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Abstract

The demand for biomass to support bio-based production chains will increase over the next years,
and this demand makes biomass production compete with food production on agricultural land. To
avoid this competition, biomass crops can be grown on marginal land. However, their yield and
quality on marginal land is highly variable because they are not genetically enhanced for biomass-
related traits. Therefore, improving the biomass yield and quality of novel biomass crop genotypes
through breeding programs is critical to the economic viability of growing them on marginal land.
Examples of low-input biomass crops that can grow on marginal land and produce non-food biomass
are miscanthus and hemp, two crops targeted in the EU project GRACE (GRowing Advanced
industrial Crops on marginal lands for biorEfineries). The project aims to evaluate the sustainability
of the increased biomass production of novel miscanthus and hemp genotypes on marginal lands, thus
reducing the conflict with food production.

This thesis was carried out within the project’s framework. Field trials were carried out to assess the
performance of 14 miscanthus hybrids and 2 hemp cultivars through field measurements of relevant
crops traits in different years and locations, in order to phenotype the novel genotypes. Unmanned
aerial vehicles (UAVs) based multispectral remote sensing platform was used for high-throughput
phenotyping (HTP) of hemp and miscanthus traits. UAV remote sensing acquires spectral reflectance
signatures through multispectral sensors used to calculate vegetation indices (VIs) linked with crop
traits. For hemp the crop traits estimated from UAV remote sensing were leaf area index (LAI) and
leaf chlorophyll content (LCC); for miscanthus, light interception, plant height, green leaf biomass,
standing biomass and moisture content. Three estimation methods were investigated: 1)
nonparametric regression methods, ii) physically based model inversion methods, and iii) hybrid
regression methods. For hemp traits estimation, the PROSAIL model was used, and two inversion
methods were compared: the look-up table (LUT) based on a cost function (physically based model
inversion method) and the hybrid regression method based on machine learning (ML) algorithms.
The hybrid regression methods performed better than LUT methods, both for LAI and LCC
estimation, and the best accuracies were achieved by random forest (RF) for the LAI (0.76 m?> m™ of
RMSE) and gaussian process regression (GPR) for the LCC (10.39 pg cm™ of RMSE). For
miscanthus traits estimation, the random forest ML algorithm (nonparametric regression method) was
used, and it estimated with good accuracy light interception (8.4 % of RMSE), plant height (42 cm
of RMSE), and moisture content (5.6 % of RMSE). Yield prediction, obtained using peak derived
from the time series of VIs and random forest (RF) model, was performed to improve logistics

biomass supply chain of miscanthus. The RF model accurately predicted miscanthus yield with 2.3


https://www.grace-bbi.eu/

Mg DM ha'! of RMSE. The RF model operability was evaluated through a timeline of the
performance of the model using peak derived from partial VIs time series, and it showed a good
capability to predict the yield three to seven months before the harvest. The HTP of hemp and
miscanthus was carried out by applying the generalized additive model (GAM) to the time series of
traits values (LAI and LCC for hemp and moisture content for miscanthus), which were estimated by
the best estimation models from multiple multispectral UAV flights. The GAM analysis showed
differences in the LAI and LCC dynamics between two hemp cultivars and differences in the moisture
content dynamics between the novel miscanthus hybrids. Furthermore, to overcome the issue of UAV
multi-sensor interoperability, linking equations derived from the PROSAIL model were used to link
VIs of two different UAV multispectral sensors.

In conclusion, this linking procedure is interesting for crop phenotyping, where the field trials are
often carried out in multi-location and with different UAV sensors. ML and inversion methods of the
PROSAIL model estimated the crop traits with good accuracy, demonstrating that the UAV
multispectral remote sensing platform is a suitable tool for HTP. UAV remote sensing enabled crop
phenotypic traits to be distinguished and deepened our understanding of the traits' dynamics in
contrasting genotypes throughout the growing season. Combining estimation models and GAM
modelling applied to time series of crop trait values estimated from multiple multispectral images of

UAYV flights proved to be a powerful tool for HTP.

Keywords: UAV, remote sensing, high-throughput phenotyping, hemp, miscanthus, trait estimation,

yield prediction, PROSAIL, machine learning, GAM, multi-sensor interoperability.
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Introduction

Abstract

This chapter firstly provides a brief introduction to biomass crops on marginal lands, to the unmanned
aerial vehicle (UAV) remote sensing for crop phenotyping and to the statistical and physical methods

for estimating crop traits. Thereafter it outlines the objectives and content of the thesis.

Contents

1.1  Biomass crops on marginal land: role of miscanthus and hemp within EU GRACE project 3

1.2 High-throughput phenotyping by UAV remote sensing: sensors and applications 4
1.3 Estimation of phenotypic crop traits: statistical and physical methods 6
1.4  Objectives 8
1.5  Thesis outline 11



Chapter 1

1.1 Biomass crops on marginal land: role of miscanthus and hemp
within EU GRACE project

Projections for the demand for biomass, to sustain bio-based production chains, will considerably
increase in the next 30 years and dedicated field crops will have a prominent position in supporting
this demand (Piotrowski ef al., 2015). This demand puts biomass production in competition with food
production on agricultural land (Dauber et al., 2012; Gelfand et al., 2013). Dedicated crops for
biomass production could therefore be grown on marginal lands to avoid competition with food
production (Carlsson et al., 2017; Fritsche et al., 2010; Kang et al., 2013; Tilman et al., 2009).
Marginal lands are areas not used for food production because of their low agronomic and economic
potential (Schmidt et al., 2015; Shortall, 2013), and are defined as marginal because of factors such
as poor soil quality, contamination by heavy metals, poor water availability, steep slopes or distance
from transportation (Pancaldi & Trindade, 2020). Biomass crops generally require low inputs and
show high resource use efficiencies, so they grow well on marginal lands (Mehmood et al., 2017).
However, most biomass crops show very variable biomass yield and quality (Zegada-Lizarazu et al.,
2010) because they have not undergone genetic improvement for biomass-related traits (Jones et al.,
2015; Zhu et al., 2016). Improving biomass yield and quality in novel biomass crop species for
marginal lands is crucial to enable the economic viability of the cultivation of biomass crops on
marginal lands (Pancaldi & Trindade, 2020). Biomass yield is an important trait, and its improvement
is determined by other traits positively correlated with biomass yield, such as light interception, plant
height and leaf characteristics (Boe & Beck, 2008; Fernandez et al., 2009). Crop growth
characteristics such as duration and timing affect biomass yield and can be maximized by breeding
programs which aim to achieve crops with early leaf development, delayed plant senescence and late
flowering time (Pancaldi & Trindade, 2020). As a result of climate change, the poor conditions of
marginal lands will worsen because of abiotic stress intensification (Quinn et al., 2015). The
development of novel genotypes that couple robustness with optimal yields is fundamental for
cultivating biomass crops on marginal lands (Jones et al., 2015) and for the success of bio-based
production chains. Novel miscanthus and hemp genotypes have recently been tested along with other

biomass crops in two EU projects (OPTIMSC and MultiHemp) to evaluate their biomass production

on marginal land (Lewandowski et al., 2016; Tang et al., 2017). Although both miscanthus and hemp
are low-input crops (McCalmont et al., 2017; Struik et al., 2000) that can grow on marginal land and
produce non-food biomass (Amaducci et al., 2015), the EU projects OPTIMSC and MultiHemp
demonstrated the importance of using genotypes suited to the environment and the intended end-use

(Lewandowski ef al., 2016; Tang et al., 2016). Genetic variations of miscanthus and hemp enable the
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germplasm to be adapted to the specific needs of different industrial applications. The on-going EU
project GRACE (GRowing Advanced industrial Crops on marginal lands for biorEfineries) aims to
reduce the conflict with food production by unlocking the use of marginal lands for biomass
production and demonstrate the sustainability of the increased biomass production of miscanthus and
hemp on marginal lands. The GRACE project evaluates novel seed-based miscanthus hybrids from
breeding programs at the Universities of Aberystwyth and Wageningen. The productive suitability of
these miscanthus hybrids is evaluated in field trials conducted over a wide geographical and
environmental range. These trials assess the performance of the miscanthus hybrids, as well as hemp
cultivars, via field measurements of relevant crop traits, with the aim of phenotyping the novel
genotypes. The phenotyping activities of the miscanthus and hemp traits in turn increase the
knowledge of these novel genotypes and this information can be used to improve the crop germplasm

in future breeding programs.

1.2 High-throughput phenotyping by UAV remote sensing: sensors
and applications

Crop high-throughput phenotyping, which uses numerous sensors able to collect large amounts of
data on genotype variability (Shi et al., 2016) in fields, is considered a relevant scientific topic (Araus
& Cairns, 2014; Tester & Langridge, 2010) for determining the phenotypes associated with novel
genotypes (Furbank & Tester, 2011; Zaman-Allah et al., 2015). Crop phenotypic traits are determined
by genotype x environment interactions (Yang et al., 2017) and can be divided into biophysical traits
(e.g. biomass, height and leaf area index), biochemical traits (e.g. chlorophyll and nitrogen) and
physiological traits (e.g. photosynthesis) (Xie & Yang, 2020). Rapid methods to characterize crop
traits are essential in plant breeding (Banerjee et al., 2020). However, traditional phenotyping
methods for evaluating the phenotypic traits are time-consuming as the collection of phenotypic data
is done manually (Araus & Cairns, 2014). This represents a bottleneck for the selection of phenotypic
traits of novel genotypes (White ef al., 2012). Therefore, high-throughput phenotyping (HTP)
platforms based on remote sensing, such as satellites and unmanned aerial vehicles (UAVs), have
recently been used (Shi et al., 2016; Wang et al., 2019). For HTP applications, the satellite platform,
due to the lack of spatial resolution for the identification of crop traits, is not suitable for monitoring
small plots of field trials with numerous genotypes (Gevaert et al., 2015; Han-Ya et al., 2010). On
the contrary, the UAV platform is a suitable tool for HTP (Berni et al., 2009; Liebisch ef al., 2015)
for its ability to capture high-resolution images, so it has been widely used in breeding programs
(Gracia-Romero et al., 2019; Ostos-Garrido et al., 2019; Su et al., 2019; Varela et al., 2021; Yang et
al.,2017; Zhou et al., 2019). UAV based remote sensing for HTP has been employed in many crops
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(Feng et al., 2021). UAV platforms can be equipped with different types of sensors, such as Red-
Green-Blue (RGB), multispectral, hyperspectral, thermal cameras, and LIDAR (Xie & Yang, 2020)
which are used to monitor the crop’s phenotypic traits (Rahaman et al., 2015; Zhang & Kovacs,
2012). RGB, multispectral, and hyperspectral UAV sensors based on spectral imaging acquire the
reflectance of crops on different spectral bands (Yang et al., 2017). RGB sensors are commonly used
by UAVs in crop phenotyping due to their high spatial resolution and relatively low cost (compared
with other sensors), but they have only three bands in the visible spectral region (Feng et al., 2021).
On the contrary, the hyperspectral sensors acquire images with hundreds and even thousands of
continuous bands in the visible and near-infrared (NIR) spectral regions, but the cost is higher than
RGB and multispectral sensors (Feng et al., 2021). Multispectral sensors represent a compromise
between the cost and the number of spectral bands compared to RGB (low cost and low number of
spectral bands) and hyperspectral sensors (high cost and high number of spectral bands). The
multispectral sensors have a small number of spectral bands (between 4 and 10) that are generally in
the visible and NIR spectral regions (Guo et al., 2021). They are widely used for UAV HTP for their
spatial and spectral resolution and because are usually small, light and with an acceptable cost (Xie
& Yang, 2020). For this reason, a wide variety of UAV multispectral sensors are available on the

market with different spectral characteristics and the most common are reported in Table 1.1.

Table 1.1 Comparison of centre (centre wavelength in nm) and of FWHM (full width at half maximum in nm) of the
most common UAV multispectral sensors available on the market.

SoNoT Blue Green Red Red edge Near-infrared

centre FWHM centre FWHM centre FWHM centre FWHM centre FWHM
DIJI P4 450 16 560 16 650 16 730 16 840 26
MicaSense RedEdge-MX 475 32 560 27 668 14 717 12 840 57
Parrot Sequoia - - 550 40 660 40 735 10 790 40
Sentera 6X 475 30 550 20 670 30 715 10 840 20
SlantRange 4P 470 100 550 100 650 40 710 20 850 100
Tetracam Micro-MCA4 490 10 550 10 680 10 - - 800 10
YuSense MS600 PRO 450 35 555 25 660 20 720 10 840 35

The UAV multispectral sensors can calculate several vegetation indices (VIs) used in precision
agriculture applications. The VIs are obtained by the combination of spectral bands, such as the

Normalized Difference Vegetation Index (NDVI) (Rouse et al., 1973), the Enhanced Vegetation
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Index (EVI) (Huete et al., 2002) and the Modified Chlorophyll Absorption in Reflectance Index
(MCARI) (Daughtry et al., 2000), and they are widely used to monitor crop traits. The spectral
reflectance and the VIs are used to estimate or predict many crop traits using statistical and physical
methods (see section 1.3). Several crop traits have been estimated using UAV-based remote sensing,
such as plant height (Volpato et al., 2021), fraction of absorbed photosynthetically active radiation
(Lvetal.,2021), canopy cover (Makanza et al., 2018), aboveground biomass (Han et al., 2019), yield
(Johansen et al., 2020; Wang et al., 2019), leaf area index (Potgieter et al., 2017), green leaf area
index (Blancon et al., 2019), leaf chlorophyll content (Wan, Zhang, et al., 2021), leaf nitrogen content
(Xu et al., 2021), stay-green (Liedtke et al., 2020) and senescence dynamics (Hassan et al., 2018).
Crop yield is considered one of the most important traits for phenotyping (Xie & Yang, 2020). The
yield trait of biomass crops has also been investigated using UAV remote sensing for HTP, as reported
by Li et al. (2020) for switchgrass and Wang et al. (2019) for perennial ryegrass. Several remote
sensing studies have focused on yield prediction based on land surface phenology (LSP) (de Beurs &
Henebry, 2005; Ji et al., 2021; Meroni, d’ Andrimont, ef al., 2021) which considers the development
of crops using time series of VIs (Peng et al., 2018; Sakamoto et al., 2013). LSP aims to determine
spatial and interannual variation in crop phenology using various descriptors derived from the time
series of VIs and these descriptors are used to predict yield (Evans & Shen, 2021). LSP descriptors
include the start of the season (SOS), the peak of the growing season, the stay-green duration (onset
of senescence), the end of the season (EOS), and the growing season length (de Beurs & Henebry,
2010). Among the available descriptors of LSP, the peak of a VI is one of the most important
descriptor for crop yield prediction, such as the peak of NDVI (Montazeaud ef al., 2016) and EVI2
(Liu et al., 2019) for grain yield and the peak of GNDVI for biomass yields of perennial grass
(Hamada et al., 2021).

1.3 Estimation of phenotypic crop traits: statistical and physical
methods

Crop trait estimations using remote sensing are grouped into two main methods: the statistical method
and the physical method (Baret & Buis, 2008). Both methods have expanded to integrate hybrid
methods over the last years (Verrelst, Camps-Valls, et al., 2015). This methodological expansion has
divided the estimation methods into four categories (Verrelst et al., 2019): 1) parametric regression
methods, i1) nonparametric regression methods, iii) physically based model inversion methods, and
iv) hybrid regression methods (Figure 1.1). Parametric regression methods are widely used for their
simplicity and ease of development (e.g. linear regression) and are applied in crop phenotyping

studies to link VIs derived from multispectral remote sensing with crop traits (Machwitz et al., 2021).
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Contrary to parametric regression methods, nonparametric regression methods optimize the
regression algorithm by learning phase based on training data and by including weights (coefficients)
which are adjusted to minimize the estimation error (Verrelst et al., 2019). Among nonparametric
regression methods, nonlinear nonparametric methods, also called machine learning regression
algorithms, are typically used for crop trait estimations. Machine learning (ML) regression algorithms
are increasingly used in HTP as many Vs exhibit nonlinear relationships with their associated crop
traits. Several ML algorithms were used for crop trait estimation, including artificial neural network
(ANN), k-nearest neighbour (kNN), gaussian regression process (GPR) and random forest (RF). The
ML algorithms are also used for the yield prediction of many crops (Jeong et al., 2016; Marques
Ramos et al., 2020). RF is one of the most often used algorithms in many remote sensing analyses
(Holloway & Mengersen, 2018). RF does not suffer from overfitting, can manage a high training size
and has proven to be robust to outliers and noise (Belgiu & Dragut, 2016). For example, the RF
algorithm was used to estimate crop traits, such as crop biomass (Han et al., 2019) and yield (Johansen
et al., 2020), from UAV multispectral images. However, the main limits of the ML models are in the
training set size (Millard & Richardson, 2015) and in the unreliability of predictions made beyond
the range of values of the parameters present in the training set (Shah et al., 2019). In addition, the
ML models have demonstrated a limited transferability to different environments, cropping systems
and growing seasons (Vuolo et al., 2013). For these reasons, the transferability of ML models must
be an important topic to consider in future studies on UAV applications in agricultural sciences
(Johansen et al., 2020). Physically based model inversion methods such as radiative transfer models
(RTMs) are widely used to overcome crop trait estimation transferability problems and with respect
to statistical methods (parametric and nonparametric regression methods) have the advantage that
they minimize the reliance on in situ data (Atzberger et al., 2015). One of the most popular RTMs is
the PROSAIL model (Berger et al., 2018), which simulates canopy reflectance by combining the leaf
PROSPECT model (Jacquemoud & Baret, 1990) and the canopy SAIL model (Verhoef, 1984).
Recently, studies have demonstrated that coupling UAV remote sensing with the PROSAIL model is
a suitable approach for crop trait estimations for HTP (Jay et al., 2017; Wan, Zhang, et al., 2021;
Wan, Zhu, et al., 2021). The look-up table (LUT) strategy is used for the inversion of the PROSAIL
model. The LUT strategy is based on the generation of simulated spectral reflectance for several
combinations of canopy and leaf parameters and, through the application of a cost function, the
spectral reflectance that most closely resembles the measured one is identified (Verrelst ef al., 2019).
However, the several combinations of values of the parameters can generate similar canopy
reflectance causing the ill-posed problem of the PROSAIL model inversion (Atzberger, 2004).
Indeed, the use of multiple solutions (instead of the single best solution) (Darvishzadeh et al., 2008;

7
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Sehgal et al., 2016) and the use of priori knowledge on the ranges of input parameters (Meroni et al.,
2004) have been evaluated to resolve the ill-posed problem. The hybrid regression methods combine
the physically based methods with nonparametric regression methods. The nonparametric models
trained with simulated reflectance values with the PROSAIL model are used as inversion strategies
for crop trait estimations. The hybrid regression methods exploit the generic properties of physically
based methods with the flexibility and computational efficiency of nonparametric regression methods
(Verrelst, Rivera, ef al., 2015). The hybrid regression methods used in several studies are based on
machine learning algorithms such as ANN (Atzberger, 2010), GPR (Verrelst et al., 2016) and RF
(Doktor et al., 2014). Generally, both statistical and physical methods can estimate crop traits, each
with advantages and disadvantages. This suggests that UAV remote sensing based on crop trait
estimations using statistical or physical methods can be used as a tool for high-throughput

phenotyping (HTP) and could substitute the field measurements used to evaluate the crop’s

phenotypic traits.
Retrieval
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Figure 1.1 Schematic overview of the main estimation methods (Verrelst ef al., 2019).

1.4 Objectives
The use of suitable platforms for high-throughput screening of different hybrids of miscanthus and
cultivars of hemp could support breeding programs. A suitable platform widely used in other crops

8
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for high-throughput phenotyping (HTP) is the unmanned aerial vehicle (UAV). UAV remote sensing
can phenotype crop traits through multispectral sensors that acquire spectral images useful for
vegetation indices (VIs) calculation. However, the use of UAV multispectral remote sensing for HTP

exhibit many research gaps which are:

Gl.Issue of UAV multi-sensor interoperability.

G2.Use of the time series of VIs from UAV for yield prediction.

G3.Assessment of the models’ transferability.

G4.Evaluation of the crop traits dynamics during the growing season using UAV remote sensing.

G5.Crop trait estimations of miscanthus and hemp for HTP.

Regarding the research gaps, many multispectral UAV sensors with different spectral characteristics
and consequently with differences of VIs between sensors are available on the market, giving rise to
the issue of UAV multi-sensor interoperability (research gap G1). Apart from this, the time series of
VIs are widely used in satellite remote sensing applications for crop monitoring and for crop yield
predictions using the descriptors of land surface phenology (LSP) derived from the time series of VlIs.
Indeed, the acquisition of data time series of VIs from UAV requires enough time to carry out multiple
flights in the fields (research gap G2). However, the UAV market and the number of UAV users are
constantly growing, and the use of the time series of VIs from UAV must be evaluated, in particular
for HTP applications where the satellite platform is not suited to monitor small plots of field trials
with numerous genotypes. Other research gaps of the HTP studies concern crop trait estimations.
Indeed, statistical methods are typically used to link VIs to crop traits, but these models have a limited
transferability to different environmental conditions (research gap G3). Therefore, new studies are
needed to assess the transferability of statistical models, such as machine learning (ML), for UAV
applications in HTP. The physical method, such as the PROSAIL model, is widely used to overcome
the issue of transferability of crop trait estimations. However, to date, in the HTP applications, only
time series VIs data from UAV and not the estimated crop traits of PROSAIL or ML models are used
to evaluate the dynamics of the crop traits throughout the growing season (research gap G4). A
statistical approach that can be an opportunity for the HTP from UAV remote sensing is the
generalized additive model (GAM). GAM can capture the dynamic aspect of crop traits, and it has
been successfully featured in several research fields. Therefore, research studies are needed to
evaluate the combination of multiple UAV flights, estimation models and GAM analysis. Finally,
there are no studies that have focused on the estimation of crop traits of hemp and miscanthus from

UAYV multispectral images for HTP applications (research gap G5). To better deepen the knowledge
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on these gaps, the research question of this thesis is: “Is UAV multispectral remote sensing a suitable

platform for high-throughput phenotyping of hemp and miscanthus traits?”

To answer this question, the objectives of the thesis are:

O1.To estimate hemp and miscanthus traits from UAV multispectral images for HTP.

02.To evaluate the transferability of the ML models using independent datasets for model
validation.

03.To predict the yield for improving the logistics biomass supply chain of miscanthus.

O4.To evaluate the importance of VIs in the ML models for crop trait estimations and yield
prediction of miscanthus.

05.To identify the most accurate PROSAIL model inversion method for hemp trait estimations
by comparing inversion methods.

06.To link VIs calculated from UAV multispectral sensors with different spectral characteristics
to improve multi-sensor interoperability.

O7.To phenotype the dynamics of the crop traits of contrasting miscanthus hybrids and hemp

cultivars.

These objectives result in the following hypotheses:

10

H1.The ML models and PROSAIL model can be used to estimate traits of miscanthus hybrids
and hemp cultivars.

H2.The quality training data can develop robust ML models to overcome the transferability
problem.

H3.The peak derived from the VIs time series of UAV can be used to predict the yield of
miscanthus.

H4.The spectral bands used for calculating the VIs have different importance depending on the
crop traits to be estimated.

HS5.The hybrid regression inversion methods will better estimate the crop traits than LUT
inversion methods of the PROSAIL model.

H6.The PROSAIL model can be used to derive equations able to link multi-sensor VIs and to
overcome the differences of VIs between sensors.

H7.The GAM analysis, applied to the time series of the crop traits estimated by ML or PROSAIL
model inversion, can be used for phenotyping the dynamics of the crop traits of contrasting

miscanthus hybrids and hemp cultivars.
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1.5 Thesis outline

The chapters of this thesis are based on field research and the ones addressing hypotheses (1.4
Objectives) are reported in Table 1.2.

Table 1.2 Chapters and hypothesis.

Chapter Hypothesis
2 HI1, H5, H7
3 H1, H3, H4, H6
4 H1, H2, H4, H7

Chapter 2 compares hybrid and look-up table (LUT) inversion methods of the PROSAIL model for
the leaf area index (LAI) and leaf chlorophyll content (LCC) estimation of hemp. It also explores the
possibility of using GAM to combine multiple UAV flights and PROSAIL for phenotyping the LAI
and LCC dynamics throughout the whole growing season. For this chapter, LAl and LCC
measurements were collected on two contrasting hemp cultivars, green and yellow, under different
nitrogen fertilisation levels during two growing seasons.

Chapter 3 estimates the crop traits, such as light interception, plant height, green leaf biomass and
standing biomass, and predicts the yield of the novel miscanthus hybrids using the ML algorithm
random forest from UAV multispectral images. This chapter also used the PROSAIL model to derive
VIs link equations to improve sensor interoperability. The field trials were carried out in Italy and
United Kingdom using two different UAV multispectral sensors.

Chapter 4 estimates the moisture content of miscanthus biomass from UAV multispectral images
using the ML algorithm random forest (RF) and evaluates their transferability. This chapter also
explores the application of GAM to moisture content time series estimated from the RF model for
phenotyping the dynamics of senescence and identifying stay-green traits of contrasting miscanthus
hybrids. The moisture content measurements were collected during two growing seasons in two
locations.

Chapter 5 summarizes the main results of this thesis concerning the objectives and the hypotheses.
This chapter also discusses the scientific contribution of this PhD thesis and provides an outlook on

future research.
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Comparison of different inversion methods of the PROSAIL
model for hemp trait estimations by UAV-based phenotyping




Comparison of different inversion methods of the PROSAIL model for
hemp trait estimations by UAV-based phenotyping

Abstract

In this chapter, an unmanned aerial vehicle (UAV) multispectral remote sensing platform was used
to estimate leaf area index (LAI) and leaf chlorophyll content (LCC) of two contrasting hemp
cultivars, a green and a yellow one, during two growing seasons under four nitrogen fertilisation
levels. The hemp traits were estimated by the inversion of the PROSAIL model from UAV
multispectral data. Look-up table (LUT) and hybrid regression inversion methods were compared for
LAI and LCC estimation. The LAI trait was estimated with more accuracy than the LCC trait. The
hybrid methods performed better than LUT methods, both for LAI and LCC, and the best accuracies
were achieved by random forest (RF) for the LAI (0.76 m> m™ of RMSE) and by gaussian process
regression (GPR) for the LCC (10.39 ug cm™ of RMSE). High-throughput phenotyping (HTP) was
carried out by applying the generalized additive model (GAM) to the time series of traits estimated
by the best inversion methods of the PROSAIL model from multiple multispectral UAV flights. The
GAM analysis showed differences in the LAI and LCC dynamics between two hemp cultivars and
between the nitrogen fertilisation levels that significantly affected their dynamics. The HTP based on
UAYV remote sensing proved to be a powerful tool to estimate hemp traits and to improve our

understanding of the traits' dynamics of contrasting cultivars throughout the whole growing season.

Keywords: Hemp, remote sensing, UAV, high-throughput phenotyping, trait estimation, PROSAIL,

LUT, machine learning, inversion methods comparison, GAM.
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Hemp traits estimation by inversion of the PROSAIL model

2.1 Introduction

Interest in hemp (Cannabis sativa L.) cultivation, which is expanding internationally (Amaducci et
al., 2015), is related to the large number of products that can be obtained from its biomass (Crini &
Lichtfouse, 2020), its high yield potential (up to 20 Mg ha!) (Burczyk et al., 2008; Struik et al., 2000;
Tang et al., 2016), low input requirements (Tang et al., 2017), and positive environmental impact
(van der Werf, 2004). All these features make hemp an ideal crop for the bio-based sector. In fact,
not only hemp produces raw material for a wide range of bio-based applications, but it also produces
seeds for food applications (Amaducci et al., 2015; Tang et al., 2016), in this way avoiding issues
linked to indirect land use change. Despite the large interest in hemp, its cultivation has not
significantly expanded in the last years due to legal problems related to the presence of psychoactive
cannabinoids but also to the limited innovation along the whole value chain (Venturi ef al., 2007). In
a recent EU project (MultiHemp), for the first time, innovative biotechnological tools have been
applied for hemp breeding but so far the management of hemp cultivation and the monitoring of its
growth have not benefitted from the application of innovative precision agriculture technologies.
Remote sensing is a precision agriculture technology widely used to monitor crop growth (de Castro
et al.,2021; Sishodia et al., 2020). Remote sensing platforms, such as satellites and unmanned aerial
vehicles (UAVs), acquire a large volume of spectral data with high spatial and temporal resolutions,
which are needed for applications in both precision agriculture (Segarra et al., 2020) and high-
throughput phenotyping (HTP) in the frame of breeding programs (Guo et al., 2021; Yang et al.,
2017). The spectral data acquired from the remote sensing HTP platforms are used to estimate crop
traits during the growing season (Blancon et al., 2019; Impollonia et al., 2022). Leaf area index (LAI)
and leaf chlorophyll content (LCC) are among the most important crop traits estimated in HTP
applications (Potgieter et al., 2017; Xie & Yang, 2020). Spatial and temporal information on LAI
and LCC are usually regarded as relevant traits to monitor the status of crop growth (Duan et al.,
2019). Two main methods are used to estimate LAI and LCC using spectral data via remote sensing:
1) statistical methods such as linear regression or machine learning, and ii) physical method based on
radiative transfer models (RTMs) inversion. RTMs have the advantage, over the statistical method,
to minimize the reliance on in situ data (Atzberger et al., 2015). One of the most popular RTMs is the
PROSAIL model (Berger et al., 2018), which simulates the canopy reflectance by combining the leaf
PROSPECT model (Jacquemoud & Baret, 1990) and the canopy SAIL model (Verhoef, 1984). Two
main methods are commonly used for the PROSAIL model inversion: 1) look-up tables (LUTs)
(Atzberger et al., 2015; Verrelst et al., 2014; Verrelst, Rivera, et al., 2015) based on a cost function;

and ii) hybrid regression method (Verrelst et al., 2019) based on machine learning techniques such
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as artificial neural network (ANN) (Atzberger, 2010), gaussian process regression (GPR) (Verrelst et
al., 2016) and random forest (RF) (Doktor et al., 2014). However, the diverse combinations of crop
traits can generate similar canopy reflectance causing the ill-posed problem of the PROSAIL model
inversion (Atzberger, 2004). To resolve this issue, several strategies have been evaluated, such as the
use of multiple solutions (instead of the single best solution) (Darvishzadeh et al., 2008; Sehgal et
al., 2016) and the use of a priori knowledge on the ranges of input parameters (Meroni et al., 2004).
Recently, several studies have demonstrated that the coupling of UAV remote sensing and the
PROSAIL model enables reliable estimations of crop traits for HTP purposes, such as LAl and LCC
(Duan et al., 2014; Jay et al., 2017; Sun et al., 2021; Wan, Zhang, et al., 2021; Zhu et al., 2019).
These studies only evaluated the ability of the PROSAIL model to estimate crop traits, without
characterizing the dynamic of crop traits evolution along the growing season using the values
estimated by the PROSAIL model. On the contrary, Impollonia ef al. (2022) demonstrated that HTP
obtained by combining multiple UAV flights, machine learning estimation models, and generalized
additive model (GAM) can characterise the dynamics of crop traits. However, no studies have yet
investigated this combination featuring PROSAIL instead of machine learning models to characterise
the seasonal dynamic of crop traits for HTP. Additionally, to our knowledge, there is no study that
has focused on the estimation of LAI and LCC of hemp from UAV multispectral images for precision
agriculture applications.

In this context, the goals of this study were: 1) to estimate the hemp traits, leaf area index (LAI) and
leaf chlorophyll content (LCC), by UAV-based phenotyping using the inversion of the PROSAIL
model, i1) to compare two inversion methods of the PROSAIL model: look-up table (LUT) and hybrid
regression methods, and iii) to characterise the dynamics of crop traits (LAI and LCC) of two
contrasting hemp cultivars (a yellow and a green cultivar) under different nitrogen fertilisation levels

via generalized additive model (GAM).

2.2 Materials and methods

2.2.1 Experimental design

The field experiments were conducted at the CERZOO research centre (45°00'11.70” N, 9°42'35.39"
E) in the province of Piacenza (NW Italy) during the years 2020 and 2021 (Figure 2.1). The two
cultivars 'Futura 75', a conventional green one, and 'Fibror 79', a yellow-stalked one, both developed
and provided by Hemp-it (France), were sown on the 6 and on the 9" of April, in 2020 and 2021,
respectively. Sowing density and depth were about 45 kg ha' and 3 cm, respectively. The

experimental layout was a complete randomised block design with 4 levels of nitrogen fertilisation:
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0,25, 50 and 100 kg N ha™!, with n=4 replicates for a total of n= 32 plots (see Blandiniéres (2022) for

details on experimental design).

Figure 2.1 Experimental field design and drone picture of hemp trials in (a) 2020 and (b) 2021. The destructive samplings
of 1 m? are observable in drone pictures.

2.2.2 Crop measurements

Four georeferenced samplings were carried out for each plot across the two growing seasons (total
n=256) to measure leaf area index (LAI) (Figure 2.2). A ceptometer was used (AccuPAR LP-80,
Decagon Devices, Inc., Pullman, Washington, USA) when the sun reached the zenith (between 12
a.m. and 2 p.m.) and five-six measurements per plot were taken to measure LAI non-destructively,
on the same area that was sampled by Blandiniéres (2022) (Figure 2.1). At the same time (Figure
2.2), leaf dry content per unit leaf area (Cm) and leaf water per unit leaf area (Cw) were determined
from all the leaves of a three-to-five plant subsample. The leaves were separated from the stems and
transferred to a fridge at -18 °C. The leaf surface was determined by scanning the leaves, and the
leaves were subsequently oven dried at 65 °C and weighted (see Blandiniéres (2022) for details on
crop measurements). The Cm (g cm™) and Cw (g cm™) were calculated as the ratio of the dry weight

(Cm) or of the water weight (Cw) of the leaves to their surface. Subsequently, leaf chlorophyll content
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(LCC) samples were collected at the top of the canopy, rapidly stored in ice, and then stored in a
fridge at -18 °C. Chlorophyll content was measured by using a chlorophyll analysis protocol based
on Ritchie (2006) and Warren (2008) protocols. The chlorophyll analysis was only carried out on the
samples from 2020.

2.2.3 UAV multispectral data

The unmanned aerial vehicle (UAV) DJI Matrice 210 RTK (SZ DIJI Technology Co., Shenzhen,
Guangzhou, China) was used in the experiment. The UAV was equipped with a MicaSense RedEdge-
Mx (MicaSense, Seattle, WA, USA) camera to collect the multispectral images. RedEdge-Mx camera
acquired the images in 5 spectral bands: blue (475 nm centre, 32 nm FWHM), green (560 nm centre,
27 nm FWHM), red (668 nm centre, 14 nm FWHM), red edge (717 nm centre, 12 nm FWHM) and
near-infrared (840 nm centre, 57 nm FWHM). The UAV flights were carried out at the same time as
crop measurements, and supplementary flight missions (Figure 2.2) were also carried out to improve
the analysis of the crop traits dynamics derived from multiple UAV flights as suggested by Impollonia
et al. (2022). All flights were performed in clear sky conditions between 11 a.m. and 3 p.m. The flight
altitude above ground level (AGL) was 50 m, the forward overlap was set at 80% and the lateral
overlap was set at 75% of the images. The ground sampling distance (GSD) was 2.78 cm, and the
flight speed was set at 3 m s'. The DJI Pilot software (SZ DJI Technology Co., Shenzhen,
Guangzhou, China) was used for the flight planning and automatic mission control. The reflectance
panel provided by MicaSense, and the light sensor mounted at the top of the UAV were used for the
radiometric calibration of the images. Pix4D mapper (Pix4D, S.A., Lausanne, Switzerland) software
was used for radiometric calibration and orthomosaic generation. The experimental designs were
drafted in AutoCAD (Autodesk, San Rafael, California, USA) and subsequently georeferenced using
QGIS software (QGIS Development Team, 2021). Polygons of 1 m? were also drafted and
georeferenced on the position of the destructive samplings, in order to extract the mean value of
spectral data of each plot for the inversion PROSAIL model validation. For the time series analysis
based on multiple UAV flights, the sampled quadrats were subtracted from the experimental designs
to eliminate the noise caused by these destructive measurements on the multispectral images as shown

in Figure 2.1.
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Figure 2.2 Seasonal calendar of UAV flights and crop measurements (LAI, LCC, Cm and Cw) during the two years
(2020 and 2021).

2.2.4 PROSAIL model

LAI and LCC of hemp cultivars were estimated by the inversion of the PROSAIL model. The
PROSAIL model combine the PROSPECT and SAIL models, simulating the canopy reflectance from
400 to 2500 nm, using 10 parameters of input. Four of these ten parameters were used to simulate the
leaves’ optical properties (PROSPECT model): leaf structure parameter (N), leaf chlorophyll content
(LCC), leaf equivalent water thickness (Cw) and leaf dry matter content (Cm). The six other parameters
were used to simulate the bidirectional reflectance of the canopy (SAIL model): leaf area index (LAI),
average leaf inclination angle (ALIA), hotspot parameter (hot), solar zenith angle (tts), observer
zenith angle (tto) and relative azimuth angle (psi). The soil reflectance was also considered in the
PROSAIL model and was selected from the database ‘ICRAF-ISRIC Soil VNIR Spectral Library’ of
the Soil Information System (ISIS) of the International Soil Reference and Information Centre
(ISRIC). The choice of the soil reflectance was done, firstly by resampling the Italian soils reflectance
based on UAV camera characteristics (MicaSense RedEdge-Mx), secondly by calculating the
differences of soils reflectance between the Italian soils (soil database) and the soil observed in this
study (the reflectance of soil was extracted from the UAV multispectral images) and finally the soil
with less difference in reflectance was used in the PROSAIL model. In order to select the ranges of
the canopy and leaf parameters, the field measurements acquired during the two growing seasons
were used (see 2.2.2 Crop measurements), which is also an efficient way of reducing the ill-posed
problem as suggested by Meroni ef al. (2004). The ALIA range was set between 10 and 30 for the
planophile nature of the hemp canopy (Meijer et al., 1995). The PROSAIL inputs (parameter

combinations) and outputs (spectral reflectance) are used for look-up table (LUT) generation. The
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hsdar R package (Lehnert et al., 2019) was used to simulate the canopy reflectance of the PROSAIL
model using the function PROSAIL which uses the FORTRAN code of the PROSAIL model (Version
5B). The LUT generated included 86,400 parameter combinations following the ranges (minimum
and maximum) and the steps of the parameters summarized in Table 2.1. Regarding the parameter
combinations used for LUT generation, all parameter combinations were considered for LAI and
LCC estimation as the hemp cultivars evaluated in this study exhibited large differences in traits (e.g.
high LAI and low LCC for 'Fibror 79' and high LAI and high LCC for 'Futura 75' at the end of the
vegetative phase) throughout the whole growing season (e.g. low LAI and high LCC at the start of
the growing season and low LAI and low LCC at the end of the growing season). The spectral
reflectance simulated (outputs) were resampled based on MicaSense RedEdge-Mx characteristics

camera (see section 2.2.3).

Table 2.1 Ranges of input parameters for the PROSAIL model for generating the LUT.

Parameter Abbreviation Unit Values

Structure parameter N Unitless 1.5
Chlorophyll content LCC pg cm? 5-60 (step =5)

beat Equivalent water thickness Cy g cm™ 0.006 — 0.03 (step = 0.004)
Dry matter content Cn g cm? 0.004 — 0.007 (step = 0.001)
Leaf area index LAI m? m? 0.1 -6 (step=0.3)
Average leaf inclination angle ALIA deg 10 — 30 (step = 10)
Hotspot parameter hot mm’' 0.1

Canopy
Solar zenith angle tts deg 20 —30 (step =95)
Observer zenith angle tto deg 10
Relative azimuth angle psi deg 190 — 195 (step =5)

2.2.5 Inversion methods of the PROSAIL model
Two inversion methods were compared in this study: look-up table method based on a cost function

and hybrid regression method based on machine learning techniques.

2.2.5.1 The look-up table inversion method

The look-up table (LUT) was sorted using the cost function based on root mean square error (RMSE)
to find the solution to the inverse problem for the measured canopy reflectance (Darvishzadeh et al.,
2008; Sehgal et al., 2016). The RMSE: cost function (Equation 2.1), between the measured

reflectance and the simulated reflectance found in the LUT, was calculated as:
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2
RMSEr _ \/ ?:1(Rmeasured,;l_ Rsimulatedl) Equation 2.1

where n is the number of spectral bands, R,,cqsureq 15 @ measured reflectance at spectral band A and
Rgimutatea 1S @ simulated reflectance at spectral band A in the LUT. Two LUT methods were tested
to find the solution to the inversion problem. The first solution, single best solution, was found as the
set of input parameters corresponding to the reflectance in the LUT that provides the smallest RMSE:,
and it was called here as LUT-I. However, this solution is not always the optimal solution since it
may not be unique (ill-posed problem). In order to solve this problem, the second solution, multiple
best solutions, was tested using the mean value of parameters corresponding to the best 100 solutions

(i.e. having the smallest sorted RMSE:) and it was called here as LUT-II.

2.2.5.2 The hybrid regression inversion method

The hybrid methods utilised the parameter combinations (y) and the simulated spectral reflectance (x)
from the PROSAIL model, used for the LUT generation, for training a machine learning regression
model. Therefore, the hybrid regression methods allow replacing the field measurements needed to
train nonparametric models with PROSAIL input variables (Verrelst et al., 2019). This study
evaluated different machine learning regression models: random forest (RF), gaussian process
regression (GPR), artificial neural network (ANN) and ensemble method (EM) obtained combining
RF, GPR and ANN via stacking. The machine learning regression models were built using the caret
and caretEnsemble R packages (Kuhn, 2008; Mayer, 2019). The structural hyperparameters of the
machine learning regression models were optimized by grid-searching method using cross-
validation. The training dataset was created using a stratified random sampling method by LAI, LCC
and Cm values distribution of the LUT. The function of caretList was used for building the machine
learning regression models using the method rf, gaussprRadial and nnet, for RF, GPR and ANN,
respectively. The EM model was built using the function caretStack that finds a good linear

combination of the models (RF, GPR and ANN).

2.2.5.3 Comparison of inversion methods

The field measurements of LAI and LCC were used to validate the inversion methods of the
PROSAIL model. The root mean square error (RMSE, Equation 2.2) and the normalized root mean
square error (NRMSE, Equation 2.3) were used for inversion methods comparison and was calculated

for each method as follows:
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n . — v.)2
RMSE = \/Zi:l(xl Yi) Equation 2.2
n

\/Z?=1(xril_ yi)?

100 Equation 2.3

NRMSE (%) = 5

where n is the sample number, x; and y; are the estimated and measured value of each trait, and y is
the mean of the measured value. The performance metrics were also calculated for each season, for
each cultivar, for each trait and for three different intervals of the traits. The LAI trait intervals
investigated were less than 2 m? m?, between 2 m?> m and 4 m*> m™ and greater than 4 m> m2. The
LCC trait intervals investigated were less than 20 ug cm™, between 20 pg cm™ and 40 ug cm™ and
greater than 40 pg cm™. The LCC trait estimation was done only to the 2020 season because the LCC

samples of 2021 were not analysed yet.

2.2.6 GAM for crop phenotyping

The hemp cultivar traits were estimated from multiple UAV flights (supplementary flights were also
considered) using the best inversion methods for each trait for phenotyping the dynamics of LAI and
LCC and identifying differences among cultivars and nitrogen fertilisation levels. The time series of
LAI and LCC values estimated from the PROSAIL model inversion were fitted against the day after
sowing (DAS). The statistical analysis of the hemp traits time series was carried out via a generalized
additive model (GAM). The GAM is a non-parametric regression model which allows the integration
of non-parametric smoothing functions and non-linear fitting of the variables. GAM models were
fitted in R package mgcv (Wood, 2017). The fitted model used fixed factors such as season, block,
cultivar, and nitrogen fertilisation levels, and a smooth for DAS, based on season and on interaction

of cultivars and nitrogen fertilisation levels.

2.3 Results

2.3.1 Comparison of inversion methods for LAI trait estimation

The results of the comparison of the different methods used for the inversion of the PROSAIL model
for leaf area index (LAI) estimation is reported in Figure 2.3. Generally, the hybrid methods achieved
better accuracies than look-up table (LUT) methods. Random forest (RF) achieved the highest
accuracy with 0.76 m?> m™ of RMSE and 26.8 % of NRMSE. LUT-I showed greater accuracy than
LUT-II which ranked last. The hybrid method with the worst accuracy was ensemble method (EM)
with 0.88 m?> m™ of RMSE and 31.3 % of NRMSE (Figure 2.3).
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Figure 2.3 Estimated vs measured LAI of hemp with different inversion methods: (a) LUT-1, (b) LUT-II, (c) RF, (d)

ANN, (e) GPR and (f) EM.
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In Figure 2.4 the NRMSE values of the different methods, divided by years and cultivars, are reported.
Generally, RF was the best method for both years and cultivars. The LUT methods showed high
differences in NRMSE between years. ‘Fibror 79 displayed a higher variability of NRMSE than
‘Futura 75 across the two years of experimentations (Figure 2.4). The different inversion methods
were evaluated on three LAI intervals (Figure 2.5). The LUT methods achieved the lowest NRMSE
when LAI was less than 2 m> m™ and achieved the highest NRMSE when LAI was greater than 4 m?
m. In the LAI interval ranging from 2 m?> m? to 4 m? m, RF achieved the best accuracy, but no
relevant differences were observed between the other methods. The inversion methods, when LAI
was less than 4 m? m™ were more accurate for ‘Futura 75’ than ‘Fibror 79” while the opposite occurred

when LAI was greater than 4 m?> m (Figure 2.5).
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Figure 2.4 NRMSE of the inversion methods for LAI estimation according to the different cultivars and seasons.
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Figure 2.5 NRMSE of the inversion methods for LAI estimation according to the different cultivars and three LAI
intervals (LAI <2 m? m?, LAI 2-4 m?> m? and LAI > 4 m?> m™).

2.3.2 Comparison of inversion methods for LCC trait estimation

The results of the inversion methods of the PROSAIL model for the estimation of leaf chlorophyll
content (LCC) are presented in Figure 2.6. The hybrid methods achieved better accuracies than LUT
methods. Gaussian process regression (GPR) achieved the greatest accuracy with 10.39 pg cm™ of
RMSE and 40.5 % of NRMSE. The hybrid method that showed the worst accuracy was RF with
11.26 pg cm™ of RMSE and 43.9 % of NRMSE (Figure 2.6). NRMSE values of the different methods
and for both cultivars are reported in Figure 2.7. Overall, the two cultivars displayed a similar
NRMSE across the different inversion methods (Figure 2.7). The different methods were evaluated
on three LCC intervals (Figure 2.8). The inversion methods, when LCC was less than 20 pg cm™
were more accurate for ‘Fibror 79’ than ‘Futura 75’ while the opposite occurred when LCC was

greater than 40 pg cm™.
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Figure 2.6 Estimated vs measured LCC of hemp with different inversion methods: (a) LUT-I, (b) LUT-II, (c) RF, (d)
ANN, (e) GPR and (f) EM.
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Figure 2.7 NRMSE of the inversion methods for LCC estimation according to the different cultivars.
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Figure 2.8 NRMSE of the inversion methods for LCC estimation according to the different cultivars and three LCC
intervals (LCC < 20 ug cm?, LCC 20-40 pg cm™ and LCC > 40 pg cm™).

2.3.3 Dynamics of LAI and LCC

The best inversion methods, RF for LAI and GPR for LCC, were used to estimate LAI and LCC of
the two hemp cultivars using the spectral band acquired from multiple unmanned aerial vehicle
(UAYV) flights during 2020 and 2021 growing seasons. Maps of LAI and LCC estimated on 105 days
after sowing (DAS) during the growing season 2020 are reported in Figure 2.9.
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Figure 2.9 Maps of LAI and LCC estimated on 105 DAS during the growing season 2020 by UAV multispectral images
using the best inversion of the PROSAIL model (RF for LAI and GPR for LCC).
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Generalized additive model (GAM) was applied to the time series of LAI and LCC estimated by the
inversion of the PROSAIL model, with ‘Futura 75’ as a reference for estimating significant
differences among the hemp cultivars during the growing season (Figure 2.10). The estimated
difference of LAI between ‘Futura 75° and ‘Fibror 79° was significant from 91 DAS to 108 DAS,
with higher values of LAI for ‘Fibror 79’ than for ‘Futura 75°; and from 129 DAS until the end of the
growing season, but this time with higher values of LAI for ‘Futura 75’ than for ‘Fibror 79’ (Figure
2.10). Higher values of LAI were observed in ‘Futura 75’ than ‘Fibror 79’ during the early phases of
the growing season (until 72 DAS), but no significant differences were observed. The estimated
difference of LCC was significant throughout the whole growing season, with higher values of LCC
for ‘Futura 75 than for ‘Fibror 79’ (Figure 2.10). The estimated difference of LCC showed an
increase from the start of the growing season up to 75 DAS (estimated difference of 13.5 pg cm?)

and remained constant afterward until the end of the growing season.
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Figure 2.10 Traits’ dynamics of the two hemp cultivars according to the difference in estimated LAI and LCC with
reference the green cultivar ‘Futura 75’ (dashed black line). The estimation of the differences time series was carried out
by using a GAM. Solid and dashed coloured line denotes respectively significant (P<0.05) and not significant differences
of the corresponding ‘Fibror 79’ compared to reference ‘Futura 75°.

2.3.4 Effect of nitrogen fertilisation on LAI and LCC dynamics

GAM was also used to analyse the effect of nitrogen fertilization on the dynamics of LAI and LCC
of the two hemp cultivars. The reference used for estimating significant differences among nitrogen
levels for each cultivar was the lowest fertilisation dose, 0 kg N ha! (Figure 2.11). The analysis

showed that the effect of nitrogen dose was significant for both cultivars and trait. The largest
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estimated differences were observed with the highest nitrogen level and decreased proportionally to
the nitrogen dose. The estimated difference of LAI was highest during early phases of the growing
season and progressively decreased until the final harvest (Figure 2.11). LCC showed the highest
estimated difference at the end of the vegetative growth from 60 DAS to 90 DAS approximately. LAI
of ‘Futura 75° showed a significant estimated difference throughout the whole growing season with
100 kg N ha'! nitrogen level and from the start of the growing season until 118 DAS and 103 DAS
with 50 kg N ha! and 25 kg N ha! nitrogen levels, respectively. ‘Futura 75° LCC showed a significant
estimated difference from the start of the growing season until 144 DAS, 145 DAS and 82 DAS with
100 kg N ha!, 50 kg N ha! and 25 kg N ha! nitrogen levels, respectively (Figure 2.11). LAI of ‘Fibror
79’ showed a significant estimated difference from the start of the growing season until 140 DAS, 99
DAS and 70 DAS with 100 kg N ha™!, 50 kg N ha™! and 25 kg N ha™! nitrogen levels, respectively.
‘Fibror 79° LCC showed a significant estimated difference throughout the whole growing season with
100 kg N ha™! nitrogen level, from the 37 DAS and 40 DAS until 102 DAS and 141 DAS with 50 kg
N ha! and 25 kg N ha'! nitrogen levels, respectively (Figure 2.11).
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Figure 2.11 Dynamics of the estimated difference of LAI and LCC of the two cultivars with reference the nitrogen
fertilisation level with 0 kg N ha! (dashed black line). The estimation of the differences time series was carried out by
using a GAM. Solid and dashed coloured line denotes respectively significant (P<0.05) and not significant differences of
the corresponding nitrogen fertilisation levels compared to reference nitrogen level with 0 kg N ha'.,
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2.4 Discussion

2.4.1 Evaluation of the inversion methods accuracy for the estimation of LAI and
LCC

This study focused on UAV-based remote sensing estimation of hemp traits to phenotype two
contrasting cultivars and to support the application of innovative precision farming.

Multispectral data acquired from unmanned aerial vehicle (UAV) in two growing seasons (2020 and
2021) were used to estimate leaf area index (LAI) and leaf chlorophyll content (LCC) using inversion
methods of the PROSAIL model. The UAV multispectral camera used in this study (MicaSense
RedEdge-Mx), which includes five spectral bands, enabled a reliable estimation of LAI and LCC,
achieving results comparable to those obtained in previous studies, conducted with both multispectral
(Sun et al., 2021; Wan, Zhang, et al., 2021; Zhu et al., 2019) and hyperspectral UAV cameras (Duan
et al., 2014; Wang et al., 2021). Among the different inversion methods present in literature, this
study compared two look-up table (LUT) methods based on the RMSE: cost function (LUT-I and
LUT-II), and four hybrid regression methods based on machine learning techniques (RF, GPR, ANN
and EM) to identify the most accurate LAI and LCC estimation method. The results obtained with
the LUT methods showed that the LUT-I method (single best solution) achieved a better accuracy
than the LUT-II method (mean of 100 best solutions). Opposite results were reported, for
heterogenous grassland, by Darvishzadeh et al. (2008) and for wheat by Sehgal et al. (2016).
Regarding hybrid methods, the best accuracies were achieved with random forest (RF) for LAI and
gaussian process regression (GPR) for LCC, which was also the most accurate method for estimating
LCC in a study conducted on multi-crop by Verrelst ef al. (2012).The worst accuracies were achieved
by ensemble method (EM) for both LAI and LCC, which could be the consequence of the high
correlation among the values predicted by the individual algorithms (RF, GPR and ANN), as already
reported by Kamir ef al. (2020).

In this research, estimation of LAI and LCC was more accurate using hybrid methods than LUT ones,
which is in agreement with what was reported by Fei ef al. (2012) and Zhang, Yang, et al. (2020),
but not with findings of Sehgal et al. (2016) and Vohland et al. (2010) who found that the LUT
inversion method was more accurate than hybrid methods. Ali et al. (2021), instead, did not find
differences between the methods. However, accuracy is not the only criteria to consider when
selecting the inversion method of the PROSAIL model. For example, studies have focused on the
inversion run time, showing that hybrid methods are faster in performing the inversion compared to

LUT methods (Ali et al., 2021; Verrelst et al., 2019; Verrelst, Camps-Valls, et al., 2015).
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In this study, LAI estimation was more accurate than the estimation of LCC. This confirms the
difficulty in estimating LCC already found in previous studies (Baret & Jacquemoud, 1994;
Darvishzadeh et al., 2008; Sehgal et al., 2016), which is the consequence of the poor signal
propagation from leafto canopy scale, as demonstrated by Asner (1998). The lowest accuracy of LCC
estimation was observed under 20 pg cm™; this may have been caused by hemp bloom at the end of
the season, which can affect reflectance data as found for rice cobs by Wan, Zhang, ef al. (2021). On
the other hand, analysing the accuracy of the LAI estimation, no relevant differences in NRMSE were
observed in the two seasons (2020 and 2021) and in the three LAI intervals (< 2 m> m?, 2-4 m?> m™
and > 4 m> m™) for both cultivars. This proves that the inversion of the PROSAIL model can estimate

LALI effectively, even on cultivars that have great LCC differences throughout the season.

2.4.2 UAYV remote sensing and GAM for phenotyping the dynamics of LAI and
LCC

High-throughput phenotyping (HTP) obtained by the combination of multiple UAV flights,
estimation models of crop traits and generalized additive model (GAM) analysis can characterize the
dynamics of relevant crop traits (Impollonia et al., 2022). In particular, this study focused on the
application of UAV multispectral images for characterising LAI and LCC of hemp. The time series
of the traits estimated (with the best method for each trait) were used to characterise two hemp
cultivars (a green and a yellow one), cultivated at different nitrogen fertilisation levels, using
generalized additive model (GAM). The use of GAM to compare LAI dynamics of two hemp
cultivars showed that LAI of 'Futura 75' tended to be higher (but not significantly) than 'Fibror 79" in
the early phases of the growing season. At the end of the vegetative phase LAI was highest in 'Fibror
79" and finally it became highest in 'Futura 75' during the seed maturing phase (Figure 2.10). The
highest LAI of 'Futura 75' at the start of the growing season indicates that its canopy develops more
rapidly than that of ‘Fibror 79°. This is in accordance with the results obtained by Blandiniéres (2022)
on the same trial, as they showed that 'Fibror 79' was slower than 'Futura 75' to reach canopy closure.
After 90 days after sowing (DAS), however, the LAI of 'Fibror 79' increases faster than in 'Futura 75'
and become even significantly higher for 18 days (between 91 DAS and 108 DAS). This can be
explained by the fact that 'Fibror 79' is a cultivar that flowers slightly later than 'Futura 75', hence, the
senescence of 'Futura 75' starts sooner than for 'Fibror 79', explaining the observed dynamic of LAI
differences between both cultivars. These results are in accordance with Herppich et al. (2020) who
reported that the LAI peak of ‘Ivory’ (the yellow cv.), a cultivar that flowers earlier than ‘Santhica
27’ (the green cv.), was reached sooner than the LAI peak of ‘Santhica 27°. They also found that for

the green cultivar ‘Santhica 27> LAI remained the highest for the rest of the growing season. After
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flowering, the same dynamics was observed in this study where the LAI of the green cultivar 'Futura
75' was significantly higher than that of 'Fibror 79' during the seed filling phase. This could be due to
the higher nitrogen content in 'Futura 75' leaves than in ‘Fibror 79° ones. This could be due to the
higher nitrogen content in 'Futura 75' leaves than in ‘Fibror 79’ ones, in line with the statement of
Thouminot (2015) who stated that the yellow strain of hemp (i.e., Fibror 79) was due to a reduced
capacity of nitrogen assimilation. Indeed, the dynamic of LCC observed in this study, linked to leaf
nitrogen content (Wang et al., 2014), showed higher values for ‘Futura 75’ than for ‘Fibror 79’
throughout the whole growing season. The LCC estimated differences of the two hemp cultivars
showed an increase from the start of the growing season until the 75 DAS and then remained constant
until the end of the growing season (Figure 2.10). In order to characterize the dynamics of the crop
traits, the nitrogen fertilisation effects were included in the GAM analysis. Nitrogen fertilisation had
a great and significant effect on the LAI and LCC dynamics (Figure 2.11). As for LAI, the higher
difference, between no nitrogen fertilisation (reference) and the other nitrogen fertilisation levels,
were observed in the early phases of the growing season for both cultivars. These results are in
accordance with those reported by Seleiman et al. (2013), who found that the nitrogen fertilisation
treatments had a significant effect on LAI of hemp only at the start of the growing season (44 DAS).
The higher difference of LAI between the nitrogen levels could be due to a greater nitrogen
accumulation at the start of the growing season, as reported by Ivonyi et al. (1997). They found, for
hemp, that the most intense phase of nitrogen accumulation occurred between 30 and 60 DAS, as
79% of the total amount of nitrogen had effectively been accumulated after 60 DAS, in accordance
with Seleiman et al. (2013). The intense nitrogen uptake during the early phases of the growing season
could be explained by the general increase of differences of LCC until 60-80 DAS where was
observed a peak of LCC differences (Figure 2.11). The increase of nitrogen fertilisation led to
increases of nitrogen uptake and accumulation by the crop, with a subsequent significant increase of
LCC, as reported by Yang et al. (2021). This relation was also observed in this study, as LCC
dynamics had higher values at increasing levels of nitrogen fertilisation. After flowering, the LCC
estimated differences decreased with the start of the senescence stage and the start of the chlorophyll’s

degradation.

2.5 Conclusion

This study demonstrated that hemp traits can be estimated with good accuracy by the inversion of the
PROSAIL model using multispectral images acquired by unmanned aerial vehicle (UAV). The leaf
area index (LAI) can be estimated better than the leaf chlorophyll content (LCC). Generally, the
hybrid methods performed better than look-up table (LUT) methods, both for LAI and LCC, and the
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best accuracies were achieved by random forest (RF) for the LAI and gaussian process regression
(GPR) for the LCC. The high throughput phenotyping (HTP) of the crops can be carried out by
applying the generalized additive model (GAM) to the time series of traits estimated by the inversion
of the PROSAIL model from multiple multispectral UAV flights. The GAM analysis showed
differences in the LAI and LCC dynamics between two hemp cultivars, yellow and green, and
between the nitrogen fertilisation levels that significantly affected the traits’ dynamics. HTP based
on UAV remote sensing proved a powerful tool to estimate crop traits and to improve our

understanding of the traits’ dynamics of contrasting cultivars throughout the whole growing season.
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UAY remote sensing for high-throughput phenotyping and for yield
prediction of Miscanthus by machine learning techniques

Abstract

Miscanthus 1s a tall perennial Cs4 rhizomatous grass with strong potential for sustainable biomass
production and multiple co-benefits on marginal and contaminated lands, avoiding land competition
with traditional food crops. Breeding programs in several countries are attempting to produce high-
yielding Miscanthus hybrids better adapted to different climates and end-uses. Remote sensing with
unmanned aerial vehicles (UAVs) equipped with multispectral sensors holds great potential for high-
throughput phenotyping (HTP) of yield and quality traits. In this study, UAVs were flown fortnightly
over ground phenotyped Miscanthus crops in Italy and the UK in 2020-21. Vegetation indices (VIs)
derived from UAV multispectral images were used successfully to estimate yield traits (light
interception, plant height, green leaf biomass and standing biomass) for diverse novel Miscanthus
hybrids in Italy and in the UK using the random forest (RF) machine learning algorithm. RF algorithm
and peak descriptor derived from time series of VIs were used to predict yield in order to improve the
logistics biomass supply chain of Miscanthus. The Root Mean Square Errors (RMSE) of the RF
models were 8.4 % for light interception, 42 cm for plant height, 1.3 Mg DM ha™! for green leaf
biomass, 5.8 Mg DM ha! for standing biomass estimations, and 2.3 Mg DM ha™! for yield prediction.
RF model showed a good capability to predict the yield months before the harvest both in Italy and
in the UK. The PROSAIL model successfully linked VIs derived from different multispectral sensors
on the UAVs used in Italy and UK. This ‘interoperability’ paves the way for linking VIs derived from
different multispectral sensors carried by UAVs. The study demonstrates the potential for
multispectral data from UAVs in HTP for genetic improvement and in the prediction of yield for
providing important information needed to increase sustainable biomass production and to expand

the bioeconomy.

Keywords: Miscanthus, remote sensing, UAV, multispectral images, high-throughput phenotyping,

trait estimation, yield prediction, machine learning, PROSAIL, multi-sensor interoperability.
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3.1 Introduction

Miscanthus 1s a leading perennial biomass crop that can provide high yields on marginal lands
avoiding land competition with traditional food crops (Amaducci et al., 2017; Pancaldi & Trindade,
2020; Shepherd et al., 2020). Yield is one of the most important traits of Miscanthus (Lewandowski
et al., 2000) and has been the primary focus of the research portfolio on Miscanthus in the last ten
years (Clifton-Brown et al., 2017; Clifton-Brown et al., 2001; Jones et al., 2016). Yield depends not
only on the climatic and soil characteristics but also on crop age, harvest date and the genotype/hybrid
type (Jones et al., 2016). The rate of mature yield development varies with climate, but in general
increases from 1-3 Mg ha™! of dry matter (DM) in the first year to 6-8 Mg DM ha! in the second year
and to 12 -30 Mg DM ha! in the third year and onwards in rainfed Northern and rainfed or irrigated
Southern Europe (Clifton-Brown et al., 2007; Clifton-Brown et al., 2001; Jezowski, 2008; Larsen et
al., 2014). Independent and collaborative efforts to breed high-yielding Miscanthus hybrids to
produce sustainable biomass for the growing bio-based European market are ongoing in several
countries (Clifton-Brown, Harfouche, et al., 2019; Lewandowski et al., 2016; van der Cruijsen et al.,
2021). In the EU-BBI demo-project GRACE, we are evaluating novel highly upscalable seed-based
Miscanthus hybrids (Clifton-Brown, Harfouche, et al., 2019; Clifton-Brown, Schwarz, et al., 2019;

Hastings et al., 2017; Pancaldi & Trindade, 2020; van der Cruijsen et al., 2021) in seven European
countries (Awty-Carroll et al., 2022; Magenau et al., 2022). Most yield prediction to date has relied
on crop growth models driven by climate and soil data with crop specific parameters (de Wit & van
Diepen, 2008; Keating et al., 2003; MacKerron & Haverkort, 2004). For example, MISCANFOR is
a crop growth model specifically developed to predict Miscanthus x giganteus yields in a wide range
of environments (Hastings et al., 2009). It has been widely used and validated at European
(Lewandowski ef al., 2016) and national level (Zhang, Hastings, et al., 2020) for Miscanthus and
other perennial biomass crops (Henner et al., 2020), but new parameterization data to predict yield
production of the novel Miscanthus hybrids (Clifton-Brown, Harfouche, et al., 2019) is required
(Hastings et al., 2009).

Yield trait screening and prediction using remote sensing with unmanned aerial vehicles (UAVs) can
help both in breeding activities and in obtaining spatial and temporal information for optimising
Miscanthus biomass supply chain logistics, from field to facilities creating bioproducts or biopower
(Liu et al., 2019; Richter et al., 2016). Impollonia et al. (2022) recently demonstrated the feasibility
of moisture content estimation in Miscanthus hybrids using vegetation indices (VIs) derived from
UAV-based remote sensing. Remote sensing approaches can also be used to 1) estimate yield-related

traits for high-throughput phenotyping (HTP) (Blancon ef al., 2019; Makanza et al., 2018; Potgieter
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et al.,2017), ii) calibrate crop growth models (Jongschaap, 2006; Prévot et al., 2003) and iii) predict
the yield of many crops for commercial purposes (Ferchichi et al., 2022). Crop traits such as the plant
height (Jin et al., 2018), the fraction of absorbed photosynthetically active radiation (fAPAR) (Upreti
et al., 2019) and the aboveground biomass (Han et al., 2019) can be estimated from the VIs in
combination with machine learning (ML) algorithms. One of the most used ML algorithms in remote
sensing analyses for crop traits estimation is random forest (RF) (Adam et al., 2014; Verrelst et al.,
2019; Wang et al., 2016). RF proved to be robust to outliers and noise, does not suffer from
overfitting, and can manage a high training size (Belgiu & Dragut, 2016). The use of ML algorithms
shows great potentials in crop yield prediction (Hunt et al., 2019; Jeong et al., 2016; Marques Ramos
et al., 2020; Senthilnath et al., 2016). In particular, the use of VIs’ time series helped to derive
descriptors of land surface phenology (LSP, i.e. the spatial and temporal development of the vegetated
land surface) (de Beurs & Henebry, 2005; Ji et al., 2021; Meroni, d’ Andrimont, et al., 2021) such as
the start of season (SOS), the peak of the growing season, the stay-green duration (onset of
senescence), the end of the season (EOS), and the growing season length (de Beurs & Henebry, 2010).
Among the available descriptors of LSP, the peak of a VI is one of the most important descriptor for
crop yield prediction, such as the peak of NDVI (Montazeaud et al., 2016) and EVI2 (Liu et al., 2019)
for grain yield and the peak of GNDVI for biomass yields of perennial grass (Hamada et al., 2021).

However, the VIs values are influenced by many factors, such as sensor characteristics, atmospheric
conditions during acquisition, viewing angle, field of view, and sun elevation (Psomiadis et al., 2017).
In the context of crop phenotyping, where the field trials are often carried out in multi-location and
with different UAV sensors, these factors could have a relevant effect on the compatibility of Vls.
Among different sensors characteristics, the full width at half maximum (FWHM) is the main factor
that influences the comparability of VIs values among different sensors (Théau et al., 2010). Indeed,
due to the different spectral characteristics of the UAV multispectral sensors available on the market,
differences among VIs derived from multiple UAV sensors for the same target can be found
(Psomiadis ef al., 2017). For this reason, there is a need to increase the interoperability of the sensors
using equations able to overcome these differences through advanced linking procedures between the
VIs of sensors (Emilien ef al., 2021; Hoque & Phinn, 2018). The multi-sensor interoperability is an
important topic in remote sensing science (Brown et al., 2006; Gallo et al., 2005; Meroni et al., 2013)
when multi-location monitoring is conducted. There are two main approaches to evaluate and
compare VIs derived from different sensors via linear regression (She et al., 2015; Teillet et al., 2006;
Teillet & Ren, 2008): a direct approach where VIs are measured by sensors (Laliberte ef al., 2011)
and an indirect approach where Vs data are simulated by radiative transfer models (van Leeuwen ef

al.,2006). A major limitation of the direct regression approach is that is not transferable because it is
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site-specific (Hoque & Phinn, 2018). On the contrary, the indirect approach permits to retrieve VIs
data from radiative transfer models such as the PROSAIL model (Baret et al., 1992; Jacquemoud et
al., 2009). PROSAIL has been used to assess the performances of different satellite sensors for
multiple VIs (Verrelst, Camps-Valls, et al., 2015) but a similar application is currently lacking in
UAYV science. Regarding the yield predictions, it is, in many studies, theoretical, as it requires to fit
the whole seasonal curve for deriving the peak of the time series of VIs. This renders impossible the
yield prediction before having obtained the data of the whole seasonal time series. Furthermore, to
date, few studies have focused on the estimation and prediction of perennial biomass crops phenotypic
traits using remote sensing technologies from satellite or UAV (Hamada et al., 2021; Li et al., 2020;
Wang et al., 2019) and only two on Miscanthus (Impollonia et al., 2022; Richter et al., 2016).

In summary, the overall objectives of this study based on UAV remote sensing were: i) to estimate
crop traits (light interception, plant height, green leaf biomass and standing biomass) for supporting
breeding programs and for providing modelling parameters for Miscanthus, ii) to predict yield to
obtain spatial and temporal information for improving the logistics biomass supply chain of
Miscanthus, and iii) to explore the potential impact of the timeliness on the yield prediction, by
evaluating the performance of the yield prediction model using peak derived from partial time series
of VIs. To achieve these overarching objectives, UAV multispectral images and ground phenotypic
data were collected at two locations within the same multi-environment trial: one in Italy and one in
the UK. These data were analysed using: i) the PROSAIL model to simulate canopy reflectance and
to link VIs of two different common multispectral sensors, ii) random forest (RF) algorithm to
estimate crop traits and to predict yield using the VIs and peak of VIs time series and iii) generalized

additive model (GAM) to derive peak from complete and partial time series of VIs.

3.2 Materials and methods
3.2.1 Experimental design

The field trials were conducted in two locations: PAC 1 located in San Bonico in the Italian province
of Piacenza (NW Italy) (45°00'11.70" N, 9°42'35.39" E) and TWS 1 located in Trawscoed near
Aberystwyth in Wales (UK) (52°24'59.8"N, 4°04'02.6"W) (Figure 3.1). These sites are two of the
seven plot scale (PS) trials conducted within EU-BBI GRACE demo-project (Awty-Carroll et al.,
2022). In PAC 1 the climate is temperate with a mean annual precipitation of 792 mm, while the
climate in TWS 1 is oceanic with a mean annual precipitation of 984 mm. The trials were established
in April 2018 with 14 Miscanthus hybrids (Table 3.1) with n=4 replicates for a total of n= 56 plots.

The trials were planted with eight novel intraspecific M. sinensis x M. sinensis hybrids (M. sin x M.
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sin), five novel interspecific hybrids M. sinensis x M. sacchariflorus (M. sin x M. sac) and M. x

giganteus as control genotype (for more details see Awty-Carroll ef al. (2022)).
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Figure 3.1 Map of field experiments: PAC 1 is located in Piacenza (North-West Italy) and TWS 1 is located in
Aberystwyth (Mid-West Wales).

Table 3.1 Characteristics of the 14 Miscanthus hybrids considered in this study.

Material Hybrid code Genotype Planting density
Seed-based plugs GRC 1-8 M. sinensis x M. sinensis 3 plants/m?
Rhizomes * GRC 9 M. x giganteus 1.5 plants/m?
GRC 10- 14
Seed-based plugs M. sinensis x M. sacchariflorus 1.5 plants/m?
(except GRC 12)
Rhizomes * GRC 15 M.sinensis x M. sacchariflorus 1.5 plants/m?

* Hybrids commercially available
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3.2.2 Phenotypic and yield measurements

Phenotypic measurements were taken from the emergence of the crop in spring 2020 until the winter
harvest in the early months of 2021. This season will thereafter be referred to as the 2020 growing
season. These phenotypic measurements were carried out in the two locations and on four out of the
fourteen hybrids in the trial: GRC 3 (M. sin x M. sin), GRC 14 (seeded) and GRC 15 (clonal) (M. sin
x M. sac) and GRC 9 (standard clonal M. x giganteus). The measurements of this study were carried
during 3" growing season. Five contiguous plants along a central row in each plot were used for
monitoring along the growing season (see Awty-Carroll et al. (2022) for a detailed description). The
following list of crop traits were measured along the growing season: plant height (cm) and light
interception (%) were measured weekly; green leaf biomass (Mg DM ha') and standing biomass (Mg
DM ha!) were measured fortnightly. One hundred seventy-two and 145 data were collected for light
interception, 240 and 204 for plant height, 232 and 316 for green leaf biomass, and 268 and 328 for
standing biomass, in PAC 1 and TWS 1 respectively. Plant height was measured from the soil to the
height of the last ligule of the tallest stem using a graduated pole until crop reached complete
flowering or started to senesce in November. Light interception was measured with a lab-constructed
Im “line ceptometer” with 10 photodiodes at 10 cm spacings generating an electric current which is
converted with simple circuitry to a voltage linearly proportional to the light intensity. Light intensity
was measured above the canopy and at the base of each of the five selected plants. Light interception
measurements were carried out from emergence until full canopy closure (around 95% of light is
intercepted by the crop canopy) on a weekly basis and later at a lower frequency. Standing
aboveground biomass was estimated on a monthly basis, starting after emergence in 2020 until
harvest in winter 2021 using the methods described in Magenau et al. (2022). In brief, 10 randomly
sampled shoots per plot each fortnight (aka ‘serial cuts’) were related to the final quadrat yields at
spring harvest and used to back calculate the seasonal dynamics of above ground biomass (Mg DM
ha'!) from spring emergence until final harvest in the following spring. Each 10 shoot serial cuts were
separated into green leaf, brown leaf, and stem fractions. The fresh weight measured in field, and the
dry weight measured after oven drying to constant weight at 80°C were used to calculate the mass
and moisture contents of each fraction and were scaled to Mg DM ha!. The crop phenological stages
were estimated using the thermal time following the method proposed on M. x giganteus by Tejera et

al. (2021). Thermal time was measured in growing degree days (GDD, °C Day, Equation 3.1) as:

T, + T .
GDD = [w] - T, Equation 3.1
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where T4, and Ty, are the daily highest and lowest temperatures measured by a weather station
situated at each experimental site, and T}, is a base growth temperature of 6°C (Farrell et al., 2006).
Two main phenological stages were estimated: vegetative growth and senescence. The GDD
accumulation started at plant emergence, and the accumulation of 1500 GDD was used as the
threshold marking the difference between the vegetative growth and senescence.

The final harvested yield in spring was measured for all the fourteen hybrids using a quadrat area of
6.6 m? (10 plants per plot planted at 1.5 plants m™ (M. x giganteus and M. sin x M. sac) or 20 plants
per plots at 3 plants m™ (M. sin x M. sin)) and a cutting height of 10 cm. In each plot, the fresh weight
of all plants in the quadrat was recorded and a subsample of approximately five stems per plot was
used to determine the moisture content and calculate the yield in Mg DM ha'!. Plants were harvested
on February 2" 2021 (Days of year (DOY): 33) at PAC 1 and on March 8% 2021 (DOY: 67) at TWS
1. A full description of the harvest protocol as well as annual yield data from winter harvest used in

this study is provided in Awty-Carroll et al. (2022).

3.2.3 UAYV multispectral data and vegetation indices

Unmanned aerial vehicle (UAV) multispectral data acquisition flights were performed approximately
fortnightly from 24/04/2020 to 01/02/2021 at the PAC 1 (25 flights) site and from 09/06/2020 to
25/02/2021 at the TWS 1 (17 flights) site (Figure 3.2). Table 3.2. details the specifications of the
UAVs and the multispectral cameras used at two sites. All flights were performed between 11 am and
3 pm with flight altitude above ground level (AGL) fixed at 50 m and 40 m at PAC 1 and TWS 1,
respectively. The forward and lateral overlap was set at 80% and at 75% of the images, respectively.
Spectral panels and light sensors mounted on top of the UAVs were used for the radiometric
calibration of the images. The radiometric calibration and orthomosaic generation were done using
the Pix4D mapper (Pix4D, Switzerland). The 15 vegetation indices (VIs) were calculated as shown
in Table 3.3 using the orthomosaic. The mean of the VIs was extracted for each plot using the
polygons of the experimental designs that were drafted in AutoCAD (Autodesk, USA) and
georeferenced with QGIS software (QGIS Development Team, 2021).
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May20 Jun20 Jul20 Aug20 Sep20 Oct20 Nov20 Dec20 Jan21 Feb21 Mar 21

Location ® PAC1 & Tws1

Figure 3.2 Seasonal calendar of UAV flights performed in the two locations.

Table 3.2 Unmanned aerial vehicles (UAVs) and multispectral cameras used to perform flights in the two locations.

Location UAV Camera Spectral bands

blue (475 nm centre, 32 nm FWHM),
green (560 centre, 27 nm FWHM),
PAC1 DJI M210 RTK MicaSense RedEdge-Mx red (668 nm centre, 14 nm FWHM),
red edge (717 nm centre, 12 nm FWHM),
near-infrared (840 nm centre, 57 nm FWHM)
blue (470 nm centre, 100 nm FWHM),
green (550 centre, 100 nm FWHM),
TWS 1 DJI M210 SlantRange 4P red (650 nm centre, 40 nm FWHM),
red edge (710 nm centre, 20 nm FWHM),
near-infrared (850 nm centre, 100 nm FWHM)
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Table 3.3 List of the vegetation indices evaluated in random forest models for crop traits estimation and for yield

prediction of Miscanthus.

VIs Equation Reference
NIR — RedEdge
_— Datt, 1999
Dattl NIR + Red N
NIR — Red
b Mi t al., 2008
EVI2 4 T NIR+ Red iura et a
NIR — Green
_— Gitel t al., 1996
GNDVI NIR T Green itelson et al.,
NIR — Green
_— Sripada e al., 2006
GOSAVL NIR + Green + 0.16 ripada et a
0.INIR—Green 1-0.1
Gitelson, 2004
green WDRVI 0.INIR + Green ' 1+ 0.1 freison
_ z_ _
MSAVI 2NIR + 1 — \/(2NIR + 1)2— 8(NIR — Red) Qi et al., 1994
2
MTVI1 1.2(1.2(NIR - Green) - 2.5(Red - Green)) Haboudane et al., 2004
< 1.2(NIR — Green) — 2.5(Red — Green)
MTVI2 ’ Haboudane e al., 2004
(2NIR + 1)2— 6NIR — 5VRed — 0.5
NIR — RedEdge .
NDRE m Gitelson & Merzlyak, 1994
NIR — Red
_ R tal., 1973
NDVI NIRT Red ouse et a
NIR — Red
16)—m——— Rond tal., 1996
OSAVI (1 + 0.16) NIR + Red £ 0.16 ondeaux ef a
NIR — RedEdge
OSAVI2 (1 + 0.16) m Wu et al., 2008
0.1INIR — RedEdge 1-0.1 .
rededgeWDRVI 0.INIR T RedEdge T 15 0.1 Gitelson, 2004
SAVI (1 + 05)—IR—Red _ Huete, 1988

NIR + Red + 0.5

0ANIR—Red 1-0.1
Gitelson, 2004
WDRVI 0ANIR+Red 11+ 01 fieson

3.2.4 Using the PROSAIL model to link VIs from different multispectral sensors
The PROSAIL model was used to simulate crop spectral signatures to link VIs (Table 3.3) calculated
from the two different multispectral sensors used in this study (Table 3.2). The PROSAIL can
simulate the canopy reflectance, between 400 and 2500 nm, by combining the PROSPECT and SAIL
models. The PROSPECT model simulates the optical properties of the leaves using 4 input
parameters: leaf structure parameter (N), leaf chlorophyll content (LCC), relative leaf equivalent
water thickness (Cwr) and leaf dry matter content (Cm). The SAIL model simulates the bidirectional
reflectance of a canopy using 6 input parameters: leaf area index (LAI), leaf inclination distribution
(LIDF), hotspot parameter (hot), solar zenith angle (tts), observer zenith angle (tto) and relative
azimuth angle (psi). Canopy and leaf parameters for Miscanthus were retrieved from available data
on literature (Rusinowski et al., 2019; Urrego et al., 2021). The hsdar R package (Lehnert et al.,
2019) was used to simulate the canopy reflectance of the PROSAIL model using the function
PROSAIL which uses the FORTRAN code of the PROSAIL model (Version 5B). The look-up table
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(LUT) generated included 430,080 parameter combinations following the min-max ranges of input

parameters summarized in Table 3.4.

Table 3.4 Ranges of input parameters for the PROSAIL model for the generation of the LUT.

Parameter Abbreviation Unit Values

Structure parameter N Unitless 1-2(step=1)

Leaf Chlorophyll content LCC ug cm? 10 — 80 (step = 10)
Relative equivalent water thickness Cur % 20 — 80 (step = 20)
Dry matter content Cn g cm? 0.01 —0.025 (step = 0.005)
Leaf area index LAI m? m? 1-8(step=1)
Leaf inclination distribution LIDF Spherical

Canopy Hotspot parameter hot mm’ 0.05 —0.45 (step = 0.2)
Solar zenith angle tts deg 20 — 80 (step = 10)
Observer zenith angle tto deg 5—-10 (step=5)
Relative azimuth angle psi deg 180 — 220 (step = 10)

Regarding the parameter combinations used for LUT generation, all parameter combinations were
considered in the analysis as novel Miscanthus hybrids were evaluated (no information on literature)
and the crop monitoring was performed throughout the whole growing season (vegetative growth and
senescence). The spectral reflectance simulated were resampled based on UAV sensors
characteristics (Table 3.2) and the 15 VIs used in this study were calculated. For each VI, a linear
regression was realised to link the VI values calculated from the two multispectral sensors. Linear
regressions were performed using the VIs and not the spectral bands, in order to i) evaluate the
different sensitivity of the VIs to sensor characteristics and ii) identify VIs that need a linking
procedure and those that do not. The final database of VIs was built by linking SlantRange VIs data

toward MicaSense one.

3.2.5 Time series of VIs and peak derivation

The 15 VIs calculated from UAV multispectral images of the two sites and linked using the linear
regression derived by the PROSAIL model were smoothed using a generalized additive model
(GAM) to generate daily time series of the VIs. The GAM is a non-parametric regression model
which allows non-linear fitting of the variables. GAM models were fitted in R package mgcv (Wood,
2017). GAM fitting of VIs allows to remove the outliers and regularize the time series (Antonucci et
al.,2021; Impollonia et al., 2022; Nol¢ et al., 2018). The time series of VIs for each plot were fitted
against the modified days of the year (DOY). The modified DOY was used to overcome the problem
of having non-sequential DOY throughout the whole growing season, as this last overlaps two
different years. Modified DOY were calculated as conventional DOY for the first year of the growing
season (2020) and as DOY + 365 starting from the 1% of January for the year 2021.
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Daily time series of the VIs were used to estimate the crop traits and to derive peak descriptor for
each VI to predict yield. The peak descriptor is defined as the maximum value recorded in the time
series of a VI. Two types of VIs time series were evaluated in the peak derivation: i) complete VIs
time series, where the GAM models were fitted using all the VIs data acquired throughout the whole
growing season, and ii) partial VIs time series, where the GAM models were fitted with fixed VIs
data acquired in the first seven UAV flights (175 DOY in PAC 1 and 266 DOY in TWS 1) and adding
the subsequent single UAV flight until the end of the season. The peak derived from complete time
series of VIs were used for the yield prediction modelling and those from partial time series of VIs
were used to analyse the variation of peak values and the model operability for yield prediction during

Miscanthus growing season.

3.2.6 Machine learning modelling and variable importance

The random forest (RF) algorithm was used to estimate the crop traits (section 3.2.2) and to predict
the yield of Miscanthus hybrids. The RF models were created using the caret R package (Kuhn,
2008). Three steps in RF modelling were adopted: firstly, RF models were created using the 15 VIs
of the 4 Miscanthus hybrids (see section 3.2.2) and phenological stages (encoded as 0 and 1 for the
stages of vegetative growth and senescence, respectively) for traits estimation, and the peak derived
from complete time series of 15 VIs of the 14 Miscanthus hybrids for yield prediction; secondly, the
importance of variables in RF models was calculated by dropout loss of RMSE and the variables with
a median of RMSE loss greater than 0 were selected; thirdly, the RF models were created using only
the selected variables. The optimal size of the variable subset (“mtry”) for each model was obtained
by grid-searching method using repeated k-fold cross-validation (ten-fold cross validation repeated 5
times). The training dataset was created using a stratified random sampling method (Han et al., 2019):
data from both locations and genotypes were split into 2/3 of the dataset for training and 1/3 for testing
based on data distribution. The variable importance was calculated by dropout loss of RMSE (i.e.
increase of prediction RMSE, Wozniak et al., 2021) using the DALEX package (Biecek, 2018). To
show the uncertainty of importance estimation, the variable importance was calculated for 10
permutations (Wozniak et al., 2021). The RF models’ performances were evaluated calculating the
root mean square error (RMSE, Equation 3.2) and the normalized root mean square error (NRMSE,

Equation 3.3) as follows:

n . — v.)2
RMSE = \/Zi:l(xl Yi) Equation 3.2
n
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\/Z?ﬂ(xriz_ yi)?

y

100 Equation 3.3

NRMSE (%) =

where n is the sample number, x; and y; are the estimated and measured value of each trait, and y is
the mean of the measured value. RMSE and NRMSE metrics were also used to compare the
performance of the yield prediction model using test datasets with the peak derived from complete

and partial time series of Vls.

3.3 Results
3.3.1 PROSAIL model for linking VIs from different multispectral sensors

The canopy reflectance simulated by PROSAIL for the two multispectral sensors were used to link,
via linear regression and on two locations, the vegetation indices (VIs). The outputs of the linear
regressions for each VI calculated from PROSAIL model between the two sensors (y - the MicaSense
VIs and x - the SlantRange VIs) are reported in Figure 3.3. EVI2, MSAVI and SAVI were the three
VIs with the slope values closest to 1 and intercept values closest to 0 (Figure 3.3). The slope values
of these VIs were 0.99 for EVI2, 0.99 for MSAVI and 0. 97 for SAVI, while the intercept was
respectively 0.016 for EVI2, 0.02 for MSAVI and 0.025 for SAVI. OSAVI had a similar relation
(slope: 0.91) but showed higher variability at VI values lower than 0.6. Dattl, NDRE and OSAVI2
had a relationship between the two sensors with a slope close to 1 but they showed a different intercept
with SlantRange sensor, underestimating the VI compared to MicaSense (Figure 3.3). A slope close
to 1 associated with a high variability for the whole range of VI values was observed for MTVI1
(slope: 1) and MTVI2 (0.97). GNDVI, GOSAVI, greenWDRVI and NDVI showed instead the
highest differences between the two sensors at the lowest values of VI. On the contrary,

rededgeWDRVI showed the highest differences at high VI values.
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Figure 3.3 Linear regression between VIs MicaSense and SlantRange derived from the PROSAIL model. The 1:1
relationship is represented by a dashed line.

3.3.2 Importance of variables in machine learning models
Importance of random forest (RF) models’ variables for crop trait estimations and for yield prediction

are shown in Figure 3.4. The analysis of variables' importance for the RF models was evaluated by
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drop-out loss of RMSE for each variable compared to the full model (Biecek, 2018; Wozniak ef al.,
2021). Phenological stage (“Stage”) was the most important variable for estimating plant height,
green leaf biomass and standing biomass (Figure 3.4). For the crop traits estimation, the two most
important VIs were NDVI and MTVI1 for light interception, rededgeWDRVI and NDVI for plant
height, and greenWDRVI and GNDVI for green leaf biomass and standing biomass. For yield
prediction, the most important VIs (with a median of RMSE loss greater than 0) of peak descriptor
were greenWDRVI, NDVI, WDRVI, GNDVI and MTVI2 (Figure 3.4).
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Figure 3.4 Importance of the RF models variables for crop trait estimations and for yield prediction, expressed as drop-
out loss of model performance (RMSE) for each variable related to the drop-out loss of the full model (dotted line). *The
RMSE values are in (%), (cm), (Mg DM ha™'), (Mg DM ha!) and (Mg DM ha™!) respectively for the light interception,
plant height, green leaf biomass, standing biomass and yield.
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3.3.3 Machine learning model for crop traits estimation

Crop traits distribution of contrasting Miscanthus hybrids measured at two locations is shown in
Figure 3.5. The frequency distribution of the traits (light interception, plant height, green leaf biomass
and standing biomass), which values were used for training and testing the models, showed that lower
values were recorded in TWS 1 than in PAC 1 (Figure 3.5). For light interception, the range was from
5.2 % t0 100 % in TWS 1 and PAC 1, and the mean was 58 % in TWS 1 and 81.5 % in PAC 1. The
mean of plant height was 211 cm in PAC 1 and 147 cm in TWS 1, with the range from 28 cm to 344
cm and from 22 cm to 280 cm in PAC 1 and TWS 1, respectively. The range and the mean of green
leaf biomass were from 0.14 Mg DM ha' to 14.5 Mg DM ha"' and 5 Mg DM ha™!' in PAC 1 and from
0.05 Mg DM ha! to 6.3 Mg DM ha and 1.5 Mg DM ha™' in TWS 1. For standing biomass, the range
was from 0.5 Mg DM ha! to 46.4 Mg DM ha™! in PAC 1 and from 0.5 Mg DM ha! to 21.1 Mg DM
ha'in TWS 1, and the mean was 8 Mg DM ha'in TWS 1 and 18.9 Mg DM ha™' in PAC 1.
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Figure 3.5 Frequency distribution of Miscanthus traits at the two locations PAC 1 and TWS 1: (a) light interception (%),
(b) plant height (cm), (c) green leaf biomass (Mg DM ha™!) and (d) standing biomass (Mg DM ha™).
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Overall, the RF model estimated phenotypic traits with good model performances (Figure 3.6 and
Figure 3.7). Among the crop traits, light interception was estimated with the greatest accuracy
(NRMSE of 10.9 %, Figure 3.6). High model accuracy was also achieved for the estimation of plant
height (21.8 NRMSE %), while the lowest model accuracies were observed for the green leaf biomass
and standing biomass (42.2 % and 45.3 % of NRMSE, respectively Figure 3.6). For these last
parameters, the RF model showed good accuracy from low to intermediate values, while above values
of 5 Mg DM ha™! of green leaf biomass and 20 Mg DM ha! of standing biomass the model
performances dropped. The NRMSE performance metrics for each location and hybrid are reported
in Figure 3.7. Generally, no relevant differences were observed between the two locations (Figure
3.7). In PAC 1, the GRC 3 hybrid showed the worst performance for green leaf biomass, for standing
biomass and for plant height, while in TWS 1, GRC 14 hybrid showed the worst performance for all

the crop traits considered, except for plant height.
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Figure 3.6 Estimated vs measured crop traits on the ground of four Miscanthus hybrids growth at the PAC 1 and TWS

1: (a) light interception (%), (b) plant height (cm), (c) green leaf biomass (Mg DM ha'!) and (d) standing biomass (Mg
DM ha).
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Figure 3.7 NRMSE values of the RF models obtained for each crop trait assessed in four hybrids grown at the two
locations PAC 1 and TWS 1.

3.3.4 Machine learning model for yield prediction

The frequency distribution of yield measured for the 14 Miscanthus hybrids in PAC 1 and TWS 1 is
shown in Figure 3.8. On average, the yield of Miscanthus was higher in PAC 1 than TWS 1. In PAC
1, the highest yield was recorded by M. sin x M. sac (mean of 18.3 Mg DM ha™'). M. sin x M. sin
productivity averaged 11.3 Mg DM ha™!, while M. giganteus was the less productive (mean of 9.6 Mg
DM ha'). In TWS 1, the highest yield was recorded by M. sin x M. sin (mean of 9.4 Mg DM ha'!).
M. sin x M. sac productivity averaged 8.2 Mg DM ha™! while M. giganteus was the less productive
(mean of 6.6 Mg DM ha™!). The RF model, trained and tested with the yield values reported in Figure
3.8, enabled a reliable estimation of Miscanthus yield for all hybrids using the peak derived from
complete time series of VIs (Figure 3.9). The RF model obtained a RMSE value of 2.3 Mg DM ha’!
and NRMSE value of 19.7 % (Figure 3.9a). In PAC 1, M. sin x M. sac showed the lowest NRMSE
value while M. sin x M. sin showed the highest NRMSE value. On the contrary, in TWS 1, M. sin x
M. sin showed the lowest NRMSE value while M. sin x M. sac showed the highest NRMSE value
(Figure 3.9b). The days of the year (DOY) of the peak of the VIs (greenWDRVI, NDVI, WDRVI,
GNDVI and MTVI2) are reported in Figure 3.10. On average, the VIs reached the peak earlier in
PAC 1 (172 DOY — June 20™) than in TWS 1 (DOY 232— August 19). In PAC 1, all hybrids reached
the peak at the same time while in TWS 1 all M. sin x M. sin hybrids were the earliest to reach the
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peak (228 DOY - August 15™), while M. sin x M. sac hybrids and M. x giganteus reached the peak

along a wide timespan ranging from end-September until mid-November (Figure 3.10).
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Figure 3.8 Frequency distribution of yield (Mg DM ha™") for the different Miscanthus hybrids at the two locations PAC
1 and TWS 1.
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Figure 3.9 (a) Predicted vs measured yield and (b) NRMSE of the RF model for yield prediction of the different
Miscanthus hybrids at two locations PAC 1 and TWS 1.
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Figure 3.10 Boxplot of the day of the year (DOY) of the peak derived from complete time series of the greenWDRVI,
NDVI, WDRVI, GNDVI and MTVI2, for the different Miscanthus hybrids at two locations PAC 1 and TWS 1.

3.3.5 Time series of VIs and yield prediction analysis

The complete time series of the 5 VIs selected (yield in Figure 3.4) for yield prediction are reported
in Figure 3.11a for PAC 1 and Figure 3.12a for TWS 1. In PAC 1, all VIs values recorded throughout
the growth of Miscanthus were the highest for M. sin x M. sac and the lowest for M. giganteus (Figure
3.11a), following the same order of the mean yield measured in the field (Figure 3.8). In TWS 1,
similar time series of all VIs were recorded for the M. sin x M. sac and M. giganteus (Figure 3.12a).
In particular, the peaks of the M. sin x M. sac and M. giganteus were reached later than M. sin x M.
sin as shown in Figure 3.10. The variation throughout the season of the peak derived by fitting the
VIs via generalized additive model (GAM) are displayed in Figure 3.11b for PAC 1 and Figure 3.12b
for TWS 1. In PAC 1, the differences between the value of the peak derived from the complete time
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series of VIs and the value of the peak derived from the partial time series of VIs is lowest after 302
modified days of the year (DOY) of the UAV flight (end-October). Before this date, the peaks
differences are lower for M. sin x M. sin than M. sin x M. sac and M. giganteus (Figure 3.11b). In
TWS 1, the difference between the value of the peak derived from the complete time series of VIs
and the value of the peak derived from the partial time series of VIs is lowest after 331 modified DOY
of the UAV flight (end-November). As for PAC 1, the peaks differences are lower for M. sin x M. sin
than M. giganteus and M. sin x M. sac (Figure 3.12b) in TWS 1 before 331 modified DOY. The
timeline of the performance of the RF model tested with the VIs peak from partial time series is
reported in Figure 3.13. In PAC 1, the NRMSE decreased until 302 modified DOY for M. giganteus
and M. sin x M. sac while for M. sin x M. sin, it remained stable for all UAV flights performed from
175 modified DOY and onward. In TWS 1, no relevant differences in NRMSE were observed
between the UAV flights performed from 266 modified DOY and onward.
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Figure 3.11 (a) Time series of the five VIs (GNDVI, greenWDRVI, MTVI2, NDVI, WDRVI) fitted via generalized
additive model (GAM) throughout the whole growing season of Miscanthus in PAC 1. Modified day of the year (DOY)
were calculated by adding 365 to the DOY of the corresponding year from January on. (b) Variation of the peak of the
Vls derived from complete time series of the VIs as compared to the peak of the VIs derived from partial time series of
the VIs. In the x-axis are reported the modified DOY of the UAV flights performed during the season in PAC 1. In the y-
axis are reported the peak differences between the peak derived to the end of the season in PAC 1 (397 modified DOY)
and the peak derived from partial time series fitted until the modified DOY of the UAV flight.
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Figure 3.12 (a) Time series of the five VIs (GNDVI, greenWDRVI, MTVI2, NDVI, WDRVI) fitted via generalized
additive model (GAM) throughout the whole growing season of Miscanthus in TWS 1. Modified day of the year (DOY)
were calculated by adding 365 to the DOY of the corresponding year from January on. (b) Variation of the peak of the
Vls derived from complete time series of the VIs as compared to the peak of the VIs derived from partial time series of
the VIs. In the x-axis are reported the modified DOY of the UAV flights performed during the season in TWS 1. In the
y-axis are reported the peak differences between the peak derived to the end of the season in TWS 1 (421 modified DOY)
and the peak derived from partial time series fitted until the modified DOY of the UAV flight.
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Figure 3.13 NRMSE values of the RF model for yield prediction, trained with the peak of the VIs derived from complete
time series and tested with the peak of the VIs derived from partial time series fitted until the modified DOY of the UAV
flight, at the two locations PAC 1 and TWS 1.

3.4 Discussion

The use of UAV-based remote sensing provides a great potential for high-throughput phenotyping
(HTP) at plot scale with applications in both breeding and in estimating the quality and quantity of
the biomass for optimising downstream management of biomass fluxes. In this study, vegetation
indices (VIs) and their peak were derived from unmanned aerial vehicles (UAVs) mounted
multispectral sensors, to estimate crop traits (light interception, plant height, green leaf biomass and
standing biomass) and to predict the final harvestable yield of novel Miscanthus hybrids and common

M. x giganteus grown at two sites (Italy and UK).

3.4.1 The importance of linking VIs for multi-sensor interoperability

Linking VIs of multi-sensor is relevant for remote sensing crop monitoring (Meroni et al., 2013),
particularly when the objective is to build models to estimate crop traits or to predict yield, and when
sensors with different spectral characteristics are used. Indeed, the models might not reach the same
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accuracy if the VIs are calculated with sensors with different spectral band characteristics. The
spectral signatures simulated from the PROSAIL model were used in this study to link VIs calculated
from two common multispectral cameras (MicaSense RedEdge-MX and SlantRange 4P). Ideally, the
VIs from any sensor can be then linked against the VIs of a selected reference sensor. This linking
approach is commonly adopted for VIs obtained from different satellites (van Leeuwen et al., 2006)
but to our knowledge, this is the first time that such an approach is applied to UAV multispectral
sensors. PROSAIL model was used to simulate the canopy reflectance based on the value of specific
Miscanthus traits, such as LAI, chlorophyll content, dry matter content, relative equivalent water
thickness, leaf inclination distribution and two site-specific info: solar zenith angle and relative
azimuth angle. This approach was applied to the values of 15 VIs. EVI2, MSAVI and SAVI were the
three VIs with the closest 1:1 relation, which indicates that these VIs have a very low sensitivity to
the spectral characteristics of the two sensors used in the present work. Similar results with no need
for correction for the same VIs were reported by Li et al. (2013) that compared ETM+ and OLI
satellite imageries. However, the other VIs evaluated in this study (Dattl, GNDVI, GOSAVI,
greenWDRVI, MTVI1, MTVI2, NDRE, NDVI, OSAVI, OSAVI2, rededgeWDRVI and WDRVI)
showed a higher sensitivity to sensor characteristics, underlining the importance of linking VIs for
multi-sensor interoperability. In particular, the VIs based on the green and red-edge bands showed a
higher variation than the VIs based on the red band at all ranges of values. These differences are
explained by the differences in the spectral characteristics of MicaSense and SlantRange in the green
and red-edge bands. In particular, the SlantRange sensor has a broader green FWHM (100 nm) and a
different central wavelength (710 nm) of the red edge compared to the MicaSense sensor (green
FWHM: 27 nm and red edge central wavelength: 717 nm). This difference was already reported to
cause considerable signal differences in other studies (Cui & Kerekes, 2018; Rengarajan & Schott,
2018).

This study highlighted the importance of linking outputs from different multispectral sensors to
increase interoperability in remote sensing. Kim et al. (2010) and Villaescusa-Nadal et al. (2019)
reported that the use of linear regression equations to link multi-sensor contributes to significantly
correct (up to 50%) the effects of different spectral characteristics on VIs. However, it would be
interesting to validate this procedure by flying simultaneously on the same field with two UAV
sensors, comparing the values of the VIs with and without the linking procedure, in order to evaluate
the improvement in terms of VIs compatibility and multi-sensor interoperability. In fact, even if the
spectral characteristics of the multispectral sensor are the factor that influences the most the
compatibility of the VIs of different sensors (Théau et al., 2010), other factors cause differences of
VIs such as the atmospheric conditions during acquisition (Psomiadis et al., 2017). In the UAV
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images acquisitions, the changing light and meteorological conditions during the flights can affect
the quality of the spectral data ( Guo et al., 2019). Therefore, this procedure is limited by other factors
that cannot be considered by applying a simulated regression coefficient. However, using equations
able to link VIs derived by multiple multispectral sensors can reduce differences in VIs improving

crop monitoring and modelling for estimation of crop traits and prediction of yield.

3.4.2 Estimating Miscanthus traits with machine learning

This study estimated Miscanthus traits using the random forest (RF) machine learning algorithm. The
RF model was trained with the data collected on three novel seed-based Miscanthus hybrids and the
common rhizome-based genotype M. x giganteus, at two contrasting locations (North-West Italy and
Mid-West Wales). The RF algorithm, using 15 common VIs, successfully estimated crop traits,
solving the non-linear responses between VIs and crop traits observed by Li et al. (2020) for other
perennial crops. The estimation of the crop traits from time series of VIs acquired by UAV-based
remote sensing can generate more data useful to calibrate existing Miscanthus crop models and re-
fine these models for novel Miscanthus hybrids in contrasting environments. The crop trait estimated
with the greatest accuracy was light interception that showed a RMSE of 8.4 %, the accuracy being
especially good at high values of light interception (Figure 3.6). This result is in agreement with
Guillen-Climent et al. (2014) who found that the fraction of intercepted photosynthetically active
radiation (fIPAR) was successfully estimated by a ML algorithm. Upreti ef al. (2019) found similar
values of NRMSE (12.06 %) using the RF tree bagger approach for estimating the fraction of
absorbed photosynthetically active radiation (fAPAR) of durum wheat. Good model accuracy was
also achieved for plant height estimation (RMSE = 42 cm and NRMSE = 21.8 %, Figure 3.6). A
similar RMSE value (41 cm) was found by Han et al. (2019) for plant height estimation of maize
using the crop surface model, and by Tao et al. (2020) (NRMSE = 21.2 %) in the estimation of plant
height of winter wheat using UAV hyperspectral images. The worst model accuracy was found for
the green leaf biomass and standing biomass with 1.3 Mg DM ha™! and 5.8 Mg DM ha™! of RMSE,
respectively (Figure 3.6). However, for these parameters, the model showed good accuracy from low
to intermediate values, while above values of 5 Mg DM ha™! of green leaf biomass and 20 Mg DM
ha'! of standing biomass the model performed dropped. The model could be affected by errors in the
estimation in these intervals due to fewer data used to train the model (Shah et al., 2019), in fact, most
of them were collected in PAC 1 (Figure 3.5). The different levels of accuracy of the models in
estimating light interception and plant height compared to green leaf biomass and standing biomass
could be also related to the period in which measurements were taken and to the response of VIs

during senescence. Field measurements of light interception and plant height were carried out in each
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environment from emergence until they peaked, which explains their good model accuracy.
Estimation of crop traits with data coming from single UAV flights across the growing seasons is
particularly affected after biomass reaches its maximum value in autumn. After biomass peak, with
the start of the senescence period, the values of VIs start to decrease (Tillack ef al., 2014) while, as
shown by Awty-Carroll et al. (2022) and Magenau et al. (2022), Miscanthus green leaf biomass and
standing biomass values remained stable or slightly decreased during this period. The difference of
rate of decrease between VIs and crop traits during senescence is a key aspect to consider in remote
sensing estimation of crop traits. The importance of the senescence stage in the crop traits estimation
is confirmed by the results on the variables’ importance (Figure 3.4). Indeed, the phenological
variable “Stage” was the most important variable in the estimation of plant height, green leaf biomass
and standing biomass.

The plant height of the GRC 3 (a M. sin x M. sin planted at high density) were poorly estimated, and
this could be due to its canopy architecture and flowering time (Awty-Carroll ef al., 2022). M. sin x
M. sin hybrid has many distinguishable stems flowering (where plant height is measured) but leaves
are particularly curved and attached along the stem at a lower height than M. sin x M. sac. In addition,
this genotype was transplanted at higher densities (3 plants m) and flowered earlier (end of August)
compared to other genotypes that flowered in early autumn (Magenau et al., 2022). This more
“prostrate” canopy architecture (with a higher stem segment between inflorescences and bent leaves)
introduced noise in the plant height estimation from UAVs (Volpato et al., 2021) since most of the
reflectance comes from bent leaf mass. This noise caused by changes in plant architecture and the
onset of flower can be seen in the NRMSE values of the RF models at the PAC 1 site (Figure 3.7). In
fact, the earlier a genotype with prostrate architecture flowers, the worse is the estimation of plant

height and biomass from UAV.

3.4.3 Yield prediction using machine learning and peak of VIs

The random forest (RF) trained with the peak derived from complete time series of five VIs acquired
by UAVs was able to predict the yield of the 14 Miscanthus hybrids. The RF model accurately
predicted the yield with 2.3 Mg DM ha'! of RMSE and 19.7 % NRMSE (Figure 3.9a). The peak of
the five VIs used for yield prediction were selected by dropout loss of RMSE and the most important
ones were the peak of the greenWDRVI, NDVI, WDRVI, GNDVI and MTVI2 (Figure 3.4). The peak
for Miscanthus hybrids occurs on average in mid-summer and early autumn in southern/warm (Italy)
and northern/cold (UK) locations, respectively. The importance of the peak as land surface phenology
(LSP) descriptors for yield prediction was already reported by Prasad et al. (2021), who found that

peak had the highest correlation with cotton yield prediction compared to other LSP descriptors.
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Similar results were reported by Montazeaud et al. (2016) who found a high correlation between the
peak of NDVI and the yield, and by Liu et al. (2019), who found that the EVI2 peak was a good
predictor of grain yield. Among the VIs used in the RF model, the peak of the VIs based on the green
band as GNDVI and greenWDRVI (Figure 3.4) were the most important variables for predicting not
only Miscanthus yield at harvest but also to estimate standing biomass and green leaf biomass during
the growing season (Figure 3.4). Similar results for the GNDVI were found in switchgrass and other
warm-season perennial grasses (Hamada et al., 2021). In order to assess the capability of the model
to predict the yield months before harvest, in this study, a timeline of the performance of the RF
model was calculated using the peak derived from partial time series of VIs. Given the good accuracy
achieved by the RF model (Figure 3.13), the results showed that yield can be predicted some months
before harvest as already reported for switchgrass (Hamada et al., 2021), both in Italy and in the UK,
using multispectral images acquired from multiple UAV flights. . In the UK, the RF model accurately
predicted the yield five months before harvest for all Miscanthus hybrids. In Italy, the yield of the M.
sin x M. sin hybrids can be predicted with good accuracy seven months before harvest while M.
giganteus and M. sin x M. sac hybrids required more time, as a good accuracy was obtained 3-4
months before harvest, implying to perform UAV multispectral image acquisition of Miscanthus up
to end-October. This model operability, intended as a capability of the model to accurately predict
the yield some months before the harvest, is extremely relevant for improving the logistics of biomass
supply chain of Miscanthus and for supporting the improvement of crop modelling with remote

sensing data.

3.5 Conclusion

This study demonstrated that vegetation indices (VIs) derived from unmanned aerial vehicle (UAV)
multispectral images acquired in Italy and UK can be successfully used in random forest (RF)
machine learning (ML) algorithm to estimate the light interception, plant height, green leaf biomass
and standing biomass, and to predict the yield of novel Miscanthus hybrids using the peak derived
from VIs time series. This study evaluated the timeline of the performance of the model using peak
derived from partial VIs time series and the RF model showed a good capability to predict the yield
months before the harvest both in Italy and in the UK. High-throughput phenotyping and yield
prediction based on ML algorithms and on UAV remote sensing can improve the logistics of biomass
supply chain, for supporting breeding programs, and for improving crop modelling of novel
Miscanthus hybrids. UAV platforms are suitable tools for HTP applications, as they enable the
monitoring of small plots or field scale trials with numerous genotypes, due to their ability to capture

high-resolution images. However, the satellite platforms are more suited for yield prediction, as they
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can collect data of many fields simultaneously and can develop applications to predict commercial
yield at regional and national scales. In addition, this study reported for the first time a methodology
to overcome the issue of multi-sensor interoperability among UAV multispectral sensors. The use of
linking equations derived from the PROSAIL model proved to be a powerful tool to link VIs from
multi-sensor with different spectral characteristics. Although this procedure is relevant for the upscale
of models from experimental plots to field by linking the UAV with satellites sensor characteristics,
it is limited because it only considers the spectral sensor characteristics and no other factors such as
light and meteorological conditions during the flights, which may affect the quality of the spectral

data, and which cannot be considered by applying a simulated regression coefficient.
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Moisture content estimation and senescence phenotyping of novel
Miscanthus hybrids combining UAV based remote sensing and machine
learning

Abstract

Miscanthus is a leading perennial biomass crop that can produce high yields on marginal lands.
Moisture content is a highly relevant biomass quality trait with multiple impacts on efficiencies of
harvest, transport and storage. The dynamics of moisture content during senescence and overwinter
ripening are determined by genotype x environment interactions. In this chapter, unmanned aerial
vehicle (UAV) based remote sensing was used for high-throughput phenotyping (HTP) of the
moisture content dynamics during autumn and winter senescence of 14 contrasting hybrid types
(progeny of M. sinensis x M. sinensis (M. sin x M. sin, 8 types) and M. sinensis x M. sacchariflorus
(M. sin x M. sac, 6 types)). The time series of moisture content was estimated using machine learning
(ML) models and a range of vegetation indices (VIs) derived from UAV based remote sensing. The
most important VIs for moisture content estimation were selected by the recursive feature elimination
(RFE) algorithm and were BNDVI, GDVI and PSRI. The ML model transferability was high only
when the moisture content was above 30%. The best ML model accuracy was achieved by combining
VIs and categorical variables (5.6% of RMSE). This model was used for phenotyping senescence
dynamics and identifying the stay-green (SQG) trait of Miscanthus hybrids using the generalized
additive model (GAM). Combining ML and GAM modelling, applied to time series of moisture
content values estimated from VIs derived from multiple UAV flights, proved to be a powerful tool

for HTP.

Keywords: Miscanthus, moisture content, remote sensing, UAV, multispectral, machine learning,

transferability, senescence, GAM, high-throughput phenotyping.
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Chapter 4

4.1 Introduction

Miscanthus is a promising perennial crop that can achieve high biomass production on marginal lands
(Amaducci et al., 2017; Pancaldi & Trindade, 2020; Shepherd et al., 2020; van der Cruijsen et al.,
2021). Due to its perennial nature, Miscanthus has a limited input requirement and is cultivated under
no tillage regime leading to multiple ecosystem services provision (Agostini ef al., 2021; Ferrarini et
al., 2021; Ferrarini et al., 2017; Martani et al., 2021). Most of the research on Miscanthus has been
conducted on Miscanthus x giganteus (Heaton et al., 2010), which is a naturally occurring sterile
triploid hybrid of Miscanthus sacchariflorus (M. sac) and Miscanthus sinensis (M. sin) (Hodkinson
et al., 2002). Novel Miscanthus hybrids (Clifton-Brown, Harfouche, et al., 2019; Clifton-Brown,
Schwarz, et al., 2019; Hastings et al., 2017) have been recently obtained from several breeding
programs (Clifton-Brown, Schwarz, ef al., 2019). In Europe, rhizome- and seed-based Miscanthus
hybrids are available at a technology readiness levels that can enable the plantation of thousands of
hectares per year (Clifton-Brown, Harfouche, et al., 2019). These novel Miscanthus hybrids are being
tested in multiple environments within the EU-BBI project GRACE.

Plant senescence is a key trait for perennial plants as it limits biomass yield, modifies moisture content
and affects nutrient translocation (Boersma et al., 2015; Jensen et al., 2017; Malinowska et al., 2017,
Sarath et al., 2014; Yang & Udvardi, 2018). Moisture content at harvest is the most important biomass
quality trait (Robson et al., 2013; Styks et al., 2020). Monitoring the dynamics of crop senescence,
and moisture content can support the choice of the optimal harvest time that can improve biomass
quality and logistics biomass supply chain. Lewandowski ef al. (2016) found that moisture content
of different genotypes can vary due to morphological differences and senescence patterns but it is
primarily determined by harvest date. Several studies have shown that late senescence (stay green -
SG) maximises biomass yield (Clifton-Brown ef al., 2001), while early senescence increases biomass
quality (Clifton-Brown & Lewandowski, 2002). SG is determined by a complex physiological control
(e.g. chlorophyll efficiency, nitrogen contents, nutrient remobilization and source-sink balance)
(Munaiz et al., 2020; Thomas & Howarth, 2000) and traditional phenotyping methods for evaluating
SG and delayed senescence are time-consuming (Furbank & Tester, 2011). Non-destructive methods
are based on greenness visual score (Bogard et al., 2011) and SPAD measurements (Lopes &
Reynolds, 2012; Xie et al., 2016), for the estimation of the green leaf area and relative chlorophyll
content respectively. These methods can be used to monitor field trials but are not effective in
monitoring senescence dynamics at commercial scale. New sensing technologies have contributed to
a substantial improvement in the monitoring of SG in different crops (Cerrudo et al., 2017; Kipp et
al., 2014; Liedtke et al., 2020; Lopes & Reynolds, 2012). High-throughput phenotyping (HTP) with

remote sensing is a rapid and non-destructive technology that can be used to monitor senescence of
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numerous genotypes, thus supporting breeding programs (Anderegg et al., 2020; Hassan et al., 2018).
Remote sensing technologies use different types of sensors, such as Red-Green-Blue (RGB),
multispectral, hyperspectral, and thermal sensors, installed on satellites and on unmanned aerial
vehicles (UAVs) (Xie & Yang, 2020). Spectral data can be used to calculate vegetation indices (VIs),
which can be used to estimate crop traits related to SG trait: Normalized Difference Vegetation Index
(NDVI) for green biomass (Cabrera-Bosquet et al., 2011), Enhanced Vegetation Index (EVI) for leaf
area index (LAI) (Alexandridis et al., 2020) and Modified Chlorophyll Absorption in Reflectance
Index (MCARI) for chlorophyll content (Haboudane et al., 2002). Other VIs, such as the Plant
Senescence Reflectance Index (PSRI) (Merzlyak ef al., 1999) or the Structure Insensitive Pigment
Index (SIPI) (Pefiuelas et al., 1995), which are based on the chlorophyll/carotenoid ratio as the
decomposition rates of these pigments is affected during senescence, were specifically developed to
study crop senescence. The normalized difference water index (NDWI) (Gao, 1996), calculated using
near-infrared (NIR) and shortwave-infrared (SWIR) spectral bands, has been proposed as a powerful
direct water-sensitive VI, which can be used for the remote sensing of canopy water content (CWC)
(Jackson et al., 2004). However, NDWI is rarely calculated by UAV because it requires costly sensors
that are equipped with the SWIR band. (Zhang & Zhou, 2019) compared direct against indirect (which
does not include the SWIR band) water-sensitive VIs, such as NDVI, NDRE, Clgreen and Clred-
edge and found that these VIs were strongly correlated with the CWC as the direct Vls.

Field trials carried out with small plots cannot be monitored using satellite data, for this HTP using
UAV-based multispectral images is best used in breeding programs where numerous genotypes are
compared (Gracia-Romero et al., 2019; Ostos-Garrido et al., 2019; Su et al., 2019; Varela et al.,
2021; Yang et al., 2017; Zhou et al., 2019). UAV-based multispectral images were used in many
studies to compare genotypes on the basis of VIs linked to LAI (Potgieter et al., 2017), green LAI
(Blancon et al., 2019), canopy cover (Makanza et al., 2018), crop biomass and yield (Johansen et al.,
2020; Wang et al., 2019), and senescence dynamics (Hassan et al., 2018). However, many VIs show
non-linear relationships with their associated crop traits (Verrelst, Camps-Valls, et al., 2015).
Machine learning (ML) regression algorithms have increasingly been used in HTP to recognize non-
linear and non-parametric relationships. ML is used to combine multiple VIs for estimating crop traits
from a sequence of UAV remote sensing acquisitions. ML models use two main data sets: a training
set on which the best model is trained to fit the measured parameters and a test set used to assess the
performance of model (Kuhn & Johnson, 2013). In addition to the VIs data, with ML methods
numerous types of data, such as categorical variables (e.g. genotype, crop type, locations, agronomic
treatments) (Im et al., 2009; Meroni, Waldner, et al., 2021; Wolanin et al., 2020), can be used in the

analysis (Verrelst ef al., 2019). A ML method commonly used in many remote sensing analyses is
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random forest (RF) (Belgiu & Dragut, 2016; Holloway & Mengersen, 2018), which can estimate crop
biomass (Han et al., 2019) and yield (Johansen et al., 2020) from UAV multispectral images. A main
limit of the RF model is its transferability to environments, cropping systems or growing seasons
different from those used for training the model (Vuolo ef al., 2013). Another limitation is in the
training set size (Millard & Richardson, 2015) and the unreliability of predictions made beyond the
range of values of the parameters present in the training set (Shah et al., 2019). In addition,
Schauberger et al. (2020) reported that 52% of the studies on ML do not validate the models'
performance with independent test sets. Overall, the quality of training data for developing robust
ML models is the key for successfully transferring the trained model and its knowledge to other target
domains/tasks. For these reasons, new studies are needed to assess the transferability of ML models
for UAV applications in agricultural sciences (Johansen et al., 2020).

However, to date, only time series VIs data from UAV, and not the estimated crop traits of ML
models, are used for HTP. A set of known models are normally fitted to VIs time series to characterize
plant growth/status associated to different phenological phases. Specifically for the senescence,
logistic functions (Christopher ef al., 2014) and the Gompertz model (Anderegg et al., 2020) are the
two most used models. Another potential approach to fit VIs data is the generalized additive model
(GAM) (Nol¢ et al., 2018). Antonucci et al. (2021) for example successfully used GAM approach for
HTP of whole-canopy photosynthesis and transpiration. Although remote sensing applications that
support these approaches exist and have been already tested successfully for field crops (Alam et al.,
2012; Kavats et al., 2019; Yang, 2011; Zhang et al., 2021), no remote sensing application for
estimating moisture content of Miscanthus are reported in scientific literature.

As a first-time testbed for phenotyping Miscanthus with UAV remote sensing, two locations, where
14 contrasting Miscanthus hybrids were compared in a completely randomized block design, were
monitored regularly with moisture content measurements and UAV flights and senescence dynamics
were assessed during two growing seasons. The objectives of this study were: 1) to evaluate the
performances and transferability of RF models in estimating the moisture content of Miscanthus
biomass and 2) to phenotype the dynamics of senescence and identify SG trait of contrasting

Miscanthus hybrids using GAM applied to moisture content time series.

4.2 Materials and methods

4.2.1 Experimental design

This study is part of the EU-BBI funded project GRACE (GRowing Advanced industrial Crops on
marginal lands for biorEfineries) that aims to prove the feasibility of large-scale Miscanthus
cultivation on marginal land. Two of the seven plot scale (PS) trials conducted within GRACE project

have been selected for this study. The two sites were located in the province of Piacenza (NW Italy):
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PAC 1 located in San Bonico (45°00'11.70" N, 9°42'35.39" E) and PAC 2 located in Chiulano
(44°50'40.32" N, 9°35'04.93" E) (Figure 4.1). Former land use was arable land with cereal crops
rotation and permanent meadow respectively, in PAC 1 and PAC 2. The climate in both locations is
temperate. The sites differ for soil type and elevation (Figure 4.1). Meteorological data were collected
from automatic weather stations located at each experimental site (Table 4.1). Experimental layout
was a complete randomized block design with 14 Miscanthus hybrids (Table 4.2) with n=4 replicates
for a total of n= 56 plots. Plot size was 6 m x 7 m. The 14 hybrids, coded from GRC 1 to GRC 15
(except GRC 12) were grouped into three main genotypes: M. x giganteus as control genotype,
interspecific (M. sin x M. sac) and intraspecific (M. sin x M. sin) hybrids genotypes. Both PS trials
were established in April 2018 after winter ploughing and spring seed bed preparation (power
harrowing). Plugs and rhizomes were manually transplanted while mechanical weeding during the
first years was performed three times. Neither irrigation nor fertilisation were applied. Measurements

of this study were carried in the 2" and 3" growing season during senescence.
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Figure 4.1 Locations, experimental field design, main soil properties and drone picture of Miscanthus trials.

74



Chapter 4

Table 4.1 Mean monthly temperature, humidity, and rainfall in the two locations considered during the two seasons.

Location Season Month Temperature Humidity Rainfall
Mean (°C) Max(°C) Min(°C) Mean (%) Max (%) Min (%) (mm)
September 19.8 20.2 19.3 76.4 78.5 74.2 79.2
October 15.5 15.8 152 90.1 91.3 88.8 120.6
November 8.7 8.9 8.5 97.4 97.9 96.9 231.0
201 December 49 52 4.6 91.6 92.6 90.6 73.4
January 29 32 2.5 94.1 95.1 93.1 17.8
- February 6.7 72 6.2 75.3 772 73.3 1.2
E September 20.5 21.0 19.9 73.6 76.1 71.1 18.6
October 13.1 13.5 12.8 87.4 89.0 85.7 103.8
November 8.2 8.5 7.9 95.4 96.2 94.6 24.4
2020 December 33 3.5 3.1 99.1 99.3 98.9 216.8
January 1.5 1.8 1.2 92.5 93.5 91.5 10.4
February 4.6 4.9 43 96.7 913 95.9 0.0
September 18.0 18.4 17.7 75.8 71.6 74.0 65.8
October 14.2 14.5 14.0 85.2 86.7 83.7 120.0
November 7.7 8.0 7.5 91.0 92.1 89.7 295.6
201 December 53 5.5 5.0 80.3 81.6 78.9 83.0
January 5.1 5.4 4.8 77.6 79.7 75.5 34.0
« February 8.3 8.7 7.9 58.2 60.4 56.3 0.6
E September 16.9 17.2 16.5 72.1 73.9 70.1 19.6
October 11.7 12.0 11.4 82.9 84.7 81.2 102.6
November 8.3 8.5 8.1 87.5 88.6 86.3 21.4
2020 December 2.9 3.2 2.7 95.7 96.4 94.9 146.2
January 2.0 23 1.7 80.3 81.9 78.7 94.8
February 3.9 4.1 3.7 87.3 88.4 86.2 22.0

Table 4.2 Characteristics of the 14 Miscanthus hybrids considered in this study.

Material Hybrid code Genotype Planting density
Seed-based plugs GRC 1-8 M.sinensis x M. sinensis 3 plants/m?
Rhizomes * GRC9 M. x giganteus 1.5 plants/m?
Seed-based plugs GRC10-14 M.sinensis x M. sacchariflorus 1.5 plants/m?

(except GRC 12)

Rhizomes * GRC 15

M.sinensis x M. sacchariflorus

1.5 plants/m?

* Hybrids commercially available

4.2.2 Crop measurements

Senescence was tracked visually following the scoring method proposed by Robson et al. (2013),

which is based on a scale from 1 to 9, where 1 indicates the lowest level of “greenness” of the whole

visible aerial parts of the plant and 9 is the score attributed when no visible leaf senescence occurs.

Scores were acquired from August to February (until harvest) for a total of 10 events in PAC 1 and 9

in PAC 2. Beside scoring senescence, at each measurement event whole stems samples randomly

selected for each plot (20 for M. sin x M. sin and 10 for M. sin x M. sac hybrids respectively) were
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sampled to calculate plant moisture content. Samples were weighed immediately after harvest and
again after having been oven dried at 105°C and then percentage of moisture content was calculated

(Samuelsson ef al., 2006).

4.2.3 UAV multispectral data and vegetation indices

The unmanned aerial vehicle (UAV) used in the experiment was a four-rotator DJI Matrice 210 RTK
(SZ DIJI Technology Co., Shenzhen, Guangzhou, China) combined with a RTK (Real Time
Kinematic) GPS positioning system. At each visual scoring event a UAV multispectral data
acquisition was performed, in addition 10 supplementary flight missions were carried out on PAC 1
and 5 on PAC 2 to increase the frequency of senescence tracking. Ten flights were performed over
PAC 1 in both seasons, while in PAC 2, 6 and 8 flights were realized in the first and second seasons,
respectively (Table 4.3). The UAV was equipped with a MicaSense RedEdge-Mx multispectral
camera (MicaSense, Seattle, WA, USA). RedEdge-Mx camera can acquire 5 different spectral bands
images: blue (475 nm centre, 32 nm FWHM), green (560 nm centre, 27 nm FWHM), red (668 nm
centre, 14 nm FWHM), red edge (717 nm centre, 12 nm FWHM) and near-infrared (840 nm centre,
57 nm FWHM).

Table 4.3 Unmanned Aerial Vehicle (UAV) flights performed in the two locations along two senescence seasons.

Location Season UAV flights days
2019 05/08/2019, 10/09/2019, 27/09/2019, 11/10/2019, 26/10/2019,
— 09/11/2019, 20/11/2019, 03/12/2019, 10/01/2020, 21/02/2020
0
<
A 2020 01/09/2020, 17/09/2020, 28/09/2020, 10/10/2020, 28/10/2020,
06/11/2020, 19/11/2020, 15/12/2020, 26/01/2021, 01/02/2021
2019 12/09/2019, 12/10/2019, 09/11/2019, 10/12/2019, 10/01/2020,
(\l 14/02/2020
2
A 2020 16/09/2020, 29/09/2020, 10/10/2020, 28/10/2020, 06/11/2020,

23/11/2020, 13/12/2020, 19/02/2021

All flights were performed between 11.00 and 15.00. The flight altitude above ground level (AGL)
was 40-50 m in PAC 1 and 80-100 m in PAC 2. The forward overlap was set at 80% and lateral
overlap was set at 75% of the images. The flight speed was set at 3 m s™!. The ground sampling
distance (GSD) was 2.78-3.47 cm and 5.56-6.94 cm in PAC 1 and PAC 2 respectively. The flight was
performed in automatic mode with waypoints routes as the presence of a GPS navigation system
enables a more accurate image acquisition. The DJI Pilot software (SZ DIJI Technology Co.,

Shenzhen, Guangzhou, China) was used for flight planning and automatic mission control. For the
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radiometric calibration of the images, the reflectance of a spectral panel (MicaSense, Seattle, WA,

USA) with reflectance values provided by MicaSense, was captured before each flight. In addition, a

light sensor that automatically adjusts the readings to ambient light was mounted at the top of the

UAYV to minimize error during image capture. The radiometric calibration, image mosaicking and

orthomosaic generation were done using the Pix4D mapper (Pix4D, S.A., Lausanne, Switzerland).

The orthomosaic in reflectance values generated from the software was used for the calculation of 54

vegetation indices (VIs) as shown in Table 4.4.

Table 4.4 List of the vegetation indices evaluated in random forest models for the estimation of Miscanthus moisture

content.
VIs Equation Reference VIs Equation Reference
3k ¥ - - * -
BNDVI (NIR-Blue)/(NTR+Blue) Wang et al., 2007 MTVII 1.2x(1.2 (ngrferne;“) 2.5%(Red Haboudane ef al., 2004
1.5%((1.2*(NIR-Green)-2.5*(Red-
Chlrededge RedEdge/Red - 1 Gitelson et al., 2006 MTVI2 Green))/(sqrt((2*NIR+1)"2-(6*NIR- Haboudane et al., 2004
5*sqrt(Red)-0.5))))
. Gitelson & Merzlyak,
Clgreen NIR/Green-1 Gitelson et al., 2003 NDRE (NIR-RedEdge)/(NIR+RedEdge) 1994
Clre NIR/RedEdge-1 Gitelson et al., 2003 NDVI (NIR-Red)/(NIR+Red) Rouse et al., 1973
Dattl (NIR-RedEdge)/(NIR+Red) Datt, 1999 NGBDI (Green-Red)/(Green+Blue) Wang et al., 2007
Datt2 NIR/RedEdge Datt, 1999 NGRDI (Green-Red)/(Green+Red) Tucker, 1979
Richardson &
DVI NIR - Red Wicgand, 1977 NLI (NIR"2-Red)/(NIR"2+Red) Chen, 1996
* - * _
EVI 2T l;es‘})];(l{g;““é IR Huete et al., 2002 OSAVI (140.16)*(NIR-Red)/(NIR+Red+0.16)  Rondeaux ef al., 1996
. (1+0.16)*(NIR-
* -
EVI2 2.4*((NIR-Red)/(1+NIR+Red)) Miura et al., 2008 OSAVI2 RedEdge)/(NIR+RedEdge+0.16) Wu et al., 2008
. (NIR-Blue+Green+Red)/
* _ *
EVI3 2.5*((NIR-Red)/(NIR+2.4*¥Red+1)) Jiang et al., 2008 PNDVI (NIR+Blue+Green+Red) Wang et al., 2007
(NIR-~(Green-(Blue-Red)))/(NIR- .
GARI (Green+(Blue-Red))) Gitelson et al., 1996 PSRI (Red-Blue)/RedEdge Merzlyak et al., 1999
GBNDVI (NIR-Green+Blue)/(NIR+Green+Blue) Wang et al., 2007 RBNDVI (NIR-Red+Blue)/(NIR+Red+Blue) Wang et al., 2007
GDVI NIR-Green Tucker, 1979 RDVI (NIR-Red)/((NIR+Red)"0.5) Broge & Leblanc, 2001
(0.1*NIR-
GI Green/Red Smith ez al., 1995 rededgeWDRVI RedEdge)/(0.1*NIR+RedEdge)+(1- Gitelson, 2004
0.1)/(1+0.1)
(2*Green -Red - . . )
GLI Blue)/(2*Green+Red-Blue) Widlowski et al., 2000 RI (Red-Green)/(Red+Green) Escadafal & Huete, 1991
GNDVI (NIR-Green)/(NIR+Green) Gitelson et al., 2006 SAVI ((NIR-Red)/(NIR+Red+0.5))*(1+0.5) Huete, 1988
GOSAVI (NIR-Green)/(NIR+Green-+0.16) Sripada et al., 2006 SIPI (NIR - Blue) / (NIR - Red) Peiiuelas ef al., 1995
5 X * -
groonwprv  (O-1*NIR Greg"l);ffilol‘g”@r”“)*(1 Gitelson, 2004 SR NIR/Red Birth & McVey, 1968
1.2*(RedEdge-Green)-1.5*(Red-
GRNDVI (NIR-Green+Red)/(NIR(Green+Red) Wang et al., 2007 TCI Green)*sqri(RedEdge/Red) Hunt et al., 2011
GRVI NIR/Green Tucker, 1979 TNDVI sqrt(0.5 + (NIR-Red)/(NIR+Red)) Bannari et al., 2002
((NIR/(NIR+Red))/2)*((NIR- . N .
IPVI Red)/(NIR +Red)+1) Crippen, 1990 TRBI (Green+Red)/NIR Vincini & Frazzi, 2011
((RedEdge-Red)-0.2*(RedEdge- .
MCARI Green))*(RedEdge/Red) Daughtry et al., 2000 VARIgreen (Green-Red)/(Green+Red-Blue) Gitelson et al., 2002
MCARIMTVI2 MCARIMTVI2 Eitel et al., 2007 VARIrededge (RedEdge-Red)/(RedEdge+Red) Gitelson et al., 2002
* _ * _
MCARI/OSAVI MCARI/OSAVI W et al., 2008 WDRVI (REEIE Rgdl);f?l‘}rol‘?)‘m{edwl Gitelson, 2004
5 _ * _
MCARI/OSAVI2 MCARI/OSAVI2 Wu et al., 2008 WDRVI2 (0.2*NIR: Rgdz);f(oliol‘;m‘{ed)*(l
((NIR-RedEdge)-0.2*(NIR- TR .
MCARI2 Green))*(NIR/RedEdge) Wu et al., 2008 WDRVI3 (0.1*NIR-Red)/(0.1*NIR+Red)
* . * **)_
MSAVI ((@*NIR+1-5qrt((2*NIR + 1)**2 Qi et al., 1994 WDRVI4 (((0.1*NIR-Red)/(0.1 *NIR+Red))+1)/2

(8*(NIR-Red))))/2)
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To extract the spectral information of each experimental plot, the polygons of the experimental design
were drafted in AutoCAD (Autodesk, San Rafael, California, USA) and georeferenced based on the
UAYV multispectral images by using QGIS software (QGIS Development Team, 2021).

4.2.4 Machine learning model for moisture content estimation

A recursive feature elimination (RFE) algorithm (Feng et al., 2020; Yue et al., 2018) was initially
applied to solve the multi-collinearity problem among VIs by selecting the most important VIs for
moisture content estimation. Inputs for the RFE algorithm were the predictors variables (the 54 VIs
calculated from UAV multispectral images) and the corresponding target values (the measured plant
moisture content). In the RFE algorithm, the random forest (RF) model was used to minimize the root
mean square error (RMSE). The RFE results were combined with the pickSizeTolerance function to
select a model containing fewer predictors variables within the bounds of a user-defined threshold
metric (Parmley et al., 2019). RMSE metric and the 0%, 1% and 5% tolerance thresholds were utilized
to identify models with acceptable performance but with fewer predictors variables.

On the selected VIs, RF was then used to estimate the moisture content of Miscanthus hybrids. RF
model is an ensemble learning model where the output averages the result of multiple regressions
trees (Kamir et al., 2020). The RF models were created using the caret R package (Kuhn, 2008). Two
steps in RF modelling were adopted: firstly, RF was trained and tested on the VIs selected from RFE
algorithm at the tolerance threshold of 1%; secondly, the three categorical crop variables (material,
hybrid code, and genotype, Table 4.2) and their combinations were added in RF modelling to check
for improvement in model’s performance.

For the RF modelling, the optimal size of the variable subset (mtry) was obtained by grid-searching
method using repeated k-fold cross-validation. The repeated k-fold cross-validation consist of
dividing the data into k independent folds of the same size, training the algorithm on (£-1) folds and
testing its accuracy on the remaining fold based on the error between predicted and target values
several times (Kamir ef al., 2020). In our study we used a ten-fold cross validation, which was
repeated 5 times. This procedure was used to estimate the moisture content and to evaluate the
transferability of the models tested on 5 subset test datasets: 4 specific season- and location-datasets
(two locations x two growing seasons) and one reference dataset, as a comparison. The reference
dataset was created by using a stratified random sampling method (Han et al., 2019): data from both
locations and seasons were split into 70/30 between training and testing based on moisture content
distribution. To include the categorical variables into the models (second step), a one-hot-encoded
approach was used to encode categorical variables into numbers, assigning the value 1 when the

condition is satisfied and 0 when it is not satisfied.
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RF models’ performances were evaluated calculating the root mean square error (RMSE, Equation

4.1) and the normalized root mean square error (NRMSE, Equation 4.2) as follows:

N (. — v.)2
RMSE :j i=1 (i = i) Equation 4.1
n

\/Z?zl(xril_ yi)?

Equation 4.2

NRMSE (%) = 100

where n is the sample number, x; and y; are the estimated and measured moisture content, and y is
the mean of the measured value. The performance metrics were also calculated for different intervals
of moisture content and each Miscanthus hybrid. The moisture content intervals investigated were
lower than 30%, between 30% and 60%, higher than 60%, and finally between 10% and 80%. The
set size used for each training dataset was reported to compare the metrics of the models. For each
model, the RMSE and NRMSE were calculated for each genotype and for the different moisture

content intervals to evaluate the models.

4.2.5 GAM for phenotyping Miscanthus senescence dynamics

The moisture content during senescence was estimated from spectral data acquired by UAV using the
validated RF model: this approach was selected to add supplementary flights to the dataset without
field measurements. The validated RF model included as predictors variables the VIs and the three
categorical variables. The time series moisture content dataset estimated from RF was fitted against
the modified days of the year (DOY). Early and late senescence in Miscanthus occur normally in two
different years. To overcome the problem of having non-sequential DOY data along the senescence
season, moisture content data of January and February were calculated by adding 365 to the DOY of
the corresponding year. To phenotype the dynamics of senescence and identify stay-green (SG) trait
of the different Miscanthus hybrids, statistical analysis of the estimated moisture content time series
was carried out via a generalized additive model (GAM). The regression model GAM is a non-
parametric extension of the generalized linear model (GLM), which allows the integration of non-
parametric smoothing functions and non-linear fitting of the variables. GAM models were fitted in R
package mgcv (Wood, 2017). The fitted model used fixed factors and a smooth for DOY, based on
location, season, and hybrid. GRC 9 (M. x giganteus) was used a reference to detect difference

between interspecies and intraspecies Miscanthus hybrids.
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4.3 Results

4.3.1 Dynamics of moisture content in Miscanthus biomass

The variation of moisture content and its frequency distribution measured during the two senescence
seasons at two locations is shown in Figure 4.2 and in Figure 4.3. Overall, moisture content loss
started at the beginning of December at both locations and for all genotypes (Figure 4.2). M. sin x M.
sac hybrids showed a higher moisture content (+ 18 % and + 6 %) than M. sin x M. sin hybrids and
M. x giganteus in both locations from December until harvest in late winter (Figure 4.2 and Figure
4.3). On average, M. sin x M. sac hybrids and the M. x giganteus were harvested at 45 % and 37 %
moisture content respectively (Figure 4.2 and Figure 4.3). M. sin x M. sin hybrids had an average
moisture content at winter harvest of 22%. The dynamics of moisture content during senescence is
confirmed by visual recording of senescence score based on plant greenness (Figure 4.4). For all
genotypes, the correlation between senescence score and moisture content indicated that moisture

content loss starts when senescence score values of 4 are recorded.
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Figure 4.2 Temporal dynamic of the measured moisture content of different Miscanthus genotypes along two growing
seasons and two locations.
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Figure 4.3 Frequency distribution of the moisture content of different Miscanthus genotypes during the two seasons and
on two locations.
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4.3.2 Recursive Feature Elimination of vegetation indices

The optimal number of vegetation indices (VIs) included in the models to minimize RMSE in the
estimation of moisture content was obtained by the recursive feature elimination (RFE) algorithm
with repeated cross-validation (Figure 4.5). RFE analysis showed that using 4 or less VIs led to a
moisture content estimation with RMSE values higher than 8 % (Figure 4.5a). With the 0% tolerance
threshold, the minimum RMSE (7.4%) was achieved with 30 VIs. However, the use of 20 or more
VIs led to a moisture content estimation with a mean RMSE value of 7.4%. On the contrary, with the
thresholds of tolerance of 1% and 5%, the optimal number of VIs was 14 (RMSE = 7.5 %) and 6
(RMSE = 7.8%) respectively (Figure 4.5a). The threshold of tolerance of 1% was chosen as the
threshold that maximises the model's performances with the minimum number of VIs. According to
the importance of the ranking (Figure 4.5b), 14 VIs have been selected for RF models training among
the 54 VIs calculated (Figure 4.5b). The 14 VIs were: BNDVI, GDVI, PSRI, MCARI/MTVI2,
GOSAVI, NGBDI, NLI, GBNDVI, GLI, MCARI/OSAVI2, SIPI, MCARI2, OSAVI2 and GI. The 6
most important VIs to reach 5% tolerance (RMSE < 7.8 %) were (Figure 4.5b): BNDVI, GDVI, PSRI,
MCARI/MTVI2, GOSAVI and NGBDI.
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Figure 4.5 (a) Results of the RFE algorithm with different tolerance thresholds and (b) importance of the VIs used in the
different tolerance thresholds (Blue = 5%, Yellow =1% and Grey = 0%).
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4.3.3 RF model performance and transferability

The performances (RMSE and NRMSE) of the random forest (RF) models were compared among

the season-specific datasets of the two location and against one reference dataset (split into 70/30

training/test) (Table 4.5). When all the genotypes and all moisture content intervals were considered,

the RF model of the reference dataset was the most accurate one among the 5 models considered in
estimating Miscanthus moisture content (RMSE = 6.9% and NRMSE = 14%). The other models
achieved lower accuracy values with RMSE ranging from 9.2% to 10.6% and NRMSE from 20.1%

to 22.1%. The accuracy of the RF models trained with the season-location specific datasets and for

the intervals of moisture content of 30-60% and > 60% was on average similar (RMSE =8.5%) to the

accuracy of the RF model trained with the reference dataset for the same intervals (RMSE = 6.3%)).

On the contrary, the accuracy of the RF models for the season-location specific datasets was lower

for the interval of moisture content < 30% (RMSE =16.4%) than the reference dataset (RMSE =10.7%

and 6.3% respectively).

Table 4.5 Results of the RF models performance according to location, season, moisture content intervals and genotype
(blue = M. sin x M. sin, grey = M. x giganteus and green = M. sin x M. sac).

Test dataset VIs Intervals of moisture

- content (%)
Location Season

M. sin x M. sin M. x giganteus M. sin x M. sac All Genotypes

RMSE NRMSE n RMSE NRMSE n RMSE NRMSE n RMSE NRMSE

x<30 81 19.7 87.5 0 18.4 75.9 2 21.0 83.8 83 19.7 86.7

2019 30<x<60 296 6.1 12.5 49 5.9 13.1 249 6.4 12.5 594 6.2 12.5

x> 60 45 119 18.1 6 10.0 15.8 26 9.4 14.4 77 11.0 16.9

E x<30 105 45 18.2 2 5 112 45 18.2
30<x<60 229 8.8 18.2 40 11.8 22.1 228 11.6 22.0 497 10.2 20.2

2020 x> 60 83 122 17.2 13 4.7 7.7 44 6.0 9.7 140 83 12.9
x <30 84 227 113.2 2 5 91 22.7 113.2

2019 30<x<60 303 9.0 20.7 43 4.6 9.8 247 52 9.8 593 7.0 14.5

x> 60 48 8.4 13.3 11 4.6 7.7 25 6.3 10.0 84 7.6 12.1

E x <30 84 192 93.0 2 3 9.4 31.8 89 188 88.9
30<x<60 288 5.6 11.6 45 9.2 18.5 254 48 9.3 587 5.7 11.4

2020 x> 60 76 5.8 9.4 12 3.5 5.8 40 6.7 10.7 128 59 9.5

x <30 89 10.8 51.8 1 10.8 433 3 8.9 32.3 93 10.7 50.0

Reference dataset* 30<x<60 260 5.1 10.5 41 7.8 15.7 227 7.1 135 528 63 12.5
x> 60 61 7.3 11.6 10 5.0 8.1 31 4.7 7.4 102 6.3 10.0

10<x<80

Abbreviations: n is the training set size, RMSE:

root mean square error (%), NRMSE: normalized root mean square error (%).

* Reference dataset is composed by 30 % of the initial dataset (both locations and seasons) used for the validation and 70% used for RF model training.
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The addition of categorical variables (material, hybrid code and genotype of Table 4.2) to the
reference dataset model of VIs improved the accuracy of moisture content estimation (Figure 4.6).
The single addition of material, hybrid code or genotype in the model (Figure 4.6b, c, d) decreased
the RMSE from 6.9% (model with only Vis) to 6.8%, 6.4% and 5.7 % respectively. The simultaneous
addition of three categorical variables to the model, achieved the best performance with an RMSE =
5.6% and NRMSE= 11.4% (Figure 4.6e). Finally, the RMSE of all models was evaluated for each
genotype (Figure 4.6f). The addition of categorical variables decreased the RMSE value with respect
to the model with only VIs for the M. x giganteus genotype from 7.6% to 5.6%, for the interspecific
M. sin x M. sac genotype hybrids from 6.9% to 4.7%, while for intraspecific M. sin x M. sin genotype
hybrids from 6.8% to 6.1%.
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Figure 4.6 Estimated vs measured moisture content (%) of Miscanthus with RF model with only VIs and no categorical
variables (a), with the addition of transplanting material (b), of hybrid (¢), of genotype (d) and their combination €. RMSE
for each model are reported as barplot (f) according to the different genotype.

4.3.4 Phenotyping of Miscanthus senescence dynamics with multiple UAV flights
The RF model trained with the VIs and the three categorical variables was used to estimate moisture
content of Miscanthus hybrids from spectral data of multiple UAV flights at two locations.
Generalized additive model (GAM) was applied to time series moisture content data estimated from

RF model, with the M. x giganteus (GRC 9) as reference for estimating significant differences among
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the hybrids during senescence. M. sin x M. sin hybrids (GRC 1-8) from DOY 280 (mid-early October)
showed a constant and significant lower moisture content than the M. x giganteus hybrid (Figure 4.7).
The first genotype showing a significant difference in moisture content compared to GRC 9 was GRC
5, at DOY 260 (mid-September), while the last was GRC 1, at DOY 312 (mid-early November).
Intraspecies M. sin x sin hybrids showed the highest variability on moisture content loss during
senescence compared to interspecies M. sin x M. sac hybrids. The estimated difference of moisture
content at harvest varied from 10.2% for GRC 1 to 14.5% for GRC 6. On the contrary, constant
negative differences compared to GRC9 occurred later in the season (early November) for
interspecific M. sin x M. sac hybrids (GRC 10-15). The difference is statistically significant
approximately from DOY 295 (mid-late October) for GRC 10 hybrid and from DOY 314 (mid-early
November) for GRC 13 hybrid. At harvest, the estimated moisture content difference varied from -
9.2% for GRC 11 to -10% for GRC 14. The rhizome-based GRC 15 hybrid, a M. sin x M. sac

genotype, showed a similar moisture content dynamics to the other rhizome-based hybrid (GRC 9).
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Figure 4.7 Senescence dynamics of the different Miscanthus hybrids according to the difference in estimated moisture
content with reference hybrid M. x giganteus - GRC 9 (dashed black line). The estimation of moisture content time series
was carried out by using a GAM. Solid and dashed coloured lines denotes respectively significant (P<0.05) and not
significant differences of the corresponding hybrid compared to reference hybrid.

85



Moisture content estimation and senescence phenotyping

4.4 Discussion

The characterization of moisture content dynamics of Miscanthus biomass is important to determine
the harvest time and selecting the most suitable genotypes in each environment. This study estimated
the moisture content of 14 contrasting Miscanthus hybrids combining unmanned aerial vehicle
(UAV) remote sensing and machine learning. The random forest (RF) model was trained with
moisture content values measured directly from each plot trial, UAV multispectral data (the
vegetation indices) and categorical variables of Miscanthus hybrids (material, hybrid code and
genotype). The time series of the moisture content values estimated by RF model from VIs derived
from multiple UAV flights were used for phenotyping senescence dynamics and identifying the stay-

green (SQ) trait of Miscanthus hybrids using the generalized additive model (GAM).

4.4.1 Selection of multispectral vegetation indices for Miscanthus moisture
content estimation

Increasing the number of VIs from 1 to 14 improved the RF model’s accuracy and allowed to decrease
RMSE from 10 % to 7.5 % (Figure 4.5a). Generally, the estimation of the crop traits via multiple VIs
is affected by data redundancy and multi-collinearity among some vegetation indices (VIs) (Yue et
al.,2018). The use of recursive feature elimination (RFE) algorithm proved to be a suitable approach
to minimise RMSE while reducing the noise effect caused by data redundancy and multi-collinearity,
as suggested by Anderegg et al. (2020) and Han et al. (2019). This study showed that the three most
important VIs for estimating moisture content were VIs based on blue (BNDVI), green (GDVI) and
red-edge (PSRI) spectral bands (Figure 4.5b). Zhu et al. (2019) found that the blue band is sensitive
to the change of carotenoid content and the green and red-edge bands are sensitive to the change of
chlorophyll content. VIs based on these spectral bands indeed have been used to study crop
senescence dynamics (Anderegg et al., 2020; Pefiuelas & Inoue, 1999). The blue band proved to be
the most important variable for predicting harvest date (pod’s maturity) in soybean (Yu et al., 2016).
Anderegg et al. (2020) reported that the time series of PSRI could accurately track senescence
dynamics of the canopy of wheat and replace the visual scorings. Furthermore, the SIPI was strongly
correlated with relative water content (RWC) and can indirectly evaluate leaf water stress (Pefiuelas
& Inoue, 1999). Also, this study confirmed that the VIs selected by the RFE algorithm and used in
the RF model were sensitive to changes of chlorophyll/carotenoid ratio during senescence. Finally,
although no VIs based on the SWIR band were used in this study, it was demonstrated that the
combination of multiple VIs based on VIS-NIR images compensated for the lack of the SWIR band,
which is known to predict well crop moisture content when integrated with VIs such as NDWI (Zhang

& Zhou, 2019).

86



Chapter 4

4.4.2 Moisture content estimation with a machine learning algorithm

This study estimated the moisture content with the RF model, trained with a wide range of genotypes,
across two senescence seasons and at two different locations, differing strongly in soils and slightly
in climate. These differences, as suggested by Maxwell et al. (2018), help to assess the RF model
transferability. The transferability of the moisture content estimation models was evaluated by
splitting the moisture content dataset into 5 test datasets. The performance metrics of the RF models
showed that a good accuracy (6.9% of RMSE and 14.0% of NRMSE) was achieved when all the
genotypes and all moisture content intervals were considered in the models (Table 4.5). Similar
results were reported by Li ef al. (2021) to estimate the moisture content of three species of trees,
who achieved a NRMSE between 8.6% and 13.9%. The models evaluated to estimate the moisture
content might be affected by errors in the estimation in some moisture content intervals due to limits
in the range of data used to train the model (Shah ez al., 2019). Indeed, small increases in RF models
performance were found when the models were trained with the specific season- and location-
datasets. This difference is due to different models’ accuracy when the moisture content is < 30%.
During the two seasons, many hybrids did not reach such low moisture content, and thus the training
set size for this interval was lower.

To assess the performance of the models in identifying the optimal harvest dates based on moisture
content at different endpoints of drying, the moisture content dataset was indeed divided into different
intervals (<30%, 30-60, >60% and 10-80%). It is considered that the optimal moisture content for the
Miscanthus winter harvest is at or below 20% (Lewandowski ef al., 2016) in order to avoid self-
ignition of biomass, minimise transport costs and an increase combustion efficiency (Robson et al.,
2013). In this study, especially novel interspecies seed-based M. sin x M. sac hybrids rarely reached
at harvest a moisture content lower than 30% (Figure 4.2), while M. sin x M. sin in some cases dried
until 10 %. In the low moisture content interval (<30%), a large difference in RMSE was found
between the model trained with the reference dataset and on the season-location specific datasets
(Table 4.5). These results indicate that the tested models cannot be transferred with good accuracy to
locations and or/growing seasons where biomass of these genotypes dried until moisture content
<30%. The low transferability of RF beyond the extreme values of the training data range confirmed
that this is one of the main limits of the RF model (Johansen et al., 2020; Vuolo et al., 2013). On the
contrary, the RF models were transferable in different locations and growing seasons for moisture
content values ranging between 30 and 60% (Table 4.5). The training set size and the moisture content
distribution during senescence confirmed to be the most important dataset’s characteristics to achieve

good model’s performances (Millard & Richardson, 2015) and transferability (Johansen et al., 2020).
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The addition of categorical variables in RF model improved the estimation of moisture content.
Introducing three categorical variables such as material, hybrid and genotype decreased more the
RMSE than adding only material type (Figure 4.6e, b). The M. sin x M. sac and M. x giganteus
genotypes showed the highest improvement of RMSE due to the addition of these categorical
variables (Figure 4.6f). The data imbalance in the “hybrid” categorical variables among control M. x
giganteus (n=1), interspecies (n=4) and intraspecies (#=8) genotypes hybrids could have caused these
differences in model’s performance.

Another limitation of the RF model developed in this study relies on the fact that it is composed of
multiple VIs calculated with precise multispectral bands. This means that our RF model might not
reach the same accuracy if the same VIs are calculated on spectral data acquired with different
multispectral cameras operating within different bands intervals. This calls for the development of
algorithms able to overcome these differences in the spectral data through advanced normalization

and calculation procedures of VIs from different sensors (Emilien ez al., 2021; Hoque & Phinn, 2018).

4.4.3 Phenotyping stay-green trait via UAV remote sensing to capture genotypic
variation during senescence

This study demonstrated that high-throughput phenotyping (HTP) of contrasting Miscanthus hybrids
is possible by combining multiple UAV flights and GAM modelling. Stay-green (SG) is an important
phenotypic trait when evaluating the senescence of novel Miscanthus hybrids. The goal of plant
breeders is to obtain high yielding plants with high biomass quality. In Miscanthus, a delayed
senescence is expected to increase yields, while an early senescence is expected to increase biomass
quality (Robson ef al., 2013). In our environments, senescence of M. sin x M. sin hybrids led to drier
biomass (22% mean moisture content in late February) than commercially available rhizome-based
hybrids (GRC 9-15 with 37%), while M. sin x M. sac hybrids showed a SG trait with an average
moisture content of 45% until harvest. These findings confirmed that biomass with low moisture
content at the harvest is usually related to early senescence in Miscanthus, as was found by Robson
etal. (2013). However, opposite results to our study were reported by Nunn et al. (2017) that observed
a lack of relationship between an early senescence and low moisture content at harvest in different
locations across Europe.

Mild cold conditions during autumn-winter periods affected the start of senescence and moisture
content losses dynamics until late winter harvest in all Miscanthus hybrids. The overwintering
conditions (e.g. number and frequency of chilling frosts) between the start of senescence and harvest
time have a higher effect on the moisture content than the senescence itself (Sarath ez al., 2014). That
was the case in our two southern European locations, where a reduced frequency of killing frost days

and absence of prolonged freezing periods in late autumn - early winter in 2019-2020 seasons (Table
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4.1) might not have induced complete senescence in the M. sin x M. sac hybrids leading to a higher
moisture content at harvest. During the first years after establishment, Miscanthus might have a
reduced senescence (Clifton-Brown & Lewandowski, 2000) due to changes in the source-sink
dynamics of young Miscanthus plants (Boersma et al., 2015). However, standing age did not affect
in our case the observed delayed senescence since measurements were done on mature plantation at
2" and 3" year.

Genotypic variations in flowering and senescence times are instead two key explanatory factors of
SG trait observed in perennial crops. The relationship between flowering and senescence in
Miscanthus has been proposed to promote nutrient remobilization, and hence biomass quality
improvement (Jensen ef al., 2017). GAM applied to estimated moisture content values from the RF
model from multiple UAV flights helped us to capture differences in senescence dynamics in
contrasting Miscanthus hybrids (Figure 4.7). A constant increase in the differences between the
estimated moisture content of interspecies M. sin x M. sac and intraspecies M. sin x M. sin hybrids
was observed between DOY 300 (late October) and DOY 350 (mid-December). During this period,
the mean temperature decreased under 10°C. Therefore, under these mean temperature conditions,
M. sin x M. sin hybrids might be more sensitive to temperatures below 10°C and thus start active
senescence sooner than M. x giganteus and M. sin x M. sac hybrids that instead showed a delayed
senescence. Fonteyne et al. (2016) reviewed the effect of frost and chilling stress in Miscanthus
genotypes and found that M. sacchariflorus was more resistant to cold stress than M. sinensis. All M.
sin x M. sac genotype hybrids showed a more persistent SG compared to M. x giganteus and M. sin x
M. sin hybrids. In agreement with our results, Rusinowski ef al. (2019) found that GNT 34 hybrid,
(GRC 13 in this study), had a longer SG period than M. x giganteus. Only GRC 15 among M. sin x
M. sac genotype had a similar senescence dynamic to the M. x giganteus. The similar senescence
dynamics observed for these two commercially available rhizome-based hybrids confirms that
transplanting material (thizome vs seed-based plugs) has an impact on moisture content loss during
senescence. The observed differences in senescence time and moisture content loss rate during
senescence among Miscanthus genotypes are respectively linked to flowering time and nutrient
remobilization. Other studies confirming that M. sin x M. sin hybrids flowered earlier (mid-summer)
than rhizome-based M. x giganteus hybrid while M. sin x M. sac never reached flowering ( Clifton-
Brown & Lewandowski, 2002; Nunn et al., 2017). Jensen et al. (2017) found, for the similar
contrasting hybrids, that nitrogen and phosphorous remobilization rate to underground rhizomes
followed the same trend of moisture content loss observed also in our study. The absence or delay of
flowering respectively in M. sin x M. sac and rhizome-based hybrids may have caused delayed

senescence that was also observed in the SG trait in this study. As a consequence, these genotypes
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were harvested at higher moisture content (Figure 4.2) and likely higher nutrient content compared
to M. sin x M. sin hybrids. The high variability among Miscanthus hybrids in moisture content loss
dynamics during senescence (Figure 4.7) might be further explained by the wider geographical
distribution of M. sinensis than of M. sacchariflorus (Clifton-Brown et al., 2015). This may have
produced a higher genetic variation of the phenotypic traits due to the hybridisation among M.
sinensis species (Robson et al., 2013). Additionally, also the cold resistance trait likely depends on
the origin and in situ environmental characteristics of the genetic accession of the Miscanthus species.
In fact, opposite results to our study were reported by (Clifton-Brown et al., 2002) showing that
different M. sin x M. sin hybrids had delayed senescence with respect to M. x giganteus and M.

sacchariflorus hybrids.

4.5 Conclusion

This study demonstrated that moisture content of Miscanthus can be accurately estimated via machine
learning algorithm applied to multiple VIs calculated from UAV-based VIS-NIR images. The RF
model developed on different genotypes showed a good transferability to multiple location and
seasons when moisture content ranges from 30% to 60%. Further training datasets are required to
extend the transferability and confirm the same performance of the RF model at lower moisture
content values (10-30%). For the first time, we showed that the combination of machine learning
(ML) and GAM applied to time series of moisture content values estimated from VIs derived from
multiple UAV flights is a powerful tool for high throughput phenotyping (HTP). Remote sensing can
be used for phenotyping future advanced breeding programs of Miscanthus. The possibility to
distinguish via remote sensing the SG trait of novel Miscanthus hybrids can deepen our understanding
of key factors mediating the induction of early or delayed senescence. Our study focused on the use
ML algorithms to estimate moisture content during Miscanthus senescence, but we believe that the
same methodological approach can be used for estimating other phenological traits or yield
components in similar and/or different crops. This is particularly relevant for upscaling models from
experimental plot to field scale by using satellites. Satellites can collect data of many fields
simultaneously, with a larger number of spectral bands, like the SWIR band, that could ultimately
support with high precision and resolution moisture content and yield estimation. ML algorithms
could be applied in remote sensing to develop satellite and UAV applications beneficial to sustainable
crop management e.g. in the case of Miscanthus to identify optimal harvest date or to predict

commercial yield (quantity and quality).

90






Chapter 5

Synthesis




Synthesis

Abstract

This chapter first provides a synthesis of the main results presented in the previous chapters.

Subsequently, in view of these results, the contributions to scientific context and future research are

discussed.
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5.1 Main results

The main objective of this thesis was to evaluate the application of the UAV multispectral remote
sensing platform for high-throughput phenotyping of hemp and miscanthus traits. Seven research
hypotheses were defined (section 1.5 Thesis outline and Table 1.2) and in this chapter each research

hypothesis is addressed, reporting the main results.

H1. The ML models and PROSAIL model can be used to estimate traits of miscanthus hybrids

and hemp cultivars.

This hypothesis was addressed in chapters 2, 3 and 4. The random forest (RF) algorithm was used in
this thesis for estimation of miscanthus traits, such as moisture content (Chapter 4) and light
interception, plant height, green leaf biomass and standing biomass (Chapter 3). This thesis
demonstrated that the RF models can accurately estimate these crop traits using the VIs derived from
UAYV multispectral images, confirming the research hypothesis. Moisture content, light interception
and plant height were estimated with better accuracy than green leaf biomass and standing biomass.
The UAV multispectral remote sensing and RF models have proved to be suitable tools to estimate
these crop traits for high-throughput phenotyping of novel miscanthus hybrids and can provide
additional information for the calibration of perennial crop growth models, such as MISCANFOR.
The research hypothesis was also confirmed for leaf area index (LAI) and leaf chlorophyll content
(LCC) estimation of hemp using the inversion of the PROSAIL model (Chapter 2). The inversion of
the PROSAIL model estimated the LCC trait with less accuracy than LAI, as reported in several
studies. As ML models, the PROSAIL model can also estimate crop traits for high throughput
phenotyping (HTP).

H2. The quality training data can develop robust ML models to overcome the transferability

problem.

This hypothesis was addressed in chapter 4. To assess the RF models transferability, in this thesis the
RF models trained with moisture content collected from a wide range of genotypes, across two
senescence seasons and at two different locations differing strongly in soils and differing slightly in
climate. To evaluate the RF models transferability, the moisture content dataset was split into 5 test
datasets. The RF models showed a good transferability to multiple locations and seasons when
moisture content ranges were from 30% to 60%, while it showed low transferability when the biomass
of these genotypes dried to a moisture content <30%, confirming the transferability problem of ML
models. Indeed, during the two seasons, many hybrids did not reach such a low moisture content, and
thus the training set size for this interval was lower. However, the quality of the training data, in terms

of the training set size and the moisture content distribution during senescence, was confirmed as
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being the most important dataset characteristic to achieve good model transferability, confirming the

research hypothesis.

H3. The peak derived from the VIs time series of UAV can be used to predict the yield of

miscanthus.

This hypothesis was addressed in chapter 3. The random forest (RF) was trained with the peak derived
from the time series of the VIs fitted via generalized additive model (GAM). The peak was able to
predict the yield of miscanthus using the RF algorithm, proving to be an important land surface
phenology (LSP) descriptor for yield prediction and confirming the research hypothesis. The peak for
Miscanthus hybrids occurred on average in mid-summer in Italy (southern/warm) and early autumn
in the UK (northern/cold) locations. The RF model accurately predicted the yield with 2.3 Mg DM
ha! of RMSE and 19.7 % NRMSE. The operability of this model was evaluated by a timeline of the
performance using the peak of VIs derived from partial time series. The RF model showed a good
capability to predict the yield months before the harvest both in Italy and in the UK. This capability
of the model is extremely relevant for optimising Miscanthus biomass supply chain logistics, from

field to facilities creating bioproducts or biopower.

H4. The spectral bands used for calculating the VIs have different importance depending on

the crop traits to be estimated.

This hypothesis was addressed in chapters 3 and 4. The variable importance of the RF models was
calculated using a recursive feature elimination (RFE) algorithm (chapter 4) and by dropout loss of
RMSE (chapter 3). This thesis found a link between the spectral bands used to calculate the VIs and
the estimated or predicted crop traits, as suggested in several studies. These results confirmed the
research hypothesis. Indeed, in chapter 3, the VIs based on the green band as greenWDRVI and
GNDVI were the most important variables to estimate green leaf biomass and standing biomass and
also to predict the miscanthus yield, as was found in switchgrass and other warm-season perennial
grasses. In chapter 4, the most important VIs for moisture content estimation were blue (BNDVI),
green (GDVI) and red-edge (PSRI) spectral bands-based VIs that were sensitive to changes of
chlorophyll/carotenoid ratio during senescence. Indeed, the blue band is sensitive to changes in
carotenoid content and the green and red-edge bands are sensitive to changes in chlorophyll content,

as found in literature.

HS. The hybrid regression inversion methods will better estimate the crop traits than LUT

inversion methods of the PROSAIL model.

This thesis compared different inversion methods: two look-up table (LUT) methods based on the

RMSE: cost function (LUT-I and LUT-II) and four hybrid regression methods based on machine
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learning techniques (RF, GPR, ANN and EM) for the estimation of LAI and LCC traits of two hemp
cultivars, green and yellow, in two different seasons. Generally, all evaluated inversion methods
showed good accuracies of the hemp traits, especially for LAI, proving a transferability in both
seasons. The best accuracies were achieved by hybrid methods with RF for the LAI and GPR for the
LCC trait. All the hybrid methods performed better than LUT methods for the LAI (except for the
EM method) and LCC estimation, confirming the research hypothesis. Other studies compared hybrid

and LUT methods, but there is no univocal opinion on the best inversion method.

H6. The PROSAIL model can be used to derive equations able to link multi-sensor VIs and to

overcome the differences of VIs between sensors.

This hypothesis was addressed in chapter 3. The LUT used for the PROSAIL model inversion was
generated from the miscanthus trait values found in literature and from the location characteristics
(North-West Italy and Mid-West Wales). The equations derived from this LUT proved to be an
interesting tool to overcome the issue of multi-sensor interoperability by linking VIs from
multispectral sensors. This is particularly so when the objective is to estimate crop traits or to predict
yield using VIs calculated from sensors with different spectral characteristics (MicaSense and
SlantRange). The results showed that the importance of subjecting VIs to this linking procedure
varies from VI to VI. In fact, the green and red-edge bands-based VIs require the use of linking
equations because they showed higher variation than the red and NIR bands-based VIs. In this thesis,
the MicaSense and the SlantRange sensors showed a difference in the green and red-edge bands. The
MicaSense sensor red-edge bands had a different central wavelength and a narrower green FWHM
(full width at half maximum) compared to the SlantRange sensor. Therefore, these linking procedures

must only be used when spectral bands-based VIs with quite different characteristics are used.

H7. The GAM analysis, applied to the time series of the crop traits estimated by ML or
PROSAIL model inversion, can be used for phenotyping the dynamics of the crop traits of

contrasting miscanthus hybrids and hemp cultivars.

This hypothesis was addressed in chapters 2 and 4. This thesis demonstrated that the HTP obtained
by combining multiple UAV flights, estimation models, such as the ML (chapter 4) and the inversion
of the PROSAIL model (chapter 2) and GAM modelling can characterise the dynamics of the
phenotypic crop traits, confirming the research hypothesis. The GAM applied to estimated hemp and
miscanthus trait values by ML or inversion of the PROSAIL model from multiple UAV flights
enabled contrasting hybrids or cultivars to be differentiated (Figure 4.7). In chapter 2, the GAM
phenotyped the LAI and LCC dynamics between two hemp cultivars, yellow and green, under four

nitrogen fertilisation levels and proved to be a useful tool to capture differences of LAI and LCC
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dynamics throughout the whole growing season. In chapter 4, the GAM applied to time series of
moisture content estimated-values phenotyped the stay-green trait and captured the differences in the

senescence dynamics of miscanthus hybrids.

5.2 Scientific contribution

The present thesis contributes to improving the knowledge on adopting UAV multispectral remote
sensing platform for HTP of biomass crops such as hemp and miscanthus and using this to support
the field trials of breeding programs. The UAV multispectral remote sensing for HTP applications is
a recent addition in agriculture, and it has already been performed on many crops. However, in this
thesis, as well as evaluating the feasibility of using UAV-based HTP with hemp and miscanthus, it
was also used as a tool to characterize the growth and senescence dynamics. Indeed, for the first time,
it has been shown that the combination of estimation models (ML or inversion of the PROSAIL
model) and GAM can phenotype the crop traits dynamics throughout the growing season, when
applied to the time series of hemp and miscanthus trait values estimated from spectral data acquired
from multiple UAV flights. It seems likely that this combination (UAV, ML or PROSAIL model, and
GAM) will also be able to be used for the HTP of other crops in future breeding programs.

Of significant note is that in this thesis, for the first time the topic of UAV multi-sensor
interoperability was explored; this had previously only been addressed for satellite platforms. This
topic is very important as there are many UAV multispectral sensors on the market, each with
different spectral characteristics. The VIs of two different sensors were calculated by resampling the
reflectance of the canopy, simulated by the PROSAIL model, based on the different characteristics
of'the UAV sensors. The linking procedure used in this study is based on equations calculated through
linear regression between the MicaSense VIs and the SlantRange VIs. These equations proved to be
a powerful tool to overcome the issue of multi-sensor interoperability by linking VIs from the UAV
multispectral sensors.

Finally, the peak derived from the VIs time series is widely used in satellite remote sensing for yield
prediction. This thesis explored the potential use of this approach through UAV remote sensing to
predict the yield of the novel miscanthus hybrids on small plots in field trials that cannot be monitored
using satellite remote sensing. In addition, to evaluate the operability of the model, so its capability
to predict the yield months before the harvest, a timeline of the performance of the model using peak
derived from partial VIS time series was performed. The ability to early predict the yield of novel
hybrids using UAV makes it a key ally for the establishment of a sustainable value chain based on

biomass crops.
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5.3 Future research

This thesis shows that UAV remote sensing is an important tool for HTP. The capacity to distinguish
crop traits using UAV remote sensing can help to comprehend the differences between genotypes
during the growing season. However, this thesis has also highlighted that there is a need for new
future studies. Future UAV remote sensing studies should focus on evaluating the dynamics of other
hemp traits such as stem biomass, leaf biomass or nitrogen content during the season. Unlike this
thesis in which LAI and LCC were evaluated through the inversion of the PROSAIL model using
UAYV multispectral images, future studies could deal with the use of ML models, especially regarding
traits such as stem, leaf biomass and nitrogen content for which the use of the inversion of the
PROSAIL model would be unsuitable. Novel miscanthus studies could also be carried out in order to
extend the RF model transferability for the moisture content estimation at values below 30%. The
transferability of other machine learning algorithms should also be tested. To improve the miscanthus
moisture content estimation, future studies could investigate the exploitation of the spectral bands of
the satellites, such as the SWIR band, known to well predict crop moisture content. The
methodological approach used in this thesis, which consists of the combination of UAV multiple
multispectral flights, estimation models and GAM, could be used to estimate these or different traits
in other crops. Further studies could use this approach to calibrate the input parameters of crop growth
models or to explore the run-time calibration of models by integrating UAV remote sensing estimates
of input parameters, as already done with satellite data.

HTP and yield prediction based on ML algorithms and on UAV remote sensing can improve the
logistics of biomass supply chain, for supporting breeding programs, and for improving crop
modelling of novel Miscanthus hybrids. UAV platforms are suitable tools for HTP applications, as
they enable the monitoring of small plots or field scale trials with numerous genotypes, due to their
ability to capture high-resolution images. However, the satellite platforms are more suited for yield
prediction, as they can collect data of many fields simultaneously and can develop applications to
predict commercial yield at regional and national scales. Therefore, further studies based on satellite
remote sensing are needed to predict yield of biomass crops like Miscanthus in order to evaluate their
potential for commercial scale.

This thesis used a procedure based on equations derived from the PROSAIL model to link VIs
calculated from UAV sensors with different spectral characteristics. Although this procedure does
not consider the light and meteorological conditions during the flights which may affect the quality
of the spectral data, it proved to be an interesting tool to overcome multi-sensor interoperability
problems. Future studies could use this procedure to investigate the interoperability problems between

the several UAV multispectral sensors available on the market. The use of this procedure could be
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interesting for crop phenotyping, where the field trials are often carried out in multi-location and with
different UAV sensors. Additionally, the multi-sensor interoperability topic could be relevant in
future since the UAV scientific studies for agriculture applications are exponentially increasing, the
UAV market is expanding, and the number of UAV users is constantly growing. Finally, this
procedure could enable the building and the application of crop traits estimation models based on
UAV multi-sensor data for developing remote sensing applications beneficial to sustainable crop

management.
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