Figure 3.2: Data Analysis Workflow. The workflow is divided in (A) Pre-processing, (B)
Feature Seleection and (C) Performance Assessment. Within the feature selection, three sets
(VIS-NIR, SWIR, and FS) were analyzed in parallel for further performance assessments

B. Feature (Bands) Selection: the workflow for feature selection is described in Kuhn
and Johnson (2013, ch. 19). A genetic algorithm (GA) routine for feature (i.e., spectral
bands) selection (caret::gafs) coupled with PLSR (pls::plsr, Mevik and Wehrens (2015)) was
carried out using the full spectrum, VIS-NIR (400–1100 nm bands) and SWIR (remaining
bands from 1100–2500 nm nm). The genetic algorithm conducts a search procedure based
on an initial number (i.e., population) of combinations of features (i.e., individuals).
The search procedure aims to maximize an internal optimization function (Figure 3.3,
desirability, Kuhn (2016)) that conjugates both an error metric (i.e., RMSE) and number of
features. A response-surface for the internal maximization (objective) function is presented
in Figure 3.3. For each spectral range, the function’s parameters (i.e., number of bands and
RMSE) were set in a way that its range spanned across possible solution-spaces for both
initial and final generations. These ranges were found through an unconstrained model
(pls::plsr), providing insight for achievable RMSE values. Otherwise, the GA could possibly
be constrained in solutions-spaces where changes in performance would not necessarily
equate to improvements in the objective function.
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Figure 3.3:
Internal Maximization Function Surface and Countour plot
(package::desirability). The color gradient and contour lines indicates the response
function of both model number of features and RMSE. While RMSE has a linear component,
the number of bands (features) was set to a quadratic function.

Best subsets of the feature space were found through the crossover of populations, mutation
of individuals and elitism, as described in in Scrucca (2013). A maximum number of
generations (i.e., iterations) was set to 150 and the population size was set to 50. The
range of 150 generations was set to provide an exhaustive search and, consequently, avoid
either local minima or an early interruption of the search process. The population value of
50 was set to ensure a large population, in which the algorithm could best randomly select
different subset of bands (Scrucca, 2013). To reduce the computational load, a maximum
number of latent components was set to eight during feature selection. Such number of
latent variables was chosen so at least 95-98% of the variance of the X matrix was utilized,
ensuring comparison between models.
Each generation evaluates the overall fitness and selects the best individuals to be
incorporated (as parents) to the next selection round (Figure 3.4). To assess possible
overfitting, at each generation, an external assessment (i.e., RMSE) of the best individual
was also computed. Such assessment is linked to a 10-fold cross-validation where, at each
fold, 90% of data was used to train and 10% was held out as an external assessment.
Consequently, the GA routine coupled with the internal maximization function was
carried out 10 times for each spectral range and independent variable (i.e. either CPm or
%CP).
A final selection procedure, using all 10-fold’s best individuals as initial population, was
carried out against the complete data set. The minimal RMSE individual is considered the
optimal feature subset. In total, for each of the feature selection processes, the number of
PLSR models (i.e., individuals) created was equal to 50 * 1500 as a result of the population
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size (50), the total number of generations (150), and the cross-validation process (10-fold
cross-validation).

Figure 3.4: Genetic algorithm workflow. An initial set of candidate solutions is created
from randomly selected features. These candidates are further selected based on a internal
fitness measurements. As result, an optimal subset is identified. Tuning of the algorithm is
done through adjustment on the population size, levels of crossover and mutation, number of
generations and fitness measurements.

Variable Importance: was assessed through two different parameters: variable importance
in projection (VIP - Equation 3.1), and significance multivariate correlation with PLS
(sMC - Equation 3.2), which were calculated according to Mehmood et al. (2012) and the
associated R-package plsVarSel.

vj =

v
u A
u X
tp
(SSY

comp,a )

2
× Wa,j
)/SSYcum

(3.1)

a=1

sM Cj =

M Sj,P LSregression
M Sj,P LSresiduals

where:
p : number of variables;
v j : variable importance in projection of the jth feature (band);
a to A : ath component to maximum (A) number of latent components;
j : the jth feature;
SSY : sum of squares of Y;
W : loading weights of the predictor matrix (i.e., features);
M S : mean squares (from the F-test notation).

(3.2)
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VIP calculates the cumulative measure of the influence of individual features (variables)
on the model. As a general rule, features with a VIP lower than 1 are considered not
important.
The sMC (Equation 3.2) returns the F -test value of each predictor, while also calculating
the significance F -value threshold (at α =0.05). Features with F -test value higher than
the threshold level are considered not important.
C. Performance Assessment and Validation: nested cross-validation was chosen to
assess model tuning and performance. In it, hyperparameter optimization (i.e., number of
latent components) is performed within the inner cross-validation (i.e., bootstrap), while the
outer cross-validation computes an unbiased estimate of the expected model’s average error
and distribution. The outer validation, however, is performed using two different strategies:
(I) a k-fold cross-validation (rsample::v_foldcv) and (II) a group k-fold cross-validation
(rsample::group_vfold_cv). While the first was assigned to randomly choose measurements
from all experimental sites, the latter held out a single location at a time as the validation
set. These two strategies should allow model comparison performance at locations with
prior information and at unseen locations (Figure 3.5). The first strategy (Figure 3.5 A.1 & 2) corresponds to the performance of the model when trained, tested, and validated
using all locations (i.e., prior information). In the second strategy (Figure 3.5 - B.1 & 2),
the Validation is a particular held-out location (unseen locations).
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Figure 3.5: Validation Strategies. A.1 & 2: corresponds to a model validation strategy
with (a-priori) knowledge, respectively presenting the Model Performance Assessment (A.1)
and hyperparameter tuning (A.2). B.1 & 2 Model Performance Assessment in an unseen
location. Hyper-parameters are tuned using bootstraps (B1 to B5) and validated against
different Resample Folds (R1 to R4).

3.3

Results

3.3.1

Ground Truth Analysis

As presented in Table 3.2, the experimental design was appropriate for generating a large
number of samples with a diverse range of biophysical and biochemical properties. The
number (n) of observations acquired across all locations was equal to 266 (Elliot: 50,
Goutum: 72, Vredepeel: 72, and Zegveld: 72). Following the removal of high biomass
observations (i.e., sample-weight above 3500 kg DM/ha) and the outlier detection protocol,
the final number of samples used for model development was reduced to 231. Most of the
excluded data points (considered to be outliers or high leverage data points) belonged to
Zegveld’s data set (20 - Table 3.2). On closer inspection (i.e., digital photography), these
detected outliers had a mixed botanical composition (white clover or Trifolium repens and
perennial ryegrass), thus justifying its identification as outliers and removal of the data
sets.
All locations displayed similar ranges for both %CP and biomass (Table 3.2), including
both low and high values of %CP (e.g., between 10% and 27% %CP) and biomass (i.e.,
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Table 3.2: Descriptive statistics of data biophysical and biochemical attributes per location:
CPm (kg CP.ha-1 )

Samples (n)

Biomass (kg DM.ha-1 )

% CP (% DM)

Location

Initial

Final

Mean

Min

Max

Mean

Min

Max

Mean

Min

Max

Elliot
Goutum
Vredepeel
Zegveld

50
72
72
72

46
68
65
52

223
208
172
283

43
76
70
70

578
601
479
664

20
16
18
18

12.3
9.4
9.6
11.5

27
28
26
24

1115
1380
1015
1566

224
526
395
592

2986
3282
3223
3420

between 500 and 3000 kg DM/ha). The sampling process at Elliot and Zegveld showed
a uniform distribution across the CPm range, whereas the observations of Goutum and
Vredepeel were skewed towards values below 200 kg CP/ha(Figure 3.6 - B).
Regarding comparability between locations, Bartlett’s test (p-value <0.01) rejected the
H0 (null-hypothesis) under which CPm grouped by locations displays the same variance
and, in context, were non-normally distributed. Given the non-normality, the KW test
further indicated that there was a significant difference between distribution (p-value
<0.01). Finally, the Dunn’s test (using the Bonferroni adjustment method) indicated that
while Vredepeel and Zegveld have different distributions, Elliot and Goutum were not
significantly different (α-level= 0.05) from any other location (Figure 3.6 - A).
Pearson correlation (ρ) between %CP and biomass was equal to -0.24 (p-value <0.01),
indicating that both parameters were not collinear, a possible factor for spurious regression
models. As expected, the correlation between CPm and biomass was both closely related
and significant (ρ = 0.91, p-value <0.01). Lastly, Pearson correlation between %CP and
CPm was equal to 0.13 (p-value = 0.05), indicating that higher values of CPm were not
strongly associated with increases in %CP and were, borderline, not significant.
(B)
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ab
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Figure 3.6: Boxplots (A) and density plots (B) of crude protein yield (kg CP/ha) grouped by
different locations. Dunn’s Multiple Comparisons (α-level = 0.05) results presented next to
each boxplot. Number of observations (n) per location within the bottom legend.
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Spectral Analysis

The diverse range of biophysical and biochemical generated a wide range measurable
of spectral responses, which was further enhanced by the pre-processing protocol (i.e.,
Savitzky-Golay smoothing filter and removal of noisy spectral areas, Figure 3.2).
An exploratory analysis was performed by grouping and averaging spectral measurements
within each CPm quartiles (98, 151, 219, and 409 kg CP/ha). The relationship between
CPm and reflectance levels showed to be consistent throughout the spectrum (Figure 3.8 - a
to c). Specifically, in two distinct ranges (from 400–750 nm and 1475–2500 nm), a negative
relationship between reflectance and CPm was observed. Conversely, from 750–1325 nm,
CPm and reflectance levels were positively related. On the contrary, signs of saturation
between the two largest quartiles were evident in two spectral ranges (400–560 nm and
1475–2500 nm). The largest separation between spectra was located within the NIR portion
(750–1325 nm) of the spectra (Figure 3.8 - c). Both data sets (i.e., VIS-NIR and SWIR)
employed in the GA feature selection processes, presented both direct and inverse relations
between CPm and reflectance values. This allowed the regression algorithm to make use of
these relationships without any explicit disadvantage when constraining the search-space
to either VIS-NIR or SWIR.
When employing the same exploratory analysis to %CP (quartiles: 12.9, 16.4, 19.1, and
22.7%), such separation was not clearly nor linearly distinguishable (Figure 3.8 - d to
f).
Feature Selection (Band) Selection
Genetic Algorithm - given the massive computational load, at most folds and spectral
ranges, the algorithm was able to narrow down the optimal number of features within
approximately the first 50 generations (Figure 3.7). In most folds, similarity (as measured
by the Jaccard Similarity, Jaccard (1901)) between optimal individuals reached 90% in the
50th generation. However, similarity between folds was not an issue and a comprehensive
pool of features were selected for the final GA run.
Additionally, given the extensive sampling process of the training (i.e., n = 1500) and
test (i.e., n = 150) sets - and assuming normality of residuals - 95% of residuals should
fall within the average RMSE ±1.96 standard deviation (µ ±1.96 σ), allowing to infer
whether predicting accuracies within and between spectral ranges were different (Welch
t-test, stats::t.test).
Lastly, the initial number of bands available to the start of each GA process was equal to
70, 91, and 161 for VIS-NIR, SWIR, and the Full Spectrum, respectively. In all processes,
the algorithm was successful in decreasing either the number of features or error metric,
or both. To avoid excessive repetition and long numeric sequences, selected bands are
provided as a supplementary material, although they are illustrated in Figure 3.8.
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Table 3.3: Summary of Genetic Algorithm routine results for CPm , modeled using different
spectral ranges.
Training (RMSE - kg CP/ha)

VIS NIR
SWIR
Full

Testing (RMSE - kg CP/ha)

Features (n)

µ

Max

Min

σ

Ini

Fin

µ

Max

Min

σ

Ini

Fin

µ

Max

Min

45
65
48

50
79
55

43
60
45

0.97
3.23
1.54

47
71
50

45
64
47

49
69
50

63
93
80

35
56
37

7.2
7.6
8.7

50
71
53

49
68
50

11
14
20

24
33
52

8
9
13

Note: Confidence intervals (α = 0.95) are expected to be within the mean ± 1.96 standard-deviation (µ ± 1.96σ).

VIS-NIR feature selection protocol
Crude Protein Yield (CPm ) - The confidence interval (µtraining ± 1.96 σ) for the
training set was equal 45.1 ± 1.6 kg CP/ha (Table 3.3). Within the test set, the confidence
interval (µtesting ) lies within 49.3 ± 14.1 kg CP/ha while results ranged within 35 and
63 kg CP/ha. The average RMSE of test and train sets are statistically different (as
per a two-sided t-test, p-value <0.01), which may signal over-fitting. However, the true
differences (α − level= 0.01) between averages is expected to be within -4.7 and -3.7 kg
CP/ha, a small difference. As the test set results present a wider standard deviation
(Figure 3.7), these results may indicate a difference in precision rather than accuracy.
In comparison, the RMSE values (test set) of the initial and final eleven generations
are almost identical (µinitial = 49.5, and µf inal = 49.4 kg CP/ha). Such difference was
not statistically different (p-value = 0.89); however, the average number of features
decreased from 14.8 to 9.7, which indicates that the GA process was able to effectively
reduce the number of features while keeping an equivalent level of accuracy and precision
(Figure 3.7).
Crude Protein as Dry-Matter Fraction (%CP) - The confidence interval (µtesting )
was equal to 2.7 ± 0.7 %CP, while results ranged from 1.98 and 3.55 %CP (Table 3.4).
When examining the performance of individuals of the initial and final eleven generations, a
two-sided t-test indicates that there was a significant improvement in performance (p-value
<0.01). The performance improvement is approximately equal to 7.1% (µinitial = 2.87%
and µf inal = 2.66%) while there is a simultaneous decrease in number of features (13 to
11, respectively) (Table 3.4).
In summary, the VIS-NIR spectral range presented both best accuracy (smallest mean
RMSE) and highest precision (narrowest standard-deviation) for CPm while also requiring
the smallest number of bands. For %CP, as per Table 3.4, it ranked second both in accuracy
and precision while requiring the minimal number of features. It should be noted that
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Table 3.4: Summary of Genetic Algorithm routine results for %CP, modeled using different
spectral ranges.
Training (RMSE - %DM)

VIS NIR
SWIR
Full

Testing (RMSE - %DM)

Features (n)

µ

Max

Min

σ

Ini

Fin

µ

Max

Min

σ

Ini

Fin

µ

Max

Min

2.6
2.8
2.4

3.2
3.2
2.8

2.4
2.6
2.3

0.09
0.11
0.06

2.8
3.0
2.6

2.6
2.7
2.4

2.7
3.1
2.6

3.5
4.2
3.3

2.0
2.0
1.9

0.38
0.48
0.31

2.9
3.1
2.6

2.7
3.1
2.6

12
12
20

21
27
41

8
6
12

Note: Confidence intervals (α = 0.95) are expected to be within the mean ± 1.96 standard-deviation (µ ± 1.96σ)

such higher level of RMSE was due to the average RMSE of initial generations; which were
significantly different from the final generations (two-sided t-test p-value <0.01).
In contrast, throughout the selection process, the VIS-NIR was consistently the spectral
range with highest precision (narrowest standard-deviation), although its accuracy (average
RMSE) was similar to the Full Spectrum (Figure 3.7). If the first 25 generations are set
aside, the performance confidence interval for the VIS-NIR range was equal to 2.58 ± 0.13
%CP, best portraying its overall performance (Figure 3.7).
SWIR feature selection protocol
Crude Protein Yield (CPm ) - The average error for the training set (µtraining ) was
equal to 65.3 ± 6.3 kg CP/ha, presenting a range of 60 and 78.7 kg CP/ha, the largest
between the three spectral ranges. Accordingly, the test set presented the highest and
widest RMSE values (µtesting = 68.8 ± 14.9 kg CP/ha), with results in the range of 55.5
and 92.6 kg CP/ha (Figure 3.7).
A two-sided t-test indicated that initial and final eleven test sets (µinitial = 71 and µf inal =
68 kg CP/ha) were significantly different (p-value <0.01), indicating that the GA routine
was able to simultaneously decrease the average RMSE and number of bands (14.7 to 11.4,
respectively). The initial number of features included in pool for the final GA run was
equal to 47 out of 91 features, providing an ample subset for selection. The final number
of features in the optimal individual was 11.
Crude Protein as Dry-Matter Fraction (%CP) - the confidence interval of the training-set
(µtraining ) was equal to 2.8 ± 0.2, while the test set (µtesting ) presented a higher and wider
level: 3.1 ± 0.9 %CP (Figure 3.7). The final GA run pre-selected 34 of the 91 available
features. During all runs, the minimum and maximum number of features selected within
all generations ranged between 6 and 27 bands, a range only less wider than the Full
Spectrum range (Table 3.4). Of all three spectral ranges, SWIR performed the worst,
presenting the lowest accuracy and precision for both CPm and %CP.
Full Spectra selection protocol
Crude Protein Yield (CP m ) - The minimal RMSE (test set) was equal to 48.8 kg
CP/ha, reached at the 132th generation. The initial generation of the GA process selected,
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at each fold, an average of 32 bands (Figure 3.7), reaching the minimal number of variables
(i.e., 13) and maximum (i.e. 52) at the 149th and 1st generation, respectively. The final
run of selection uses 69 out of 161 features available and selected 19 bands as features for
the optimal subset.
The range of RMSE found within the test set was 44.8 and 55.3 kg CP/ha with an average
(µtraining ) of 47.5 and standard deviation (σ) of 1.3 kg CP/ha. Consequently, the confidence
interval (95% range or µtraining ± 1.96σ) of observations was within 47.5 ± 2.6 kg CP/ha.
In addition, for the test data set (µtest ), the RMSE range (95% of the observations) was
within 50.2 ± 16.6 kg CP/ha). The averages (i.e. training and testing) can be compared
using a two-sample t-test (α= 0.99), by which the means was statistically different (p-value
<0.05), although the true difference between means were rather small (0.7 and 6.1 kg
DM/ha at α= 0.05).
When comparing the RMSE (test set) values of the initial generations (with more than 13
bands, µinitial = 53.3 kg DM/ha) and those of the final generations (with 10 or less bands,
µf inal = 49.9 kg CP/ha), the RMSE difference was statistically different (p-value = 0.01)
and true-difference should lie (α = 0.05) within 0.69 and 6.05 kg CP/ha.
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Figure 3.7: Performance during the Genetic Algorithm process. RMSE average and confidence
interval (µ ±1 σ) primary axis. A locally estimated scatterplot smoothing (LOESS) of the
number of bands (blue-color line) is presented in the secondary axis. Spectral ranges are
presented in a column-wise fashion. RMSE for CPm and %CP are present in a row-wise
fashion.

Crude Protein as Fraction (%CP) - models employing the full spectrum have
consistently presented the largest number of bands. Initially, the optimal individual
had on average 23 features. These individuals ranged from 12 and 41 features, while
the smallest test RMSE was found using 25, although less than 20 features models had
equivalent performance (Figure 3.7). Training and test range were equal to 2.3 and 2.8%
and 1.9 and 3.3 %CP, respectively. For %CP estimations, on average, the FS range
presented the smallest average RMSE from all spectral ranges, however its confidence
interval was wider than VIS-NIR range (Figure 3.7). Confidence interval (µtesting ± 1.96σ)
for testing was within 2.6% ± 0.6% %CP (Table 3.4).
Variable Importance
The final feature sets selected by the GA process were also examined through variable
importance proxies. The metrics for these proxies (Equation 3.1 and Equation 3.2) were
considerably more elaborate than the internal maximization function used by the genetic
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algorithm. Consequently, these methods were able to further indicate candidates for
feature selection, as presented in Figure 3.8 (I to VI - right-side). Each spectral range
was evaluated both by VIP (top) and sMC methods (bottom). The sMC thresholds
(3.88) was the same across all models, given that samples size and consequently degrees of
freedom were the same. For VIP all features below the threshold of 1 were considered not
important.
Crude Protein Yield - Within the VIS-NIR (Figure 3.8 - I), the VIP method indicated
that features below 700 nm were not important. The sMC indicated both 405 and 535 nm
were not necessary for good model performance.
For the SWIR range (Figure 3.8 - II), the less important variables were within the 1600–
1750 nm range, and the most important bands located in the NIR plateau (up to 1250 nm).
However, throughout the bands of this spectral range almost no differentiation between
each spectrum was found (Figure 3.8 - e).
In the Full Spectrum model, the features centered at 725, 775, 795, 1005, and 1045
nm were considered the most important according to the VIP method (Figure 3.8 - III).
Likewise to the VIS-NIR range, the bands within the visible range 405, 535, 545, and 725
were identified as of lesser impact for the model’s overall performance.
Crude Protein as a Dry Matter Fraction (%DM) - overall, the models for %CP
perform poorly (Figure 3.10). Consequently, variable selection should be examined carefully
or disregarded. As seen in Equation 3.2, such proxy (i.e. sMC) measures the difference
in explained variance (already quite low in poor-performing models). Consequently, its
interpretation was of limited-value.
Regarding the %CP of VIS-NIR, the features considered to be important were 425, 545,
685, 705, and 775 nm. In contrast to CPm , all selected variables were mostly in the visible
range and below 800 nm.
For the SWIR, no clear patterns can be identified as the VIP method selects 1155, 1205,
1305, 1525, 2135, and 2215 nm; while the sMC would not discard nor indicate a strong
candidate for elimination.
Within the Full spectrum only 11 out of 25 have been considered important. Given
that the VIP method is a translation of each feature weight across latent variables
(Equation 3.1), the pattern exhibited in Figure 3.8 (VI), suggest that the model has
incurred in overfitting, where contiguous variables present alternating high weights. Such
condition (i.e., overfitting) was further evidentiated through the model performance analysis
(Figure 3.10 - II and VI).
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Performance Assessment
Crude Protein Yield (CPm ) VIS-NIR - The validation results for the models trained
with prior knowledge was equal to 79.2 kg CP/ha (Figure 3.9 - I). Models presented
a consistent behavior when validated in unseen locations, displaying an error equal to
91.6, 88.3, 90.5, 73.8 kg CP/ha for Elliot, Zegveld, Vredepeel, and Goutum, respectively.
Overall, the error across sites was equal to 85.5 kg CP/ha (Figure 3.9 - IV).
For both SWIR and Full Spectrum, a large unequal residual dispersion was present up
to 300–400 kg CP/ha (Figure 3.9 - SWIR and Full Spectrum). In contrast, the models
based on the VIS-NIR present a higher level of homoscedasticity. Although the Full
Spectrum presents a smaller RMSE for known locations, this may be seen as a random
artifact of the seed value used for data partition given that both present the same average
and standard deviation within testing data sets (Table 3.3).
As discussed, the VIP indicates that a possible overfitting for models based on the FullSpectrum. Given such, the results for a more thorough testing (i.e., unseen locations),
shows the algorithm was not able to keep the same level of accuracy. Its inaccuracies have
a two-fold increase across validation strategies Figure 3.9 (III and VI).
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Figure 3.9: Predicted by Observed scatterplot using the bands selected through the GA
band selection routine for CPm of each spectral range (column). Top-row corresponds to the
PLSR algorithm trained in all locations. Bottom–row corresponds to PLSR algorithms trained
withelding the test location.
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Crude Protein as Dry Matter Fraction (%CP) - All models display a low level
(i.e. R2 <0.5) whenever assessed against unseen locations. Also, it is possible to notice
that there is a significant clustering of predictions per location within (Figure 3.10 - V and
VI). Between spectral ranges, for models trained with prior knowledge, results range from
RMSE 2.6 to 2.7 %CP. For unseen locations, performances decreased to a range between
3.1 to 3.5 %CP (Figure 3.10). Similarly to CPm , performances decreased when validated
for unseen locations. From the three ranges, the VIS-NIR provided the smaller decrease
in performance when assessed against unseen locations. The Full-Spectrum and SWIR
had their coefficient of determination more than halved (Figure 3.10 - SWIR and Full
Spectrum).
For all ranges, values above 25 %CP were poorly predicted.
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Figure 3.10: Predicted by Observed scatterplot using the bands selected through the GA
band selection routine for %CP of each spectral range (column). Top-row corresponds to the
PLSR algorithm trained in all locations. Bottom-row corresponds to PLSR algorithms trained
withelding the test location.

3.4

Discussion

This study aims to establish an effective and affordable approach for a non-destructive,
near-real-time, crude protein retrieval based solely on top of canopy reflectance. It has
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successfully achieved its aims: firstly, the results showed that crude protein can be best
explained, in field conditions, as a function of mass per area (CPm ) rather than as a
fraction of biomass (%CP). Secondly, crude protein can be best estimated using the visible
to near-infrared range of the spectrum (400–1100 nm), a range associated with low-cost
Si-based sensors, instead of the shortwave infrared range (1100 - 2500 nm), as also indicated
in Shorten et al. (2019) and Starks and Brown (2010). Thirdly, only a small number of
bands (approximately eleven) are necessary for adequate model development. Despite
a performance reduction, these (multispectral) models can be satisfactorily employed in
unseen locations. Finally, these results indicate that a reasonably low-cost multispectral
camera (or sensor) could - regardless of location - estimate perennial ryegrass CPm with
an average error (i.e., RMSE) close to 85 kg CP/ha within biomass levels up to 3,500 kg
DM/ha (Figure 3.9 - IV). It is reasonable to assume that these models could be further
refined to a level close to 80 kg CP/ha RMSE (Figure 3.9 - I), provided that models are
updated for new locations, similarly to NIRS laboratory methods.
This study has found equivalent results as Kawamura et al. (2010), however, employing a
fraction of the number of bands proposed in that study. Kawamura et al. (2010) selected
167 narrow bands (FWHM = 1 nm) for CPm estimation, while this study indicates
that eleven broad bands (FWHM = 10 nm) have an equivalent or superior performance
(Figure 3.7). Our results are also in agreement with previous studies (Starks et al., 2016),
both when indicating the best predicting spectral range (400–1100 nm) and the comparable
prediction accuracy. Equally as important, for in-field conditions, the SWIR region has
not consistently improved protein estimations, both when expressed as CPm or %CP
(Figure 3.7 - SWIR and FS), not justifying its use for CP estimation. Such results extend
the findings of Kattenborn et al. (2019), where the authors explicitly state that chlorophyll
could be best estimate in its µg.cm-2 form rather than in %DM basis.
Our results showed that %CP prediction error is within the range of 2.6–2.7% (Figure 3.10
- “Prior knowledge” row) for observations at known conditions, while high levels of %CP
(i.e., above 22.7 %) are poorly predicted (Figure 3.10). In more rigorous assessments
(i.e., unknown locations), inaccuracies are above 3 %CP. In contrast to Kawamura et al.
(2010) and our results, Starks et al. (2006) report a higher achievable accuracy (i.e.,
around 1.5 %CP). Such a study was performed, however, for a different grass species (i.e.,
bermudagrass - Cynodon dactylon), under a smaller biochemical range (i.e., 4–14 %CP)
and for a consistent canopy architecture (i.e., bermudagrass’ leaves are oriented parallel to
ground level - planophile).
In our regression models, most of residuals are within the largest %CP quartile (above
22.7 %CP). Similarly to Starks et al. (2006), the range below 15 %CP is well explained
(Figure 3.10). Paradoxically, in well-managed pastures, perennial ryegrass’ crude protein
levels rarely drop below 18–20 %CP. However, a good spectral-separability can be found
between the three first quartiles of observations (12.9, 16.4, and 19.1 %CP), allowing for
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qualitative grading as per the Australian Fodder Industry Association (AFIA - Australian
Fodder Industry Association Standards (2013)).
As reported in Kawamura et al. (2010), the feature selection routine (i.e., genetic algorithm)
was shown to improve the model’s final performance. In all cases, the procedure was able
to simultaneously reduce the number of features and RMSE (Figure 3.7). In doing so,
this routine highlighted important spectral regions, particularly, the range between the
red-edge and the NIR-shoulder (Figure 3.8 - a and I).
The range of 700-800 nm has been consistently reported when estimating biomass and
nitrogen content (Baret and Fourty, 1997; Mutanga and Skidmore, 2007), while being
less prone to illumination effects (Sandmeier and Itten, 1999). Differently from other
spectral regions, this region has a shift (i.e., the red-edge shift) towards wider wavelengths
(Guyot and Baret, 1988), consistently linked with higher chlorophyll concentration and
LAI, important and correlated features for CP. Such has been explored by Mutanga and
Skidmore (2007) to estimate %N content with high accuracy for Buffel grass (Cenchus
ciliaris) in a greenhouse experiment. The authors (Mutanga and Skidmore, 2007, p.41),
expressly indicate the spectral ambiguity that could arise from different %CP and biomass
levels as a significant limitation in their assessments.
These findings warrant the parsimonious selection of features rather than the common
practice of arbitrary employment of all sensor’s output. Although many regression
algorithms should cope with multicollinearity or irrelevant variables, our results illustrate
how a parsimonious model (Figure 3.9 - I and IV) is more generalizable than a model
with a higher number of features (Figure 3.9 - III and VI). These results also indicate the
need for judicious planning of validation strategies. While both the VIS-NIR and FS have
a similar performance in an unconstrained k-fold cross-validation, the VIS-NIR model
significantly outperforms the FS when using unseen locations as the validation set.
When examining the overall pattern of meaningful features for CPm (Figure 3.8 - I), it
can be argued that these are convergent with the area of highest separation between
spectra, found in the initial explanatory analysis (i.e., 750 - 1325 nm). As discussed by
Kjeldahl and Bro (2010, p.559), the use of relevant variables (i.e., spectral range) is a
crucial step in the development of efficient models. In a coherent fashion, most variables
indicated to be important by the VIP are within the 725-1325 nm range (Figure 3.8 - a to
c). Unfortunately, the arbitrary pre-selection of a spectral range is not straightforward as
crude protein is present in a wide range of cellular constituents, and several overlapping
absorption effects are present. Additionally, as shown in Figure 3.8 - I to VI, variable
importance proxies are not always convergent and further selection could be addressed
through different techniques based at experts’ discretion and trade-off evaluation.
Nitrogen is a highly mobile plant-nutrient, present in many forms (Miller, 1935) and
performing complex interactions within the plants. Given such complex interaction in a
non-controlled environment, fundamental spectroscopy methods - such as those employed
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in organic chemistry at the laboratory level - seem to be inappropriate in field-conditions.
Consequently, one could hypothesize that the best strategy for practical purposes is to
rely on correlation rather than causal effects. In other words, measurements are based
not on molecular bonds (e.g. overtones), commonly associated with narrow band signals,
but rather on the correlation of main drivers of absorption, broad band effects, such as
plant pigments and cell-walls. Our best methods - although efficient - may be mapping
(biological) correlations and not causal (e.g. overtones) indicators of protein (in its diverse
forms) (Miller, 1935).
Our results show that the ability to estimate %CP at the paddock level solely from
TOC reflectance is questionable or, at least, inferior than CPm estimation (Figure 3.7).
Fundamentally, Beer’s law directly relates light absorption as the product of concentration
and optical thickness. To disregard a proxy of an optical path (e.g., biomass) will necessarily
result in a underdetermined (or poorly determined) system. This ambiguity has been
discussed in depth by different authors (Asner, 1998; Baret and Fourty, 1997; Curran,
1989; Guyot and Baret, 1988) and their findings are either in agreement or provide a
strong background to support our results and limitations.
Although our experimental design does not aim to clarify these issues, it is reasonable
to suggest that the measurement of CP as mass per area indirectly incorporate effects
which are linked to optical path (e.g, LAI). Other sources of ambiguity, such as leaf angle
distribution, may also be alleviated by the inclusion of biomass per area, given that despite
not accurately determined, such factor presents a distribution of values per biomass range.
Such underdetermination could better approached through the use of radiative transfer
models. However, given the complex nature of necessary measurements, at this moment,
such solutions seem inadequate for a farm-scenario.
It should be stated that, in laboratory conditions, the seminal NIRS work of Marten
et al. (1989, Table 5) employed only 5-7 bands for %CP estimation without any spectral
transformation, achieving a high level of accuracy (RMSEP = 0.5% and R2 = 0.99). In
field conditions, however, moisture content and canopy geometry will necessarily overlap
and mask biochemical spectral features. In addition, the main advantage of hyperspectral
data does not reside in the high number of bands, as contiguous bands are highly correlated,
but in its application to derive spectral features such the continuum-removed features (e.g.,
band-depth, feature area) or resolving overlapping signals (Kokaly, 1999; Morimoto et al.,
1999). However, although frequently and successfully employed in a laboratory setting,
these techniques would require high radiometric accuracy in outdoor environments (and
absence of the mentioned masking effects) rendering it unfeasible for precision agriculture
purposes. Consequently, a custom-built multispectral systems - such as those proposed in
this study - should be the most appropriate solution for an agricultural scenario.
Limitations - it is important to highlight that CPm and DM (ρ = 0.91) are highly linked;
however it should not be understood as spurious relationship, given that biomass, LAI and

62

Retrieval of Crude Protein in Perennial Ryegrass

path length are components of TOC reflectance. However, these relationships should be best
analyzed so causal relationships between biochemical components can be separated from
biophysical effects. In essence, we advocate that %CP estimation (concentration) cannot
be solved unless the TOC reflectance is corrected for biomass (path length) effects.
Another limitation of this study is the instrument’s different point-spread-function for each
of the three in-built sensors (VIS-NIR, SWIR 1 and SWIR2 ), as discussed in Mac Arthur
and Robinson (2015). When not employing an optical scrambler, the response function
within the instrument footprint is different for the internal sensors. Although most likely
negligible, our experimental setup has not consciously controlled for these confounding
factors or issues that could further enhance this problem (e.g., broken optical fibers or
heterogeneity within the canopy). Imaging-spectroscopy and higher spatial resolution
could clarify whether differences of %CP within the footprint may offset our method
and enhance our understanding of the natural variability within the canopy. As noted
by Curran (1989), the biochemical composition within a canopy is variable and how to
best model its spatial variabilty "requires the imaginative use of three-dimensional spatial
statistics, giving the most weight to the uppermost layers in the canopy, rather than simple
random sampling representation"(Curran, 1989). Employing a hyperspectral imaging
camera, Shorten et al. (2019) was able to provide a visualization of such while reporting
differences in %N (equivalent to %CP) througout the canopy strata.
An additional limitation of the applicability of these findings and also a topic for future
research are the scaling issues introduced by higher-altitude data acquisition (i.e., low-level
flight) and different spatial resolution. Many of these issues have already been discussed
by Wang et al. (2019) and Burkart et al. (2014), indicating that these can be overcome
in an operational scenario. However, another important factor is the measurement error
associated with imaging multispectral sensors (e.g. noise reduction, dark offset, vignette
and row-gradient correction, and lens distortion), which are associated custom-made
Multi-Camera 2D imaging system and have not been included in our method (nor it
was the study aim). These limitations can be operationally resolved to a high level of
radiometric accuracy, as demonstrated in Mamaghani and Salvaggio (2019).
From a sensing perspective, another important limitation is given by the selection of
two bands beyond the 1000 nm (Figure 3.8 - I), concurring with the diminishing spectral
sensitivity of Si after 1000 nm. Such constraint is trivial, however, given that spectral
behavior from 800–1100 nm is highly correlated and driven by broad spectral features
(e.g. cell-wall absorption feature).

3.5

Conclusion

This study has employed a modified feature selection technique, based on a genetic
algorithm approach, to determine the best spectral region, the optimal and minimal
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number of bands when estimating crude protein. Additionally, it has also contrasted how
to best portray crude protein (either as dry matter fraction or weight per area basis) when
utilizing top of canopy reflectance measurements for its estimation. Correspondingly, these
tasks aimed to instruct the design of a new sensor (either point-measurement or imaging
system).
Our results indicate that an affordable spectral-based sensor could estimate perennial
ryegrass crude protein, in outdoor environments, using only eleven broad bands (10 nm
bandwidth) within the visible to near-infrared range (400–1100 nm), provided that protein
is expressed in weight per area. Additionally, models are transferable to new locations
with a small decrease in performance (from 80 to 85 kg CP/ha RMSE). These results
could lead to the development of sensors for autonomous deployment in an unmanned
aerial or ground vehicle, providing end-users with essential information for best agronomic
practices.
This study displays a rigorous comparison between how to best portray biochemical
properties and model transferability under a robust theoretical and analytical framework.
Finally, in light of future applications and technology adoption, it is necessary to re-evaluate
how feed quality parameters are expressed whenever canopy-reflectance measurement is
the ideal technique for data collection. Differently from benchtop near-infrared analysis,
for field-conditions, biochemical parameters should be expressed as a conjugation of its
concentration and optical path (e.g., weight per area, kg/ha) rather than the standard
laboratory results (i.e. concentration, % dry matter).
To all effects, using estimates of crude protein as mass rather than a fraction of biomass
does not limit the management of the herds’ diet nor fertilization inputs. By expressing
crude protein in its weight per area basis, the method and instruments presented can be
used as a monitoring tool. Future research should focus on the translation and validation
of our findings to a multispectral imaging sensor. Finally, different feed quality parameters
could employ the method proposed in this study to determine achievable prediction
accuracies and a minimal number of bands necessary for their retrieval.

Chapter 4
Retrieval of Hyperspectral
Information from Multispectral Data
for Perennial Ryegrass Biomass
Estimation

This chapter is based on:
G. Togeiro de Alckmin, L. Kooistra, R. Rawnsley, S. de Bruin, and A. Lucieer
(2020a). “Retrieval of Hyperspectral Information from Multispectral Data for Perennial
Ryegrass Biomass Estimation”. Sensors 20.24, 7192. doi: 10.3390/s20247192. url:
https://www.mdpi.com/1424-8220/20/24/7192
Supplementary materials to this chapter can be found in the online publication.

66

Retrieval of Hyperspectral Information from Multispectral Data

Abstract
The use of spectral data is seen as a fast and non-destructive method capable of monitoring
pasture biomass. Although there is great potential in this technique, both end-users
and sensor manufacturers are uncertain about the necessary sensor specifications and
achievable accuracies in an operational scenario. This study presents a straightforward
parametric method able to accurately retrieve the hyperspectral signature of perennial
ryegrass (Lolium perenne) canopies from multispectral data collected within a two-year
period in Australia and the Netherlands. The retrieved hyperspectral data was employed
to generate optimal indices and continuum-removed spectral-features available in the
scientific literature. For performance comparison, both these simulated features and a set
of currently employed vegetation indices, derived from the original band values, were used
as inputs in a random-forest algorithm and accuracies of both methods were compared.
Our results have shown that both sets of features present similar accuracies (RMSE ≈
490 and 620 kg DM/ha) when assessed in cross-validation and spatial cross-validation,
respectively. These results suggest that, for pasture biomass retrieval solely from top-ofcanopy reflectance (ranging from 550 to 790 nm), better performing methods do not rely
on the use of hyperspectral or, yet, a larger number of bands than those already available
in current sensors.

4.1 Introduction

4.1
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Introduction

Precision agriculture (PA) and Remote Sensing (RS) employ spectral observations to
estimate biophysical and biochemical properties of vegetation canopies (Weiss et al., 2020).
With the recent popularization of Unmanned Aerial Systems (UASs) for PA, farmers are
now able to employ Multispectral (MS) cameras for spectral data acquisition, allowing for
a high degree of flexibility in terms of data collection interval and custom-designed sensing
systems (Aasen et al., 2018). Such systems can potentially be employed in precision
pasture management as a monitoring tool (Michez et al., 2020), mapping key attributes
such as biomass (Allen et al., 2011). This potential, however, is dependent in the optimal
design of sensors (Dubbini et al., 2017), particularly on the number, position and width
of spectral bands as well as its radiometric accuracy (Mamaghani and Salvaggio, 2019),
aiming to provide high-quality predictors.
Currently, while constrained to MS data, PA practitioners rely on Vegetation Indices
(VIs), rather than individual band reflectances, as enhanced predictors of the canopy
biophysical and biochemical properties (Rouse et al., 1973; Tucker, 1979). Overall, indices
are summary measurements of broader and more complex systems, acting as indicators of
an underlying phenomena. An index, in essence, summarizes a fraction of the spectral
variability while tracking changes in the canopy (Anderegg et al., 2020) without necessarily
resorting to the complete spectral information. In this sense, VIs are a valuable trade-off
between a small number of bands and the full information available in a spectral signature
(Hansen and Schjoerring, 2003).
Many indices, however, are prone to become irresponsive (i.e., to saturate) at high levels
of biomass (e.g., Leaf Area Index (LAI) ≥ 4) (Carlson and Ripley, 1997; Sellers, 1985),
regardless of a continuous response in different parts of the spectrum (Gitelson, 2004).
Furthermore, a large number of indices are available and proposed for different applications
(Xue and Su, 2017). Consequently, this approach requires domain-knowledge for optimal
VI selection (Silleos et al., 2006) and measurements at specific bands, requiring purposelybuilt MS sensors, which are usually either not commercially available or cost-prohibitive
for commercial applications.
In a complementary way, Hyperspectral (HS) data has been shown to provide a higher
level of accuracy when estimating different canopy properties (Mutanga and Skidmore,
2004b; Mutanga and Skidmore, 2007), particularly those which are functionally linked to
narrowband absorption features, provided that the sensor spectral resolution is smaller than
the observed spectral feature (Curran, 1994). As a drawback, the necessary sensor to collect
such data is usually more complex and costly (Michez et al., 2020). Furthermore, broadband
absorption features may overlap and mask the discrete and informative narrowband spectral
signal (Ramoelo et al., 2011), impairing straightforward analysis and the added benefits of
HS data (Berger et al., 2020). Lastly, hyperspectral measurements display a high level of
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multicollinearity (Dormann et al., 2013), providing redundant information, particularly
in contiguous bands (Esbensen and Geladi, 1990). Yet, while the individuals band
reflectance per se are highly redundant, other spectral features such as rates of changes
(i.e., derivatives), areas (i.e., integrals) and Continuum-Removal (CR) transformations
may best capture, disentangle and enhance the predictive ability of hyperspectral data
(McClure, 1993; Morimoto et al., 1999).
The constraints of VIs and HS are often presented as a dichotomy: while the first is seen
as coarse and of limited efficiency (Baret and Guyot, 1991), the latter is presented as
highly costly and complex yet able to map subtle changes in biochemical and biophysical
properties (Berger et al., 2020). In many instances, VIs provide a partial understanding of
the full spectral behavior, only directly displaying a fraction of the information contained
in a spectral signature.
Within the spectral range of most commercial sensors (i.e. visible to near-infrared, 500–
900 nm), the spectral signature of canopies is largely driven by broadband features (e.g.,
chlorophyll content and LAI) (Imran et al., 2020), corresponding to known responsefunctions (Guyot and Baret, 1988). It is, thus, reasonable to hypothesize that through
a few sparse spectral measurements, the in-between bands can be interpolated and the
underlying hyperspectral information can be retrieved, provided that adequate functions
are chosen to describe the overall spectral behavior.
This proposed method would allow the reconstruction the spectral signature while taking
advantage of the sparse nature of bands in commercially available MS cameras, and the
generation of non-directly observed spectral bands and features. A similar approach was
employed by Jongschaap and Booij (2004), who simulated the wavelength (λ) range from
660–810 nm in order to estimate the red-edge position, using a form of logistic function.
More complex approaches, such as Bayesian (Gevaert et al., 2015) and multivariate
methods (Zeng et al., 2017) have also been successfully employed to retrieve hyperspectral
information from multispectral measurements.
Specifically for pasture biomass estimation, Mutanga and Skidmore (2004b) described the
use of CR to derive vegetation indices while consequently reporting better performances
than the usual normalized ratio indices. Also, using an exhaustive search procedure,
several authors have proposed a red-edge normalized ratio index to estimate LAI and
biomass (Mutanga and Skidmore, 2004a; Togeiro de Alckmin et al., 2021; Vescovo et al.,
2012). These indices, however, cannot be directly extracted from commercially available
MS sensors (either satellite or UAS-based), as the necessary bands are not measured. Yet,
although these indices are not directly available from MS observations, accurately simulated
spectra would allow their indirect estimation, and possibly lead to better estimations of
biomass.
In summary, this study aims to (i) simulate hyperspectral data (550–790 nm) from
multispectral measurements which can be recovered from a commercially available camera;
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(ii) from the the simulated spectral signature, derive a set of synthetic high performance
indices and high-performing spectral features found in the scientific literature (Mutanga
and Skidmore, 2004b); and (iii) assess predictions of perennial ryegrass (Lolium perenne)
biomass of the proposed method against a common subset of commercially employed
vegetation indices, referred to as the current method.
The performance of these two methods will be further contrasted based on a cross-validation
and a spatial cross-validation procedures (Meyer et al., 2019), granting insight on their
performance in known and new locations. As a final analysis, for a deeper understanding
of the performance analysis, indices and spectral features will be clustered through a
dendrogram, providing an in-depth analysis of their redundancy level.
If successful, the proposed method would expand the number of VIs and spectral features
generated from readily available MS cameras, matching more costly and complex HS
sensors when applied to top-of-canopy reflectance measurements for pasture management.
Finally, the accurate retrieval of HS information of vegetated canopies, purely based in MS
data, presents an important argument to the optimal number of spectral bands for sensor
design and whether hyperspectral data, and its derived features, provide value-added in
the task of pasture biomass retrieval.

4.2

Methods

4.2.1

Experimental Layout

The experimental field design (concerning nitrogen levels and regrowth periods) was
chosen to generate a wide range of biophysical and biochemicals properties while being
representative of typical pasture management conditions of each location (Oenema et al.,
2012; Rawnsley et al., 2014). The trial was performed at the Tasmanian Dairy Research
Facility1 (Australia) and at three research stations (Goutum, Vredepeel and Zegveld)2
affiliated to Wageningen University & Research (the Netherlands).
In Australia, the experimental layout was an array of 30 rainfed perennial ryegrass plots
(dimensions of 2.0 × 7.5 m, with 0.35 m border at each side of the plot’s longitudinal axis),
arranged as two rows by 15 columns. Within each plot, six spectra-biomass sample-pairs
were collected. Plots were managed under five different Nitrogen (N) levels (0, 25, 50, 75,
and 100 kg N/ha) and two regrowth intervals of approximately 15 and 30 days, with three
pseudo-replicates of these combinations. Nitrogen levels were chosen based on previous
research (Rawnsley et al., 2014).
Elliot (41°40 57.700 S, 145°460 22.000 E)
2
Goutum (53°100 38.800 N, 5°460 27.000 E), Vredepeel (51°320 57.900 N, 5°510 54.000 E), and Zegveld
(52°80 32.900 N, 4°500 23.500 E)
1
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(60)
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Handheld 2

Figure 4.1: Data collection campaigns timeline. Each campaign is coded by location (color),
number of observations (within brackets) and instrument (spectroradiometer) employed (shape).
First date collection campaign took place in December 18th (2016) and the last, in November
24th (2018)

Data collection campaigns took place on December 18th 2016, February 06th , April 29th ,
October 22nd and November 28th 2017, November 11th , 17th and 24th 2018. In total, 1200
spectra-biomass sample-pairs were collected in Australia (Figure 4.1).
In the Netherlands, each experimental site contained 24 plots (dimensions of 20 × 20 m) and
spectra-biomass sample pairs were taken at uniform canopy-cover and in the central area of
each plot. The layout was a factorial combination of three N fertilization levels (0, 180, and
360 kg N/ha per year), four mowing intervals (in a cycle of four weeks, when then all plots
were mown) and two pseudo-replicates of this combination. Each experimental setup was
located within a different soil type (either clay, sandy or peat). Data collection spanned
from May to October 2018. From the second half of July till September, plant growth
was constrained due to a prolonged heatwave and drought. In total, 216 spectra-biomass
sample-pairs were collected in the Netherlands (Figure 4.1).
4.2.2

Spectral Data

An identical data collection protocol was performed across sites and dates (Figure 4.2 - a
to c). Spectral measurements were taken during clear-sky periods at around solar noon ±2
hours, lasting for around 30 minutes in the Netherlands to one and half hours in Australia.
To avoid a systematic illumination effect across plots, the order of spectral measurements
of plots was randomized. An ASD FieldSpec®3 was employed in the Netherlands, a
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Figure 4.2: Data collection protocol (a - c) and plot layout (basic pseudo-replicate, d and e).
Top: (a) Spectral Measurements, (b) Mechanical Defoliation and (c) Drying and Weighing.
Bottom: basic Dutch (d) and Australian (e) plot layout. Borderline colors indicate regrowth
period and hues of green (darker = higher rates) indicate nitrogen levels (rates are also indicated
within each plot)

FieldSpec®Handheld 2 and a FieldSpec®4 (Malvern PanAnalytical - Colorado, Boulder,
USA) were employed in Australia. The instruments had no attached foreoptics (i.e., bare
fiber. Field of view: 25°) and were configured using the following setup (i.e., number of
scans): 60 for white reference (Spectralon™. Labsphere - New Hampshire, North Sutton,
USA), 60 for dark-current, 30 per measurement and five measurements of each target.
Measurements were taken at nadir, from approximately one meter height, resulting in a
circular footprint of approximately 0.44-meter diameter (Figure 4.2 - a). The instrument
was recalibrated whenever the white reference measurement deviated from a straight line
centered at one or a maximum time-limit of seven minutes between recalibrations was
reached, whichever occurred first.
4.2.3

Reference Observations

The sensor’s footprint was mechanically defoliated to a specific residual height (i.e., 50 mm)
and stored in perforated plastic oven bags (Figure 4.2 - a and b). Such residual height
corresponds to the best practice for perennial ryegrass management, reflecting a high level
of light interception and common residual grazing height, consequently best portraying an
operational scenario. The harvested material was immediately refrigerated and transported
from the experimental sites to a forced-air oven, where it was dried for 48 hours at 65 °C and
weighed (Figure 4.2 - c). In total, 1416 spectra-biomass sample-pairs were collected.
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Data Analysis

Data was analyzed in R (version 4.0.2) (R Core Team and R Development Core Team,
2019) and for reproducibility purposes, data analysis R operations are introduced by the
corresponding package::function format (typewriter typeface and accompanied by the
double colon operator, i.e., the scope resolution operator).
4.2.5

Reference analysis

Comparability between locations: biomass measurements were tested for a series of post
hoc tests (i.e., analysis of variance) to ensure that data collected between locations was
comparable, testing whether average values (µ) and variances (σ 2 ) were significantly
different (H0 : µi = µj at α = 0.05). Initially, the Bartlett Test of Homogeneity
of Variances (stats::bartlett.test) was performed, followed by Kruskal-Wallis
(stats::kruskal.test) and Dunn’s Multiple Comparisons (FSA::dunnTest), following
the procedures described in Dinno (2015).
A Principal Component Analysis (PCA) was employed (FactoMineR::PCA) to decompose
the variability of the MS data and visualize (factoextra::fviz_pca_ind) whether
different locations grouped together in clusters, providing evidence whether or not spectral
observations were comparable (i.e. not highly influenced by the soil background). For
visualization purposes, ellipsis were drawn covering 95% of the observations of each
location.
Hyperspectral Simulation
Spectral data was convolved (hsdar::spectralResampling) to the same specifications as
a commercial multispectral sensor (Parrot Sequoia - Ile-de-France, France). Spectral
resolution and the spectral response were extracted from its technical sheet using
WebPlotDigitizer (Rohantgi, 2020). Four bands were generated: Bgreen (λ = 550 ±40 nm),
Bred (λ = 660 ±40 nm), Bred edge (λ = 735 ±10 nm), BNIR (λ = 790 ±40 nm).
Piecewise equation - The proposed method for hyperspectral simulation incorporated
aspects of two previous studies (Jongschaap and Booij, 2004; Zeng et al., 2017). The first
approach was presented in Zeng et al. (2017), where the authors use piecewise polynomials
(i.e., splines) to interpolate the in-between spectra of a MS camera. Complementary,
Jongschaap and Booij (2004) fitted a sigmoid function to the reflectance measurements of
a CropScan™MSR87 (CropScan - Minnesota, Rochester, USA), showcasing the necessity
of different functions types for different ranges of the spectra.
(

f (λ) =

linear function λ < 685
logistic function λ > 685

(4.1)

In the proposed method, hyperspectral simulation was based on an interpolation approach
using a piecewise assembly of functions (Equation 4.1) to the convolved multispectral
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dataset (Figure 4.3). In its first interval (i.e., sub-domain), the sub-function employed
was a linear equation (Equation 4.2), in which the slope (i.e., β) was calculated using the
Bgreen and Bred bands (550 and 660 nm, respectively). The second interval was based on a
three parameter logistic function (i.e., K, R680 or Bred , and C - Equation 4.3). Two of the
parameters (i.e., K and Bred ,) were the original band values, corresponding to the starting
value (i.e., Bred ) and asymptote (i.e., BNIR ) of the logistic function, respectively. The
remaining and unknown parameter C (steepness rate) was found through a Nelder-Mead
optimization approach (stats::optim) using three bands (Bred , Bred edge and BNIR ). For
each spectral observation, a set of parameters was computed and used to generate the
simulated hyperspectral reflectance values (550–790 nm). No constraints were applied to
ensure that the function was either continuous or differentiable. The piecewise function
breakpoint was set to 685 nm (Equation 4.1 - usually the lowest reflectance value) and the
logistic equation had its starting point at 660 nm (Equation 4.3).
K − asymptote
Eq.2: f(λ) = R550 + λ∗ββ

80%

Eq.3: f(λ) =
Reflectance (%) − R

60%

R680K
R680 + (K − R680)e−Cλ
C − steepness
of logistic function

40%

B1

B2

B3

B4

β − slope

20%

− reflectance
R550value of the first band

R685 − lowest reflectance value

0%
600

700

800

band

Figure 4.3: Hyperspectral simulation method. A piecewise equation Equation 4.1, using
two different function: linear function Equation 4.2 and a logistic function Equation 4.3.
Parameters were found through a constrained optimization procedure. Multispectral bands
(B1-4 ), corresponding to a common UAV multispectral sensor) displayed in grey shaded (width)
area and grey circles (center)

f (λ) = R550 + λ · β

(4.2)

f (λ) =

R680 K
R680 + (K − R680 )e−Cλ

β slope coefficient;
R Reflectance and Rλ refers to the reflectance level at wavelength λ;
λ wavelength (nm);

(4.3)
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K logistic function asymptote level or BNIR ;
e the natural logarithm base (or Euler’s number);
C the logistic growth rate.
Spectral Data Retrieval from Multispectral Camera - For the data collection campaigns of
17th and 24th November, 2018 (Figure 4.1 - Elliot), the multispectral camera was employed
to collect imagery at low-level flight (i.e., below 130 m altitude) within ±1 hours of the
solar-noon and under clear sky conditions. Flight duration was always under six minutes
due to small area (0.1 ha) of the experimental area. The raw data was processed as per
the Method “E” described in Poncet et al. (2019). The corresponding handheld sensor
footprints were extracted from the imagery and their values were averaged. These averaged
spectral responses were then employed as input in the hyperspectral simulation method,
followed by a comparison with the handheld spectral data. For each date the number of
observation pairs, between multispectral camera and handheld spectrometer, was equal to
180. Thus, in total, this analysis consisted of (n) 360 data points.
Feature Engineering - Features were generated as proposed in Kokaly (1999) (i.e.,
continuum-removal) and Mutanga and Skidmore (2004b) (i.e., band-depth indices). The
authors reported that, of these band-depth indices, the best performing were based on
normalized band depth index (NBDI), which is calculated by subtracting the maximum
band depth (Dc ) from the band depth (BD) and dividing it by their sum. These
indices can be generated through the use of hsdar::bdri for Band Depth Indices and
hsdar::transformSpeclib for Band Area (Lehnert et al., 2018).
Additional features properties (hsdar::feature_properties) were generated as well as
an optimized normalized ratio vegetation index (NRI, λ1 = 745 nm and λ2 = 755 nm),
which has consistently performed well in related studies (Mutanga and Skidmore, 2004a;
Togeiro de Alckmin et al., 2021; Vescovo et al., 2012). From the CR properties, both
CRarea 3 , Max Depth Position3 (i.e., wavelength position of the maximum value observed
in the feature) were employed (Table 4.1 – Proposed Method).
Both CRarea 3 , Max Depth Position3 were employed through its cubic form to decrease the
saturation effect. Finally, the logistic equation parameters found through the constrained
optimization process (Equation 4.3) were also included in the subset (Table 4.1 – Feature
Engineered).
The vegetation indices employed in the current method were: Normalized Difference
Vegetation Index (NDVI), Green Normalized Difference Vegetation Index (GNDVI),
Normalized Difference Red Edge Index (NDRE), Normalized Green Red Difference Index
(NGRDI), Leaf Chlorophyll Index (LCI), and Structure Intensive Pigment Index 2 (SIPI2)
as well as the original band values (Table 4.1 – Current Method).
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Table 4.1: Table of predictors divided per Method

Current Method

Proposed Method

Author (Reference)

Original Bands

GNDVI (Gitelson et al.,
1996)
LCI (Zebarth et al., 2002)

Optimized NRI

BGreen *

NDRE (Barnes et al., 2000)
NDRGI* (Jiang et al.,
2019)
NDVI (Rouse et al., 1973)

Max Depth Position3
C and Beta

Mutanga and Skidmore
(2004a)
Mutanga and Skidmore
(2004b)
Feature Engineered
Feature Engineered

Bandarea 3

Feature Engineered

SIPI2* (Peñuelas and
Filella, 1995)

Bandarea

Mutanga and Skidmore
(2004b)

*

NDBI556

745-755

or 744

BNear

Infrared

BRed
BRed-Edge

Predictors marked with an asterisk were eliminated in the Filtering Process.

Given the large amount of possible features generated by the proposed method and the
collinear nature of simulated spectra, the derived indices were chosen based on the best
performing indices reported in Mutanga and Skidmore (2004b) (continuum-removal based
indices), and a Normalized Ratio Index optimized for pasture biomass estimation (Mutanga
and Skidmore, 2004a; Togeiro de Alckmin et al., 2021; Vescovo et al., 2012) .
Besides the band values and coefficients found within the piecewise regression, additional
vegetation indices were: Bandarea , Optimized NRI745-755 , Bandarea 3 , Max Depth Position3
(i.e., wavelength position of the maximum value observed in the feature) , NDBI744 ,
NDBI556 (Table 4.1).
Variable Filtering Selection - For all features, including those developed in the Feature
Engineering process, a minimal Pearson correlation-coefficient filter of |0.2| was applied,
following the methodology described in Alckmin et al. (2019). The remaining features
were then employed in the modelling process (Table 4.1).
The formulas for the VIs can be found in the Appendix file. In Table 4.1, for the current
methods, the references are next to each Index, and for the proposed method references
are listed in the “Author (Reference)” column.
Biomass Modeling
Modelling (tidyverse) (Wickham et al., 2019) was performed employing the workflow
described in Kuhn and Wickham (2020). Random-forest was chosen as the preferred
regression algorithm for biomass retrieval as it was found to outperform other regression
algorithms in a model performance study (Togeiro de Alckmin et al., 2021). The data was
split in a 75%/25% ratio (training/testing and validation, using location as a stratification
factor — Figure 4.4 - split). Explanatory values were centered and scaled. Hyperparameter
tuning of the random-forest algorithm was found through a grid-search approach of two
hyperparameters (i.e., number of trees and number of randomly chosen at each split) in a
k-fold cross-validation approach (Figure 4.4 – Model Tuning). The chosen combination
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Figure 4.4: Biomass Modeling (left) and Performance Validation (right). Modeling: the
original dataset was split in a train/test dataset (75%) and a validation dataset (25%). Tuning
of hyperparameters was performed through a k-fold cross-validation approach. The best
tuning (i.e. workflow) was then used in a Performance Assessment and validated through a (i)
validation set or (ii) spatial validation strategy.

was within ten percent (tune::select_by_pct_loss) of the minimal Root Mean Square
Error (RMSE) found within the search procedure.
The biomass modelling employed the same workflow, however, using two different subsets
of VIs: (I) the use of original camera broadbands and VIs derived from these (referred
to as current method); (II) using the continuum-removed features and the parameters
estimate through the two functions of the piecewise equation (referred to as proposed
method). For further comparison purposes, the proposed method was reproduced using the
simulated and original hyperspectral data.
Performance Validation
Model Performance - Models performance was evaluated using two different strategies:
(i) a cross-validation and (ii) and spatial cross-validation (Figure 4.4 – Performance
Assessment). These two strategies differ in regards to the composition of training and
validation sets. In the first (Figure 4.4 - (i) cross-validation), the algorithm was trained
using the best combination of hyperparameters in the training dataset (75% of data). This
model is then was assessed against a validation dataset equal to 25% of total observations
(Figure 4.4 - Model Tuning).
In the spatial-validation, the original dataset was reduced so all locations have the same
number of observations to prevent a class imbalance. Consequently, observations from
Elliot were reduced from 1200 to 72. These observations were chosen at random while
keeping the same biomass distribution as the original dataset. For the spatial validation,
the algorithm was trained (using the same hyperparameter combination found in the model
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tuning) and assessed four times, always keeping a different location as the validation set
(Figure 4.4 - (ii) spatial validation).
Feature Analysis - Two unsupervised-learning visualization techniques were employed
to provide insights about the dissimilarity amongst predictors and in relation to the
predicted variable: the dendrogram and the heatmap, respectively. The clustering of
the dendrogram was performed using the “Ward D2” hierarchical grouping technique
(Ward, 1963). The heatmap organized predictors so as to match the clusters provided by
the dendrogram. Additionally, the observations (i.e., predictor values) were sorted in a
descending order, based on its biomass weight. The color pallete employed in the heatmap
was scaled throughout predictors. The sorting (in descent order based on biomass values),
alongside the scaled color pallete, makes explicit the behavior and the relationship between
different predictors. This analysis allows insights on how dissimilar are the predictors
(i.e.dendrogram), while also showing how predictors behave throughout the biomass range
and if such behavior differs amongst them.

4.3

Results

4.3.1

Reference Observations.

Biomass Measurements – Although the number of samples ranges from 1200 (i.e.,
Elliot) to 72 (i.e., Goutum, Vreedepeel, and Zegveld), biomass ranges and distributions
were comparable between all locations, with the exception of Vreedepeel. The Dunn test
indicated that Vredepeel biomass distribution was not the same as other locations, as more
than the 75% of samples present less 1500 kg DM/ha. All locations had 75% (i.e. three
quartiles) of observations below the 3000 kgDM/ha (Figure 4.5 – a) .
Spectral Data – The inspection of PCA (Figure 4.5 – b) indicates that 98% of the
MS variance could be decomposed in two principal components (i.e., Dim 1 and Dim 2).
Observations were grouped per location (i.e., different colors and shapes) while different
colored ellipses delimited 95% of observations of each location. These ellipsis were not
separable (i.e., clusters), indicating that the grouping of spectra through its associated
location has no distinguishable characteristics. In short, although each location has
different attributes (e.g., soil type), by itself, the “location” factor has no influence in
spectral-responses and cannot be used to point out differences in spectral response.
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Figure 4.5: 1 - Boxplot and violin plot of observed sample biomass grouped by location.
Dunn’s Multiple Comparisons (α-level = 0.05) results presented next to each boxplot. Number
of observations (n) per location within the bottom legend. 2 - PCA of multispectral sample
measurements. Ellipsis represent the centers of mass of each location and cover 95% of
observations per group.

4.3.2

Data Analysis

Hyperspectral Simulation
Hyperspectral information could be retrieved with a high degree of correlation and small
overall error (Figure 4.6 - a and b). Overall, simulated and observed spectral information
showed a degree of correlation above 99% (Figure 4.6). However, some areas (e.g., red-edge
and NIR plateau) consistently presented either over or underestimation of reflectance
values, consequently indicating a higher level of RMSE. Yet, these average errors were
usually below two percent (in reflectance values) (Figure 4.6 - a).
As the original reflectance values were retrieved with a high degree of accuracy, the CR
could also be derived with satisfactory similarity to the original value (Figure 4.6 - b),
allowing its use for the generation of predictors employed in the proposed method. As with
reflectance, most of the simulated spectral range was highly correlated (i.e. above 97.5%
correlation), although some areas (i.e. red-edge shift due to chlorophyll concentration)
presented a higher level of error (i.e., RMSE).
Although minimal, an artifact was introduced at the breakpoint (λ = 685 nm) due to
the discontinuity of values output by the two sub-functions. Such artifact was more
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Figure 4.6: Observed and Simulated Reflectance (a) and Band Depth comparison (b). In
each figure the corresponding average of all Observed and Simulated spectra are depicted. A
top and bottom bar present both the RMSE (top) and correlation (bottom), per wavelength,
between the Observed and Simulated spectra

pronounced in the continuum-removed features, seen as a sharp transition in its maximum
point (Figure 4.6 - b).

Spectral Data Retrieval from Multispectral Camera - For both dates (17th and 24th November,
2018), there was a high level of agreement between the retrieved and observed spectral
data, as presented in Figure 4.7. Overall, most bands presented a level of correlation above
80% and RMSE lower than 5% based on the (n) 180 observations per date. As suggested
from Figure 4.6, the spectral regions corresponding to the red-edge inflection point (λ
≈ 730 nm) presented the lowest level of correlation, whereas the NIR region presented
the highest level of RMSE. In addition, the artifact at the breakpoint (λ = 685 nm) is
noticeable. Between both dates, November 17th presented a better agreement between the
retrieved and observed handheld spectral data (Figure 4.7 - right side).
Biomass Modeling and Performance Validation
Feature Engineering and Filtering – Within the current method, filtered VIs were: SIPI2
and NGRDI. Also, of the original MS bands, the Bgreen was excluded from the modeling
dataset. Regarding the proposed method, the filtering process did not exclude any of the
initial predictor set (Table 4.1).
Hyperparameter Tuning – The grid-search of hyperparameters, both for the current and
proposed methods, indicated that the less complex model (i.e., the one with a smaller
number of trees and random variables per split) was within the ten percent RMSE model
selection tolerance guideline (Figure 4.8). For all models, derived hyperparameters were
500 for number of trees and 2 for randomly selected predictors at each node. Performances
within the train-test sets, displayed a marginal improvement of the proposed method
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Figure 4.7: Observed Hyperspectral (solid red line) and Hyperspectral Retrieved (dashed blue
line) from Multispectral Camera for the 17th (left-side) and 24th of November 2018 (right-side).
In each figure the corresponding average of all Observed and Retrieved spectras are depicted
(n = 180). A top and bottom bar present both the RMSE (top) and correlation (bottom), per
wavelength, between the Observed and Retrieved spectra

(Figure 4.8 – a, b, d and e) in comparison to the current method (Figure 4.8 – d and
f).
Model Performance – However, when applying the trained models to the validation set
(Figure 4.9), in all cases, performance was equivalent. For the cross-validation approach,
RMSE were close to 485 – 490 kg DM/ha. When employing the spatial cross-validation,
performances decreased reaching values close to 610–620 kg DM/ha. Noticeably, in the
spatial cross-validation (Figure 4.9 – d to f), there was a trend toward underestimation
of biomass values for observations above 3500 kg DM/ha. This result, however, does not
indicate a saturation of the prediction abilities of the model, as some observations in the
4000 kg DM/ha were accurately estimated.
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Figure 4.8: Grid-search hyperparameter tuning. Different coloured lines represent different
number of trees and, the bottom-axis the number of randomly chosen predictor at each node.
Sub-figures a and d are associated with training-testing values found for the Proposed method
based on observed hyperspectral data, while sub-figure b and e correspond to the simulated
hyperspectral data. Sub-figures c and f represent training-testing results for the Current
method
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Figure 4.9: Predicted by Observed scatterplots. Validation strategy presented in a row-wise
fashion. Accordingly, columns corresponds to the Methods employed. Top–row corresponds to
cross-validation results. Bottom-row corresponds to spatial validation strategy. Methods: (a) –
(d) Hyperspectral data, (b) – (e) Proposed Method, and (c) – (f) Current method

Features Analysis
Both Figure 4.10 and Figure 4.11 display the predictors clustered through a dendrogram
(top-row), having at each end-leaf the corresponding correlation coefficient (linear
relationship - R2 ). Within the dendrogram, the higher the node-split, the most dissimilar
are the variables between each branch and leaves, showing that the most dissimilar
predictors were Band Area and Red. A threshold (light gray dash line) was established,
and each branch is colored according to this division.
Within the heatmap, observations were sorted from top to bottom (row-wise) in a
descending fashion, according to its associated biomass weight (Figure 4.10 and Figure 4.11
- bottom-right side). The value of each predictors was normalized (i.e., range equal to one)
and colored accordingly (top-right side). On the right side of the figure, a scatterplot of
the observations by corresponding biomass (kg DM/ha) is aligned (row-wise) with the
corresponding predictors. As both sides of the figure are aligned, it is possible to observe
the individual behavior of each observation in respect to the associated predictor values
and biomass weight (Methods - Feature Analysis).
The dendrogram clustered the predictors in four main groups (different colors, according to
the established threshold). The first group and largest group (i.e., purple branch) is formed
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Figure 4.10: Dendrogram and clustering of features - Australia. Top left-side: dendrogram
clustering of predictors, each end-leaf express the R2 relationship with Biomass. Top rightside: color palette legend for the heatmap. Bottom left-side: heatmap of predictor variables,
organized column-wise as per Ward-D2 criteria and row-wise in a descending order of biomass
weights. Bottom right-side: scatterplot of the observations (i.e., samples) biomass weight,
arranged in descending order

by Band Area (0.48), NDVI (0.43), Max Depth Position3 (0.44), C (0.29), Band Area3
(0.51), NDBI556 (0.50) and GNDVI (0.48) – predictors and determination coefficients,
respectively. In essence, this group clustered the predictors which were related to the VIS
and NIR features and those related with CR features, and commonly associated with plant
structural properties.
The second group (i.e., light-green branch) correspond to the predictors with the highest
correlation with biomass, including the Optimized NRI745-755 (0.55), NDRE (0.53), Leaf
Chlorophyll Index (LCI) (0.55), NDBI744 , which are commonly associated with plant
greenness and different nitrogen concentrations. The following group (i.e., dark-green
branch) is made of two of the original bands Red-Edge (0.35) and NIR (0.48). The final
group (i.e., pink branch) presents the lowest correlation with biomass, and corresponds
to the Beta (0.38) and Red (0.23). All four main branches present predictors from both
current and proposed methods.
The proximity between leaves indicates a similar response-pattern between predictors and,
consequently, biomass. Accordingly, distant branches correspond to less similar clusters.
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The branches containing the original band values (i.e. dark-green and pink) are distant
from VIs, displaying the two highest nodes.
Also, variables within the same branch display the same color-patterns, indicating its high
level of collinearity. Finally, the response (color) pattern for the data collected in the
Netherlands (Figure 4.11) is equivalent to the Australian data. In none of these heatmaps
is possible to distinguish a particular behavior linked to Location. Through the visual
inspection of the color pattern, it is possible to identify saturation effects (e.g. NDVI,
GNDVI, Bred ) of the predictors above 3500 kg DM/ha. In a opposite way, the indices
clustered under the light-green branch (i.e.Optimized NRI745-755 , NDRE, LCI and NDBI744 )
display no meaningful sign of saturation, reaching its maximum levels (i.e. darker-blue) at
biomass levels above 3500 kg DM/ha.
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Figure 4.11: Dendrogram and clustering of features - Netherlands. Top left-side: dendrogram
clustering of predictors, each end-leaf express the R2 relationship with Biomass. Top rightside: color palette legend for the heatmap. Bottom left-side: heatmap of predictor variables,
organized column-wise as per Ward-D2 criteria and row-wise in a descending order of biomass
weights. Bottom right-side: scatterplot of the observations (i.e., samples) biomass weight,
arranged in descending order

4.4

Discussion

Our results have shown that a satisfactory reconstruction of the hyperspectral signature
of a vegetated canopy can be retrieved from multispectral measurements compatible with
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a commercially available sensor (Figure 4.6 – 1). Such is to be expected, as the overall
shape of the function (i.e., spectral response) is known and adequate functions were
employed in the appropriate spectral ranges. Consequently, this study has also shown
that a straightforward parametric equation can be employed for such purposes, without
resorting to prior information as necessary for Bayesian or multivariate approaches (Results
- Hyperspectral Simulation). When tested against a real multispectral camera, although
with a smaller sample size (two different dates, n = 360), the hyperspectral retrieval
method proved to be effective, reaching acceptable correlation and RMSE levels (above
80% and below 5%, respectively - Figure 4.7).
Furthermore, this study has shown that synthetic spectral features, such as continuumremoved features, can also be retrieved with a high degree of accuracy (Figure 4.6 – b).
Moreover, models that employed either observed or simulated spectral data have performed
equally well, achieving a RMSE of around 490 kg DM/ha, similar to values reported in
Thomson et al. (2020) and Togeiro de Alckmin et al. (2021). The accuracy achieved
reflects a long-term study, lasting close to two years, two different countries and with 1416
spectra-sample pairs.
Nevertheless, the results have shown that more elaborate VIs, such as those in the proposed
method and originally introduced in Mutanga and Skidmore (2004a) and Mutanga and
Skidmore (2004b), perform equally as well as those in the current method. Thus, it seems
fair to state that “while there is a long tradition of creating vegetation indices, there is
also a tradition of proving these functionally equivalent” (Perry and Lautenschlager, 1984).
Such statement is corroborated through the analysis of dendrograms and heatmaps, where
different VIs from both methods are clustered side-by-side within the same branches.
Both a narrowband optimal index (i.e., Optimized NRI) and a broadband index (i.e.,
NDRE), displayed almost identical correlation levels with biomass (Figure 4.10 and
Figure 4.11). Also, both dendrogram and model tuning indicate that the number of
predictors and model complexity could be decreased as no significant improvement was
found when using more complex parameters (Figure 4.8) and many indices were shown to
be redundant (Figure 4.10 and Figure 4.11).
Overall, results indicate that the maximum accuracy can be found using straightforward
regression techniques, with a low risk of incurring in underfitting issues due to conservative
hyperparameters employed (Figure 4.8). Consequently, it is reasonable to point that
future research may explore less complex versions of the algorithm employed in this
study: random forests. A number of different tree-based algorithms, may take advantage
of non-linearity provided by this family of algorithms, while using a small number of
predictors and less complex model structures. Such would may improve the overall
understanding of the underlying phenomena, enhance its explainability to a broader
audience and provide a higher scalability of methods to larger datasets while decreasing
the necessary processing-power to deploy these models.
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The range of error metrics found in the validation set are in line with previous research
(Thomson et al., 2020; Togeiro de Alckmin et al., 2021). Based on the method and
experimental design, an RMSE error equivalent to 460 – 495 kg DM/ha is equal to 7
– 7.5 g within the footprint. Although strict control was employed, such a small value
may partially be due to different error sources, such as weighing scale precision, small
imprecisions in cutting-height or incomplete harvesting. Such a systematic-error should
be normally distributed throughout all-levels of biomass. However, larger residuals are
found in high biomass levels (i.e., above 3000 kg DM/ha, indicating that other confounding
factors (e.g. difference in scene support or ambiguous spectral response) may be decreasing
achievable accuracies. A possible explanation lies in the well-known asymptotic nature of
reflectance (Tucker, 1977a) by which a denser or thicker optical medium has decreasing
reflectance response and, thus, further changes in the target do not equate to changes in
reflectance levels (i.e. saturation). This heteroscedastic trend would be even more explicit
if a larger percentile of biomass samples were above this saturation threshold. However,
under operational scenario grazing or harvest of pasture are usually performed before this
biomass range is reached.
From a biological perspective, two main broadband spectral features are acting within the
spectral range (i.e., 550–790 nm) employed in this study: chlorophyll content and leaf area
index. While, chlorophyll concentration is related positively to a minor deepening and
a major widening of the absorption features, higher levels of LAI provide an asymptotic
increase in reflectance level at the NIR plateau. These two phenomena explain the success
in the retrieval of the hyperspectral data through a piecewise function and indicate that
the ability to predict pasture biomass is linked with the ability to predict both phenomena
regardless of the subset of vegetation indices employed to such end.
From a sensors design perspective, this study also suggested that the use of hyperspectral
sensors in outdoor environment is of limited utility when not employed for measurements
of narrowband absorption features. As an example of such, the simulated spectra cannot
account for the fluorescence peak at around 760 nm or the red-edge position (Filella and
Peñuelas, 1994) at 700–725 nm (Figure 4.6 – 1). Other areas of the spectra could be
simulated with a high level of accuracy, thus not requiring a dedicated sensor.
As limitations of this study, although the handheld instruments employed are considered
the benchmark for spectral measurements, commercial multispectral cameras can introduce
instrumental error, due to poor design and radiometric processing, which may hamper the
accurate retrieval of the spectral information.
Despite outside the scope of this study, the difference in between the simulated and
camera-retrieved spectral data can be explained through differences in sensor-viewing
geometry, illumination angle and radiometric processing of the multispectral data as well
as differences in spatial support (i.e., differences related to the point-spread-function of the
handheld instruments or regarding the footprint averaging of the multispectral imagery -
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Mac Arthur et al. (2007)). Additionally, the radiometric consistency of the multispectral
camera has been reported as sub-optimal (Franzini et al., 2019), possibly contributing to
a fraction of the error. There was also a noticeable difference between dates, suggesting
the need for further research on protocols for data collection of multispectral imagery at
low-level flight.
As an additional limitation, soil spectral information has not been considered. Such,
however, did not impacted the accurate retrieval of the original hyperspectral data. For
most operational scenarios, grazing moments and pre-grazing biomass targets are reached
after 95% light interception (Korte et al., 1988), thus target background, such as soils,
has a negligible influence in the final spectral signature. The method proposed for
spectral retrieval would be of limited utility for low-levels of biomass (e.g., below 500 kg
DM/ha).
Conversely, it seems reasonable to hypothesize that, as reported in Tucker (1977a), at high
levels of LAI, irradiance has little to no interaction with the lower strata of the canopy.
Thus, for high levels of biomass, empirical relations between spectra and canopy properties
have found its accuracy ceiling. Complex algorithm cannot improve performance due to
an absent relationship between predictors and output. For this circumstances, accuracy
improvements should come different sources of data or from different modelling strategies,
such as time-series analysis.
Finally, this study successfully compared different validation strategies, both through a
hold-out validation set and spatial-validation. These strategies differed in terms of accuracy,
indicating that some variability is introduced in the relationship of spectra-biomass. Yet,
there is no strong indication that location should be considered as a necessary predictor to
improve accuracy, given the PCA analysis results. Furthermore, while there is a difference
of around 120 kg DM/ha when employing spatial-validation, the same rational also shows
that there are larger (i.e. 490 kg DM/ha, validation) sources of errors not specifically
related to location.

4.5

Conclusion

This study has shown that hyperspectral data of vegetated canopies, in specific of
perennial ryegrass, can be retrieved from multispectral measurements through the use
of a straightforward piecewise parametric equation. As a limitation, however, discrete
narrowband absorption features, such as fluorescence, could not be accurately retrieved.
Vegetation indices and other spectral features derived from the simulated spectra have not
improved model performance for biomass estimation when compared to indices already
employed in current practice. Such may be due to the collinear nature of spectra and
derived indices or transformations, introduced by the parametric equations.
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The maximum achievable accuracy (i.e. RMSE) was equal to approximately 490 kg DM/ha.
This error-level may be used as a benchmark for spectra- based models when employing
top-of-the-canopy reflectance (λ = 550–790 nm). Such limitation may be due to the
asymptotic response-nature of reflectance and high levels of biomass (LAI > 4), and to
uncontrolled sources of error (such as scene support) not accounted for in this study.
Finally, the results indicate that, in outdoor conditions, a multispectral sensor can
perform equally as well as a hyperspectral sensor when aiming to retrieve pasture biomass
estimations and the spectral range employed is limited to 550–790 nm. In this range, the
main reflectance drivers are chlorophyll absorption and cell-wall reflection, both broadband
phenomena and measurable through a multispectral sensor.
Future research should focus on additional uncorrelated predictors not correlated with
spectral response, such as weather data, different modelling strategies, such as time-series
or forecast models, and testing whether less-complex machine learning algorithm could
provide the same level of error, while decreasing processing power requirements for model
deployment.

Chapter 5
Perennial Ryegrass Biomass Retrieval
Through Multispectral UAV data

This chapter is based on:
G. Togeiro de Alckmin, A. Lucieer, R. Rawnsley, L. Kooistra. "Perennial Ryegrass
Biomass Retrieval Through Multispectral UAV data". Submitted 19/Jan/2021.
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Abstract
Frequent biomass measurement is a key-activity for optimal perennial ryegrass (Lolium
perenne) management. Due to the necessary frequency and current trend of larger dairy
farms, such activity is perceived as an operational bottleneck. Substantial effort is
directed to the development of accurate and automated technological solutions. The
recent popularization of unmanned aerial vehicles (UAVs) combined with multispectral
cameras should allow for an optimal observational system able to deploy machine learning
algorithms for near real-time biomass dry-matter (DM) mapping. For successful operation,
these systems should deliver radiometrically accurate orthomosaics and robust models
able to generalize across different periods. Ideally, such pipelines should require minimum
processing power and allow for fast deployment. This study has established a two-year
experiment, comparing reflectance measurements between a handheld spectrometer and
a commercial multispectral UAV camera. Additionally, different algorithms based on
regression-tree architecture were contrasted regarding accuracy, speed, and model size.
Model performances were validated, providing error-metrics for baseline accuracy and
temporal validation. The results have shown that the standard procedure for multispectral
imagery radiometric calibration is sub-optimal, requiring further post-processing and
presenting low correlation with handheld measurements across spectral bands and dates.
Nevertheless, after post-calibration, the use of spectral imagery has presented better
baseline error than the point-based sensors, respectively displaying an average of 397.3
and 464.2 kg DM/ha when employed alongside the best performing algorithm (Cubist).
When trained and validated across different years, model performance was largely reduced
and deemed unfit for operational purposes. The Cubist/M5 family of algorithms have
exhibited advantageous characteristics such as compact model structure, allowing for a
higher level of model interpretability, while displaying a smaller size and faster deployment
than the Random Forest, Boosted and Bagged Regression Trees algorithms.

5.1 Introduction
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Introduction

Efficient pasture production and utilization are often the most critical components in
a dairy operation (Wilkinson et al., 2020), directly impacting the overall profitability
and carbon footprint associated with dairy systems (Lorenz et al., 2019). Moreover, the
recent widespread adoption of Unmanned Aerial Vehicle (UAV) as a precision agriculture
tool offers unprecedented opportunities for pasture biomass assessment (Michez et al.,
2019). Such activity, which has historically been a bottleneck on forage-based dairy
systems (Edirisinghe et al., 2012), can now conveniently capitalize on Remote Sensing
(RS) techniques and semi-autonomous platforms for intra-paddock data collection and
biomass assessment.
In the past decades, substantial progress has been achieved in determining key biophysical
attributes of pastures through the analysis of spectral data, particularly through the use
of field spectrometers (Kawamura et al., 2009; Mutanga and Skidmore, 2004a). Although
demonstrating the potential of in-situ reflectance analysis, handheld instruments do not
address the need for automated data collection necessary for an operational farm scenario.
This challenge, however, can be surpassed through the use spectral imaging systems,
such as Multi-Camera 2D Imagers, and UAV which are becoming ubiquitous in precision
agriculture practices (Aasen et al., 2018).
Ideally UAVs should fulfill an observational gap, capable of providing the necessary spatial,
spectral and temporal resolution for farm operations, translating handheld point-based
methods to farm-scale aerial mapping. In terms of physical measurements (i.e., reflectance),
the difference in data acquisition scale (i.e., from ground to low-level flight) has been shown
negligible, yet subject to sensor quality and design as well as environmental illumination
conditions (Von Bueren et al., 2015). Such equivalence between spectral data collected at
canopy and low-level flight (i.e., below 120 m height) indicates the transferability of methods,
providing an effective tool for measurement and monitoring of pasture attributes.
Currently, commercially available UAV imaging systems are limited to a small number
of spectral bands and often rely on the use of VIs as enhanced predictors. Many of
these indices, however, are prone to saturation, displaying an asymptotic response to high
levels of biomass (Tucker, 1977a), limiting model performance due to heteroscedasticity
(Muñoz et al., 2010). Yet, saturation and poor model fit have been shown to be reduced
through either using optimized or a small subset of VIs, particularly when employing
non-parametric regression models (Guerini Filho et al., 2020; Mutanga and Skidmore,
2004a; Togeiro de Alckmin et al., 2021), further improving the potential and competitive
advantage of UAVs multispectral systems.
Widespread adoption of these tools is limited due to data size and processing power
requirements, leading to onerous scalability to large areas in a fully automated pipeline.
These constraints require algorithms which can be quickly deployed both for the generation
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of orthomosaics to end-products (e.g., biomass maps) either in a cloud-based system or on
a personal computer (Maes and Steppe, 2019).
In recent years, the generation of georectified mosaics has been largely overcome (Turner
et al., 2012; Zhao et al., 2019) through the use of Structure from Motion (SFM) techniques,
and is currently commercially offered. However, the processing pipeline for radiometrically
corrected orthomosaics is under active research and improvement (Fallet and Domenzain,
2018; Gilliot et al., 2018; Suomalainen et al., 2018).
Data quality is subject to image processing from raw data to radiometrically corrected
orthomosaics (Poncet et al., 2019) and systematic errors introduced by sensor design
(Barker et al., 2020; Mamaghani and Salvaggio, 2019). Despite a substantial demand, enduser products such as quantitative biophysical maps, which are dependent on radiometric
accuracy, are not (yet) in place. Inevitably, imaging systems must provide accurate
radiometric data for reliable deployment of predictive models.
Physical models (i.e., radiative transfer models) have successfully described canopy spectral
responses through the use of biophysical inputs (e.g., chlorophyll concentration, leaf area
index). These biophysical inputs are also employed in pasture sciences as main factors for
adequate levels of fertilization, photosynthetic activity or biomass accumulation, which are
key performance indicators for optimal management. However, these drivers of spectral
response are not easily measured in the field.
The use of interpretable models should allow end-users to have a real-time assessment of a
key management parameter (e.g., biomass or nitrogen concentration) while simultaneously
indicating the drivers for that estimation (e.g. chlorophyll concentration or leaf-area
index) through links between spectral predictors and biophysical inputs (e.g., VI
vs. canopy structure). Additionally, such type of information may be employed towards
model diagnosis, establishing under which conditions (e.g. LAI ≥ 10) models tend
to under perform, and in which conditions specific spectral predictors are of greater
importance.
Meanwhile, there is usually a trade-off between (i) accuracy, (ii) model complexity and
(iii) interpretability (Carvalho et al., 2019). Rule-based models, such as decision trees,
are an interesting compromise between these three factors due to its interpretability and
accuracy provided by its non-parametric nature. The fit between the canopy spectralresponse (in the visible to near-infrared range) and biomass should not display a complex
pattern, thus not requiring black-box complex models for optimal fit between predictors
and explained variable. Non-complex models, such as shallow decision-trees should allow
for interpretability and linkage between specific VIs and biophysical inputs.
Furthermore, the prediction performances of machine learning models are typically
communicated via k-fold cross-validation estimates, possibly providing an optimistic
assessment (Roberts et al., 2017). A more far-reaching evaluation of performance explores
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spatial and temporal assessments (Meyer et al., 2018; Togeiro de Alckmin et al., 2020a),
providing insights to end-users about performance under different circumstances.
The objective of this study is to (i) assess the correlation between reflectance measurements
of a commercially available UAV multispectral camera at low-level flight and ground-based
measurements of perennial ryegrass Lolium perenne, (ii) assess the difference in accuracy,
size and speed when employing gradually more complex tree-based regression algorithms
and (iii) validate model performance through different strategies: (a) k-fold cross-validation,
and (b) validation in different years. The findings from this study provide a foundation
for the assessment of UAV remote sensing for precision pasture management applications
as well as a strong framework for biomass monitoring.

5.2

Methods

5.2.1

Data Collection

The experimental field trial was undertaken at the Tasmanian Dairy Research Facility in
Elliot (TAS, Australia — 41°450 7.300 S, 145°460 21.800 E). The experimental layout was an
array of 30 rainfed perennial ryegrass plots (dimensions of 2.0 x 7.5 m, with 0.35 m border
at each side of the plot’s longitudinal axis), arranged as two rows by 15 columns.
Plots were grouped in three main blocks (10 plots per block). For the 2017 data collection
campaign, each block was split in different growth intervals: long and short or approximately
30 and 15 days, respectively. For the 2018 data collection campaign, each block had a
single growth period. All plots were mown and fertilized in October 21st , 2018. In the next
two subsequent data collection campaigns, a single block was harvested and mown (21 and
27 days, respectively). In the third and final campaign, all three blocks were harvested.
Consequently, for the final data collection campaign, there were three different growth
periods (7, 14 and 34 days).
Each plot was randomly allocated a different nitrogen (N) fertilizing regime (0, 25, 50, 75
or 100 kg N/ha). The fertilizer was manually applied (i.e., top-dressing) on each plot at
the start of each regrowth cycle, having urea as N source. Prior to spring (second half of
August) and prior to installing the experiment, phosphorus (P), potassium (K) and sulfur
(S) were broadcast throughout the trial area according to soil analysis to ensure that the
lack of macronutrients would not impede plant growth.
Data collection campaigns consisted of three subsequent stages: (1) multispectral imagery
acquisition, (2) proximal hyperspectral measurements, and (3) biomass determination
(Figure 5.1 - Data Collection Workflow). Spectral data was collected by a field spectrometer
(ASD Handheld 2 or ASD FieldSpec 4, CO, Boulder, USA, in 2017 and 2018, respectively)
and a UAV mounted multispectral camera (Parrot Sequoia - Ile-de-France, France,
Figure 5.1 - Instruments). Four collection campaigns were performed under clear-sky
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Figure 5.1: Workflow for data collection (1 – Mission Planning, 2 – Data Collection, and 3 –
Ground-Truthing). Modelling (Regression Techniques). Instruments and Validation Strategies
(cross-validation and temporal-validation)

conditions and around solar noon: November 28th , 2017 and the 11th , 17th , and 24th ,
November of 2018.
For the proximal measurements, no fore-optics were attached to the field spectrometers.
Both instruments displayed an equivalent field of view (FOV - 25°), and a 1 nm bandwidth
across the 400–1100 nm spectral range. Total time spent to obtain all spectral measurements
(180 data points) ranged from 1.5 to 2 hours per field campaign with minimum warm-up of
30 minutes. The instrument setup follows the manufacturer’s recommendation: 30 scans
for spectrum averaging, 60 scans for dark current and white reference.
Within each plot, six sample-sites were randomly chosen. Before the start of the data
collection campaign, markers were placed next to each sample-site. Each sample-site
was measured five times. The final sample spectral value was the average value of these
five measurements. The sequence of measured plots was randomized to minimize any
systematic effect of solar position across the plots during data collection. In addition,
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after finishing measuring the samples of each plot, a spectral measurement of the white
reference (Spectralon®) was recorded.
The intention of this procedure was twofold: (a) to monitor the stability of the instrument
and (b) detect any possible change in atmospheric conditions. The instrument was
recalibrated (against the white reference) after seven minutes of continuous usage or
whenever the white-reference measurement deviated from 100% reflectance, whichever
occurred first. Within each plot, six randomly allocated sample-sites were selected.
Proximal spectral measurements were taken from approximately one-meter height, thus,
yielding a circular footprint equal to 0.15 m (or 0.44 m diameter). Each sample-site was
measured five times. Final sample spectral value was the average value of these five
measurements.
Pasture biomass was mechanically defoliated above a residual height of 50 mm from the
0.15 m2 spectrometer footprint. Harvested material was dried for a minimum of 48 hours at
60 °C in a forced-air oven immediately following each harvest. Samples dry-matter (DM)
were weighed using a digital scale (MassCal, 30 kg ±0.5 g). In total, 480 biomass-samples
were collected.
Mission Planning
UAV flights path ensured a minimal of 75% overlap between images, using a surveygrid flight path, flight-height of 35 m and speed of 3 m/s, with a north-south flight-track
orientation, and a camera time-lapse interval set to one second. Flights were performed
within ±1 hour of solar-noon, following the procedure detailed in Fallet and Domenzain
(2018).
Prior to the flight, the multispectral camera settings were optimized through the camera’s
web interface, using the spectral calibration target provided by the manufacturer. The total
area surveyed was 0.1 ha (25 x40 m), and flight characteristics ensured a ground-sampling
distance below 5 cm. Flight duration was less than five minutes. No warm-up period was
used to avoid thermal instability and dark current effects.
Five aluminum-made reference panels with dimensions 0.4 x 0.4 m, were laid out next
to the experimental area. These were painted using different gray level coatings from
off-the-shelf Mankiewicz Nextel® (Hamburg, Germany) Suede Coatings 3101 (Anthracite,
Stone Gray, Light Gray, Pearl and Cream) with average reflectance values from 6% to
65% (across the 400 –900 nm range). The reflectance values of these panels were measured
in laboratory using a Malvern PanAnalytical FieldSpec 4 and a contact probe taking
measurements across the panels.
Ground control points were acquired for each plot, using a RTK GNSS (Reach RS - Emlid,
Saint-Petersburg, Russia). Yet, provided the large number of images in a flat small area,
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the photogrammetric (SFM) process was sufficient for accurate corregistration of bands
and spatial accuracy without the use of ground control points (Pricope et al., 2019).
Imagery Radiometric Correction.
Imagery was processed in Agisoft Metashape Pro (Agisoft LLC, St. Petersburg, Russia)
following the guidelines provided in Fraser and Congalton (2018) and Agisoft (2020). The
raw imagery was radiometrically corrected using both the irradiance sensor and the known
reflectance targets (i.e., the panel provided by the manufacturer plus the five reference
panels - Method “B” of Poncet et al. (2019), yet employing additional reference panels).
The orthomosaic was generated using the Mosaic Mode as blending mode and pixel size
to 5 cm. This method is refered to as the Pre-Calibration method.
A second and subsequent correction was performed using the known reflectance values for
each of the reference panels, following a modifiction of the method described in Poncet
et al. (2019) (Method “D”). This Post-Calibration method consisted in applying a linear
function to the orthomosaic. This linear function was derived from the average reflectance
of the known reflectance targets as displayed in the orthomosaic and their (true) measured
value in laboratory.
5.2.2

Data Analysis

Data analysis was performed in RStudio/R (versions 1.2.5 and 4.0.2, respectively). For
reproducibility purposes, data analysis operations are introduced by the corresponding
package::function format (i.e., typewriter typeface and accompanied by the double
colon operator, i.e. the scope resolution operator).
5.2.3

Reference Observations

To ensure comparability between models, a post-hoc analysis, the Dunn’s Multiple
Comparison Test (FSA::dunnTest) was performed over the biomass observations,
having Year as the comparison factor. Additionally, a Principal Component Analysis
(PCA) was performed over the spectral benchmark responses (i.e. those collected
using the handheld spectrometer) and Year was used as the attribute for comparison
(factoextra::fviz_pca_ind). Both analyses serve the purpose of testing whether biomass
distributions and spectral observations from different years (i.e. 2017 and 2018) were
comparable.
Spectral Accuracy Assessment - Hyperspectral data was convolved (hsdar::
spectralResampling) to the same specifications as the commercial multispectral sensor
. This camera has four dedicated imaging sensors, corresponding to the green (B1, 530–
570 nm), red (B2, 640–680 nm), red-edge (B3, 730–740 nm) and near-infrared (B4, 770–
810 nm), an irradiance meter compatible with the imaging sensors, and provides a spectral
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calibration target of known-reflectance target for camera optimization and radiometric
correction. The spectral resolution and the spectral responsivity were extracted from the
manufacturer’s technical sheet using WebPlotDigitizer (Rohantgi, 2020).
For the multispectral imagery, polygon layers were generated to match the location of
all handheld point measurements through a parametric script. This script employed
the final output of the randomly generated location for handheld measurement. The
accuracy of the polygon layers was checked against the markers (visible in the imagery)
and its known location within the plot. These polygon layers were then used to extract
(raster::extract) the spectral data related to the sensor footprint (n = 720).
5.2.4

Biomass Modelling

Five different regression algorithms were employed: Classification and Regression Trees
(CART) (Breiman et al., 2017), Cubist (Quinlan, 1992), Bagged Trees (Breiman, 1994),
Boosted Trees (Schapire, 1990), and Random Forest (Breiman, 1984). These models share
the same decision-rule architecture, employing strategies that are able to progressively
map more complex fits, while employing techniques for balancing both model bias and
variance. However, these techniques render an increasing level of complexity to each model,
reducing the interpretability.
Both CART and Cubist are more interpretable than the remaining models. CART
develops a regression-tree in which its end-leaf is computed as the mean of the observations
selected through the rules associated with that branch. With a slight modification, Cubist
computes linear-functions rather than averages; thus, each end-leaf is a piecewise linear
model (Figure 5.1 - Modelling. Decision Trees and Cubist).
Both bagging and boosting are ensemble techniques (Opitz and Maclin, 1999). The concept
of boosting refers to the weighted sum of a one-level regression tree (i.e., one predictor
regression tree, also known as a “weak learner”) to create an sequential and additive
model, further improving (i.e., boosting) model performance (i.e. “strong learner”). The
concept of bagging (bootstrap aggregating, also refers to a meta-learner concept), explore
the use of many models generated through resampling with replacement (i.e, bootstrap),
the prediction is weighted average (i.e., aggregate) of all models (Figure 5.1 - Modelling.
Bagging). The bagging prediction is, thus, an average results of large number models.
The model performance was evaluated using a nonparametric pairwise multiple comparisons
post-hoc test: Dunn’s test (Dinno, 2015). This analysis provides an insight into whether
different algorithms have performed significant different from others, while grouping
algorithm of similar performance.
Similarly to the regression trees, the Cubist algorithm may also employ a technique similar
to boosting named “committees”, by which several model trees are created in sequence.
Also, a smoothing technique named as “instances” may be employed to further improve
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model performance (Quinlan, 1993). The trade-off between these additional techniques
and interpretability can be taken into account when opting for a final model.
The predictors employed for modelling were: Normalized Difference Vegetation Index
(NDVI) , Green Normalized Difference Vegetation Index (GNDVI), Transformed Vegetation
Index (TVI), Normalized Difference Red Edge Index (NDRE), Leaf Chlorophyll Index
(LCI) and Modified Chlorophyll Absorption Ratio Index (MCARI), generated as per the
equations and references available in RStoolbox::spectralIndices.
Table 5.1: Vegetation indices employed for biomass modeling

Index

Formula

Author (Year)

NDVI
GNDVI
NDRE
TVI
LCI
MCARI

(B4 − B2 )/(B4 + B2 )
Rouse et al.
(B4 − B1 )/(B4 + B1 )
Gitelson et al.
(B
− B3 )/(B4 + B3 )
Haas et al.
q4
(B4 − B2 )/(B4 + B2 ) + 0.5)
Gitelson and Merzlyak
(B4 − B3 )/(B4 + B2 )
Zebarth et al.
(B3 − B2 ) − (B3 − B1 ) ∗ (B3 /B2 )
Daughtry

(1973)
(1996)
(1975)
(1994)
(2002)
(2000)

All the indices employed (Table 5.1) are compatible with the bands available in the
multispectral camera and commonly employed for precision agriculture purposes (Franzini
et al., 2019; Lu et al., 2020).
5.2.5

Validation Strategies

Validation strategies allow for insights in model performance under different circumstances,
evaluating the applicability of boundary conditions of the models training stage. Two
different validation strategies were employed to measure performance across different
scenarios: (i) repeated k-fold cross-validation (Stone, 1974); and (ii) temporal-validation
(Figure 5.1 - Validation Strategies).
The k-fold cross-validation provides an insight of baseline error whenever the boundary
conditions for both model training and testing are the same. Temporal-validation provides
insight regarding the performance of models trained in one year and validated in a different
one. Thus, in the context of this study, two training and validation sets were available
(2017 and 2018) and were used alternately.
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Figure 5.2: Reference Observation - Boxplot biomass values per year (I) and PCA of spectral
reference ASD (II); the ellipses represents 90% of the corresponding observations.

5.3

Results

5.3.1

Reference Observations

Biomass observations - For the complete data set, observations ranged from 132 to
4025 kg DM/ha, with an average value of 1356 and median 1125 kg DM/ha (Figure 5.2 I).
Both years presented similar ranges, however, Dunn’s test indicated that distribution
between both years were not comparable. The biomass values observed in 2017 presented
a broader distribution of quartiles (mean = 1646, maximum = 3762 , minimum = 401 kg
DM/ha), in comparison the 2018 observations (mean = 1182, maximum = 4025 , minimum
= 132 kg DM/ha), as seen in Figure 5.2 - I.
Spectral observations - The results of the PCA were able to summarize 99.2% of total
variance of the original data set in the two first Principal Components (Biplot. Figure 5.2
- II). To a large extent, the PCA indicates that the spectral observations were dissimilar:
observations for both years are clearly projected in different areas of the biplot, as shown
in (Figure 5.2 - II ). As a reduced feature space, the PCA biplot indicated the 2017 data
displayed a wider spectral variability than 2018, encircling observations of the first year
within both Principal Components.
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5.3.2

Imagery Radiometric Correction

Pre-Calibration - Following the radiometric calibration performed exclusively through
Agisoft Photoscan (i.e. Method “B”), the analysis of the radiometric response for reference
targets showed a non-linear response in all four bands (Figure 5.3 - Pre-Calibration).
Particularly, a complete saturation of the Green and Red bands (B1 and B2, respectively)
was evident past the range of 20-30% reflectance. In addition, the multispectral camera
did not consistently under- or overestimate the reflectance values, displaying no systematic
error across dates (Figure 5.3 - Pre-Calibration). Such is made explicit through the through
the comparison of 1:1 line between spectrometer and multispectral camera. In different
dates and for different bands, the camera has displayed slopes which were either smaller
or larger than one.
Post-Calibration - Following the methodology presented in Poncet et al. (2019), the
reflectance values were further corrected through a linear regression against the reference
targets. Due to the saturation displayed for both the Green and Red Bands, only the the
darker targets (i.g. Dark-Anthracite, Stone-Gray and Light-Gray) were employed as data
points in the empirical line calibration(Figure 5.3). For the remaining bands, all targets
were used in the linear regression (Figure 5.3).
Without taking into account the errors due to saturation of the Green and Red Bands (B1
and B2, respectively), the average RMSE for all bands across all dates was equal to 5.89%
and 1.28% for pre and post-calibration, respectively (Figure 5.3).
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Figure 5.3: Scatterplot of Multispectral Camera and Handheld Sensor Measurements of
Reference Panels Spectral. Pre Calibration refers to the radiometric calibration as per the
manufacturer’s guidelines. Post Calibration refers to the Method ”D” described in Poncet et
al. (2019)

Radiometric Assessment - An assessment between the handheld spectrometer
(i.e. benchmark) and the corrected orthomosaic (n = 720) is presented in the Table 5.2.
For all dates and bands the determination coefficient was below 0.90. In absolute values,
the range of root mean square error (RMSE) was equal to 1% – 19%. The normalized
root mean square error (NRMSE), express the RMSE value as a fraction of the range
of reflectance values for each band. The range of reflectance measurements per date
(maximum, mean and minimum) are presented in Figure 5.4.
Particularly for the date of November 28th 2017, the difference between handheld
measurements and spectral imagery is found to be the largest. The date with best
agreement between sensors is found in 17th November 2017. Across the bands, the rededge (B3) is the band with lowest correlation between both sensors, with maximum and
minimum determination coefficients equal to 0.53 and 0.16, respectively. The highest level
of error is found for the near-infrared (B4), reaching 19% in the 27th November, 2017.
Overall, all bands displayed a poor performance, presenting a median NRMSE equal to
19% Figure 5.4.
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Table 5.2: Correlation and Error Metrics between handheld sensor and post-calibrated
multispectral camera
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Figure 5.4: Average, Maximum and Minimum Spectral Response per Date and per Instrument.
ASD Fieldspec spectral response (left-side, blue). Parrot Sequoia spectral response (right-side,
red). The coefficient of determination (R2 ), RMSE and NRMSE, between both instrument is
presented in Table 5.2.

5.3.3

Biomass Modelling

The results of k-fold cross validation are presented in Figure 5.5. Dunn’s Test were used to
identify which specific means are significant from the others (i.e. different groups).
Multispectral camera - for the multispectral camera dataset (Figure 5.5 - I), within
the five different models, both Cubist and Random-Forest have the lowest and equivalent
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Table 5.3: Model sizes and Prediction Time (based on the raster file from November 28th ,
2018)

Time (s)
Size (Kb)

CART

Cubist

Bagged Trees

Boosted Trees

Random Forest

5.0
1033.6

55.1
98.5

5.8
4244.2

8.0
1746.7

18.1
5706.9

error distributions as per the results of Dunn’s test (Figure 5.5 - Group b) with an average
RMSE of 397 kg DM/ha. The three remaining regression algorithms, bagged-trees, boosted
trees and CART (Group a), presented a similar average RMSE of 441.5, 446.4 and 463.4 kg
DM/ha, respectively.
Both CART, bagged trees and random forest have presented a bi-modal distribution.
Conversely, both Cubist and Boosted Trees displayed an unimodal distribution of errors.
The difference between Groups a and b is equivalent to 53.3 kg DM/ha.
Handheld sensor - when the handheld spectral data was employed (Figure 5.5 - II), the
best performing regression algorithm was Cubist (464.2 kg DM/ha), followed by RandomForest (519.5 kg DM/ha), Bagged Trees (540.9 kg DM/ha), Boosted Trees (572.8 kg DM/ha)
and CART (613 kg DM/ha).
As per the Dunn’s Test results, only Cubist (Group b) do not share a similar errordistribution with any other algorithm. Both Random Forest (Group c) and Bagged Trees
are equivalent. Similarly, both Bagged Trees and Boosted Tree (Group d) are equivalent
as well as Boosted Trees and CART (Group a).
Overall, for the best performing regression algorithm was Cubist and the differences in
average RMSE for both sensors was equal to 66.9 kg DM/ha. Also, the multispectral
camera presented lower levels of error than the handheld spectral sensor.

Model Size and Prediction Time - When deployed for prediction, using a off-the-shelf
laptop (Dell Precision 3530 - Windows 10) the fastest regression algorithm was CART
and the slowest was Cubist (Table 5.3), taking nearly 11 times more time to fulfill the
same task. When compared against the second slowest algorithm (i.e., Random-Forest),
CART was 4 times faster. In terms of model size, the smallest model was Cubist (98.5
kB) and the largest Random-Forest (5706.9 kB).

Model Tuning and Selection - All models hyperparameters were tuned based on the
set of parameters for the minimal RMSE. In the best performing model (i.e., Cubist)
both the number of ‘committees’ and ‘instances’ were optimized. For the multispectral
camera, minimal RMSE was found using nine instances and ten committees (Figure 5.6 -

104 Perennial Ryegrass Biomass Retrieval Through Multispectral UAV data
(I)

(II)
Group : c

Group : b
519.5

RandomForest

396.9

Group : cd

Group : a
540.9

TreeBag

441.5

Group : a

Model

Model

Group : ad
572.8

TreeBoost

Group : b

446.4

Group : b
464.2

Cubist

397.3

Group : a

Group : a
613.0

CART

200

400

600

RMSE (kg DM/ha)

463.4

800

200

300

400

500

600

700

RMSE (kg DM/ha)

Figure 5.5: Root Mean Square Error (RMSE) distribution for k-fold cross validation: (I) errordistribution for using a handheld spectrometer; (II) error-distribution using the multispectral
camera data. A Dunn’s test (”Group”) was applied for each corresponding sensing instrument
to determine whether error distributions were equivalent. Models size and processing times are
presented in Table 2

I). However, without the use of a committee or instances, the mean RMSE was equal to
428.6 kg DM/ha, a decrease of 31.3 kg DM/ha.
The same optimal tuning characteristics were found for the handheld measurements (i.e,
nine instances and ten committees). However, without the use of committees or instances
the decrease in performance is smaller (12.3 kg DM/ha, Figure 5.6 - II).
The use of committees had a larger effect on model performance than instances, indicating
that sequential models (i.e., boosting techniques) focusing in poorly predicted observations
were beneficial for model performance.

Model Interpretability - A Cubist regression-tree was generated, as an example of
model interpretability using the its M5 version (RWeka::M5P), for both the handheld and
multispectral camera data sets (Figure 5.7). For the purpose of brevity, only the Figure
concerning the multispectral camera is presented, while the handheld is provided as an

5.3 Results

105

(I)

(II)430

RMSE (Repeated Cross−Validation)

476

472

468

420

#Instances
0
5

410

9

400
464
5

10

15

#Committees

20

5

10

15

20

#Committees

Figure 5.6: Hyperparameter tuning for the Cubist regression algorithm. Sub-figures I
and II corresponding to the model tuning using the handheld and the multispectral camera,
respectively.

annex. The performance of the algorithm was equivalent to the values found within the
tuning of hyperparameters (i.e., lowest values of committees and instances). For both
sensors the number of splits were small, the first rule-based split used on the MCARI
and the worst performing group was that associated with a low response in MCARI.
Particularly for the handheld sensor, additional splits were based on NDVI and NDRE.
Noticeably, for all linear models (LMs), all coefficient values are high, possibly indicating
overfit within each model.

Temporal Validation - In the temporal validation strategy, Cubist was the only model
assessed as all other algorithms had been found sub-optimal through the repeated k-fold
cross-validation, thus, rendering an extensive analysis futile.
Regardless of the sensor, predictions were always highly biased. The prediction results
of 2017 were underestimated, while the results for 2018 were over-estimated (Figure 5.8).
When the validation set was the 2017 year, the RMSE was equal to 1087 and 797 kg
DM/ha, for the handheld and multispectral camera, respectively. Conversely, for the year
of 2018 the RMSE was equal to 1258 and 1432 kg DM/ha, respectively.
Regarding the stability of the error-metrics, the handheld sensors were shown to be
more consistent, with a difference between years equals to 171 kg DM/ha, whereas the
multispectral camera has a wider variation between both years (635 kg DM/ha).

106 Perennial Ryegrass Biomass Retrieval Through Multispectral UAV data

Figure 5.7: Cubist Regression (multispectral camera). Terminal leaves present both the
number of observation and coefficient of determination for its respective linear model (LM)

Interestingly, across sensors, the bias introduced by either under or overestimation inflated
RMSE values, generating results that have comparatively higher RMSE and higher
coefficient of determination. This is noticeable through the visual inspection of more
compact or elongated data point-clouds which, although having higher RMSE, presented
a higher coefficient of determination (R2 - Figure 5.8).
To allow a better comparison of model performance, a third statistical error-metric was
added: the Concordance Correlation Coefficient (CCC) (Lin, 1989). Through it, we can
infer that none of these models has an optimal performance (Figure 5.8). All models
presented a CCC lower than 0.5. Under this metric, however, the model associated with
the inputs of the multispectral camera displayed a stable metric (CCC ≈ 0.45 – 0.48),
while not displaying an accentuated level of saturation at high biomass-levels.

5.4

Discussion

This research aimed to assess the (i) equivalence between spectral data acquired at top-ofthe-canopy and low-level flight, (ii) evaluate the impact of increasingly complex tree-based
models, and (iii) estimate model performance under a repeated k-fold cross-validation
and a temporal validation. Our results have shown that a thorough examination of
the radiometric quality of the multispectral camera is necessary. Firstly, the camera
has clearly indicated a response-saturation both in the Green and Red bands at levels
above 20-30% reflectance (Figure 5.3). Consequently, the camera is limited to spectral
observations of vegetation, for which most targets are within such range (i.e., reflectance
below 20–30%).
Additionally, although our experimental design did not aim to measure it, the analysis
(Figure 5.3) indicates a lack of dynamic range of the multispectral camera in comparison
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Figure 5.8: Predictions for temporal validation strategy. Scatterplots on the left and right side,
present the validation results for the handheld and camera data, respectively. Accordingly, the
top and bottow row refer to the years used as validation sets, either 2017 or 2018, respectively

to the handheld sensor (Figure 5.4). This can be seen in wider amplitude of values
present in the near-infrared band (B4) of the handheld sensor in comparison to the camera.
Furthermore, the red-edge band (B3) has shown little correlation with the measurements
made by the handheld sensor (Table 5.2. Finally, as the median NRMSE (19%), shows
that the multispectral camera has a poor performance in its operational range.
Although the method defined in Poncet et al. (2019) was able to correct the panel spectral
responses, reducing the average RMSE to a fifth of its initial value, the spectral observations
across the orthomosaic presented a poor correlation between the handheld measurements
and the multispectral imagery. The source of this error cannot be elucidated based on the
information available, but is likely to be related to several shortcomings of the multispectral
camera: (a) absence of a open-source radiometric correction pipeline, where researchers
could check, adjust and improve the workflow; (b) the irradiance sensor has a single
and fixed field-of-view, which may not be sufficient to provide suitable tilt-correction as
discussed in Suomalainen et al. (2018). As is, the radiometric correction workflow based
solely on the irradiance meter and reflectance-target provided by the manufacturer is most
likely not sufficient for accurate quantitative purposes.
Regarding model interpretability and performance (Carvalho et al., 2019), the Cubist
algorithm has shown to be a satisfactory option, outperforming other methods evaluated.
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Although its speed has not been satisfactory, this can be attributed to the implementation
in the R-language. The original versions of the algorithm were coded in the C++ language,
resulting in a fast implementation which should outperform other models. A useful proxy
for its speed is model-size, in which Cubist was the smallest. Additionally, as seen in
the Figure 5.7, these models are far from complex and resemble a CART algorithm,
consequently, its deployment should be optimal in an operational scenario. Furthermore,
its minimal size may also prove itself advantageous as an embedded technology in low-cost,
low-processing power equipment such as handheld devices or embedded in agricultural
machinery.
An additional desirable characteristic of these models is its interpretability. From Figure 5.7,
one can identify terminal-leaves with poor performance (e.g. observations with low MCARI
responses) and further investigate the reasons for such. In comparison with black-box
models, Cubist has great potential as a simple technique and able to provide insights
about the inner-workings of the model.
The idea of boosting through committees, may prove itself worthwhile, if the subsequentlevel boosted tree can be examined, analogous to the analysis of subsequent components
or latent structures in Principal Component Analysis and Partial Least Squares Regression,
respectively. The linear models within Cubist may benefit from feature selection and
regularization, as high values of model coefficients indicated overfitting or multicollinearity,
which would further improve the model’s interpretability.
The ability to accurately predict a different year was also evaluated, showing poor results.
This is most likely due to the non-overlapping characteristics of both biomass and spectral
observations, as presented in Figure 5.2. Such results, indicate the necessity of a wide
training set of observations both spectrally and in the biomass domains. Also, due to the
large bias, both in under and over-estimation of errors, the analysis and deployment of the
models presented should be carefully evaluated and most likely avoided. This, however,
shows the shortcomings of reporting achievable accuracies in short-term studies.
Regarding the performance of instruments, the post-calibrated multispectral camera
has presented a better performance than the handheld sensor. Several factors may
have contributed to such: (i) the non-optimal directional response function (DRF)
associated with both the ASD Handheld and FieldSpec, which is non-homogeneous
across the sensors footprint (Mac Arthur et al., 2007), (ii) the averaging of the bidirectional
reflectance distribution function introduced by Agisoft blending mode; (iii) the smaller
data collection interval from the multispectral camera, consequently controlling for
differences in illumination geometry.
It is important to stress that these results were possible due to the introduction of additional
known reference panels and further calibration of reflectance values. In this sense, given the
low level of correlation found in the pre-calibration stage, it seems reasonable to advocate
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for the use of additional reference targets whenever radiometric accuracy is a relevant
factor.
The absence of a open workflow for radiometric correction, from digital number to radiance
and reflectance measurements is a significant handicap. As a consequence, end-user are
left without any form of data quality-assurance or trust-worthiness of the end-products.
Consequently, laborious procedures, such as those described in Poncet et al. (2019),
are required to ameliorate radiometric accuracy in spite that these measurements and
procedures are embedded in the manufacturer’s pipeline.
The absence of consistent correlation levels with handheld measurements, if introduced by
poor camera performance, will significantly decrease the potential of promising techniques
for biomass assessment, such as time-series analysis. Since our data-collection campaigns,
a new irradiance-meter has been introduced by the manufacturer, in a similar design as
the one introduced in Suomalainen et al. (2018), which may have improved the radiometric
quality of mosaics processed through the commercial pipeline. Provided that the irradiance
meter is continuously collecting data during the mission, it may prove itself worthwhile
to provide “irradiance” map, so possible measurements error may be corrected or the
illumination conditions may be examined a-posteriori, similarly to our white-reference
scans in our handheld data-collection protocol.
The saturation of the Green and Red Bands, may have been intentional, allowing an
exclusive and wider-dynamic range for reflectance levels which are commonly found for
vegetation. However, the absence of control of the dynamic-range prevents the full assertion
of this claim, while also limiting the use as a scientific-instrument for target with a wide
range of values in the Red and Green Bands. The shortcoming of this sensor have also
been discussed in Franzini et al. (2019).
The performance of spectral models when assessed through the temporal-validation strategy
was likely handicapped by the distinct training sets, as shown in PCA biplot (Figure 5.2 (II)). Alternatively, the k-fold cross-validation illustrates achievable accuracies and similar
results as previous studies (Karunaratne et al., 2019; Togeiro de Alckmin et al., 2020a)
Finally, data collection employing a multispectral camera and UAV were considerably faster
(i.e. five minutes) than the use of a handheld sensor (one and half to two hours), providing
a clear evidence of the usefulness of unmanned platforms for data collection.

5.5

Conclusion

This study successfully compared matching spectral measurements of 480 observations,
using both a multispectral camera and handheld sensors. Correlation levels between UAV
multispectral camera and handheld sensors was not satisfactory, presenting low-levels of
correlation (R2 ). Yet, after radiometric post-correction, model performances were similar,
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with an average RMSE ranging from approximately 400 to 460 kg{} DM/ha for camera
and handheld sensors, respectively. Given that the time necessary for data collection using
UAV is a fraction than that reliant in manual data-collection, this result indicates a large
potential for the use of multispectral cameras at low-level flight for perennial ryegrass
biomass estimation.
The workflow for radiometric correction of the multispectral imagery was significantly
improved by the method described in Poncet et al. (2019), reducing average RMSE from
5.89% to 1.28%, clearly indicating the need for an improved automated pipeline, making
use of additional reference targets. The current proprietary closed pipeline prevents further
improvement and, as is, the radiometric quality of orthomosaics solely employing the
commercial method is of limited value.
This study has also shown that a simple type of regression-trees algorithm, namely Cubist,
has great potential both to minimize the model-prediction error as well as increase model
interpretability when compared to other tree-based algorithms. If implemented in a faster
processing language (such as C++), it may also prove itself ideal for fast deployment.
Finally, this study has shown model performance inconsistencies when using a temporalvalidation strategy, indicating the need for caution evaluation of results based in short-term
studies.
Our results and analysis suggest the need for improvements in the radiometric correction
workflow for multispectral cameras, both through a higher-level of user ability to set up
camera parameters as well as control of the current proprietary pipeline. As is, the lengthy
period required for an improved radiometric-calibration of the multispectral imagery
offsets the benefits of a short data collection period, as also remarked in (De Rosa et al.,
2021).
Nevertheless, the necessary improvements have already been examined (Suomalainen et al.,
2018) and are surpassable. If implemented, as our results show, there is strong reason
to believe that UAV multispectral cameras can replicate the accuracy achieved by field
spectrometers in previous studies, while automating data-collection.

Chapter 6
Synthesis
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Synthesis

The overarching aim of this thesis is to expand and enable the use of spectral data for
perennial ryegrass (Lolium perenne L.) management establishing useful links between the
techniques of field spectroscopy and optimal imaging systems deployed at low-level flight.
Based on this aim, four specific research objectives (Table 1.1) were defined in Chapter
1.
In the first section (Main Results) of this chapter, each research objective is addressed
based on the results and findings presented in Chapters 2 to 5. These findings are listed
and summarized in Table 6.1. In the following section, Limitations (Section 6.2) of the
thesis are presented and discussed. Section 6.3 provides a Reflection and Outlook of
future research objectives and farm-applied use of remote sensing techniques for pasture
management.

6.1

Main Results

The results presented in this thesis are based on data collection campaigns from December
2016 until November 2018, spanning across two different countries (i.e., Australia and
the Netherlands) and four experimental sites. The data collection protocol, comprising
procedures for spectral observations and reference observations, was identical across all
dates and locations. In total, 1416 spectra–biomass sample pairs were collected, and 266
were sent to the laboratory for feed quality analysis. These samples provided a wide
range of biophysical and biochemical characteristics, mostly ranging within 10–30% crude
protein and 500–3500 kilograms dry-matter per hectare. Such ranges are representative of
common values found in an operational farm-scenario.
6.1.1

To evaluate the trade-offs between subsets of spectral bands and
achievable accuracies for retrieval of biophysical and biochemical
parameters. (Objective 1)
Addressed in Chapters 2, 3 and 4

Chapter 2 approaches the task of biomass retrieval, expressed as dry-matter (DM)
(kg DM/ha), through the use of VIs. In such task, it was found that a small subset
of indices (i.e., four) within the Visible to Near Infrared Region (VIS–NIR) region (325–
1075 nm) have a nearly equivalent performance to a large number of features (i.e., 20 or
more). This equivalency was defined as a ten percent threshold above the minimal Root
Mean Square Error (RMSE) found using the initial (filtered) subset of vegetation indices
(Figure 2.6).
In that chapter, such a satisfactory subset of VIs displayed an average RMSE of around
400 kg DM/ha when paired to the best-performing regression algorithm (i.e., random
forests). Additionally, of the 97 vegetation indices employed in this analysis, nearly
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80% were found to be redundant, displaying a high level of correlation (i.e., Pearsoncorrelation ≥ |0.95|).
Chapter 3 further developed this point, showing that only 11 out of 161 bands (bandwidth
10 nm, ranging from 400–2500 nm) were needed for optimal retrieval of crude protein (CP),
while reaching an RMSE of around 80–100 kg, when expressed in a weight per area basis
(kg CP/ha), or 2.5–3.0 % DM, when expressed as a dry-matter fraction. Furthermore, an
analysis of variable importance indicated that, in field conditions, the most important
spectral bands for crude protein retrieval are located within the red-edge and NIR-shoulder
portion of the spectra, rather than the shortwave infrared region (SWIR).
In a complementary fashion, Chapter 4 provides evidence that hyperspectral (within
the 550–790 nm range) data can be accurately retrieved from multispectral data (i.e.,
four bands) with minimal loss in true spectral data and biomass prediction accuracy.
Consequently, additional bands should increase the effects of multicollinearity and
redundancy of information when employing hyperspectral data for outdoor vegetation
assessment, specifically for the retrieval of parameters related to broadband absorption
features within this spectral range. Chapter 5 indicates that for the task of biomass
retrieval, when employed in a k-fold cross-validation, a small subset of VIs reaches the
baseline error rate of approximately 400 kg DM/ha (Figure 5.5).
In combination, these studies reinforce the fact that spectral information is an indirect
measurement of the underlying biophysical and biochemical drivers of canopy reflectance,
as discussed in Verstraete et al. (1996). Consequently, within the VIS–NIR, the accurate
measurements of most of these drivers do not rely on a high number nor narrow bands (i.e.,
narrower than 10 nm). This statement’s exceptions would be the bands located close to
the red-edge position and the chlorophyll peaks. The retrieval of empirical relationships of
key-management parameters is constrained to the relationship between the biochemical and
biophysical (e.g., leaf area index) drivers of canopy reflectance and such key-management
parameters (e.g., biomass).
Relationship with existing knowledge - In the context of spectral analytics, feature
(spectral band) selection is a crucial task, yet frequently overlooked, to ensure that
optimal accuracies are obtained. Whenever constraints such as sensor manufacturing
complexity and data-processing requirements (Price, 1994) pose a significant restriction to
its application, feature selection is of significant importance.
Hyperspectral instruments are the ideal scientific equipment to determine the informative
part of the spectral for a single and specific retrieval task. However, when addressing
the necessary minimum requirements for dedicated sensing systems, multispectral sensors
should be considered as a cheaper and less complex option. This rationale is continuously
applied for the development of satellite systems, where due to many constraints, it is
preferable to limit the number of bands (Price, 1994).
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Historically, prior to the development of partial least squares regression (PLSR) (Wold
et al., 2001), the most common analytical method for benchtop NIRS was the use of
multiple linear regressions. Differently from PLSR, multiple linear regression is highly
affected by multicollinearity or redundancy of the explanatory features, limiting the use of
the complete NIRS spectra as predictor. At such an early stage, most equipments were
also constrained to multispectral measurements due to technological limitations. However,
despite such limitations, biochemical components would be successfully estimated using
less than ten spectral bands (Fahey et al., 1994; Norris et al., 1976).
In this sense, Kjeldahl and Bro (2010) stated that a common poor-practice is the use
of the complete sensor spectral output rather than the informative part of the spectra.
In the context of intensive pasture production, Kawamura et al. (2010) and Starks and
Brown (2010), discussed the importance of feature selection both for model performance
and for less complex sensors. Chapter 3, combines these informations, which to a large
extent were sparsely discussed, providing a cohesive study about retrieval of crude protein
in outdoor conditions.
In contrast to other studies that rely on techniques such as radiative transfer modeling
(Berger et al., 2020) or retrieve crude protein at the leaf level (Curran, 1989), our study
indicates that crude protein can be best retrieved when using the VIS–NIR portion of
spectra rather than the SWIR. From a chemometric perspective, absorption features for
protein-related compounds are usually found above 1100 nm (Curran, 1989). Consequently,
causal links are expected to be found above such range. However, in outdoor scenarios,
masking and overlapping effects of other components and a lower signal-to-noise ratio
may hamper the predictive ability of the SWIR (Gao and Goetz, 1994). Consequently,
it may be argued that a better-suited strategy is to retrieve biochemical information
through correlated features that display a stronger and wider signal, such as the interaction
between canopy properties and chlorophyll content found in the red-edge portion of the
spectra.
When selecting a single vegetation index for biomass estimation, a large difference in
accuracy can be found, as seen in Table 2.2, and judicious selection of the optimal index is
advantageous. The results in Chapter 2 have corroborated the findings of Mutanga and
Skidmore (2004a), showing that an optimized index is far superior to commonly employed
indices, such as the ubiquitous Normalized Difference Vegetation Index (NDVI). Chapter
4 expands this analysis, indicating that such advantage is negligible whenever a small
coherent subset of indices is selected, such as those offered by the bands available in current
commercial Unmanned Aerial Vehicle (UAV) multispectral sensors and satellite systems
(e.g., Sentinel-2).
For the retrieval of CP and biomass, and as indicated by Mutanga (2004), the
most informative spectral region found was the red-edge region (680–730 nm). Such
region, however, presents shortcomings and accuracy limitations due to the overlapping

6.1 Main Results

115

characteristics of main broadband absorption features, consequently resulting in an illposed problem and ambiguous spectral responses (Baret and Buis, 2008). Similarly to
Chapter 4, a set of equivalent techniques for spectral interpolation of the red-edge region
are presented in Bonham-Carter (1988), in this case applied to tree species. Such a
straightforward spectral retrieval technique indicates that a small number of multispectral
bands can accurately describe this region of the spectra. Furthermore, such interpolated
spectral region can be used for the retrieval of the red-edge position (REP), as indicated
in Dawson and Curran (1998).
Provided that our data collection spanned across two-years and four different locations, it
seems reasonable that an achievable accuracy of empirical spectra-based models should be
close to 400–600 kg DM/ha for biomass and around 80–100 kg CP/ha or 2.5–3.0 % DM for
crude protein. Such ranges have also been found in Karunaratne et al. (2020) and Lamb
et al. (2002), although for a smaller number of samples and shorter time periods.
As discussed in the contents chapters, further improvements in accuracy should derive
from either distinct modeling strategies or independent complementary data. Price (1994)
categorically states that "for most natural materials 15-25 spectral bands appear to be
sufficient to describe spectral variability". In agreement with this statement, this thesis
has demonstrated that, if a single biophysical or biochemical parameter is to be retrieved,
a small number of bands is sufficient to reach the achievable accuracy between spectra
and the parameter studied.
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Table 6.1: Overview of Research Chapters and their main findings
Ch.

Title

Findings

Comparing methods to estimate
2 perennial ryegrass biomass: canopy
height and spectral vegetation indices.

-

Optimized Normalized Ratio Index performs equally well to the Rising Plate Meter;
Only a small subset of indices is necessary to reach nearly maximum accuracy;
Optimal spectral bands are positioned at the red-edge;
Model stacking improves precision.

Retrieval of crude protein in
3 perennial ryegrass using spectral
data at the canopy level.

-

For field-conditions, the most informative spectral region lies within 725–1100 nm;
Eleven bands of 10 nm bandwidth are needed for optimal crude protein estimation;
Crude protein can be best estimated when measured in a weight per area basis;
Predictions are assessed against unknown locations, resulting in a minor decrease in accuracy.

- Perennial ryegrass hyperspectral data can be retrieved from sparse multispectral data;
- The effective retrieval method is based on a straightforward piecewise function;
Retrieval of hyperspectral information - Synthetic continuum-removed features and optimized vegetation indices
4 from multispectral data for
can be generated without loss in accuracy;
perennial ryegrass biomass estimation. - Synthetic features and a small subset of vegetation indices have equivalent
performance for biomass estimation;
- Predictions are assessed in unknown locations, resulted in a minor decrease in accuracy.

5

Perennial ryegrass biomass retrieval
through multispectral UAV data.

Synthesis

- Current commercial standards for radiometric calibration
pipelines are not satisfactory;
- Radiometric accuracy can be improved through
lengthy post-processing and use of known reflectance targets;
- Multispectral handheld and RPAS models have similar accuracy;
- Straightforward implementation of regression-trees algorithms are accurate,
fast-processing and interpretable.
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To assess the impact of different regression algorithms for an optimal
model fit between spectral features and pasture parameters. (Objective
2)
Addressed in Chapters 2 and 5

In Chapter 2, a number of regression algorithm performances were evaluated, namely,
Ordinary Linear Regression (LM ), Multivariate Adaptive Regression Splines (MARS ),
Support Vector Machines (SVM ), and Random Forests (RF ). For each algorithm, the
distribution of different error-metrics were generated using a repeated k-fold cross-validation.
The results indicated a significant difference (e.g., paired t-tests) between parametric and
non-parametric methods (Table 2.5). From these results, non-parametric were able to
achieve better results, and, amongst these, non-linear non-parametric methods (i.e., support
vector machines and random forests) were found to be the best performing algorithms
(Figure 2.8).
In the context of field spectroscopy, the results from Chapter 2 highlighted the keyimportance of judicious selection of features, in lieu of an overreliance on regression
algorithms. For performance comparison purposes, these algorithm-feature pairs were
compared based on average RMSE differences (∆). Specifically, the use of NDVI resulted
in an average RMSE performance difference (∆RF-NDVI) of approximately 219 kg DM/ha
in comparison with RF and the satisfactory subset of four vegetation indices. Such
underperformance difference was significantly diminished to (∆RF-LM) 68 kg DM/ha
when the same four VIs were employed within a linear regression.
Complementarily, the performance difference between SVM and RF, two non-linear and
non-parametric methods, was of approximately (∆RF-SVM) 16 kg DM/ha. In summary,
this showcases the fact that the judicious choice of a small subset of indices can reduce
the RMSE value by nearly (∆LM-NDVI) 151 kg DM/ha, while the choice of algorithm
has an impact of around (∆RF-LM) 68 kg DM/ha.
Random Forest was found to be an effective regression technique; however it has a few
shortcomings: it is a greedy-growing algorithm, growing indefinitely and adjusting for local
optima. Consequently, this characteristic leads to a large-size, heavy-processing black-box
algorithm. At the core, this algorithm is based on the regression-tree structures, which
are (paradoxically) fast, light, and interpretable.
Provided that both Chapters 2 and 4 have shown that a small subset of vegetation indices
was sufficient for optimal biomass retrieval, it was reasonable to suggest that gradually
more complex regression-trees (e.g., increasing complexity through the use of bagging and
boosting), would be able to effectively map the fit between a common set of vegetation
indices and biomass. Coherently with this interpretation, the results (Figure 5.5) in
Chapter 5 showed that a good performance can be retrieved from a less opaque model
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(i.e., Cubist, (Quinlan, 1992)) while presenting additional benefits: smaller size, faster
deployment, and a higher level of interpretability.
In conclusion, it seems reasonable to state that non-linear non-parametric methods
are an optimal tool for field spectroscopy. A satisfactory fit should be achieved if a
suitable pool of spectral bands and representative sample distribution is provided. In the
context of multispectral imaging techniques, where large-size data sets should be processed
in near real-time, the option of regression-trees, mainly through the Cubist family of
regression techniques, seems to be an ideal tool due to its light-weight and high retrieval
performance.
Relationship with existing knowledge - Our results are in-line with the view proposed
by Verrelst et al. (2015), indicating the superiority of non-linear and non-parametric
methods for empirical retrieval of biophysical and biochemical parameters through spectral
data. Furthermore, it was also shown that the use of the full-spectrum (discussed in
Objective 1) is redundant and, consequently, not necessary for an optimal retrieval of
biophysical and biochemical parameters.
While Mutanga (2004) advocates for the use of imaging spectroscopy coupled hyperspectral
data and neural networks for outdoor mapping of grassland parameters, our results provide
evidence that, if limited to a single retrieval task, a small number of features paired with
non-linear and non-parametric methods provides more interpretable models of equivalent
or superior performance. Tuning of hyperparameters plays a significant role in avoiding
overfitting and is further explored through the judicious choice of validation strategies
(Objective 3). As shown in Chapter 2, improvements in model performance are mostly
due to spectral features rather than regression algorithms.
These results are also in line with the greater scientific attention to “interpretable machine
learning” as discussed in Roscher et al. (2020), allowing for model diagnostics and a
better understanding of the circumstances where models display a lower performance. As
discussed in Kim et al. (2007) and demonstrated in Chapter 5, Cubist provides a robust
framework for model visualization and interpretability; while providing great accuracy
performance in comparison to other algorithms (Fernández-Delgado et al., 2019).
6.1.3

To determine model performances through the use of rigorous validation
protocols for different temporal and geographical circumstances.
(Objective 3)
Addressed in Chapters 3, 4 and 5

Validation strategies are crucial to provide an adequate assessment of model performance
under a coherent deployment scenario. In this thesis, three main scenarios have been
treated: (i) model performance when applied to similar conditions as those in which the
model has been trained, (ii) model performance when applied to new unseen locations,
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(iii) model performance when applied to different years. While the first can be assessed
through k-fold cross-validation, both latter scenarios provide a greater challenge to robust
validation.
In this sense, Chapter 3 presents the use of validation strategies for which the validation
set is made exclusively of a location that has not participated in model training. These
locations differ in country (i.e., Australia and Netherlands) and soil types. Importantly,
biomass samples amongst locations were comparable, as indicated per Dunn’s test. For
the VIS–NIR range, the loss in performance between known-locations (i.e. k-fold crossvalidation) and unseen locations was marginal, decreasing from 79.2 to 85.5 kg CP/ha,
respectively.
In Chapter 4, when applying the same validation rationale for biomass in a two-years
observation study, RMSE ranged from nearly 500 to 600 kg DM/ha for known and unseen
locations, respectively. Comparatively to Chapter 2, the error (RMSE ≈ 400 kg DM/ha)
when modeled to a one-year single location study, Chapter 4 indicates a performance loss
for different locations and longer duration studies, although still acceptable for practical
applications.
In Chapter 5, data was collected in November of 2017 and 2018, employing a handheld
spectrometer and a multispectral camera at low-level flight. Such data, however, presented
a smaller sample size (n = 480) compared to previous studies and dissimilar spectral
observations as per the results of a Principal Component Analysis (Figure 5.2). When
applying a k-fold cross-validation, best results (through the modeling of common VIs and
Cubist) were approximately equal to 400 kg DM/ha.
However, when the data was used to assess the performance of models in different years,
results displayed a maximum RMSE of 1432 kg DM/ha (employing the multispectral
camera and validated in 2018 data). Results were poor for both sensors, and the handheld
spectrometer also displayed a poor performance when validated against 2018 data (i.e.,
1258 kg DM/ha). It is important to note that benchtop NIRS chemometric models are
periodically updated, and that design, optimization and validation is an active area of
research (Westad and Marini, 2015). Our results indicate that the same is also of particular
importance for field spectroscopy, requiring a broad and diverse number of biophysical
and biochemical characteristics that can provide an adequate training set.
Relationship with existing knowledge - Although Sanches (2009), Thulin (2008), and
Mutanga (2004) have indicated the potential and high-accuracy of field spectroscopy, this
thesis aims to evaluate such potential using these cautionary validation strategies.
In the Outlook section of their dissertations, both Sanches (2009) and Thulin (2008)
recommend using a large dataset with an appropriate (i.e., unseen) validation sets instead
of k-fold cross-validation. Our research has pursued this objective and has shown that
model accuracy validation can be better assessed by manipulating validation sets by
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geographical or temporal factors. Our results are in agreement with the remarks made
by Meyer et al. (2019), who claimed that model performance is “naively” assessed when
employing k-fold cross-validation.
Most recent studies (Karunaratne et al., 2020) have not yet incorporated the same
precautions. Consequently, it can be argued that rather than a global performance, these
studies (Karunaratne et al., 2020; Mutanga, 2004; Sanches, 2009; Thulin, 2008) provide
a baseline error or achievable accuracy in local scenarios. The same issue is found in
chemometrics and laboratory NIRS analysis (Fahey et al., 1994). Instead of a global model,
different (“local”) calibration equations (i.e., models with different training datasets) are
employed when appropriate to the context that the model will be applied. Consequently,
this would require a possibly more extensive geographical range of observations and a
temporal update of the model.
These “pitfalls” of class imbalance or improper sampling are studied through experimental
design and are not often discussed in remote sensing and field spectroscopy. However, it is
crucial to consider the dependency of spectral samples as, usually, these are collected either
in the same experimental site (i.e., geographical dependency) or sequential data collection
campaign (i.e., temporal dependency). Recently, these issues have been carefully examined,
and new validation strategies, such as those employed in this thesis, are becoming more
prevalent (Meyer and Pebesma, 2020; Valavi et al., 2019).
6.1.4

To explore the transferability of spectra-based models from canopy to
low-level flight. (Objective 4)
Addressed in Chapter 5

In his dissertation, Pullanagari (2011) explored the use of field spectroscopy for pasture
management in New Zealand. In its Outlook, he recommends the "this study methods need
to be extended for space and airborne sensing for regional scale mapping". This research
objective was addressed in Chapter 5, through the use of UAV, at a scale suitable for
farm management. As discussed in the Motivation Section (1.1), the ability to bridge field
spectroscopy to low-level flight imaging system can considerably improve monitoring and
decision-making for pasture management. Chapter 5 builds on the findings of previous
chapters, having a solid understanding of achievable accuracies, the trade-off between
spectral features and accuracy as well as validation strategies.
Although spectra-based models both from the UAV multispectral camera and handheld
spectrometer have yielded similar accuracies, the radiometric response between both
sensors was poorly correlated and inconsistent across dates. This shows a substantial
limitation of the multispectral camera employed in this thesis, as other studies have shown
that differences between handheld and low-level flight spectral responses can be considered
negligible (Von Bueren et al., 2015).
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Relationship with existing knowledge - Many commercial multispectral systems,
particularly low-cost multi-array camera systems (Aasen et al., 2018), are limited in
their radiometric accuracy. Specially for the sensor employed in this thesis, other studies
have also reported poor radiometric accuracy (Franzini et al., 2019; Poncet et al., 2019).
Complementarily, several studies (Mamaghani and Salvaggio, 2019; Poncet et al., 2019)
have shown that the standard of-factory pipeline is not optimal for accurate radiometric
measurements.
Furthermore, other studies have successfully employed manned airborne spectral
observations (Pullanagari et al., 2015; Pullanagari et al., 2016) as well as hyperspectral
UAV imaging sensors (Capolupo et al., 2015; Geipel and Korsaeth, 2017; Oliveira et al.,
2020) for pasture management. Noteworthy is that most of these studies deploy the use of
canopy as explanatory-features. Such has two side-effects: (i) the necessary processing
requirement to accurately generate canopy-surface and digital-elevation models at a farmscale is, currently, prohibitive; (ii) the use of canopy-height leaks information about plant
regrowth period, which is a key driver for pasture quantity and quality. Consequently,
it is questionable whether model performances are due to either plant-height, spectral
information, or regrowth period. Such models have reached equivalent levels of accuracy
for both crude protein and biomass, to our studies. Consequently, this thesis provides
evidence that such accuracies can be achieved using reliable multispectral cameras, while
not requiring extensive processing power (e.g., canopy surface model) nor complementary
information (e.g., regrowth period).
In general, this thesis’s results indicate that the current commercial pipeline is not sufficient
for radiometric calibration. Oliveira et al. (2020) indicate the challenges associated
with radiometric correction under unstable environmental illumination conditions while
employing a high-end hyperspectral sensor. Such is in agreement with several authors,
which have consistently presented improved methods: Suomalainen et al. (2018)
demonstrates the importance and new methods to account for sensor tilting, Aasen
et al. (2018) discusses the need for corrections due to bidirectional reflectance distribution
function (BRDF), topographic and shadow effects under changing illumination (Wang
et al., 2019).
Overall, given the results of this thesis and available scientific and technological state-ofthe-art, it can be stated that UAV low-level flight remote sensing technology is mature for
reliable application. However, best methods and practices have not been widely adopted
by sensor manufacturers and end-users. Given the fast development of UAV cameras, it is
likely that these improvements will be implemented.
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Limitations

This thesis would be made stronger if a more detailed error budget had been developed.
Although a baseline error (i.e., achievable accuracy) is indicated, this error’s sources are
not examined in detail. As discussed in Chapter 3, the possibility of spurious correlations
between biophysical and biochemical when estimating quality parameters through a weight
per area basis has not been thoroughly examined.
This thesis has not examined a larger number of feed quality parameters, which could
lead pasture managers to better-informed decisions. However, methods are described in
sufficient detail so that this analysis could be further expanded.
Although a significant level of attention has been giving to data collection, this thesis
could have profited from a higher number and different multispectral cameras so that the
Objective 4 could have been tested further. A possible test for the model transferability of
handheld to low-level flight would have been the deployment of models trained with the
handheld spectrometer and applied to multispectral imagery sets, which we have not yet
performed.
Although aiming to expand the use of spectral data towards imaging systems, we have not
addressed the impacts of broader bandwidth and larger pixel-sizes due to a scope decision.
Consequently, it is still a research-gap to determine optimal spatial scale and the impact
of broader bands for distinct retrieval tasks.

6.3

Reflection Outlook

In essence, the primary aim of this thesis was to expand and enable the use of spectral
data for pasture management, establishing useful links between the techniques of field
spectroscopy and optimal imaging systems deployed at low-level flight. Rigorous analysis
methods were demonstrated so that optimized sensor design can be expanded for many
biophysical and biochemical attributes. This thesis has provided significant contributions
to this goal.
Although sensors with a better combination of spectral bands could be designed, the current
limitations of UAV seem to reside in the low radiometric quality of the end-products,
the necessary processing power for the generation orthomosaic, and the consequent, poor
generalization abilities of spectral models from one year to the next. As "information
consumers", farmers are not commited to an observational platform and will likely adopt
a techological solution that offers an optimal trade-off between cost, autonomy and
accuracy.
From our results, it seems plausible to hypothesize that a multispectral system with
consistent radiometric response could be an effective tool for pasture management. From a
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data science perspective, it seems that a spectral model, employing Cubist or an alternative
regression-tree based algorithm, with periodic updates of sample-spectra pairs could provide
a useful predictive model with large scale application. These sample-spectra pairs could
be provided by a small number of end-users, updating global or regional spectral libraries,
whenever a spectral response was found to be a high-leverage point through an unsupervised
learning algorithm, similarly to the chemometric calibrations for benchtop NIRS. However,
it is worth noting that this thesis has not explored temporal correlations, other sources
of prior information such as weather data, agronomic practices, or seasonal patterns of
perennial ryegrass. These sources of information and distinct modeling techniques seem to
be reachable and adequate for precision pasture management.
As an Outlook, it seems reasonable to hypothesize that the tasks or orthomosaic generation
and radiometric calibration will necessarily become a “commodity” so a number of industries
could be developed exploring the potential of UAV spectral data and digital agriculture
at the farm-scale. Currently, open-source photogrammetry tool-kits are widely available
through initiatives such as OpenDroneMaps. However, a standard protocol for mission
planning, radiometric calibration, and data processing is not in place for UAVs, constraining
the adoption by non-scientific end-users. Consequently, it is safe to state that most users
of UAV technology are still in either academia or research.
Nevertheless, the use of spectral data and imagery, regardless of its origin, is a new
benchmark in digital agriculture. In this context, CubeSats and the new generation
of satellites such as Sentinel-2, CBERS-4, or PRISMA may prove themselves to be a
suitable alternative. Furthermore, radiometric calibration as a service and as global
network (FlareTM - Labsphere) can enable accurate vicarious calibration (Schiller and
Silny, 2010) for all these systems. Consequently, such would allow for a higher level of
synergy and compatability between different constelations, leading to seamless data fusion
and substantially increasing the frequency of revisit to a specific location.
Despite the upcoming synergies between different satellite constelations, all optical sensors
are constrained by the presence of clouds, providing a competitive advantage to UAVs. If
completely autonomous and low-cost, UAVs may become a usefull tool if able to operate
under changing illumination conditions, provided that the operational pipeline is quick,
reliable, and automated. It also seems plausible to suggest that the integration of UAVs
and satellite data, alongside weather data, modeling strategies such as time-series, could
provide better accuracies than what this thesis was able to achieve.
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Summary
Pastures are the cornerstone of grazing-based livestock production systems, allowing for
sustainable use of marginal agricultural lands, while transforming a non-digestible resource
into nutritious products fit for human consumption. Despite the extensive literature about
the constituent factors of pasture production and management, the majority of pasturebased grazing systems are not optimally managed due to the costly and time-consuming
nature of current methods for measurement and monitoring. Although challenging, outdoor
spectral observations have the potential to provide real-time information about pasture
quantity and quality, serving as an ideal sensing technique for autonomous platforms,
consequently, alleviating the monitoring bottleneck and supporting intensive pasture
production.
The overarching aim of this thesis is to determine to which extent spectral data , in
outdoor environments, can accurately estimate key biophysical and biochemical components
of perennial ryegrass (Lolium perenne). In addition, this study aims to validate the
transferability of spectral models from handheld spectral measurements to remotely piloted
aerial systems (RPAS), while critically assessing optimal modelling approaches and minimal
sensor requirements. In doing so, this thesis validates the superiority of spectral data over
commonly practiced canopy-height models (CHM) for biomass estimation and suggests
that suitable low-cost imaging sensing systems are within commercial reach.
After the Introduction, chapter two critically addresses the use of vegetation indices and
canopy height for biomass estimation, while quantifying accuracy improvements based
on different regression algorithms. As a proxy for status-quo techniques, a comparison
between CHM and the normalized vegetation index (NDVI) is performed. In addition, to
further explore the potential of vegetation indices , a brute-force procedure was employed
to generate 11,026 normalized ratio indices (NRI) while selecting the best NRI band
combination. In parallel, a pool 97 literature based vegetation indices, was filtered and
underwent a feature selection procedure to determine an optimal small subset of indices.
Results suggest that: (i) an optimized vegetation index (i.e., best NRI) and CHM are
equivalent; (ii) a small number of vegetation indices is sufficient to reach achievable accuracy
when employing top-of-canopy reflectance alone; and (iii) accuracies and precision can
be improved solely through more elaborate modelling techniques, such as non-parametric
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methods and model stacking. In chapter three, a genetic algorithm was employed in a twoobjective search procedure: to minimize the number of spectral bands while simultaneously
maximizing model accuracy for crude protein estimation. This protocol was employed over
different spectral ranges, namely VIS-NIR, SWIR and the Full- Spectrum range, while
comparing achievable accuracies of two different metrics: crude protein as dry matter
fraction (% CP) or in a weight-per-area basis (kg CP/ha). Results suggest that, in outdoor
environments, the best approach to estimate crude protein relies on its expression as
weight-per-area basis and that the VIS-NIR alone can provide best accuracies in both
known and unseen locations.
Chapter four presents a new approach for retrieval of a continuous spectral signature (550790 nm) from discrete multispectral measurements (i.e., four bands, as per a commercially
available multispectral camera) based on a piecewise function described by two parametric
sub-functions. The retrieval of spectral signatures allowed for the generation of continuumremoved features and associated vegetation indices for prediction of biomass, previously
reported in the literature as optimal indices for biomass estimation . These synthetic
vegetation indices were compared against vegetation indices derived from the original band
values. No significant improvement in performance was found, suggesting that underlying
biological broadband absorption features (e.g. pigments, leaf-area and cell structure) were
well described by both reflectance-based and continuum-removed features. Consequently, it
is suggested that achievable accuracy is largely driven by an appropriate model fit between
any spectral metrics of these broadband absorption features.
Chapter five employed RPAS multispectral imagery, handheld spectral-data and five
distinct decision-rule regression techniques to validate the approach of biomass assessment
employing a small subset of indices, while critically addressing the challenges in radiometric
calibration, model interpretability, model deployment in an operational scenario, and modelperformance through different validation strategies. The five regression algorithms build
upon the concept of regression-trees, using techniques of bootstrapping aggregation (i.e.,
bagging) and boosting, consequently increasing model complexity (e.g., number of trees,
depth of trees) while decreasing overall interpretability.
The RPAS multispectral was compared against handheld top-of-the canopy spectral
measurements and significant inconsistencies were found between reflectance values of
both sensors. Consequently, this chapter indicates the absence of well-defined and robust
protocols for spectral data collection of commercial multispectral cameras When calibrated
through a thorough pipeline, multispectral data was able to provide better results, although
with average marginal superiority (i.e. 60kg) than handheld data.
When employing a repeated k-fold cross-validation for model associated with the
multispectral imagery, two distinct algorithms (i.e., Cubist and Random-Forest) presented
equivalent performances , presenting an equivalent error-metric of nearly 400 kg DM/ha.
However, the three remaining (i.e., bagged, boosted trees and CART) algorithms had
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an average performance of 450 kg DM/ha. Both CART and Cubist are considered more
interpretable, operating under a single regression tree structure, thus, presenting a faster
prediction speed, smaller size and the ability to scrutinize models. However, a temporal
validation strategy showed a low reliability of spectral models when validated outside its
boundary conditions, with associated errors above 800 kg DM/ha, rendering predictions
not useful and showcasing the shortcomings of performance claims of short-duration
studies.
In its Outlook, special emphasis is directed to maximum achievable accuracies through
the use of spectral data in outdoor environments, under the presence of confounding
and masking effects derived from canopy geometry and illumination conditions while
stressing the need for rigorous protocols and quality assurance mechanisms for spectral
data collection. Finally, this thesis identifies the main bottlenecks for the advancement of
spectral imaging techniques in a farm-operational scenario, indicating possible advancement
through the use of minimal sensing equipment, automated data-collection, faster and
interpretable modelling techniques.
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