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“Man must vrise above the
earth-to the top of the
atmosphere and beyond- for
only thus will he fully
understand the world in which

he lives.”

Socrates, fifth century B.C.E.
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Abstract

Abstract

Remote sensing is a valuable tool that could contribute to reduce the environmental impact of
agricultural systems by measuring crop parameters to inform management decisions at field
and regional scales. At the field scale, it could allow assessing the spatial variation of crop
status to adjust water and nitrogen (N) applications and predict harvest parameters. At the
regional scale, remote sensing could allow monitoring crop land use and field abandonment
to support government management decisions related to water distribution or rural
development. This thesis analyzes the performance of different remote sensing systems and
modeling techniques to monitor crop parameters at field and regional scale, with a focus on

modern satellite imagery.

For field-scale monitoring, we compared remote sensing information with ground-truth
measurements at different growth stages (GS) to improve the adjustment of N fertilization
and irrigation rates and the prediction of winter wheat traits (yield, grain protein
concentration (GPC) and N output). For this purpose, we compared the performance of
spectral vegetation indices (VIs), planar-domain indicators, ensemble modeling approaches
combining information from different sensors and a hybrid artificial neural network-
PROSAIL-PRO method. The suitability of the sensors was determined with acquisitions
collected at field level with a spectroradiometer, at 300 m with a hyperspectral and a thermal
sensor and with different satellite platforms. Additionally, the accuracy of atmospherically
corrected reflectance values acquired by two satellites were validated with the field-level
acquisitions. These analyses were conducted in a winter wheat (Triticum aestivum L.) field

experiment combining four N and two water levels in central Spain over 2 years.

At the regional scale, we used remote sensing data to determine the trends in field
abandonment associated to different farming strategies during a multi-year drought. For this
purpose, crop land use maps were created following a multiple endmember spectral mixture
analysis (MESMA\) applied to a time series of hyperspectral AVIRIS imagery (350 — 2500
nm). MESMA classifies images by decomposing each pixel into subpixel fractional covers of
land use classes. The area of abandoned fields was estimated from the change in bare soil
area given by these maps over the years. The performance of the crop land use maps was
assessed by comparing them with official crop reports. These analyses were conducted over
2334 km? in the Central Valley of California from 2013 to 2018.



This thesis showed that analyzing together spectral and thermal information enables
simultaneous adjustment of N and water application to match crop demand. Combining a VI
related to chlorophyll content with another related to biomass improved N status assessment
by reducing soil background noise at early GS and minimizing the effect of the water status
that was evident in most VIs. The temperature-based indicators were a reliable method for
adjusting irrigation because they were only affected by the water and not by the N levels. The
water status assessment improved when the soil background noise was compensated with a
V1. For the prediction of winter wheat traits, it was found that combining indicators related to
different crop parameters with ensemble modeling approaches improved the prediction. The
yield was the best estimated trait, achieving similar results with the hyperspectral sensor and
with the open-access multispectral satellite Sentinel-2. The GPC prediction was the most
challenging, and the results revealed the importance of using hyperspectral short-wave
infrared (SWIR) bands. The SWIR bands that cover the protein absorption region improved
the prediction of the N-related traits (GPC and grain N output) with both sensors. The hybrid
method that estimates crop parameters using the entire spectra presented better results than
the VIs based on few bands. This thesis confirmed the suitability of the hybrid method
applied to Sentinel-2 for estimating the N status in all GSs and for predicting traits. The
reflectance values of Sentinel-2 atmospherically corrected with Sen2Cor, MODTRAN and
FLAASH models matched the on-ground spectral data. However, the WorldView-3 satellite
displayed significant differences that were attributed to acquisitions under steep off-nadir
view angles (24.5° and 39.1°). This thesis proposed and validated an empirical signal
normalization procedure that allowed compensating the angular-induced effects and coupling

Sentinel-2 and WorldView-3 imagery.

The performance of crop monitoring at regional scale was validated with the good agreement
between the MESMA results and the official crop reports. Additionally, the MESMA results
revealed an increase in non-cultivated area during the drought. This was achieved thanks to
the narrow SWIR bands of the AVIRIS sensor that allow distinguishing between soil and
crop residue. AVIRIS is currently used as part of the NASA Surface Biology and Geology
Mission (SBG) preparatory campaigns that aims to acquire sub-monthly global imagery with
a satellite carrying AVIRIS and a thermal sensor. The results of this thesis confirmed the
suitability of this mission for adjusting N and irrigation rates due to the simultaneous
acquisition of thermal and spectral data, and to provide accurate prediction of yield, GPC and

grain N output, and identification of non-cultivated fields due to the narrow SWIR bands.



Resumen

Resumen

La teledeteccion permite estimar pardmetros de los cultivos para ayudar en la toma de
decisiones y asi reducir el impacto ambiental de los sistemas agricolas. A escala de cultivo,
podria evaluar la variacion espacial del estado de los cultivos para ajustar las dosis de agua y
nitrégeno (N) y para predecir pardmetros de la cosecha. A escala regional, la teledeteccion
puede permitir hacer el seguimiento del uso de suelo de los campos de cultivo y detectar los
cultivos abandonados para apoyar las politicas relacionadas con la distribucion del agua o el
desarrollo rural. Esta tesis analiza la capacidad de diferentes sistemas de teledeteccion y
técnicas de modelizacion para monitorizar parametros del cultivo a escala de cultivo y

regional, centrandose en las imagenes de satélite mas modernas.

Para estudiar la monitorizacion a escala de cultivo, se compard la informacion obtenida con
teledeteccion con las muestras tomadas en campo en diferentes estadios de crecimiento (GS)
para mejorar el ajuste de la fertilizacion N y del riego y la prediccion de la cosecha del trigo
(rendimiento, concentracion de proteina en grano (GPC) y cantidad de N exportado). Para
ello, se compard la precisién de indices espectrales de vegetacion (VIs), indicadores
biplanares, modelos que combinan informacién de diferentes sensores y un método hibrido
de redes neuronales artificiales-PROSAIL-PRO. La idoneidad de los sensores se determino
con adquisiciones recogidas con un espectrorradiémetro a nivel de terreno, a 300 m con un
sensor hiperespectral y térmico y con diferentes satélites. La reflectancia adquirida por dos
satélites corregida atmosféricamente se valido con las medidas a nivel de terreno. Los analisis
se llevaron a cabo en un experimento de campo con trigo de invierno (Triticum aestivum L.)

que combinaba cuatro niveles de N y dos de agua en el centro de Espafa durante 2 afios.

A escala regional, utilizamos la teledeteccion para determinar las tendencias en el abandono
de campos de cultivo asociadas a estrategias agricolas durante una sequia. Para ello, se
crearon mapas de uso del suelo usando un multiple endmember spectral mixture analysis
(MESMA) aplicado a una serie temporal de imagenes hiperespectrales AVIRIS (350 — 2500
nm). MESMA clasifica las imagenes descomponiendo cada pixel en fracciones de cobertura
de las clases de uso del suelo. La superficie de los cultivos abandonados se estimé midiendo
la superficie de suelo desnudo ofrecida por los mapas obtenidos con MESMA de los distintos
afios. La informacion de estos mapas se compar6 con informes oficiales de los cultivos. Estos

analisis se realizaron sobre 2334 km? del Central Valley de California desde 2013 hasta 2018.



Esta tesis demuestra que analizar informacion espectral y térmica permite ajustar
simultdneamente las dosis de N y agua. La combinacion de un VI relacionado con el
contenido de clorofila y otro relacionado con la biomasa mejord la estimacion del estado de
N al reducir el ruido del suelo en GSs tempranos y minimizar el efecto del agua que era
evidente en la mayoria de los VIs. Los indicadores térmicos fueron fiables para ajustar el
riego porque sélo estaban afectados por el agua y no por los niveles de N. La estimacion del
estado hidrico mejor6 al compensar el ruido del suelo con un VI. La combinacion de
indicadores relacionados con distintos parametros del cultivo mejoré la prediccion de la
cosecha. El rendimiento fue la caracteristica de la cosecha mejor estimada, obteniéndose
resultados similares con el sensor hiperespectral y con el satélite multiespectral de libre
acceso Sentinel-2. La prediccion del GPC fue la mas dificil, y los resultados revelaron la
importancia de utilizar bandas hiperespectrales de la region infrarroja de onda corta (SWIR).
Las bandas SWIR que cubren la region de absorcion de la proteina mejoraron la prediccién
de las caracteristicas de la cosecha relacionadas con el N (GPC y N exportado). EI método
hibrido que estima parametros del cultivo utilizando el espectro completo presenté mejores
resultados que los VIs que utilizan pocas bandas. Esta tesis confirma la idoneidad del método
hibrido aplicado a Sentinel-2 para estimar el estado de N en todos los GSs y para predecir la
cosecha. Los valores de reflectancia de Sentinel-2 corregidos atmosféricamente con Sen2Cor,
MODTRAN y FLAASH coincidieron con los datos adquiridos a nivel de terreno. Sin
embargo, el satélite WorldView-3 mostré diferencias que se atribuyeron a los angulos de
adquisicion pronunciados (24.5° and 39.1°). Esta tesis propuso y validé un procedimiento
empirico de normalizacion de la sefial que permiti6 compensar los efectos angulares y

acoplar las imagenes Sentinel-2 y WorldView-3.

El seguimiento de los cultivos a escala regional fue validado con la concordancia entre los
resultados de MESMA y los informes oficiales. Los resultados de MESMA ademas revelaron
un aumento de la superficie no cultivada durante la sequia. Esto se consiguié gracias a las
estrechas bandas SWIR del sensor AVIRIS que permiten distinguir entre suelo y residuo del
cultivo. AVIRIS se utiliza actualmente en las campafias preparatorias de la Surface Biology
and Geology Mission de la NASA, cuyo objetivo es adquirir imagenes globales con un
satélite portando AVIRIS y un sensor térmico. Esta tesis confirman la idoneidad de esta
mision para ajustar las dosis de N y de riego gracias a los datos térmicos y espectrales
simultaneos, y para proporcionar una prediccion precisa del rendimiento, la GPC y el N

exportado, asi como la identificacion de campos no cultivados gracias a las bandas SWIR

Vi
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1.1.Precision agriculture

The “Green Revolution” comprises a technological development that enhanced the
agricultural production during the last century (Patel, 2013), and is based on synthetic
fertilizers, new irrigation systems, pesticides and new crop varieties (Pingali, 2012). The new
technologies led to an increase in the cultivated area by one third that were able to meet the
tripling food demand since the 1960s (Wik et al., 2008; Balogh and JAmbor, 2020). Although,
the new goal of the Food and Agriculture Organization (FAO) to ensure food security for the
growing population is to increase agricultural production by at least 70% by 2050 (Grainger,
2010). Given the limited cultivated land, the increase in food production will be carried out
through sustainable agricultural intensification, by increasing the efficiency of fertilizers,
water, pesticides and other inputs in parallel with mitigation of environmental degradation
(Sishodia et al., 2020). Therefore, the development of new technologies that allow the
efficiency of inputs to increase is key for an economically and environmentally sustainable
agricultural system (Manfreda et al., 2018). The agricultural practices based on technology
that aim to increase profitability and reduce the environmental impact of the cropping
systems by applying site-specific input rates that match crop demand are called precision
agriculture (Basso and Antle, 2020; Sishodia et al., 2020).

Among the environmental factors that farmers can modify to increase plant growth and
productivity, water and Nitrogen (N) are the main ones (Gonzalez-Dugo et al., 2009). The
climate change trend is causing more frequent droughts worldwide that limit the global crop
production (Lobell et al., 2011; Cook et al., 2015). Agriculture consumes ~ 70% of the total
fresh water used worldwide (Campbell et al., 2017), therefore, adjusting irrigation to crop
demand is important to optimize water use in a scenario of climate change (Lesk et al., 2016).
Water is the major transport agent of N, so the crop N uptake is regulated by the water
availability in different crops (Garwood and Williams, 1967) including wheat (Sadras et al.,
2004). However, excessive water increases N losses to the environment that are not
assimilated by the crop (Quemada and Gabriel, 2016). Overfertilization has been a common
practice in the last decades, with only about half of the N applied being assimilated by the
crops (Ladha et al., 2005; Lassaletta et al., 2014). Excessive N application enhances N losses

that contribute to water contamination by NOs—N leaching, soil pollution (Arregui et al.,



2006), greenhouse gas emissions and worsen air quality (Snyder et al., 2009; Aguilera et al.,
2013). Additionally, ammonia deposition in natural ecosystems is a threat for biodiversity,
and the N20O emissions enhance stratospheric ozone depletion (Eickhout et al., 2006; Ottman
et al., 2000). Finally, overfertilization entails an economic loss for farmers; therefore,
technologies that allow determining the crop N and water status to adjust input application
rates to crop requirements are crucial for enhancing resource use efficiency (Quemada and
Gabriel, 2016; Basso and Antle, 2020).

Crop growth is function of water, nutrients, CO2 and radiation, so growth can be limited by
the scarcity of one resource; however, interaction when a resource is limited has often a
larger effect (Cossani and Sadras, 2018). Due to the importance and complexity of the effects
that water deficit has on crop N status, their interaction has been the focus of many research
studies (Gonzalez-Dugo et al., 2005; Mistele and Schmidhalter, 2008; Cossani et al., 2012;
Sadras and Lemaire, 2014). Water deficit has a direct effect on plant N demand because it
reduces growth and affects the partitioning between structural and metabolic tissues, in
addition to limit crop N uptake (Sandras and Lemaire, 2014). In this aspect, under water
scarcity, the crop N demand is reduced because the growth rate decrease. This reduction in N
uptake also implies a reduction in plant growth in addition to the reduction produced by the
water scarcity (Gonzalez-Dugo et al., 2009). This is because the optimal N concentration
(%N) in plants changes with crop growth (Sadras and Lemaire, 2014). This interaction
between resources is known as colimitation, and due to the large effect that N, water and their
interaction have on crop production, the availability of both resources must be considered
together (Sadras, 2004; Quemada and Gabriel, 2016). This implies that N fertilization and
irrigation increase production only when the applied resource is limited in the soil (Gonzalez-
Dugo et al., 2009). In well-managed crops, with correct N and water availability, the crop
produces adequate levels of chlorophyll, which allows increasing photosynthesis rate,
sunlight interception and therefore, biomass production that would result in higher grain
yields (Marti et al., 2007). The linear correlation between dry biomass and yield is well
defined by the harvest index (Singh and Stoskopf, 1971). This index indicates the percentage
of crop dry matter that is converted into harvest product. Under water stress, plants reduce
some physiological functions, such as transpiration, leading to a decrease in photosynthesis
rate and final yield (Tanner and Sinclair, 1983; Sandras and Lemaire, 2014; Hoogmoed and
Sadras, 2018).
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Many efforts have been attempted to develop accurate techniques to determine crop status
and adjust fertilization and irrigation to crop demand (Tilling et al., 2007; Longmire et al.,
2022). Due to the negative allometric relationship between optimal %N and biomass,
evaluating %N in leaves and shoots alone is not adequate to identify the crop N status
because it requires information about the biomass (Lemaire et al., 2008; Sadras and Lemaire,
2014). This concept is well integrated in the nitrogen nutrition index (NNI), which is a well-
known indicator of crop N status proposed by Greenwood et al. (1990). The NNI
compares %N in leaves and shoots with the critical %N at a given biomass. The critical %N
is the minimum %N that produces the maximum growth rate of biomass, and decreases with
biomass production following the N critical dilution curve (CDC). For a given biomass, if the
actual NNI value is below the minimum threshold, N is limiting crop growth. Because the
CDC was originally developed for non-water stressed crops, efforts have been made to
develop an alternative CDC for water deficit regimes (Hoogmoed and Sadras, 2018; Neuhaus
et al., 2017). Consequently, the assessment of crop N demand can be monitored by
determining the %N in a sample of known aerial biomass (Mistele and Schmidhalter, 2008).
However, this procedure is expensive, slow and hard to apply to large fields (Haboudane et
al., 2002; Min and Lee, 2005). Furthermore, by the time the %N results are available, in
many cases the phenological stage of the crop has changed and it is of little support for

making decisions related to fertilization.

The N use efficiency (NUE) is defined as the ratio between the total N content in the
harvested product and the sum of all N input (Quemada and Gabriel, 2016; Lassaletta et al.,
2014). Analogously, the water use efficiency (WUE) is defined as the ratio between crop
biomass and evapotranspiration (ET), or as the ratio between yield (WUEy) and ET (Sadras,
2004). Due to the co-limitation effect, sustainable agricultural systems should rely on
improving NUE and WUE simultaneously for reducing environmental pollution and
maintaining economic profitability (Arregui et al., 2006). Each crop requires a specific
strategy to adjust the application of N fertilizer as the N demand changes with crop
development (Sticksel et al., 1999). Along these lines, monitoring temporal variations of crop
N status could allow adapting N application to crop requirements (Quemada et al., 2014). as

the ratio between

Sustainable intensification of agriculture should rely on non-destructive and real-time

management strategies. These techniques should assess the N and water status of the crop



prior to N application to distinguish the sites that will respond to N fertilization and those that
will not (Lemaire and Gastal, 1997; Quemada and Gabriel, 2016). This purpose can be
achieved with remote sensing techniques that allow mapping the spatial and temporal
variability of the crop status within a field using non-destructive methods (Raya-Sereno et al.,
2021a). Even though its use is still limited (Weiss et al., 2020), this approach provides
potential for valuable insights into improving NUE and WUE in large areas (Hatfield et al.,
2008; Tsouros et al., 2019).

In addition to enabling site-specific input application, remote sensing techniques allow spatial
and temporal assessment of agricultural practices at regional levels by monitoring land use
(Shivers et al., 2018). These methods allow assessing the sustainability of agricultural
practices and the effect of policy regulations at a regional or national scale (Sishodia et al.,
2020). Field abandonment is a global common practice (Yang et al., 2020) and has multiple
impacts on the environment, such as a reduction in nutrient, carbon or water storage (Yang et
al., 2020; Khorchani et al., 2021), an increase in wildfire risk (Lloret et al., 2002) or changes
in wildlife movements and habitat availability (Goicolea and Mateo-Sanchez, 2022). As a
consequence, it is important to identify the crop fields covered by plant residues, senescence
vegetation or soil when mapping crop land use (Hively et al., 2019). Quantification of the
fallow or abandoned cropland can be useful to guide management decisions related to water
distribution (Otero et al., 2011), planting abandoned cropland (Schierhorn et al., 2014),
reforestation efforts (Yang et al., 2020), bioenergy production (Campbell et al., 2008), rural
development or awarding subsidies (Milenov et al., 2014). For this reason, remote sensing
imagery with global or broad-scale coverage has the potential to mitigate environmental and

social damage.

1.2.Spectral features of crop components

Recent innovations in computer science, electronics and sensor technologies have promoted
the development of accurate plant biochemical and physical parameters characterization that
allows enhancing resource use efficiency (Qui et al., 2018). The technique most extensively
used in precision agriculture for plant status monitoring is radiometry, i.e., measurement of
radiation using physical devices (Wolfe, 1998). This technique combined with innovations in
remote sensing offers new opportunities in the field of precision agriculture (Cawse-
Nicholson et al., 2021). The American Society for Photogrammetry and Remote Sensing

defined remote sensing as “the art, science and technology of obtaining reliable information



Chapter 1: Introduction

about physical objects and the environment, through the process of recording, measuring and
interpreting imagery and digital representations of energy patterns derived from non-contact

sensor systems” (Gogoi et al., 2018).

The term radiation refers to the energy that is transported as photons/electromagnetic waves.
Each photon has a specific amount of energy that is a function of its frequency and
wavelength (Wolfe, 1998). The Sun emits radiation in the 0.3 — 3.0 um range that reaches the
Earth surface with different intensity depending on the wavelength. The Sun radiation
received by a surface is reflected, absorbed or transmitted with different relative intensities
according to the wavelength and the surface (Ferguson and Rundquist, 2018). The relative
proportion of light reflected, transmitted or absorbed is characteristic of the surface properties
and therefore it can be used to analyze the surface structure and composition. Due to the
different properties of the plant constituents, the sensors that measure the light reflected by
the crop have received much attention as an accurate, fast and non-destructive tool to retrieve
crop traits (Gabriel et al., 2017).

During the photosynthesis process, under the correct levels of N and water availability, plants
generate organic matter using electromagnetic energy from the Sun together with
atmospheric CO2, water and other molecules such as adenosine triphosphate (ATP) and
nicotinamide adenine dinucleotide phosphate (NADPH) (Gonzalez-Dugo et al., 2009). The
photosynthesis process is composed by light-dependent and light-independent biochemical
reactions that take place in the photosystems I and Il of the leaves. This process starts with
the light-dependent reactions when chloroplasts absorb the energy from the
photosynthetically active radiation (PAR; 400 — 700 nm) that reaches the leaves. The PAR is
the portion of the solar irradiance that belongs to the visible region and can be absorbed by
photosynthetic pigments (Gueymard, 1989). Approximately 75% of incident PAR is absorbed
by leaves; however, most of this energy is dissipated and only ~ 3 % is used to generate
organic matter (Tremblay et al., 2012).

During the photosynthesis light-process, ATP and NDPH molecules are generated in the
thylakoid membranes of the chloroplasts. This process is regulated by the maximum rate of
electron transport in the thylakoid (Jmax) (Yamori and Shikanai, 2016). The electron
transport is originated when the chlorophyll molecules are excited by the incoming PAR.
This process, as well as the electron gradient derived from water molecules, is used to
generate ATP and NDPH (Kramer et al., 2004). The ATP and NADPH molecules are used by



Ribulose-1,5-biphosphate  carboxylase/oxygenase (RuBisCO) to synthesize ribulose
bisphosphate (RuBP), which reacts with CO2 to reduce phosphoglycerid acid into glucose.
This reaction is constrained by the maximum carboxylation capacity (Vcmax). As proposed
in the photosynthesis model by Farquhar et al., 1980, the photosynthesis assimilation rate can
be defined with Jmax and Vcmax, which are highly correlated between them, and their
estimation can be used to assess plant production (Walker et al., 2017). However, they cannot
be directly measured and must be inferred based on photosynthesis rate assessment (Kattge et
al., 2009). Most of the leaf-N in plants is invested in chloroplasts (~ 75%), especially in
RuBisCO protein, which accounts for 15 to 30% of the total leaf-N content (Makino and
Osmond, 1991). Therefore, chlorophyll content can be used as a proxy of photosynthesis rate
or N availability (Makino, 2003).

Most of the PAR intercepted by leaves is absorbed in the chloroplasts during the
photosynthesis process. Consequently, the photosynthetic pigments located in leaf tissue,
such as chlorophyll a + b, greatly reduce the light reflected by plants in the visible region of
the spectrum (450 — 680 nm). The reflectance in the visible region is also affected by other
leaf pigments, such as anthocyanin or carotenoid. They avoid damage in the photosynthetic
system by dissipating the excess incident energy in the visible or ultra-violet (UV) region
(Tanaka et al., 2008). Chlorophyll strongly absorbs radiation in the PAR region, but has
absorbance peaks in the red (~ 670 nm) and blue (~ 445 nm) wavelengths. The blue band
overlap with the absorbance of carotenoids, and the green band overlaps with the anthocyanin
absorption region (Fig 1). The signal of these pigments is weaker than the chlorophyll signal
due to the stronger absorbance of chlorophyll in the overlapping wavelengths and the usually
higher concentration of chlorophyll in the leaves (Sims and Gamon, 2002). Chlorophyll
degradation usually occurs under nutrient or water deficiencies or at senescence. During this
process, the chlorophyll absorbance is strongly reduced, and consequently the reflectance in

the visible region increases, especially in the red and green bands (Gitelson et al., 1996).

In addition to regulate the leaf pigments content, the plants have developed other strategies to
prevent damage in the photosynthetic apparatus. During the photosynthesis process, the
excess amount of light can be dissipated by the leaves as chlorophyll fluorescence or heat
emission. The relative proportion of energy that is absorbed by the chlorophyll for the
photosynthesis process, that is emitted as chlorophyll fluorescence or that is emitted as heat,

change with plant N and water status (Zarco-Tejada et al., 2012; Camino et al., 2018). The
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solar induced chlorophyll fluorescence (SIF) takes place when the incoming Sun light is
absorbed by the chlorophyll and it is excited. During the de-excitation process this energy is
emitted at a longer wavelength within a very short time period. This process produces two
subtle peaks in the visible- near-infrared region of the emitted signal added to the spectral
radiation reflected (Damm et al., 2011). The 685-nm peak is produced by the photosystem Il,
and the peak at 740 nm is emitted by the photosystem | and 11 (Baker, 2008; Palombi et al.,
2011). The proportion of light emitted as fluorescence usually is ~ 1 % of the total received
light (Tremblay et al., 2012).

At longer wavelengths, such as the near-infrared (NIR; 780 — 1100 nm) and short-wave
infrared (SWIR; 1100 — 2500 nm) regions, light penetrates deeper into leaves, and reflectance
in these regions is also influenced by internal leaf structure and composition (Serrano et al.,
2002). Well-watered plants expand intercellular air space in the spongy mesophyll, increasing
the gas exchange rate with the atmosphere, the photosynthesis capacity and the reflectance in
the NIR region. Bigger air space in the spongy mesophyll increases scattering of NIR
radiation within the leaf, which increases NIR reflectance, and therefore the internal leave
structure can be monitored using the reflectance in the NIR region (Heithold et al., 1991;
Zhao and Nakano, 2018). As a result, the characteristic spectrum reflectance of healthy
vegetation is characterized by combining low reflectance in the visible wavelengths with high
reflectance in the NIR wavelengths (Fig 1). On the other hand, the characteristic soil
spectrum is characterized by higher reflectance than green vegetation in the visible and lower
in the NIR regions (Daughtry et al., 2000) (Fig 1). However, different soil parameters can
affect the reflectance values, such as soil type, composition, water content and organic
matter, being the reflectance in the visible-NIR (VNIR) region reduced with higher values of

organic matter and water content (Bartholomeus et al., 2008; Ben-Dor et al., 2002).

The region between the strong chlorophyll absorption peak in the red and the within-leaf
scattering in the NIR wavelengths is called “red edge” (680 — 780 nm). An increase in
chlorophyll content produces a broadening of the chlorophyll absorption feature in the red
region, increasing the absorption boundary to longer wavelengths (Munden et al., 1994).
Consequently, the reflectance in the red edge changes with chlorophyll content (Cho and
Skidmore, 2006) or N content due to the link between both plant components (Inoue et al.,
2016). The spectral variation found in the red edge under varying chlorophyll content was

also found in the region comprised between the red and green wavelengths. However, the red



edge region is only affected by chlorophyll a + b, whereas the red-green region is sensitive to
chlorophyll a + b and carotenoids (Gitelson et al., 1996).

Longer wavelengths located in the SWIR region can be used to estimate different plant
components. For example, plant protein content, such as those contained in the chlorophyll,
can be assessed with the SWIR region using the absorption feature of N=H bonds around
1510 nm and 2180 nm (Curran, 1989; Fig 1). Identification of non-photosynthetic vegetation
or plant residue relies on the narrow absorption band of lignin and cellulose in the SWIR
region around 2100 nm (Daughtry, 2001; Fig 1). However, this region is also highly affected
by the water content, which can mask the effect of the protein and lignin content in the

narrow absorption band of the reflectance spectrum (Sims and Gamon, 2003).

In other part of the electromagnetic spectrum; in the microwave region (1 m — 1 mm) the
radiation reflected is function of the dielectric and structural properties of the surface. In crop
fields, the radiation reflected in this region is dominated by the bounces and scattering of the
radiation within the canopy structure or the soil that defines the intensity of the reflected
signal (McNairn and Shang, 2016). Because the penetration capacity of a radiation increases
with wavelength, the radiation in the microwave region can penetrate in the surface and,
therefore, it is also affected by internal leaf structure, soil structure or soil roughness among
other parameters (McNairn and Shang, 2016). The radiation backscattering in this region is
sensitive to the dielectric constant, and typically increases with water content due to the high
dielectric constant (~ 80) of the water relative to the dry soil (~ 4) or air (~ 1) (Fawwaz et al.,
1996; Mandal et al., 2020; Salarieh et al., 2020). Because the microwave radiation reflected
by a crop field is driven by the canopy and soil structure, and water content, the radiation
reflected in this region is sensitive to biomass, plant growth dynamics, and soil and
vegetation water content, among other parameters (McNairn and Shang, 2016; Mandal et al.,
2020).

Plants experience water stress when the evaporative demand exceeds water availability over a
period of time (Chaves et al., 2002). The plants respond to water stress by closing the leaf
stomata to reduce water loss, which reduces plant transpiration and CO:2 assimilation. These
induced responses, together with the reduction in RuBP synthesis due to water scarcity,
constrain the photosynthesis activity (Medrano et al., 1997; Jackson et al.,, 1981).
Consequently, water stress produces changes in the SIF because the proportion of incident

light that is used in the photosynthesis process or is dissipated as SIF or heat change due to a
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reduction in photosynthesis activity (Zarco-Tejada et al., 2012). Stomata closure limits plant
transpiration, which is a major cooling mechanism for plants. Therefore, plant temperature
increases with stomatal closure (Rud et al., 2014). Ehrler, 1973 found that in addition to
water availability, other environmental factors such as the vapour pressure deficit (VPD)

affect plant temperature.
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Fig 1. Reflectance spectrum (350 — 2350 nm) of green vegetation, non-photosynthetic
vegetation and bare soil extracted from the AVIRIS image on the “Soda-straw” flight line.
Arrows indicate the absorption peaks of some important plant components according to
Curran et al. (1989); Daughtry (2001) and Sims and Gamon (2002). Car, Anth and Chl mean

carotenoid, anthocyanin and chlorophyll, respectively.

1.3.Sensing systems used in precision agriculture

Sensing systems used in precision agriculture can be characterized by the platform and the
sensor used. Regarding the platform used, the sensing systems can be classified as remote
sensing; which obtains the information from the surface without physical contact, or leaf clip
systems that ensure full contact with the leaf tissue (Arregui et al., 2006). In remote sensing,
one of the most common platforms used to carry the sensor are satellites that collect the
information from space at hundreds of kilometers from the Earth surface (Fig 2a, b). Aerial
platforms, such as unmanned aerial vehicles (UAVSs) and aircrafts, are platforms commonly
used to collect images at several meters away from the target surface (Fig 2e, f). Field-level



platforms that include farm machinery or humans collects measurements at < 10 m from the
surface (Fig 2g).; this technique is also known as proximal sensing due to their close

proximity to the sensed surface (Sishodia et al., 2020).

Satellites (~600 - 800 km)

Aircraft (~300 m)

Fig 2. Some sensors and platforms used in this study: a) Sentinel-2 (ESA, 2023a), b)
WorldView-3 (ESA, 2023b), c) ER-2 Jet (NASA, 2023a), d) picture taken from the window
of the ER-2 (JPL, 2023a) e) spectroradiometer and thermal sensors installed onboard the
Cessna aircraft, f) Cessna aircraft, g) hand-held spectroradiometer FieldSpec, h) white

reference panel spectralon i) Dualex and j) leaf porometer.
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The sensors used in remote sensing can be active or passive, while the leaf clip sensors are
always active. Active sensors provide information about the target surface based on the light
emitted by the sensor that is captured back after being reflected or transmitted by the target
surface. This characteristic allows the sensor to take measurements that are not affected by
the sunlight conditions (Gabriel et al., 2019). On the other hand, the information provided by
the passive sensors is based on a portion of the solar spectral radiation reflected by the
observed surface (Peddle et al., 2001), or the radiation emitted by the observed surface at
specific wavelengths (Tremblay et al., 2012). One of the most common sensor types used in
precision agriculture are spectroradiometers. They are passive sensors that measure the solar
spectral radiation reflected from a surface in a particular range of the electromagnetic
spectrum to generate a radiance spectrum (W - m2 - sr! - um). In addition to the surface
properties, the value of the collected spectral radiance is dependent on the amount of
incoming solar spectral radiation (irradiance; W - m2 - sr!- um™) that changes with time and
location. For this reason, the spectral radiance is usually converted into reflectance values by
compensating the spectral radiance measured with the sensor by the incoming spectral
irradiance. Therefore, reflectance values indicate the relative portion of the spectral irradiance
that is reflected by the target surface (Peddle et al., 2001). The reflectance spectrum is
characteristic of the properties of the observed surface, so it does not vary with illumination
conditions and can be compared with a collection of spectral libraries or used for studying the
composition of different land uses, such as mineral, vegetation or water (Milton et al., 2009;
Schodlok et al., 2022). If the spectroradiometer acquires both spectral and spatial information
of the scene covered by the field of view (FOV©) of the instrument, this information
processed with modern imaging systems allows extracting the reflectance spectrum of a
georeferenced image in a pixel-base (Qian, 2021). The characteristics of the derived image
depend on the distance between the sensor and the observed surface, as well as on the

specific characteristics of the sensor.

The characteristics of the remote sensing sensors differ in spatial, spectral and temporal
resolution (Katkani et al., 2022). Spatial resolution refers to the minimum region of the
ground where the information is measured and extracted; this value corresponds to the pixel
size (m) in the derived images. The spatial resolution of the product varies with the distance
between the sensor and the target surface. The spatial coverage, or footprint, is the total
surface that is covered by an image derived from remote sensing techniques and depends on

the FOV®° and altitude of the acquisitions. Sensors providing a wide footprint allow broad-
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scale monitoring; however, they usually have a low spatial resolution (big pixel size), such as
most of the current satellite images (Rossi et al., 2022). Spatial resolution is important in crop
monitoring because the information extracted from the pixel can be affected only by the
plant, or by a combination of crop components contained within the pixel, such as a soil-plant
mix (Moran et al., 1994).

The spectral resolution is determined by the region of the electromagnetic spectrum that each
band captures (bandwidth) and plays an important role in spectroradiometer acquisitions.
Nowadays, the most advanced spectroradiometers are the hyperspectral sensors that measure
reflectance over a large number of wavelengths with bandwidths < 10 nm. Therefore, these
sensors provide a quasi-continuous spectrum that offers more information than broader band
multispectral sensors with coarser spectral resolution (Li et al., 2021). High spectral
resolution (narrow bandwidth) is important for analyzing specific crop components that have
a narrow absorption band, such as lignin or protein, by separating the effect of other
components that affect neighboring bands and can mask the influence of these component in
the signal, such as water content or other canopy components (Kokaly, 2001; Yan et al.,
2021; Li et al., 2018). In addition, other measurements such as the excess energy dissipated
as chlorophyll fluorescence require a high-resolution hyperspectral sensor to measure the
energy emitted by the chlorophyll at 685 or 740 nm. Usually, SIF is calculated using sensors
that provide a spectral resolution of < 0.5 nm, however, Damm et al. (2011) found that
hyperspectral sensors with 5- or 6-nm spectral resolution can successfully estimate SIF using

the Fraunhofer line discrimination (FLD) method.

The number of bands measured in a particular region of the electromagnetic spectrum, as
well as the total region of the electromagnetic spectrum covered by the sensor are also a
limiting factor (Segarra et al., 2020). The response of some plant components to incident
spectral radiation can only be detected in some regions of the electromagnetic spectrum, such
as the protein and lignin absorption feature located in a portion of the SWIR region (Curran,
1989). For this reason, a hyperspectral sensor covering the SWIR region is recommended for
protein or lignin content characterization, however, the price of these instruments limits their
widespread use (Milton et al., 2009). To solve limitations related to the spectral region
covered, a common practice is to install various sensors on tandem in the platform to collect
information simultaneously from sensors with different characteristics, such as the portion of

the electromagnetic spectrum covered. However, this method requires solving preprocessing
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issues such as the co-registration between non-aligned detectors (Zarco-Tejada et al., 2012;
Camino et al., 2018). The temporal resolution of the sensing system depends on the platform
and refers to the time between acquisitions taken at the same location. In the case of orbiting

satellites, it refers to the time needed to complete an orbit (Liang and Wang, 2019).

Sensors that operate within the visible-SWIR (VSWIR) region of the electromagnetic
spectrum are called optical sensors. On the other hand, radar sensors are active sensors that
operate in the microwave region. Synthetic aperture radar (SAR) systems are commonly used
for this purpose and consists of a side-looking radar imager that sequentially generates
electromagnetic radiation in the microwave region and measures the intensity of the energy
backscattered from the observed surface as decibels (db) with the antenna. The platforms of
the SAR systems are satellites or aircrafts in motion. The spatial coverage of a radar sensor
depends on the length of the sensor antenna. For this reason, to increase the spatial resolution,
a virtual aperture longer than the antenna length is placed in the platform to allow receiving
more signal. This mechanism gives the name “synthetic aperture” to the remote sensing
technique. Because they are active sensors that operate in the microwave region, they can
take accurate measurements independently from sunlight conditions and with the presence of
cloud and haze (Moreira et al., 2013).

The SAR sensors characteristics depend on the operating wavelengths, incident angle and
polarization. The incident angle is defined as the angle between the sensor beam and the line
perpendicular to the observed surface. The SAR operational radiation can penetrates into the
surface to retrieve information from internal structural and composition parameters (Moreira
et al., 2013). The depth of penetration into the observed surface increases with wavelength
but decreases with incident angle (McNairn and Shang, 2016). Some of the most commonly
used bands are X (2.5 -4 cm), C (4 —8 cm) and L (2 — 1 cm), being the penetration capacity
of the L band the highest. The polarization of the SAR sensors is the orientation of the beam
in the transmitted and received path. The polarization is important to understand the structure
of the target. Depending on the sensor, they can emit and collect information in different
polarization combinations of horizontal (H) and vertical (V) channels (HH, VV, HV and/or
VH).

Due to the link between crop water status and plant thermal emissivity, plant temperature can
be used to detect plant water stress (Tanner, 1963; Constable and Rawson, 1980; Zarco-

Tejada et al., 2012). Before infrared thermometry became available in the 1960s, most plant
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temperature measurements were conducted with leaf clip sensors (Tanner, 1963). The
development of infrared thermometry allows acquiring measurements of canopy temperature
with remote sensing techniques and mapping its spatial variability (Coates et al., 2015).
Thermal sensors calculate the surface temperature by measuring the peak of radiation emitted
in the thermal infrared region (TIR; 8 — 14 um). The radiation measured is converted to
temperature units based on the Stefan-Boltzmann law, which states that the amount of energy
emitted by a body is related to its temperature following Eq. 1 where ¢ is the Stefan-
Boltzmann constant (5.67 - 108 W - m2 - K*#) and ¢ the emissivity factor. Infrared thermal
sensors operate in the TIR because most Earth objects have high emissivity in this region
with € = 0.94 — 0.98 (Bal et al., 2018).

Emittance = ¢ -o- T* (Eq. 1)

Non-destructive and accurate assessment of the water status at field level can be achieved
with a leaf porometer (Mdller et al., 2007; Masseroni et al., 2017). These leaf clip sensors
measure stomatal conductance (mmol - m - s'1), which depends on the stomatal aperture and
regulates transpiration and gas exchange through the leaf stomata (Pietragalla and Pask,
2019). Leaf porometers take measurements by placing two known conductance elements in
series with the leaf. The difference in humidity between both conductance elements is
measured, and when the flux gradient reaches a steady state, the sensor calculates the leaf
stomatal conductance (as reciprocal of resistance) (Toro et al., 2019). A leaf with a more
open stomata allows greater conductance. Because the stomatal aperture varies during the
daytime, it is recommended to take porometer and thermal measurements close to solar noon
(Pietragalla and Pask, 2019).

Leaf clip optical sensors have been long used for non-destructive assessment of plant status at
ground level (Yadava, 1986). The clip system allows collecting information of both the light
transmitted and reflected by a plant leaf when the active sensor provides illumination in a
small dark chamber (Gabriel et al., 2019). This system ensures full contact with leaf tissue
and provides measurements independent to external light conditions (Arregui et al., 2006).
These sensors present some limitations, such as the time consuming of the measurements and
the non-uniform distribution of leaf and plant constituents that could lead to inconsistent
results (Monje and Bugbee, 1992). The leaf clip sensors known as chlorophyll-meters are

commonly used to measure leaf chlorophyll content, such as the Dualex® Scientific (Force-A,
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Orsay, France). This sensor measures leaf chlorophyll content as the ratio between the light
transmitted at two different wavelengths: one in the red edge (710 nm) absorbed by
chlorophyll and another in the NIR (850 nm) as reference (Tremblay et al., 2012).
Assessment of some epidermal polyphenol content, such as flavonols or anthocyanins, is also
performed by this sensor. Polyphenols are secondary metabolites present in the leaf epidermis
that avoid leaf damage by absorbing UV spectral radiation. Polyphenol production and
accumulation increases under different stress conditions and particularly under N deficiency
(Kandil et al., 2004). Dualex assessment of polyphenol content is based on the epidermis
absorbance as the screening effect of polyphenols on chlorophyll fluorescence. For the
assessment of polyphenols content, the Dualex sensor compares the NIR-induced chlorophyll
fluorescence not absorbed by polyphenols and a light absorbed by polyphenols in the ultra-
violet (UV; 375 nm) for flavonols or in the green (528 nm) domain for anthocyanin content
assessment (Goulas et al., 2004). The ratio between chlorophyll and polyphenol content
measured with Duakex is called the nitrogen balance index (NBI) and has been used to assess
the N status of different crops, such as maize (Tremblay et al., 2007; Quemada et al., 2014) or
wheat (Cartelat et al., 2005; Tremblay et al., 2010).

1.4.Crop monitoring with remote sensing

Canopy reflectance is affected by different crop characteristics such as vegetation structure,
photosynthetic pigments content, nutritional status (Gabriel et al., 2017) or water content
(Chen et al., 2005). For these reasons, remote sensing is a valuable tool for reducing the
environmental impact of agricultural practices by estimating crop parameters such as
chlorophyll and N content or aboveground biomass. A common technique for assessing crop
parameters is to calculate and analyze spectral vegetation indices (V1) obtained from the
reflectance spectrum. The VIs are calculated by combining the value of the reflectance at
different wavelengths (Daughtry et al., 2000). Usually, the VIs are calculated with two to four
wavelengths, and they are sensitive to different crop parameters depending on the regions of
the spectrum used (Gabriel et al., 2017). Therefore, the identification of the most sensitive
spectral region, as well as the most suitable and affordable sensor is important to optimize

crop management strategies (Prey and Schmidhalter, 2019a).

Due to the strong absorbance of leaf pigments in the visible region, there are several Vs
based on this region to retrieve pigment content, such as the ratio between reflectance at

green and red (peak of chlorophyll absorbance), to retrieve chlorophyll content (Gamon et al.,
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1992). Because the blue peak of chlorophyll absorbance overlaps the absorbance region of
carotenoids, this peak is not usually used for chlorophyll estimation. Due to the strong
influence of chlorophyll on the reflectance in the visible region, the estimation of other leaf
pigments is more challenging (Sims and Gamon, 2002). The VIs based on the peak
absorbance of chlorophyll at 660 — 680 nm have showed good correlation with chlorophyll
content, however, this region tends to saturate with relatively low values of chlorophyli
content (Gitelson et al., 1996). Consequently, different studies proposed Vs based on slightly
longer wavelengths in the red edge region to estimate chlorophyll content, which saturates
latter than the red region and it is also sensitive to chlorophyll activity (Sims and Gamon,
2002; Chen et al., 2010).

The spectrum of healthy vegetation is characterized by a low reflectance in the visible region
and a high reflectance in the NIR region. On the other hand, the characteristic soil spectrum
displays higher reflectance in the visible region than green vegetation and lower reflectance
in the NIR (Daughtry et al., 2000). For this reason, VIs based on the red and NIR region have
shown robust performance for biomass estimation, such as the well-known normalized
difference vegetation index (NDVI; Rouse et al., 1974). Due to the reduction in sensitivity of
the red band due to saturation, the VIs based on green and NIR bands showed promising

results in biomass estimation (Gitelson et al., 1996).

Because most leaf N is contained in chlorophyll, remote sensing assessment of chlorophyll
content during the growing seasons based on the VNIR region is used to predict crop N
content (Wang et al., 2004; Mistele and Schmidhalter, 2008) and final grain N content (Zhao
et al., 2005; Reyniers and Vrindts, 2006; Wang et al., 2004). However, their relationship
varies with different factors such as crop development, genetic, environmental variables or
due to the presence of N invested in proteins or other components different from chlorophyll
that can lead to inconsistent results (Wood et al., 1993; Houles et al., 2006; Berger et al.,
2020). Direct measurement of crop %N with remote sensing platforms is challenging because
it relies on the narrow range of the protein or N=H bond absorption feature located in the
SWIR region (Curran, 1989). Therefore, high-resolution hyperspectral sensors that cover the
SWIR region are the recommended method to directly estimate the N content (Berger et al.,
2020).

Distinction between plant residue and bare soil in crop fields is important due to the negative

impact of bare soil on soil quality and the benefits of conservation tillage practice (Delgado et
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al., 2010; Mitchel et al., 2016; Hively et al., 2019). However, this distinction is challenging
because it relies on the narrow absorption band of lignin and cellulose in the SWIR region
(Daughtry, 2001; Fig 1). Although some studies demonstrated the ability of multispectral
sensors to distinguish between crop residue and soil (Quemada and Daughtry, 2016; Dai et
al.,, 2018), hyperspectral sensors are able to improve the performance by measuring

reflectance in the narrow absorption band of lignin and cellulose (Daughtry and Hunt, 2008).

Furthermore, several challenges arise when using VIs to estimate the crop N status; for
example, most VIs have been developed to estimate the chlorophyll content or aboveground
biomass without considering the N dilution effect (Mistele and Schmidhalter, 2008). The
optimal %N depends on the biomass and changes with crop development; therefore, accurate
crop N status assessment requires information about both crop parameters (Lemaire et al.,
2008; Sadras and Lemaire, 2014). Also, when determining crop N status at early growth
stages (GS), before achieving full canopy cover, the soil background affects the reflectance
(Fig 3), making it difficult to distinguish between the soil and plant spectral components
(Chen et al., 2019). This is a critical issue because decisions based on N fertilization rates are
usually made at early GSs (Basso et al., 2009). Therefore, reliable estimation of crop N status
with remote sensing at early GS has been the focus of different research studies (Rodrigues et
al., 2018; He et al., 2016). In this aspect, the “canopy N status indices” comprise VIs that
compensate for the soil background effect by combining a structural and a photosynthetic
pigment index, such as in the transformed chlorophyll absorption reflectance index (TCARI)
normalized by the optimized soil adjusted vegetation index (OSAVI), forming the
TCARI/OSAVI index (Haboudane et al., 2002), or in other cases by estimating the two
components of the CDC using a planar domain approach (Clarke et al., 2001). The canopy
chlorophyll content index (CCCI) is the most common planar domain index and uses a
structural V1 as a proxy for crop biomass and a chlorophyll-related V1 as a proxy for crop N
concentration (Barnes et al., 2000; Fitzgerald et al., 2006; 2010).
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Fig 3. Red-Green-Blue (RGB) orthophoto of winter wheat at the beginning of stem

elongation showing the soil background.

Solar-induced fluorescence (SIF) emission is a proxy of photosynthetic capacity and has been
widely used to detect plant stress during the past few decades (Mohammed et al., 2019). The
proportion of the emitted SIF and photosynthesis rates varies with the plant status; therefore,
chlorophyll fluorescence has been used for the diagnosis of crop N (Camino et al., 2018) or
water status (Zarco-Tejada et al., 2012). The SIF can be retrieved with passive
spectroradiometers using the Fraunhofer Line Discrimination (FLD) approach. This method
requires measurements of solar irradiance, reflectance (at least in the 650 — 800 nm range)
and atmospheric Oz absorption band, which is the band where solar spectral irradiance is
attenuated due to atmospheric Oz absorption. Despite several absorption bands can be found
in the solar spectral irradiance, the Oz absorption bands located at 687 and 760.6 nm are
typically used to estimate SIF. This method calculates SIF by comparing radiance and
irradiance at a wavelength inside and outside the O2 absorption bands (Moya et al., 2004;
Meroni and Colombo, 2006; Damm et al., 2011).

Both crop N and water status affect the spectral radiance reflected by the crop and may
produce confounding effects on the acquired spectral reflectance, making difficult the
identification of the crop deficiencies (Barnes et al., 2000; Osborne et al., 2002; Tilling et al.,
2007; Cossani and Sadras, 2018). For this reason, it is necessary to identify spectral
indicators that are sensitive to crop N status but are not affected by the water status and vice
versa. In addition, the ability to estimate crop parameters through VIs is reduced when the
crop is experiencing water stress (Schepers et al., 1996; Kusnierek and Korsaeth, 2015).
Combining spectral and thermal information can be a solution to distinguish between the N

and water status of the crop (Tilling et al., 2007). The leaf and air temperature difference was
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proposed as a reliable method to detect plant water stress (ldso et al., 1977). However,
information of plant and air temperatures are not enough because other environmental factors
different from the water supply influence the plant temperature (Heitholt et al., 1991). To
overcome this limitation, Idso et al. (1981) developed the crop water stress index (CWSI) by
normalizing the leaf-air temperature difference with the vapour pressure deficit (VPD),
allowing comparison between vegetation at different environmental conditions and dates. The
CWSI is based on the ratio between actual and potential transpiration, calculated as the
relationship between the distance to the minimum and maximum water stress baselines. One
limitation arises when applying the CWSI with remote thermal sensors under partially
vegetated canopies: the information is taken from soil-plant mixed pixels, and soil and plant
thermal emission can be drastically different (Jackson et al., 1981; Rodriguez et al., 2005;
Shivers et al., 2019). To solve this problem, Moran et al. (1994) proposed the water deficit
index (WDI) based on the concept of the vegetation index-temperature (VIT) trapezoid,
which is calculated by plotting in a two-dimensional space the canopy-air temperature

difference and the ground cover simulated by a spectral VI.

Due to the sensitivity of the backscattering signal measured by SAR sensors to canopy
structure and water content, different indicators have been developed for crop monitoring
(Mandal et al., 2020). The signal from the cross-polarized channels (HV and VVH) is sensitive
to the structural parameters, being the intensity of the reflected light strong when multiple
scattering dominates, or low with a single bounce scattering (i.e., bare soil). On the other
hand, co-polarized channels (HH or VV) are more sensitive to water content or soil
roughness (Moreira et al., 2013). The radar vegetation index (RV1) was proposed to identify
vegetated areas using HV, HH, HV and VV SAR-channels (Kim and Van Zyl, 2009), and has
shown accurate results for biomass assessment (Shang et al., 2013; Wiseman et al., 2014).
The index value is close to zero for bare soils and increases with biomass production until its
maximum value of one. Alternative formulations were proposed for dual-polarized SAR
sensors using the VH and VV channels (Trudel et al., 2012), or the VV and VH channels
(Mandal et al., 2020), like those provided by the satellite Sentinel-1 dual-polarized SAR.

Because the final harvest depends on different crop parameters in the earlier stages, the
combination of different remote sensing indicators showed potential to predict the final crop
traits in advance (Quemada et al., 2014; Rahman et al., 2018). Approaches based on remote

sensing offer extensive information on the in-season crop parameters that affect crop
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productivity, but it is necessary to identify the best remote sensing indicator for an accurate
harvest prediction and to quantify the improvement in the prediction when combining
indicators related to different crop parameters. Due to the variety of crop parameters that
affect the final harvest, parametric statistical models that combine several remote sensing
indicators are a common technique to estimate final crop traits and have provided reliable
results for many crops, including wheat (Prey and Schmidhalter, 2019a; Zhao et al., 2019;
Raya-Sereno et al., 2021a), maize (Quemada et al., 2014; Leroux et al., 2019), or rice (Liu
and Sun, 2016). However, the error committed in the prediction is still high for many crop
traits (Raun et al., 2005; Colaco and Bramley, 2018; Quemada et al., 2014), and particularly
for those related to grain N concentration or grain quality (Rodrigues et al., 2018; Raya-
Sereno et al., 2021a). Non-parametric models, such as random forest (RF) (Breiman, 2001) or
artificial neural network (ANN) (Rumelhart et al., 1986), are expected to improve crop trait
prediction thanks to their ability to find patterns, extract information, and build high-
performance predictive models from large datasets (van Klompenburg et al., 2020). Because
of this, the number of studies that combine remote sensing data with machine learning (ML)
algorithms to estimate yield is increasing each year (Ma et al., 2019; Van Klompenburg et al.,
2020). However, more studies using ML to estimate N-related traits are needed, particularly
grain quality (Prey and Schmidhalter, 2019a; Aranguren et al., 2020; Raya-Sereno et al.,
2021b).

The most widely used remote sensing approach to retrieve crop status is based on the link
between VIs and plant constituents. However, this empirical technique relies only on the
relationship between a few spectral bands, ignoring information from other wavelengths of
the spectra and therefore, can lack of transferability (Camino et al., 2022). In addition, the
values of the Vs can be affected by external factors, such as viewing geometry, background
effect or structural composition (Zarco-Tejada et al., 2005). Because analyzing the entire
spectrum allows retrieving more detailed information about specific crop parameters, the
development of radiative transfer models (RTM) has gained importance in recent years
(Berger et al., 2020). These models can overcome the limitations of the VIs by modeling the
entire spectrum in a physic-based approach (Upreti et al., 2019; Féret et al., 2021). The RTMs
simulate the absorption and scattering of electromagnetic radiation within the vegetation
canopies while accounting for plant biochemical composition and canopy structure
(Jacquemoud et al., 2009; Verhoef and Bach, 2007).
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Several RTMs have been developed to retrieve plant biochemical and physical parameters at
the leaf and canopy levels. One of the most widely used RTM for retrieving plant parameters
at leaf level is the PRoperties Optique SPECTrales des feuilles (PROSPECT; Jacquemoud
and Baret, 1990). This RTM simulates leaf hemispherical reflectance and transmittance over
400 — 2500 nm to estimate different leaf parameters: chlorophyll content (Cab), carotenoid
content (Car), water content (EWT) and the leaf structure (N) (Atzberger et al., 2003). In the
last years different versions of PROSPECT have been released to improve the accuracy of the
estimations (Féret et al., 2017). The latest version is PROSPECT-PRO (Féret et al., 2021),
which includes the monitoring of the three main leaf pigments: chlorophyll, carotenoids and
anthocyanins. The RTMs that retrieve crop parameters at the canopy level perform by
coupling leaf properties with canopy structure and composition. One of the first RTMs that
performed at canopy level was the scattering by arbitrary inclined leaves (SAIL; Verhoef,
1984, 1985). The variables that are considered in the SAIL model are the leaf area index
(LALI), leaf inclination distribution function (LIDF), soil reflectance, hot spot parameter and
viewing and illumination angles. The PROSAIL model integrates the leaf (PROSPECT) and
canopy (SAIL) optical properties to retrieve the biochemical and physical parameters of the
crop (Jacquemoud et al., 2009). The recently released PROSAIL-PRO (Camino et al., 2022)
couples the PROSPECT-PRO (Féret et al., 2021) and the 4SAIL (Verhoef and Bach, 2007)

models.

Inversion methods that couple an RTM with machine learning regression algorithm (such as
artificial neural network (ANN)) for retrieving crop biochemical and physical parameters of
an observed spectrum are called hybrid methods and have shown promising results in the last
years (Camino et al., 2022; Verrelts et al., 2019). This method relies on a spectrum dataset
generated by the RTM simulating different combinations of plant biochemical and physical
parameters, which is called “look-up table” (LUT). The machine learning algorithm identifies
the crop parameters that best define the observed spectrum based on the link between the
spectral properties and the crop parameters extracted from the training LUT (Verrelts et al.,
2019). Hybrid methods applied with the PROSAIL model and remote sensing hyperspectral
sensors showed promising results in winter wheat Cab and LAI (Danner et al., 2021) or N
content assessment (Berger et al., 2020). However, the suitability of the hybrid RTM
inversion method for retrieving winter wheat parameters using freely available multispectral

satellite images requires further validation (Bossung et al., 2022).
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When mapping crop land use at broad scale, the typical land use classes used to categorize
the pixels in agricultural settings are green vegetation (GV), non-photosynthetic vegetation
(NPV) and soil. However, various land use classes can be captured in a single pixel when
using coarse spatial resolution imagery (Roberts et al., 2015; Almeida-Naufiay et al., 2022).
Assessment of cropland use can be performed with spectral mixture analysis (SMA)
applications that model each pixel as fractions of different land cover classes based on pure
spectra of each class, called endmembers (Adams et al., 1986). However, this technique can
lead to fraction errors because traditional SMA does not consider endmember variability
caused by varying chemical and physical conditions of the land use classes through the image
(Somers et al., 2009). For these reasons, Roberts et al. (1998) developed multiple endmember
spectral mixture analysis (MESMA) that “unmixes” images by decomposing each pixel into
subpixel fractional covers allowing the number and types of endmembers to vary on a per
pixel basis. Different studies have used MESMA for vegetation monitoring purposes; such as
assessing crop fractional cover (Dennison et al., 2019), estimating water status as a function
of fractional covers and thermal signature (Shivers et al., 2019), monitoring changes of urban
and natural vegetation during drought (Tane et al., 2018a; Miller et al., 2022), mapping fire
severity (Tane et al., 2018b) or improving the assessment of vegetation stress and

aboveground biomass (Swatantran et al., 2011).

1.5.Satellite missions for land use and vegetation monitoring

The process towards sustainable agriculture should rely on technology economically viable
for large-scale industrial cropping systems, as well as for smaller-scale systems (Basso et al.,
2020). Aerial or proximal sensors usually provide better spectral resolution than satellite
images. However, these sensors are less affordable and have spatial coverage limitations
(Dian et al.,, 2021). In this aspect, the satellite imagery available with global coverage
provides crop management support for all types of agricultural systems and land use
monitoring at a regional, national or global scale. For these reasons, freely accessible satellite
images for crop monitoring are receiving increasing attention (Zhao et al., 2019; Gomez et
al., 2019).

The first aerial mission designed to map the Earth began in the 1930-1940s (Michaelsen,
2013). The first satellite launched for Earth observation that was suitable for precision
agriculture purposes was Landsat 1 or Earth Resources Technology Satellite (ERTS) with

two instruments: the Radio Corporation of America (RCA) and the Multispectral Scanner
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(MSS). The Landsat 1 was launched by the National Aeronautics and Space Administration
(NASA) on July 1972. Currently, the Landsat program is managed jointly by the NASA and
the United States Geological Survey (USGS). Since then, a series of Landsat and other
satellites have been launched to monitor the Earth's surface.

According to Sishodia et al., 2020; Segarra et al., 2020 and McAllister et al., 2022 there are
25 multispectral satellite missions operating for Earth observation (Table 1). The suitability
of the products for crop monitoring can be analyzed on the basis of their spatial resolution,
spectral region covered, time resolution and economic cost. The best spatial resolution of the
multispectral sensors and the lowest revisit time are provided by the commercial satellites
Skysat (1 m spatial resolution, < 1 day time resolution) and WorldView-3 (1.24 m in VNIR
spatial resolution and 3.7 m in SWIR, < 1 day time resolution). One advantage of
WorldView-3 (Fig 2b) images is the number and ranges of the spectral bands; while the
multispectral Skysat sensor provides four spectral bands (blue, green, red and NIR), the
WorldView-3 collects one panchromatic band, eight visible-NIR bands, and eight short-wave
infrared (SWIR) bands, along with 12 Clouds, Aerosols, Vapors, Ice, and Snow (CAVIS)
bands. The WorldView-3 allows extracting information at broad-scale, since it can measure
1200000 km? of the Earth surface in a day (DigitalGlobe, 2023). The sensing instrument of
WorldView-3 has similar characteristics than the previously launched WorldView-2, but with
an important addition of 8 SWIR bands that showed accurate results in mineral mapping
(Kruse et al., 2015), identification of bare soil and crop residue (Quemada et al., 2018), in
crop monitoring (Sagan et al., 2021) and in assessing water content (Hunt et al., 2016). The
WorldView-3 was launched on August 2014 to operate in a nearly circular and sun-

synchronous orbit at an altitude of approximately 617 km.

Regarding the open-access satellite imagery, the launch of the Sentinel-2 constellation
allowed improvements in spectral bands, revisit time and spatial resolution in comparison
with previously launched open-access multispectral satellite missions (Segarra et al., 2020;
Table 1). The Sentinel-2 constellation (Fig 2a) is managed by the European Space Agency
(ESA) as part of the European Union Copernicus Program, and is composed of two
platforms: Sentinel-2A and Sentinel-2B that were launched in 2015 and 2017, respectively.
The Sentinel-2 satellites are identical and operate in a Sun-synchronous orbit at a mean
altitude of 786 km. Combining both Sentinel-2 platforms, this mission provides a revisit time

of two to five days between -58° to +83° latitude, supporting near-continuous monitoring of
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vegetation processes (Schulz et al., 2021a). The spatial resolution of Sentinel-2 upgraded the
resolution of Landsat 8 OLI instrument from 30 to 10 m in the VNIR bands, and from 30 to
20 m in the SWIR bands. In addition, Sentinel-2 provides three spectral bands covering the
red edge regions, which are useful for assessing chlorophyll content (Xie et al., 2019).
Sentinel-2 has been extensively used for land use and vegetation monitoring (Cisneros-
Araujo et al., 2021; Immitzer et al., 2016; Clevers et al., 2017). Moreover, convolution of
Sentinel-2 bands with ground-truth hyperspectral information confirmed the high accuracy of
reflectance acquired by the satellite sensor and, therefore, the potential for crop trait
estimation (Prey and Schmidhalter, 2019a). In September 2021, Landsat-9 EO satellite was
launched with instruments onboard very similar to those in Landsat 8, but with an
improvement in radiometric and geometric characteristics. Landsat 8 and 9 satellites provide
a revisit time of 8 days. An advantage of recent Landsat satellites is that they carry a sensor to
measure two bands in the TIR (USGS, 2023a).

Table 1.Characteristics of the multispectral satellites currently orbiting Earth according to
Sishodia et al., 2020; Segarra et al., 2020; McAllister et al., 2022 and ESA 2023c.

Year Comercial/
Satellite launched Spatial resolution Temporal resolution Open access
Landsat 9 2021 >30 m 8 days (with Landsat 8) Open access
PlanetScope 2016 3m 1 day Commercial
Sentinel-2 2015 10,20 m 2-5 days Open access
KOMPSAT-3A 2015 2.2,55m 1.4 days Commercial
TripleSat 2015 32m 1 day Commercial
Spot-7 2014 6m 1 day Commercial
WorldView-3 2014 1.24 mVNIRy 3.4 m SWIR <1day Commercial
Landsat 8 2013 >30 m 17 days Open access
SkySat constellation 2013 1m <1day Commercial
Pleiades-1B 2012 2m 1 day Commercial
KOMPSAT-3 2012 28m 1.4 days Commercial
Spot-6 2012 6m 1 day Commercial
Pleiades-1A 2011 2m 1 day Commercial
WorldView-2 2009 1.4m 1.1 days Commercial
RadidEye 2008 6.5m 1-5.5days Commercial
GeoEye-1 2008 Im 1.7 days Commercial
KOMPSAT-2 2006 4m 5.5 days Commercial
Terra-ASTER 2000 15,30 m 16 days Open access
MODIS 1999 >250m 1-2days Open access
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Satellite imagery covering the SWIR region with a wide footprint is an effective solution for
crop land use monitoring because it can identify not cultivated crop fields and tillage
practices (Goga et al., 2019). The spectral resolution of WorldView-3 (Quemada et al., 2018;
Hively et al., 2019) and Sentinel-2 (Dai et al., 2018) in the SWIR region was demonstrated to
be useful for monitoring crop residue in agricultural settings. However, hyperspectral sensors
can improve the performance by measuring reflectance in the narrow absorption band of
lignin and cellulose (Daughtry and Hunt, 2008). A new generation of hyperspectral satellites
begun at the beginning of this century. According to Qian (2021), a total of 21 spaceborne
hyperspectral sensors have been deployed into space to orbit the Earth. Currently, there are
seven hyperspectral sensors onboard satellites that cover the SWIR region: The Advanced
Hyperspectral Imager onboard the Chinesse GaoFen-5 satellite (AHSI), the Hyperspectral
Imager onboard the Indian Mini Satellite-1 (HySl), the Italian PRecursore IperSpettrale della
Missione Applicativa (PRISMA), the Hyperspectral Image Suite onboard the Japan
Experiment Module on the International Space Station (HISUI), the HyperSpectral Imager of
the LEWIS mission developed by NASA and TRW (HSI/Gisat-1), the Environmental
Mapping and Analysis Program of the German Hyperspectral satellite mission (EnMAP), and
the NASA’s Earth Surface Mineral Dust Source Investigation on the International Space
Station (EMIT). To our knowledge, the ability of these missions to monitor NPV was tested
in AHSI (Tian et al., 2021) and PRISMA (Loredana et al., 2021). New opportunities for land
use monitoring will arise with the upcoming spaceborne hyperspectral missions such as the
Surface Biology and Geology Mission (SBG; Cawse-Nicholson et al., 2021), Copernicus
Hyperspectral Imaging Mission for the Environment (CHIME; Berger et al., 2021) and
Landsat Next (Hively et al., 2021). The SBG is a NASA mission that the 2017 — 2027
National Academies’ Decadal Survey, Thriving on Our Changing Planet recommended as a
“Designated Targeted Observable” due to the need to acquire high-resolution images
coupling a hyperspectral VSWIR and thermal infrared data in a sub-monthly temporal
resolution at global scale (National Academy of Sciences, Engineering and Medicine, 2018).
The Decadal Survey recommends for the VSWIR sensor a 30 — 45 m spatial resolution, < 16
days temporal resolution and 10 nm spectral resolution. The suggested characteristics for the
thermal instrument are more than five bands in the TIR, one band at 4 um, < 60 m spatial
resolution and < 3 days of temporal resolution. The final characteristics will be determined in
the last phases of the project. For this purpose, the Airborne Visible/Infrared Imaging-
Spectrometer (AVIRIS; 350 — 2500 nm spatial resolution; ~ 10 nm spectral resolution; Green

et al., 1998) sensor is currently being used in the SBG preparatory airborne campaigns to
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demonstrate the importance and applications of the spaceborne VSWIR sensor, showing
valuable performance in crop monitoring (Dennison et al., 2019; Shivers et al., 2019).
AVIRIS has been flown in four aircrafts; however, the most common is the NASA ER-2 jet
(Fig 2c, d), which flies at higher altitude than the aircraft commonly used in remote sensing
due to its characteristic combustion method (~ 20 km above sea level) (JPL, 2023b). AVIRIS
was developed by the Jet Propulsion Laboratory (JPL) in 1984, and was the first operational
airborne hyperspectral sensor when the flight took place in 1986 on board the NASA ER-2 at
a 20 km altitude (Qian, 2021). Many modifications and upgrades have been applied to
AVIRIS since 1984 (Eastwood et al., 1991; Green et al., 1993; 1998; Cawse-Nicholson et al.,
2021). Spectrum reflectance of green vegetation, non-photosynthetic vegetation and soil

extracted from an AVIRIS image can be found in Fig 1.

Although spaceborne spectroradiometers have been successfully used for crop monitoring,
they are sensitive or restricted by atmospheric conditions (Mandal et al., 2020). The SAR
information has proven to be a reliable data source in all weather conditions despite the
interaction between microwave radiation and canopy is complex (McNairn et al., 2016) and
requires many radiometric corrections and processing, such as speckle correction (Liu et al.,
2021). The first SAR satellite launched was the Seasat dedicated to analyze the oceans. An
important improvement in Earth monitoring with SAR technology took place with the
European Remote Sensing 1 and 2 (ERS-1/2) launched in 1991, and the Japanese Earth
Resources Satellite 1 (JERS-1) launched in 1992. However, these sensors transmitted and
received microwave radiation only in a single linear polarization (VV and HH, respectively)
(Dobson et al., 1996; Kerbaol et al., 1998). The next generation of SAR satellites was able to
collect different channels in the linear polarized and in the cross-polarized channels (HV and
VH) at different frequencies (mainly at X, C and L) (Paek et al., 2020).

The Copernicus Sentinel-1 Synthetic Aperture Radar (SAR) mission was an unprecedented
opportunity for intense radar mapping of the Earth due to the improvements in time
resolution and spatial coverage, combined with the free availability (Lanari et al., 2020). The
Sentinel-1 constellation consists of two satellites, Sentinel-1A and Sentinel-1B that were
launched in 2014 and 2016, respectively, and were positioned to have the same ground track
coverage, allowing a revisit time of 6 days due to the orbital separation of 180° (Liu et al.,
2019a). The acquisition mode of the Sentinel-1 sensor is based in the interferometric wide

(IW) swath; this method integrates three subpaths of terrain observed by the progressive
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scans (TOPS) technique to generate a wider final product (footprint = 250 km; De Zan and
Guarnieri, 2006). The final product consists of cross-orbit images of dual-polarized (VV-VH)
backscatter in the C band in the ascending and descending orbits. Despite dual-polarized
sensors provide less polarimetric information than quad-polarized sensors, they allow larger
width swath acquisition with less volume of data that reduce processing time (Ainsworth et
al., 2009).

Due to the variety of spaceborne sensors available, different studies proposed the
combination of sensors with different spectral, spatial or temporal resolution (Knipper et al.,
2019; Dian et al., 2021; Zhu et al.,, 2018). Coupling information can be valuable for
improving time series monitoring, such as changes in land use or in vegetation status, and for
validating the information acquired with other sensors at different resolutions (Peddle et al.,
2001). When coupling images obtained with different sensors at different dates, discrepancies
can be found due to differences in viewing and illumination angles (Fig 4). These angles are
an important issue that must be addressed since they may lead to spectral differences when
compared to nadir-looking acquired spectra due to bidirectional reflectance distribution
function (BRDF) effects of non-lambertian surfaces (Pacifici et al., 2014; Cross et al., 2018).
Thus, the spectral intercomparison between images obtained with different platforms is
challenging. Under a given off-nadir view angle, each spectral region is affected differently;
therefore, it is necessary to evaluate how each spectral band performs under different viewing
and illumination conditions for a given surface. Convolution of satellite bands from ground-
truth nadir-looking hyperspectral data collected during field surveys is a reliable method for

validating satellite-acquired measurements (Milton et al., 2009).
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Fig 4. Red-green-blue photography of the same tree a) showing the sun-illuminated side

with brighter colors than b) the unilluminated side.

In addition to irradiance, viewing and illumination conditions, Earth land surface imagery
registered by passive spaceborne sensors requires compensating by the radiometric
disturbances that take place in the overlying atmosphere (Liang and Wang, 2019). The main
disturbances are due to absorption and scattering phenomena in the atmosphere that result
from aerosols, water vapor, and other gaseous constituents (Gilabert et al., 1994). These
disturbance effects must be compensated or corrected for accurate crop status monitoring,
time series analysis or inter-sensor comparisons (Ariza et al., 2018). This correction is
particularly important for biochemical and physical parameters extracted from multispectral
or hyperspectral images based on surface reflectance (Liang et al., 2002). The surface
reflectance values acquired by a satellite image can be quantitatively validated with ground-
truth spectral reflectance collected by field surveys using a hand-held spectroradiometer at a
particular location and time (Milton et al., 2009). This validation method can be applied in
different types of land use, including vegetation (Cross et al., 2018; Sola et al., 2018) or
inland water bodies (Martins et al., 2017; Warren et al., 2019; Wang et al., 2019a).

There are two main approaches for performing atmospheric corrections of satellite imagery,
referred to as empirical and model-based methods (Martins et al., 2017). Empirical
methodologies, such as Dark Object Subtraction (Chavez, 1988) or others described in Gao et

al. (2009) are mainly scene-based and require reflectance measurements that are either in situ
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or image derived (Gilabert et al., 1994). In contrast to empirical atmospheric correction
procedures, physical-based atmospheric-RTMs can convert image radiance into image
surface reflectance while compensating atmospheric disturbances. The corrections of the
atmospheric-RTM are based on physical models of atmospheric absorption and scattering by
the different atmospheric constituents such as gases and aerosols (Griffin and Burke, 2003;
Liang and Wang, 2019). These physic-based models requires the atmospheric constituents
measured at the time of the image acquisition to derive their contributions to the remotely
measured signal. Thus, they require input values for the modeled atmospheric constituents,
such as water vapor, aerosol or Os concentration, for accounting for the effects of both

absorption and scattering in the different spectral regions.

Atmospheric constituents at the time of satellite acquisition can be accurately measured with
other spaceborne sensors designed for this purpose. In this regard, the open-access MODerate
resolution Imaging Spectroradiometer (MODIS) instrument on board the twin Terra and
Aqua satellites launched in 1999 and 2002, respectively, is one of the most commonly used
sensors for this purpose (NASA, 2023b; Vermote et al., 2016; Martins et al., 2017). The
Level 2 MODIS atmosphere product provides six different atmospheric characteristic
measurements: aerosol (such as type and aerosol optical thickness (AOT)), atmospheric water
vapour, physical and radiative properties of clouds, atmosphere profile (such as temperature
and moisture) and cloud mask (NASA, 2023c). Due to the synchronous orbiting path of the

twin satellites, these products are available for a specific location every one or two days.

Commonly used atmospheric-RTM tools include MODTRAN (MODerate resolution
atmospheric TRANsmission; Berk et al., 1987), 6S (Second Simulation of a Satellite Signal
in the Solar Spectrum; Vermote et al., 1997), FLAASH (Fast Line-of-sight Atmospheric
Analysis of Hypercubes; Adler-Golden et al., 1999), and ATCOR (Richter, 1996; Liang and
Wang, 2019). An important feature of MODTRAN and FLAASH is their ability to
compensate for atmospheric effects recorded at the Top of Atmosphere (TOA) for a wide
range of space-borne optical sensors. These packages convert TOA radiances into bottom-of-
atmosphere (BOA) reflectance or surface reflectance while accounting for the sensor view
and illumination geometry. In recent years, new system-based algorithms of atmospheric-
RTMs have been released for atmospheric corrections. This is the case of the atmospheric
correction package Sen2Cor, developed in the framework of the Copernicus Program for
Earth Observation and embedded in the Sentinel Application Platform (SNAP) released by
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the European Space Agency (ESA, 2023d). Sen2Cor corrects multispectral Sentinel-2 Level-
1C TOA products for atmospheric scattering and absorbance, delivering a Level-2A surface
reflectance product (Main-Knorn et al., 2017), but does not allow correcting for other types

of satellite imagery.

1.6.Assessment of wheat nitrogen and water status. Application to wheat
management

According to FAOstat, in 2018, 15% of the total area harvested in the world by primary crops
was wheat, which received 17% of the total N fertilizer consumption; the highest percentage
of any crop (FAO, 2023). Wheat is one of the crops that contribute the most to dietary
calories and proteins worldwide (20%) (Shiferaw et al., 2013). Therefore, improving
assessment of wheat yield and grain protein concentration is key for global food security, and
optimizing the N applied to wheat in terms of quantity and timing must be studied to ensure
food security while maintaining environmental sustainability (Arregui et al., 2006; Tester and
Langridge, 2010). Wheat grain quality is established according to the grain protein
concentration, which is the conversion of grain N concentration (McMullan et al., 1988;
Mariotti et al., 2008). Therefore, grain N concentration determines its price in the market and
the profitability for the farmers (Wang et al., 2019b). An important source of grain N is the N
located in the vegetative organs that is translocated to the grain. The efficacy of this
translocation determines the final grain quality (Kichey et al., 2007). Yield and grain quality
maps over different years can be used as a surrogate for soil testing to define management
zones (Taylor et al.,, 2005; Yuzugullu 2020). Site-specific identification of grain protein
content would allow selective harvesting to segregate grains according to their quality to
obtain the highest benefits on the market (Long et al., 2008; Rodrigues et al., 2018).

According to Meier (2001), there are 10 different phenological growth stages (GS) during the
winter wheat life cycle (Fig 5): germination (GS0), leaf development (GS10), tillering
(GS20), stem elongation (when nodes in the stem can be detected; GS30), booting (GS40),
heading or spike emergence (GS50), flowering (GS60), fruit development (GS70), ripening
(GS80), and senescence (GS90). Between leaf development and the beginning of flowering,
the winter wheat canopy is developed and is characterized by a fast growth. Stems developed
in these stages have a great contribution to biomass in terms of weight, therefore, according
to the harvest index, a correct stem development is important for increasing yield. In winter

wheat, the harvest index was found to vary between 28 and 46 % (Singh and Stoskopf, 1971).
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There are two main sources of N that are translocated to the grain: The N accumulated in
vegetative organs before flowering and the N uptake from soil during flowering (Gaju et al.,
2014). The N stored in vegetative organs represents approximately 50 — 95 % of the final
grain protein, and therefore translocation of N from vegetative organs to the grain plays an
important role in grain quality (Kichey et al., 2007). Synchronizing the timing of fertilizer
application with winter wheat demand is important to increase NUE, yield and grain protein
content (YARA, 2023). The winter wheat maximum nutrient demand is reached during the
fast canopy development period (~ 6 months after sowing), so a common strategy is to split
into two topdressing N fertilizer applications: one at the beginning of tillering and the rest
during stem elongation (Arregui et al., 2006). Additionally, N foliar application around
flowering may be applied to increase grain protein content (Arregui et al., 2006).
Consequently, it is crucial to determine crop N status at early GSs to adjust N fertilizer rates
(Raun et al., 2005; Ravier et al. 2017). The N and water availability between late boot stage
and early grain filling determine N translocation to the grain (Ottman et al., 2000), so wheat
status information is also crucial for guiding management strategies during these GSs (Zhao
et al., 2005; Diacono et al., 2013).

A common strategy to identify the wheat N status is to calculate the NNI using the CDC
proposed for winter wheat (Justes et al., 1994). However, some studies found that this
dilution model overestimates N deficiency in wheat under water stress. For this reason,
efforts have been made to develop an alternative CDC for winter wheat under water deficit
regimes (Hoogmoed and Sadras, 2018; Neuhaus et al., 2017) or for spring wheat, often

exposed to limited water availability (Ziadi et al., 2010).
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The main objective of this Ph.D. thesis is to enhance the sustainability of cropping systems
by improving the performance of different remote sensing techniques for crop monitoring at
field and regional scale. A field experiment was conducted in Aranjuez (central Spain) to
achieve the specific objectives related to field-scale monitoring (Objectives 1, 2, 3, 4). A
dataset from California was used to fulfill the objective related to regional-scale monitoring

(Objective 5). For a better understanding of the workflow followed in this thesis, see Fig 6.
The specific objectives pursued to address the main objective of the thesis are as follows:

Objective 1: simultaneous estimation of winter wheat N and water status for adjustment of N

fertilizer and irrigation.

a) find a remote sensing indicator able to assess winter wheat N status at early growth

stages by reducing soil background noise.

b) assess the ability of different spectral and thermal indicators to detect the crop N

and water status with minimum confounding effects.

Objective 2: improve the prediction of winter wheat traits (yield, grain protein concentration

and grain N output).

a) quantify the improvement in the prediction of winter wheat traits when combining

indicators related to different crop parameters.

b) compare the feasibility when using indicators derived from airborne hyperspectral

and thermal sensors, and from the freely available Sentinel-1 and Sentinel-2 satellites.

Objective 3: compare the performance of vegetation indices and a hybrid artificial neural

network-PROSAIL-PRO method for winter wheat N status estimation and traits prediction.

a) evaluate the feasibility of applying a hybrid artificial neural network-PROSAIL-
PRO method to Sentinel-2 imagery for retrieving winter wheat crop parameters at

different growth stages.
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b) analyze the performance of estimating winter wheat N status and traits by

combining the retrieved variables.

Objective 4: analyze the accuracy of the Sentinel-2 and WorldView-3 signal in winter wheat

monitoring.

a) assess the reliability of the surface reflectance measured by Sentinel-2 and
WorldView-3 satellites for winter wheat monitoring after applying different

atmospheric correction approaches.

b) propose and validate an empirical signal normalization procedure for compensating
for the off-nadir view angle-induced effects on the surface reflectance of WorldView-
3.

Objective 5: validate the application of remote sensing imagery for landscape planning at

regional scale.

a) assess the reliability of the AVIRIS imagery processed with multiple endmember
spectral mixture analysis (MESMA) for cropland use change monitoring by

comparing it with official crop reports.

b) determine the agricultural trends and quantify the non-cultivated areas during a

multi-year drought period and post-drought period in the Central Valley, California.

The results of this thesis are showed in Chapter 4, which is structured in six sections that

achieve the above-mentioned objectives:

Chapter 4.1: Agronomical variables obtained in the Aranjuez field experiment.
e Objective 1
e Objective 2
e Objective 3

Chapter 4.2: Simultaneous assessment of nitrogen and water status in winter wheat through
planar-domain vegetation indices using hyperspectral and thermal sensors.

e Objective 1
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Chapter 4.3: Winter wheat traits prediction through ensemble modeling approaches using
aerial and satellite imagery.

e Objective 2

Chapter 4.4: Quantification of winter wheat nitrogen status and traits through radiative
transfer models using Sentinel-2 imagery.

e Objective 3

Chapter 4.5: Sentinel-2 and WorldView-3 atmospheric correction and signal normalization
based on ground-truth spectroradiometric measurements.

e Objective 4

Chapter 4.6: Drought impact on cropland use monitored through multiple endmember

spectral mixture analysis using AVIRIS imagery.

e Objective 5
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Fig 6. The general workflow followed in this thesis to fulfill the specific objectives (Obyj).
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3.1.Study sites

3.1.1. Aranjuez, Spain

A field experiment with winter wheat (Triticum aestivum L.) was carried out at La Chimenea
Research Station near Aranjuez (Madrid, Spain; Fig 7) during two consecutive growing
seasons: 2017/2018 and 2018/2019 (hereinafter referred to as 2018 and 2019, respectively).
The experimental site is bounded by the geodetical coordinates of the upper right {¢ = 40°
04' 497" N, A = 3° 32' 24.89" W} and lower left {¢ = 40° 03' 47.73" N, A = 3° 32' 0.45" W}
corners of the study area. These coordinates are given in the European Terrestrial Reference
System 1989 (ETRS89) geodetic system. The study site is flat (slope < 1%) and the soil,
representative of the medium Tajo River terraces, is mapped as Haplic Calcisol (World
Reference Base for Soil Resources, 2014) with a pH =~ 8.1, medium organic matter content
(topsoil organic C 1.01 g kg™?), and a silty clay loam texture with low stone content
throughout the soil profile. The climate of the area is classified as cold semi-arid (Bsk)
according to the Koppen classification (World maps of Képpen-Geiger climate classification,
2023). Usually, spring and summer are characterized by a substantial water deficit that is
compensated by irrigation since April. High interannual variability is characteristic of the
region; therefore, relevant climate variables were recorded hourly throughout the
experimental period with a weather station located at the farm. The mean annual temperature
is 14.8 °C and the rainfall is 360 mm (Fig 8). However, the 2018 experimental year was
unusually wet (342 mm from 1 November 2017 to 20 July 2018).

Fig 7. Field experiment at La Chimenea Research Station, Comunidad de Madrid, Spain
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(°C) in Aranjuez from 2009 to 2019 downloaded from MAPA, 2023

Each year, the study site was a different quarter of a field irrigated by a circular pivot (220 m
radius) that enables an adjustable and uniform water delivery (Fig 7). At the beginning of
each growing season (02/11/2017; 17/11/2018) a different quarter of the field was sown with
winter wheat (Triticum aestivum L, cv. Nogal) at a seeding rate of 220 kg seeds ha. The soil
uniformity and low levels of soil N inorganic content were ensured by establishing a maize
crop (Zea mays L.), that did not receive N fertilizer, before both wheat experiments. In

addition, no organic amendments were applied during the 4 years before the experiments.

A factorial experiment was established in 32 plots (22 x 22 m in 2018 and 25 x 25 m in
2019) randomly assigned into four N and two water levels, with four replications (Fig 9). The
plots were georeferenced with real-time kinematic (RTK) through the National Geodetic
Network of Reference Stations GNSS (ERGNSS) technique, using the permanent station of
Sonseca (Toledo) and Aranjuez (Madrid) due to their proximity, with a Topcon HiPer Pro

receptor® (Topcon Singapore Holdings Pte. Ltd, Singapore) (Fig 11b).

The plots were randomly assigned to four N levels and two water levels, with four
replications (Fig 9). The four N levels were established by applying N fertilizer (calcium
ammonium nitrate, CAN) from 0 to no limiting rates for crop growth, in 50 kg N ha
increments. The wheat N requirements were calculated as the product of the expected grain
yield (6.5 Mg ha'') times an extraction coefficient of 30 kg N Mg (Arregui et al., 2006).
Before the first fertilizer application each year, soil samples from 0 — 0.6 m in 0.2 m depth
intervals were taken from each plot to determine the soil mineral N content (kg N ha'') and to

adjust the amount of N fertilization accordingly (Fig 11a). Soil subsamples were extracted
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with 1 M KCI, and soil extracts were analyzed for N-NH4* and N-NOs (Keeney and Nelson,
1982). Soil mineral N was calculated as the addition of N-NH4* and N-NOs" content in the
0.60 m, and was 36 kg N ha in 2018 and 57 kg N ha? in 2019. The N available in each
treatment was calculated by adding the N applied with the fertilizer to the soil mineral N
content before fertilizer application. Prior to sowing wheat, phosphorus (50 kg P ha') and
potassium (70 kg K hat) were applied to the field to warrant no limitations. The fertilizer
rates applied to each N level were 0, 50, 100 and 150 kg N ha* for NO, N1, N2 and N3,
respectively, in 2018; and 0, 42, 92 and 142 kg N ha! in 2019. N fertilizer was hand-
broadcasted to plots in two growth stage (GS; Meier, 2001): two thirds at tillering (GS22;
25/01/2018 and 30/01/2019) and one third at stem elongation (GS35; 22/03/2018) or booting
(GS43; 15/04/2019).

To evaluate the effect of water availability on crop status, half of the plots were irrigated at
the beginning of flowering (GS63) in both experimental years (Fig 11e). In 2018, half of the
plots received 25 mm of water on May 8™. An accumulated rainfall of 46 mm between May
24™ and 29" 2018 replenished soil water storage mitigating crop water stress. In 2019, half
of the plots were irrigated in two events (30 mm on May 7% and 9 mm on May 10™).
Additionally, due to the scarcity of winter rainfall in 2019 all plots were irrigated twice with
25 mm at GS32 (13/03/2019) and GS39 (15/04/2019). In the text, the plots that did not
receive irrigation at flowering are referred to as W1, while the others as W2.
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Fig 9. Green normalized difference vegetation index (GNDVI) calculated over the Aranjuez
study site with the airborne hyperspectral imager at flowering 2019. The 32 plots of each year
separated by nitrogen rates (NO, N1, N2, N3) and water levels (W1, W2) are shown.
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3.1.2. Central Valley, California

This thesis analyzed the agricultural patterns in a region of the Southern Central Valley
(California, USA) with high abundance of crop fields (Fig 10). The Central Valley (52000
km?) is one of the most productive regions in the world; growing more than 250 different
crops that comprise one-sixth of the USA irrigated land (Faunt, 2009). The study area is
located at the Tulare Lake Hydrologic region, which is one of the driest regions of the Central
Valley and includes some of the most important agricultural producing counties in California
(California Department of Food and Agriculture, 2016): Kern (26% of the study area), Kings
(28%), Tulare (33%) and Fresno (13%). The climate is characterized as Mediterranean with
warm and dry summers, and mild and wet winters. The mean annual temperature was 13 °C
and the mean annual precipitation 533 mm in the 2000 — 2010 period (Climatic data in
Tulare, 2022).

The agricultural patterns were analyzed in the 2013 — 2018 period because it includes the
historical drought experienced in California during 2012 — 2016 (Warter et al., 2021). One of
the sectors that suffered most from the drought was agriculture, particularly in the southern
portions of the Central Valley of California (Lund et al., 2018). The drought intensity was
analyzed using the weekly climatic conditions reported by the United States Drought Monitor
(2022a) for Kern, Kings and Tulare counties. These reports provide the relative area of the
selected county that is experiencing each drought severity level (abnormally dry, moderate
drought, severe drought, extreme drought and exceptional drought). The classification of the
drought intensity levels is based on several indicators including soil moisture, precipitation,
streamflow, or impact reports, among others. More detailed information about the drought

severity levels can be found in Supplementary Material S6.
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Fig 10. a) Map of California showing the location of the crop fields and the study area within
the “Soda straw” flightline that crosses a Southern part of the Central Valley, and b) more
details of the study area showing the counties. Crop fields shapefiles were downloaded from
California Department of Water Resources (2022), and the boundaries of the Central Valley
from United States Geological Survey (2022a). Source basemap: Esri, Maxar, Earthstar

Geographics.

3.2.Agronomical variables

3.2.1. Aranjuez, Spain

The effect of N and water levels on winter wheat was determined by analyzing two samples
(0.5 x 0.5 m) of aerial biomass per plot collected three times each experimental year at mid
stem elongation (GS34, 22/03/2018 and GS32, 11/03/2019), final stem elongation (GS37,
17/04/2018 and GS39, 12/04/2019), and flowering (GS65 both years, 11/05/2018 and
13/05/2019, respectively) (Fig 11c; Table 2). The samples were dried at 65 °C during 48 h
and weighed to determine aerial biomass (shoot + leaves; kg ha). A subsample was analyzed
for calculating N concentration (%N) using the Dumas combustion method (LECO FP-428
analyzer, St. Joseph, MI, USA). At flowering, the spikes and the rest of the aerial biomass
were analyzed separately. The first sampling campaign was conducted between the first and
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second N fertilizer application, as it might be important for adjusting the second N
application. The second campaign corresponded to maximum ground cover, reached just
before flowering, and crop N status could indicate if foliar N application increases grain
protein concentration (Angus and Fisher, 1991). The third sampling campaign was carried out
at full flowering, when N translocation to spikes had already started and the experiment was
split into two water levels. This campaign was conducted 3 and 4 days after the last W2
irrigation event in both years to determine the water status while avoiding superficial water

that could affect the measurements.

To determine crop N status, the nitrogen nutrition index (NNI) was calculated by using the
CDC for winter wheat proposed by Justes et al. (1994) (Eq. 2):

%Neriticar= 5.35 * Biomass "0442 (Eq. 2)

where %Ncritical IS the minimum %N that produces the maximum growth at a given Biomass.

The actual ratio of %N and aerial biomass determined in the samples collected from the

experimental plots was used to calculate the NNI following the Eq. 3:

%N (Eq. 3)

NNI =
%Ncritical

Therefore, values of NNI close to 1 represent vegetation with N fertilization adjusted to crop
requirement, while values above 1 represent vegetation over-fertilized and below 1,
vegetation with N deficiencies. At flowering, the NNI was calculated with shoots and leaves,

excluding spikes, to account for N dilution.

To measure the yield, all plots were harvested on 20 July 2018 and 3 July 2019 with a 1.4-m-
wide combiner (Fig 11d, f). A 1-m buffer was left at both ends of the plots to avoid edges.
Simultaneously, a grain sample of each plot was saved for analysis. As performed with the
biomass samples, the grain samples were dried at 65 °C for 48 h and weighed to determine
the moisture content and yield (kg grain ha?). The subsamples of grain samples were
analyzed in the laboratory to determine the grain N concentration by using the Dumas
combustion method (LECO FP-428 analyzer, St. Joseph, MI, USA). The grain protein
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concentration (GPC; %) of each plot was calculated from the grain N concentration, and the
N output (kg N ha*) was calculated by multiplying yield by grain N concentration.

Fig 11. a) Soil samples collection for mineral soil N determination, b) georreferencing plots
with real-time kinematic, ¢) 0.5 x 0.5 winter wheat biomass sample at flowering stage, d)
experimental combiner, e) two water levels (W1 and W2) plots of the field experiment
separated by the irrigation pivot before irrigating W2 plots and f) track of the experimental

combiner after harvesting the experiment.
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3.2.2. Central Valley, California

Yearly official crop reports providing the harvested area by species were used to determine
the cropland use trends between 2013 and 2018. This dataset was downloaded for the
counties that lay inside the study area through Kern County Department of Agriculture and
Measurement Standards (2022a); Kings County Department of Agriculture and Measurement
Standards (2022); and Tulare County Agricultural Commissioner/Sealer (2022). Fresno 2013
crop reports were not available, therefore this county crop reports were not included. The
crop reports were used to calculate the cropland area covered by green vegetation (GV) and
non-photosynthetic vegetation (NPV) in the studied counties in June each year. June was
chosen because it is the peak growth of the summer crops and the vegetation status this
month is closely dependent on water availability (Shivers et al., 2018; University of
California Division of Agriculture and Natural Resources, 2022). One limitation of the crop
reports is that they do not provide the area of non-cultivated crop fields or the physiological
stage of the crops. To calculate the GV and NPV area, the species harvested each year were
classified according to their physiological status in June as GV or NPV. To ensure that crops
fell into either GV or NPV, the physiological status in June was confirmed based on the
planting and harvesting dates provided by Kern County Department of Agriculture and
Measurement Standards (2022b) and by Meier, 2001. The GV area was calculated by
summing the harvested area of the crops that are photosynthetically active in June. This
category includes summer crops, orchards and irrigated pasture. The summer crops included
in the GV category are alfalfa, blueberries, broccoli, cantaloupe, cherries, corn, cotton,
cucumbers, garlic, lettuce, onions, peppers, spring potatoes, sorghum, tomatoes, triticale,
watermelons and some crops that the crop reports enclose in a group called “others” that
includes carrots, cilantro, eggplants, beets or zucchini among others. The orchards found in
the crop reports are almonds, apples, apricots, grapes, kiwifruit, lemons, nectarines, olives,
oranges, peaches, pears, pecans, persimmons, pistachios, plums, pomegranates, prunes,
quince, tangerines, walnuts and other citrus. Despite the fact that the area between rows can
be covered by soil or senesced vegetation, it is included when calculating the GV area
because the crop reports do not separate it. Similarly, the area covered by NPV in June was
calculated by summing the harvested area of the crops that would be senesced by that month.
This category includes safflowers, winter cereals (barley, wheat and oat), beans and non-

irrigated pasture.
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3.3.Sensors campaigns
3.3.1. Aranjuez, Spain

e Leaf clip sensors

Optical determination of leaf chlorophyll content (Cab-D), leaf anthocyanin content (Anth-D)
and N status (NBI) at field level was performed with the leaf clip sensor Dualex® Scientific
(Force-A, Orsay, France) the same dates as the biomass sampling campaigns (Table 2; Fig
2i). The Cab-D is calculated as the ratio between the light transmitted at the red edge (710
nm) and the NIR (850 nm) wavelengths. The leaf epidermal polyphenols content assessment
is based on its screening effect on chlorophyll fluorescence, and it is calculated as the ratio
between the transmitted light of the NIR-induced chlorophyll fluorescence not absorbed by
polyphenols and a light absorbed by polyphenols in the ultra-violet (UV; 375 nm) for
flavonols or in the green (528 nm) for Anth-D assessment (Goulas et al., 2004). The readings
provided by the instrument are calculated by comparing the ratio of the light transmitted at
these wavelengths when measuring a leaf and in the absence of a sample (Tremblay et al.,
2012). The Dualex campaigns were conducted by taking 15 measurements per plot at the
uppermost fully developed leaf, on the upper side on representative plants avoiding midribs.
The representative value of each plot was calculated as the average of the 15 measurements.
Because the clip system ensures full contact with the leaf tissue and independence of the
measurements from external conditions (Arregui et al., 2006), Dualex readings were used as
ground-truth measurements to validate remote sensing assessment in Chapter 4.4. The ratio
between chlorophyll and polyphenols (flavonols) content is called the nitrogen balance index
(NBI), and it is used in this Chapter as on-ground optical determinations of crop N status of

each plot.

To build a ground-truth dataset of water status, the leaf stomata aperture was determined by
measuring the leaf conductance (mmol - m? - s1) of three representative plants per plot with
a clip leaf porometer (Decagon Leaf Porometer, Decagon Devices, Inc. Pullman) on 13 May
13 2019 (Table 2; Fig 2j). The leaf porometer measures stomatal conductance by placing the
conductance of a leaf in series with two known conductance elements and comparing the
humidity measurements between them. The leaf porometer calculates the stomatal
conductance resistance between the inside and outside of the leaf based on the resistance

between the leaf and the first humidity sensor and the first and second sensor (Sanad et al.,
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2019). As performed by Idso et al., 1981, the porometer measurements were collected within
one hour of solar noon. These values were used in Chapter 4.2 to validate the remote sensing

measurements for water status monitoring.

e Hand-held spectroradiometer

Ground-based reflectance spectra were acquired with a FieldSpec® Hand-Held VNIR
(Analytical Spectral Devices, Boulder, CO, USA) positioned 1 m above the winter wheat
canopy in a nadir orientation with a 25° FOV provided by fiber optics (Table 2; Fig 2g). A
bubble level fixed into the pistol grip of the Fieldspec probe ensured a pointing direction near
the vertical. The spectrum that characterized each plot was the average of 15 representative
spectra randomly acquired inside each plot; each of the 15 spectra was obtained as the
average of 10 consecutive scans recorded at the same location. The number of spectra
collected per area is considered adequate to provide a representative spectrum of the
vegetation studied (Zhao et al., 2005; Cui et al., 2019). Each scan had a spectral resolution of
3 nm over 325 — 1075 nm wavelengths, and was trimmed to 400 — 900 nm to reduce noisy
portions of the data. The readings were continuously calibrated and optimized by recording
the black and baseline reflectance with a Spectralon reference panel (Labsphere, Inc., North
Sutton, NH, USA) placed in the Fieldspec field of view at 15-min intervals (Fig 2h). These
acquisitions were used to convert the measurements to percent surface reflectance values
(Quemada and Daughtry, 2016). In each experimental year, three ground-level acquisition
campaigns were conducted at the same GS as the crop sampling collection ensuring cloud-
free sky conditions: at mid stem elongation (GS34, 22/03/2018), final stem elongation (GS37,
17/04/2018), and flowering (GS65, 11/05/2018) in 2018 and at mid stem elongation (GS32,
08/03/2019), final stem elongation (GS39, 12/04/2019) and flowering (GS65, 14/05/2019) in
2019 (Table 2). All spectra were acquired within 2 h of local solar noon under clear sky
conditions. In addition to validate the performance of the Fieldspec measurements for
determining winter wheat N status in Chapter 4.2, these acquisitions were used to validate the
atmospherically corrected surface reflectance acquired by Sentinel-2 and WorldView-3 in
Chapter 4.5.

e Airborne sensors

The Laboratory for Research Methods in Quantitative Remote Sensing of the Consejo

Superior de Investigaciones Cientificas (QuantaLab, 1AS-CSIC, Spain) carried out five
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airborne campaigns as close as possible to biomass sampling campaigns ensuring cloud-free
sky conditions (Table 2; Fig 2e, ). The flights were conducted at midday to minimize the
effects produced by different Sun illumination angles at 75 km h'! ground speed, heading on
the solar plane in all campaigns. Two hyperspectral sensors covering the VNIR and a portion
of the NIR-SWIR region, together with a thermal sensor, were installed in tandem on a

Cessna aircraft that flew 300 m above the experiment site.

The hyperspectral sensors carried by the aircraft were a VNIR imager (Micro-Hyperspec
VNIR model, Headwall Photonics, Fitchburg, MA, USA) that collected reflectance in the 400
— 850 nm region with a spectral resolution of 6.5 nm and a spatial resolution of 0.2 m, and a
SWIR Hyperspec linear-array imager (NIR-100 model, Headwall Photonics, Fitchburg, MA,
USA) capturing in the 950 — 1750 nm region with 165 spectral bands at 6.05 nm FWHM and
16-bit resolution, yielding 0.6 m spatial resolution. The radiometric calibrations of both
hyperspectral sensors were conducted with an integrating sphere (CSTM-USS-2000C
LabSphere, North Sutton, NH, USA) using four levels of illumination and six integration
times. Hyperspectral imagery was atmospherically corrected through empirical line methods
using incoming irradiance measured with a field spectrometer and simulated by the SMARTS
model (Gueymard, 1995; Gueymard et al., 2002). Spectral smoothing of the airborne spectra
was performed using the Savitzky Golay method with a filter length of 9 and interpolated to 1
nm. Wavelengths between 1320 — 1500 and 1085 — 1185 nm were removed due to

atmospheric water vapor absorption (Gao et al., 2009).

The aircraft recorded canopy temperature with a thermal infrared sensor (SC655 model, FLIR
Systems, Wilsonville, OR, USA) with a spatial resolution of 0.25 m, 16-bit radiometric
resolution, 13.1 mm focal length and 45 x 33.7° FOV®°. The thermal imagery was calibrated
using ground temperature data collected with a handheld infrared thermometer (LaserSight,

Optris, Germany) on each flight date.

Two airborne spectral campaigns were conducted in 2018: at final stem elongation (GS37,
19/04/2018) with the VNIR sensor and at flowering (GS65, 15/05/2018) with the VNIR and
the SWIR sensors. Three campaigns were conducted in 2019: at mid stem elongation (GS32,
11/03/2019) with the VNIR sensor, and at final stem elongation (GS39, 12/04/2019) and
flowering (GS65, 16/05/2019) with the VNIR and SWIR sensors. The canopy temperature
was recorded during the flowering campaigns of both years (Table 2). The RTK coordinates

were used to extract from the hyperspectral and thermal imagery the mean canopy spectrum
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and temperature per plot using a 2-m buffer on each side to ensure treatment
representativeness. The airborne hyperspectral and thermal images were used in Chapter 4.2
to assess their capability to estimate N and water status, and in Chapter 4.3 to predict winter

wheat traits.

o Satellite imagery

The accuracy of satellite imagery for crop parameters monitoring was tested using Sentinel-2
and Sentinel-1 products downloaded from the European Space Agency (ESA) DataHUB
server (ESA, 2023e) in Chapter 4.3 and Chapter 4.4. The Sentinel-2 payload is the Multi-
Spectral Instrument (MSI), which is a push-broom sensor with a swath width of 290 km that
registers the spectral radiation reflected from the Earth in 13 spectral bands: four bands at 10-
m, six bands at 20-m and three bands at 60-m spatial resolution (Table 4). The visible and
NIR bands at 10- and 20-m spatial resolution are useful for the retrieval of biophysical
surface parameters, especially vegetation characterization. Meanwhile, the 60-m resolution
bands are used for atmospheric aerosols and water vapor retrieval in atmospheric correction
approaches. The range and spectral distribution of these bands can be accessed at ESA
(2023f) and are summarized in Table 4 and Fig 14. In the study area of Aranjuez, located in
an area of swath overlap, the revisit frequency of Sentinel-2 constellation is four to five days
with an 11° forward-looking view angle. The products selected were those with the overpass
closest to the biomass collection campaigns, ensuring cloud-free sky conditions over the
experimental site in both years (Table 2). The products downloaded for retrieving the crop
parameters in Chapter 4.3 and Chapter 4.4 were the Sentinel-2 Level 2A, which indicates that
the atmospheric corrections were automatically made by the payload data ground segment
(PDGS) with the Sen2Cor procedure using atmospheric constituents derived from in-scene
spectral bands. Validation of geometric alignment of the images was conducted using the

airborne images as reference.

Two Sentinel-1 Single Look Complex (SLC)-products collected at flowering of both years
were used in Chapter 4.3 (Table 2). Sentinel-1 provides images of dual-polarized (VV-VH)
backscatter in the C band. A preprocessing process was applied to obtain images with co- and
cross-polarized backscatter (cVV® and cVH® (db)) at 10-m spatial resolution using the
Sentinel Application Platform (SNAP) (Mandal et al., 2020). The correction process followed
includes the conversion of the SLC product (the individual sub-swath of the IW and the

burst) to ground range detected (GRD), a terrain correction using the shuttle radar topography
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mission (SRTM) product as digital elevation model (DEM), a co-registration process, a
speckle correction using the “Gamma Map” filter, and a conversion of digital numbers to db
values. The final 10-m spatial resolution product allowed extracting information of one to
four pure pixels per plot. The value of the SAR channels for each plot was calculated as the

average of the pixels that completely lay inside the plot.

In addition to testing the accuracy for crop monitoring of the above-described satellite
images, another set of multispectral satellite imagery was used to validate the accuracy of the
acquired surface reflectance after applying different atmospheric correction procedures, and
to test and validate an empirical signal normalization procedure for compensating the off-
nadir viewing angle effects in Chapter 4.5. The images used for these purposes were acquired
by Sentinel-2 and WorldView-3 at final stem elongation both years (Table 2 and Table 3).
For the validation of the atmospheric correction approaches in Sentinel-2 imagery, in addition
to the above-mentioned Sentinel-2 Level 2A (atmospherically corrected with Sen2Cor using
atmospheric parameters derived from the Sentinel-2 bands) products acquired at stem
elongation both years, Sentinel-2 Top of Atmosphere (TOA) reflectance products without
being atmospherically corrected were downloaded as Level 1C to test the performance of the

different atmospheric correction approaches.

The WorldView-3 imagery acquisition was supported by the USGS Land Resources Mission
Area, Land Change Science Program. This satellite simultaneously collects one panchromatic
band, eight VNIR bands, and eight SWIR bands, along with 12 Clouds, Aerosols, Vapors,
Ice, and Snow (CAVIS) bands. The sensor provides a spatial resolution of 0.31 m in the
panchromatic mode, 1.24-m in the multispectral mode for the VNIR bands, 3.4 m in the
SWIR bands, and the CAVIS sensor provides a spatial resolution of 30 m (Table 4). The
WorldView-3 instrument is pointable, and thus has the ability to acquire images at a variety
of viewing angles, which enables a revisit time of less than one day due to its orbital and
altitude maneuvering capabilities, which enables image acquisition at varying off-nadir
angles (Satellite Image Corporation, 2017). The WorldView-3 satellite usually observes with
~ 20° off-nadir viewing and has geolocation accuracy (CE90) performance better than 3.5 m
without ground control. The preprocessing operations of the WorldView-3 images included
radiometric calibration consisting of converting WorldView-3 image Digital Numbers (DN)
into physical meaning values, such as TOA spectral radiances (LTOA, W - m? - srt. um™),

and rectification of geometric misalignments in which the upper left datum coordinate of
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each WorldView-3 image was altered by up to 40 m to shift the imagery into alignment with
the Sentinel-2 imagery through visual comparison of clear geometric features within each
image. Subsequent to the geometric correction, the various imagery datasets were clipped to
the bounds of the study area. At this point, it was verified that all the datasets were
geometrically consistent and presented georegistration disparities below their spatial
resolution. This is equivalent to an error under one pixel, which ensures geometric fidelity
during the spectral extraction and comparison process. All the imagery datasets were
geodetically referenced to the ERTS89 system and projected to the Universal Transverse
Mercator (UTM) coordinates cartographic system (Zone 30).

Regarding the acquisition schedule for these datasets, Sentinel-2 and WorldView-3 products
were selected with the minimum possible time difference. In 2019, both types of imagery
were acquired almost simultaneously on April 12, In 2018, the Sentinel-2 and WorldView-3
products were acquired with a one-day difference on April 17" and 18", respectively, which
is expected to produce a low and affordable difference in surface reflectance (Qiu et al.,
2019; Shang et al., 2019). The satellite imagery product identifiers and acquisition times are
summarized in Table 3. In the Aranjuez study site, the WorldView-3 acquisitions for 2018
and 2019 were acquired with 24.6° and 39.1° satellite off-nadir viewing angles with backward
and forward solar illumination geometries, respectively. Sentinel-2 was acquired with a
consistent 11° forward view angle. The aim was to ensure similar illumination and
atmospheric conditions, which ideally allows more consistent comparison of surface

reflectance values from both satellite images.
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Table 2. Growth stages (GS) and dates of sensors and biomass campaigns in the Aranjuez

field experiment.

Mid stem elongation  Final stem elongation Flowering
Dates GS Dates GS Dates GS
Biomass 22/03/2018 GS34 17/04/2018 GS37 11/05/2018 GS65
11/03/2019 GS32 12/04/2019 GS39 13/05/2019 GS65
Dualex 22/03/2018 GS34 17/04/2018 GS37 11/05/2018 GS65
11/03/2019 GS32 12/04/2019 GS39 13/05/2019 GS65
Porometer - GS34 - GS37 - GS65
- GS32 - GS39 13/05/2019 GS65
FieldSpec 22/03/2018 GS34 17/04/2018 GS37 11/05/2018 GS65
08/03/2019 GS32 12/04/2019 GS39 14/05/2019 GS65
Aircraft - GS34 19/04/2018 GS37 15/05/2018 GS65
11/03/2019  GS32 12/04/2019 GS39 16/05/2019 GS65
Sentinel-2 28/03/2018 GS34 17/04/2018 GS37 12/05/2018 GS65
10/03/2019 GS32 12/04/2019 GS39 12/05/2019 GS65
Sentinel-1 - GS34 - GS37 11/05/2018 GS65
- GS32 - GS39 18/05/2019 GS65
WorldView-3 - GS34 18/04/2018 GS37 - GS65
- GS32 12/04/2019 GS39 - GS65
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Table 3. Sentinel-2 and WorldView-3 products used in this thesis for atmospheric correction

and signal normalization analysis.

Acquisition

day/time Mission Product Identifier

(dd-mm-

YYYyy)

17-04-2018  Sentinel-2 S2A_MSIL1C 20180417T110651 N0206 R137_T30TVK 20180417T150806
11:06:51 S2A_MSIL2A_20180417T110651 N0207_R137_T30TVK_20180417T150806
18-04-2018 WorldView-3 VNIR: WV320180418112232M01

11:22:32

12-04-2019  Sentinel-2 S2A MSIL1C 20190412T110621 N0207_R137_T30TVK_20190412T115548
11:06:21 S2A MSIL2A 20190412T110621 N0211 R137_T30TVK 20190412T123858
12-04-2019 WorldView-3 VNIR: WV320190412114009M00

11:40:08

Table 4. Spectral and spatial resolution of the Sentinel-2 and WorldView-3 satellites. The

bands used in the assessment of atmospheric correction are shaded.

Sentinel-2 WorldView-3
Name Center Spectral Spatial Name Center Spectral Spatial
(nm)  resolution resolution (nm) resolution resolution
(hm) (m) (hm) (m)
Bl 443 20 60 Coastal 425 50 1.24
B2 490 65 10 Blue 480 60 1.24
B3 560 35 10 Green 545 70 1.24
Yellow 605 40 1.24
B4 665 30 10 Red 660 60 1.24
B5 705 15 20
B6 740 15 20 Red Edge 725 40 1.24
B7 783 20 20
B8 842 115 10 NIR 1 832.5 125 1.24
B8A 865 20 20
B9 940 20 60 NIR 2 950 180 1.24
SWIR 1 1210 30 3.7
B10 1375 30 60
SWIR 2 1570 40 3.7
B11 1610 90 20
SWIR 3 1660 40 3.7
SWIR 4 1730 40 3.7
B12 2190 180 20 SWIR 5 2165 40 3.7
SWIR 6 2205 40 3.7
SWIR 7 2260 50 3.7
SWIR 8 2330 70 3.7
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3.3.2. Central Valley, California

The surface reflectance of the study area collected with AVIRIS-classic was downloaded
from the Jet Propulsion Laboratory (2023c) and analyzed to obtain the cropland use between
2013 and 2018 (Fig 10). The AVIRIS-classic sensor collects 224 narrow bands from the
visible to the SWIR region (350 — 2500 nm) at 10 nm FWHM (Green et al., 1998). It has a
FOV® that generates a spatial resolution of 20-m from an aircraft altitude of 20 km; the height
often flown by the NASA ER-2 jet. The images used belong to the “Soda Straw” flightline
collected on 6 June 2013, 3 June 2014, 2 June 2015, 21 June 2016, 7 June 2017, and 21 June
2018. The flights took place within 2 hours of solar noon. The NASA Jet Propulsion
Laboratory (JPL) performed the atmospheric correction to Level 2 surface reflectance using
the ATmospheric REMoval (ATREM) algorithm (Thompson et al.,, 2015), and the
orthorectification of the imagery at a spatial resolution of 18 m. The bands that were affected
by atmospheric disturbances and those at both ends of the spectrum were removed using
ENVI bad band list to reduce noise in the data. The bands removed were those within the 350
— 400 nm, 900 — 950 nm, 1100 — 1150 nm, 1320 — 1430 nm, 1750 — 2000 nm and 2370 —
2500 nm spectral regions. No clouds or cloud shadows were found over the study area.

3.4.Development of vegetation indicators

3.4.1. Spectral Vegetation indices

Various spectral vegetation indices (VIs) described in the literature were calculated using the
derived surface reflectance (Table 5). Different sensors and VIs were used in each Chapter to
meet the specific objectives. For the hyperspectral sensors, the original equation proposed for
narrow bands was used. For the VIs calculated with the Sentinel-2 multispectral bands, the

equation with the closest bands was used (Table 4 ;Table 5).

The VIs are linked to different crop parameters depending on the region of the
electromagnetic spectrum used. The VIs were classified according to their main sensitivity to
i) canopy structure, ii) chlorophyll a + b and other photosynthetic pigments, iii) canopy N
status and iv) water status (Table 5). The structural indices are based on the relationship
between bands in the NIR and visible regions. The photosynthetic pigments Vs are based on
bands from visible and red edge regions, sometimes normalized by the NIR reflectance. Two
VIs based on the reflectance in the SWIR region were selected as water VIs due to the

sensitivity of this region to water content (Gao et al., 2015). Among the canopy N status
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indices, the canopy chlorophyll content index (CCCI) is a planar domain VI that estimates
plant N status in a mixed soil/plant pixel by analyzing the relationship between one biomass-
and one chlorophyll -related V1 plotted in a two-dimensional space (Clarke et al., 2001). The
CCCI value of each plot was calculated in a two-dimensional space by representing the
NDVI on the X-axis, and the NDRE on the Y-axis. Consequently, the value of CCCI was
calculated by comparing the distance of each point to the upper and bottom lines that involve
the cloud of points from the coordinate origin. N-sufficient plots will be located in the graph
close to the upper line, whereas N-deficient plots will approach the bottom line. The
TCARI/OSAVI estimates crop N status and compensates the soil effect by combining a
structural (OSAVI) and a photosynthetic pigment (TCARI) index (Haboudane et al., 2002).

3.4.2. Solar-induced chlorophyll fluorescence

The hyperspectral canopy reflectance acquired by the airborne sensors was used to calculate
the solar-induced chlorophyll fluorescence (SIF) emission for each plot at the time of the
flights. The SIF was calculated by the Fraunhofer line-depth (FLD) approach using the solar
irradiance and the radiance reflected from the canopy in the atmospheric O2 absorption band
at 760.5 nm (Plascyk and Gabriel et al., 1975; Meroni et al., 2010). The FLD method used
two spectral bands “in” and “out” the Oz absorption band. The radiance used was Lin (L762
nm) and Lout (L7so nm) as well as the irradiance Ein (E762 nm) and Eout (E7so nm) from the
irradiance spectra concurrently measured at the time of the flights. The incoming irradiance
was simulated using the SMART model (Gueymard, 1995; Gueymard et al., 2002) based on
the aerosol properties and weather condition at the time of the corresponding flight. The
atmospheric aerosol properties were characterized using the aerosol optical thickness (AOT),
Angstrom exponent and air the mass measured by the closest AErosol RObotic NETwork
(AERONET; NASA, 2023d). The simulated spectral irradiance was interpolated and
convolved to fit the bandwidth of the hyperspectral senor.
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Table 5. The original equation and the equation adapted to the multispectral Sentinel-2 bands
of the spectral vegetation indices used in this thesis.

Index Equation Equation Sentinel-2 Reference
Structural indices
Normalized Difference Vegetation (R800 - R670)/(R800 + R670) (B8 - B4)/ (B8 + B4) Rouse et al.,
Index 1974
(NDVI)
Green NDVI (R800 - R550)/(R800 + R550) (B8-B3)/ (B8 +B3) Gitelson et al.,
(GNDVI) 1996
Optimized soil-adjusted vegetation (1+0.16) * (R800 - R670)/(R800 + R670 + 0.16) (1+0.16) * (B8 - B4) / (B8 + B4 + 0.16) Rondeaux et al.,
index 1996
(OSAVI)
Enhanced Vegetation Index 2.5* (R800 - R670) / (R800 + 6 * R670 - 7.5 * R400 + 1) 2.5%(B8 - B4) / (B8 + 6 * B4 - 7.5 *B2+1) Huete et al.,
EVI) 2002
Photosynthetic pigment indices
Photochemical Reflectance Index (R531 - R570)/(R531 + R570) (B2-B3) /(B2 +B3) Gamon et al.,
1992
(PRI)
Red Edge Chlorophyll Index R750/R710 B6 / BS Zarco-Tejada et
I al., 2001

Transformed Chlorophyll
Absorption in Reflectance Index

(TCARI)

Double-Peak Canopy Nitrogen
Index

(DCNI)

Modified Normalized Difference
705

(MNDos)

Modified Simple Ratio 705
(mSR705)
Normalized Difference Red Edge
(NDRE)

N850,1510

Cellulose Absorption Index
(CAI)

Normalized Difference Water

3 ((R700 - R670) - 0.2* (R700 - R550)*(R700/R670))

(R720 - R700)/(R700 - R760))/(R720 - R670 + 0.03)

(R750 — R445)/(R705 — R445)

(R750 — R705)/(R750 + R705 — 2*R445)

(R790-R720)/(R790+R720)

(R850-R1510)/(R850+R1510)

0.5*(R2000+R2200)-R2100

Water indices

3% ((B5 - B4) - 0.2 * (B5 - B3) * (B5 / B4))

(B6 - B5) / (B5 - B4)/ (B6 - B4 + 0.03)

(B6 - B5)/ (B6 - B5 - 2*B2)

(B6-B2)/ (B5 - B2)
(B8 - B6) / (B8 + B6)

(B8 - B11)/ (B8 + B11)

Haboudane et al.,
2002

Chen et al., 2010

Sims and
Gamon, 2002

Sims and
Gamon, 2002

Barnes et al.,
2000

Camino et al.,
2018

Daughtry, 2001

Index 1240 (R860 — R1240)/(R860 + R1240) - Gao 1996
(NDWI 1240)
Normalized Difference Water
Index 1640 (R860 — R1640)/(R860 + R1640) (BSA — B11) / (B8A — B11) JaCksz%%Zt .,
(NDWI 1640)
WET i 0.1509*B2+0.1973*B3+0.3279*B4+0.3406*B  Schulz et al.,
8A-0.7112*B11-0.4572*B12 2021b
Canopy indices
TCARI/OSAVI TCARI/OSAVI Haboudane et al.,
2002
Canopy Chlorophyll Content Index CCCI = f(NDVI, NDRE) Barnes et al.,
2000
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3.4.3. Microwave-based indicator

In addition to the spectral VIs based on the VSWIR region, the radar vegetation index (RVI)
was calculated with the information of the backscattering intensity in the microwave region
collected with the satellite Sentinel-1 SAR. The modification of the quad-pol RVI (Kim and
Van Zyl, 2009) for dual-pol SAR (Mandal et al., 2020) data was calculated for each plot
following Eq. 3.

46VH (Eq. 3)

RVI = ———
(oVV + oVH)

3.4.4. Temperature-based indicators

In this thesis, the performance of canopy temperature-based indicators was tested to assess
water status. The temperature-based indicators were the canopy-air temperature difference
(Te-Tair; Idso et al., 1977) and the water deficit index (WDI; Moran et al., 1994). The WDI is
an indicator of crop water status that adapts the Tc-Tair to partially vegetated fields. To
calculate the WDI, the vegetation index-temperature (VIT) trapezoid was plotted in a two-
dimensional space created by the surface-air temperature differential on the X-axis, and a
fractional vegetation cover VI on the Y-axis. As proposed by Moran et al. (1994), the soil-
adjusted vegetation index (SAVI; Huete 1988) was used as a surrogate for fractional
vegetation cover. The VIT trapezoid was defined by two horizontal lines at full ground cover
and at bare soil. The value of the full ground cover was the maximum SAVI obtained in all
airborne spectral images. The bare soil value was the minimum SAVI extracted from 30
pixels randomly located at the pivot-track, half at each water level. The dry and wet bare soil
vertices were determined using the image mean temperature of the dry and wet pixels located
on the pivot-track of the W1 and W2 zones, respectively. The maximum and minimum water
stress vertices at full canopy cover were derived based on the baselines proposed for post-
heading winter wheat by Idso (1982). The air vapor water pressure was calculated from the
relative humidity and air temperature recorded at the time of image acquisition by the
weather station located at the experimental farm. The minimum water stress line of the VIT
connects the vertices of wet bare soil and minimum water stress at full canopy cover.
Vegetation points close to this line experience minimum water stress. The maximum water

stress line links the dry soil vertex with the maximum water stress at full canopy cover. The
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WDI was calculated for each plot as the ratio between the horizontal distance to maximum

and minimum water stress lines.

3.5.Statistical analysis for crop parameters retrieval

3.5.1. Simultaneous assessment of crop N and water status

Statistical analyses were carried out to assess the potential of the different indicators for
estimating N and water status using the information extracted from the FieldSpec and from
the hyperspectral and thermal airborne sensors in Aranjuez field experiment. The results are

shown in Chapter 4.2.

In the first step, a set of structural, photosynthetic pigment and canopy VIs were tested as
proxy of the N status (Table 5), and the water VIs and the thermal indicators as proxy of the
water status. The crop parameter used to define the N status was the NNI calculated from
biomass measurements. The crop parameter that described the water status was the leaf
stomatal conductance (mmol - m? - s) measured with the leaf porometer. The different
water levels were established at flowering stage both years, therefore, the water status was
determined only at this GS. The predictive ability of the indicators to estimate crop status in
each sampling campaign was evaluated by calculating the coefficient of determination (R?)
and the root mean square error (RMSE) from the linear relationships. In the second step, the
remote sensing indicators that best described the N and water status were combined using a
multiple lineal regression model fitted to the NNI to develop a new index for N status

assessment that consider the water status.

The ability of VIs to distinguish between N levels without confounding effects was evaluated
at flowering using least squares means contrasted with the Tukey test (P < 0.05) with the N
level as the factor. The same methodology was applied to validate the performance for water
status but using the water level as the factor for each N level. In addition, a two-way ANOVA

was conducted to analyze the effect of N, water and N x water in the indicators.

3.5.2. Assessment of winter wheat traits with ensemble models

The capacity of the VIs to estimate winter wheat traits (yield (kg ha?), grain protein
concentration (%; GPC) and grain N output (kg N ha)) was compared against combining

different indicators with ensemble models. For each trait, the indicators included in the
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ensemble models were selected according to their link with the traits and with specific crop
biochemical and physical parameters that affect crop traits. To identify the most suitable
sensor, the indicators were grouped according to the sensor required to calculate them. Each
group of indicators was added one at a time to the ensemble models to quantify the potential
improvement in the estimation. This thesis compared the performance when using airborne
and Sentinel information. The results obtained from these analyses conducted in the Aranjuez

field experiment are shown in Chapter 4.3.

3.5.2.1. Selection of indices as proxy of crop parameters

The mean airborne spectrum of each plot was used to construct a R? contour map for each
winter wheat trait. The contour maps represent the R? value from the linear regression
between each trait and each normalized difference spectral index [NDSI (A1, A2) = (A1-
A2)/(A1+A2)] calculated with a combination of all possible hyperspectral bands (A) when A1 >
A2 and A € [400, 1750 nm]. From each contour map, the NDSI with the highest R? value was
selected as proxy of the trait and used as benchmark to test the potential improvement when
combining several indicators. The first sensor tested with the ensemble models was the
hyperspectral VNIR. For this, a canopy structure-related NDSI and a chlorophyll-related
NDSI were selected from this region. The structural NDSI was selected among those based
on an NIR and a visible band (Rondeaux et al., 1996). The chlorophyll-related indices were
selected among the NDSIs based on an NIR and a red edge band, two bands in the red edge,
or two bands in the visible region (Prey and Schmidhalter, 2019b). The links between the
selected NDSlIs with the canopy structure, and chlorophyll content were verified by analyzing
their linear relationship with aboveground biomass and plant %N, respectively. The second
sensor included was a hyperspectral sensor that covers the SWIR region. To this end, an
NDSI based on one or two SWIR bands was selected and included in the ensemble models.
Collinearity between the selected NDSIs was avoided by ensuring a Pearson's correlation
coefficient < 0.75. The third analysis tested the performance when a high-resolution VNIR
hyperspectral imager and radiance information are available. For this purpose, the SIF
emission was calculated by the FLD principle. The last sensor included in the analysis was a
thermal camera because of its capacity to determine the crop water status. The water deficit
index (WDI) was calculated based on the vegetation index—temperature trapezoid (VIT)
using the soil adjusted vegetation index (SAVI; Huete et al., 1988) as a proxy of ground
cover (Moran et al., 1994).
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The estimation capacity using satellite information was tested by applying the methodology
described but using the indicators calculated with Sentinel-1 and Sentinel-2. The structural,
chlorophyll and SWIR indices used as input variables for estimating wheat traits with the
airborne hyperspectral sensor were calculated using the closest Sentinel-2 convolved bands.
The B8A band was not used because its spectral region (855 — 875 nm) was in the gap
between the regions covered by the VNIR (400 — 850 nm) and the SWIR (950 — 1750 nm)
sensors installed on the aircraft. The B11 band was used as the SWIR band in all SWIR-
based indices because the region of the B12 band was not covered by the aircraft spectral
range (Table 4). The RVI calculated with Sentinel-1 was included in the analysis to quantify
the potential improvement when using the combination of Sentinel-1 and Sentinel-2 for
winter wheat trait estimation. The SIF and the WDI cannot be calculated with the Sentinel

dataset and, therefore, were not included in the Sentinel analysis.

3.5.2.2. Sentinel-2 bands convolved validation

Because no pure pixels of the Sentinel-2 20-m bands were available for all plots, the Sentinel-
2 bands were convolved using the reflectance spectra collected with the VNIR and SWIR
sensors onboard the aircraft. To validate the convolved bands, first, the 10-m Sentinel-2
bands were resampled to 20 m, which resulted in 59 pixels per year in the study site. For each
Sentinel-2 pixel, the average spectrum of the airborne imagery was extracted and convolved
using the spectral response function (ESA, 2023f; Fig 14). The coefficients of the regression
line of the linear relationship between the Sentinel-2 and the convolved bands were applied to
each convolved band to increase similarities between the real Sentinel-2 and the convolved
bands. The resulting bands were used to calculate the Sentinel-2 spectral indices applied in
this study. Finally, the validation process was performed by analyzing the linear relationship

between the NDSlIs calculated with Sentinel-2 and with the convolved bands (n = 118).

3.5.2.3. Ensemble models for winter wheat traits estimation

The ensemble models used to quantify the potential improvement in the estimation when
combining different sensors/indicators were i) multiple linear regression (MLR), ii) artificial
neural network (ANN) and iii) random forest (RF). The 10-fold cross-validation resampling
technique was used with a random subset of 70% of the plots for training and the remaining

30% for testing. The training dataset was used to calibrate and optimize the models. The
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testing dataset was used to evaluate the learning capacity of model transfer by calculating R?

and RMSE between the measured traits and the estimated values at each fold.

The performance of the MLR model was evaluated by first fitting the training dataset to the
crop trait analyzed. Second, the equation of the linear regression was used with the testing
dataset. Finally, the linear relationship between the predicted and observed crop trait was

analyzed.

The ANN model was built using the back-propagation algorithm. This model consists of a
network composed of one input layer, one or more hidden layers, and one output layer
connected by neuron-like units where each connection has a weighting factor. During the
training process, the back-propagation algorithm repeatedly adjusts the weighting factors to
minimize the mean square error (MSE) between the output and the estimated parameter
(Rumelhart et al., 1986). In this study, the ANN was run by setting the number of hidden
layers to 2 and the number of neurons in the hidden layer equal to the number of input
variables. The ANN model was executed using the “neuralnet” package implemented in the R
software (version 4.0.5; R Core Team, 2021).

The RF is an machine learning model based on multiple decision trees (Breiman, 2001). The
training dataset was used to optimize the model by selecting the optimal number of regression
trees (ntree) and the number of variables included in each node (mtry). The most suitable
value of ntree was calculated by varying it from 50 to 1000 with 50 intervals while fixing
mtry as default (500). The selected mtry value was optimized by varying mtry from 1 to the
number of input variables minus 1 with a single interval, while setting ntree as the optimized
value. For the optimization process, the ntree and mtry variables selected were those that
obtained the minimum MSE using the training dataset. The RF model also quantified the
importance of each input variable in the estimation as the increase in node purity
(IncNodePurity; Dube et al.,, 2019). This index measures the increase in MSE when
permuting the out-of-bag (OOB) portion of the data (Liaw and Wiener, 2002). The most
important variables have a higher IncNodePurity value; therefore, this value was used to rank
the input variables according to their importance in the estimation to identify the most
suitable sensor. The RF regression was conducted using the “randomForest” R package
(Liaw and Wiener, 2002).
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3.5.3. Hybrid artificial neural network-PROSAIL-PRO method for crop
N status and traits monitoring
A hybrid machine learning method was applied to the Sentinel-2 imagery collected in the
Aranjuez experiment to retrieve the chlorophyll content (Cab), the anthocyanin content
(Anth), the leaf area index (LAI) and the equivalent water thickness (EWT) of each plot at
mid stem elongation, final stem elongation and flowering each year. The retrieved crop
parameters were combined accordingly to estimate the winter wheat N status and to predict
traits. The hybrid method was implemented by following several steps: i) applying the
PROSAIL-PRO radiative transfer model to generate a dataset of simulated Sentinel-2 spectra
corresponding to different combinations of crop parameters, ii) selection of the simulated
spectra that match the range of the observed 10- and 20-m Sentinel-2 bands, iii) identification
of the most suitable VIs for estimating the crop parameters based on the simulated spectra, iv)
retrieval of the crop parameters corresponding to the observed Sentinel-2 spectra by feeding
an ANN regression algorithm with the simulated spectra dataset, the selected VIs and the
Sentinel-2 bands, and v) to combine the retrieved crop parameters to estimate winter wheat N
status and to predict traits. These results were compared when using spectral VIs from

literature to estimate N status and to predict traits.

The dataset used in this process comprises the three Sentinel-2 images downloaded at mid
stem elongation, final stem elongation and flowering each year (Table 2). It was selected 16
plots each year, ensuring that > 60% of the 20-m Sentinel-2 bands pixels lay inside the
corresponding plot (Fig 12). The 10-m Sentinel-2 bands were extracted from the pure pixels
that were completely inside the plots. This process allowed acquiring between 1 to 4 pure 10-
m pixels per plot. The characteristic spectrum of each plot was calculated as the average of

the spectral bands. The results of these analyses are shown in Chapter 4.4.
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Fig 12. Maps of a) the optical soil vegetation index (OSAVI) and b) the red edge chlorophyll
index (CI) calculated with the 10-m and 20-m Sentinel-2 bands, respectively, over the
Aranjuez experimental site both years at flowering. Plots display different colors according to
the N level (NO, N1, N2 and N3). The triangles with different colors indicate the two water
levels (W1 and W2). The points indicate the pixels selected for the study.

3.5.3.1. Development of Look-up tables with PROSAIL-PRO
radiative transfer model
The PROSAIL-PRO model couples the PROSPECT-PRO leaf reflectance model (Féret et al.,
2021) and the 4SAIL turbid medium canopy radiative transfer model (Verhoef and Bach,
2007) to generate simulated spectra (LUT). The LUTs used in this study are datasets
containing several spectra simulated with PROSAIL-PRO where each spectrum corresponds
to a different combination of crop parameters, view and illumination angles and soil spectra.

More detailed information and the range of the parameters considered in the PROSAIL-PRO
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is shown in Table 6. A LUT with 30000 spectra convolved to the Sentinel-2 spectral bands
was generated for each date by matching the simulated spectra with the corresponding
Sentinel-2 bands. The LUTs were generated by constraining the ranges of the crop
parameters used by PROSAIL-PRO until a similar mean value and standard deviation were
obtained between the simulated and observed Sentinel-2 bands of each date. The ranges of
the crop parameters used in this study were based on field measurements, preliminary
simulations and previous studies conducted with winter wheat (Camino et al., 2022; Raya-
Sereno et al., 2022; Longmire et al., 2022) (Table 6). The values of the crop parameters were
randomly generated using a uniform distribution between the minimum and maximum
values. PROSPECT-PRO identifies the leaf dry matter content (LMA) as the sum of its
components: N-based (proteins) and carbon-based constituents (CBC; cellulose, lignin,
hemicellulose, starch and sugars). To generate the LUTS, the protein and CBC values were
fixed, and LMA varied (Table 6). The soil spectra used by PROSAIL-PRO were extracted
from six pixels of bare soil located near or within the Aranjuez experimental field in each
Sentinel-2 image. The viewing and illumination geometry were retrieved from the Sentinel-2
metadata and added an extra + 5° to the final range. The soil spectra and the viewing and
illumination angles extracted from each image were used to generate the LUT of the
corresponding image. The LUTs were generated in R (version 4.1.1; R Core Team, 2021)
using the “hsdar” R package (Lehnert et al., 2019).

The number of spectra in the LUT corresponding to each Sentinel-2 date was later reduced by
eliminating the simulated spectra that differ from the observed spectra. For this purpose, the
minimum and maximum values of each Sentinel-2 observed band were calculated, and the
simulated spectra that were not within these ranges in all bands were excluded. A difference
of surface reflectance in 20% was allowed in the visible and red edge bands, and a difference
of 10% was allowed in the NIR and SWIR bands. After the spectra selection, the six LUTSs
corresponding to each date were merged in a common LUT, which would allow testing the

transferability capacity of the method.

3.5.3.2. Selection of vegetation indices

The five Vs that best describe each of the crop parameters (Cab, Anth, LAl and EWT) were
selected to be included in the machine learning algorithm described below, together with the
ten 10- and 20-m multispectral Sentinel-2 bands from the final LUT. To select the VIs
included in the method, the VIs from the literature (Table 5) were calculated for each
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spectrum of the LUT using the equations adapted to the multispectral Sentinel-2 bands. In
addition, another set of VIs was selected from the R? contour maps calculated for each crop
parameter with all normalized difference spectral indices [NDSI (A1, A2) = (A1-A2)/(A1t+A2)]
calculated with all possible Sentinel-2 multispectral bands () combination when A1 > A2. The
five VIs that obtained the highest R? with each crop parameter in the LUT were selected to be
included in the hybrid method as input variable in the learning process for the corresponding
agronomical variable. The selected VIs were also calculated with the observed Sentinel-2
reflectance spectra and included as input variable in the prediction process. The VIs
calculated with the observed spectra were extracted for each plot using the mean value of the

spectral bands in each date.

3.5.3.3. Retrieval of crop parameters with artificial neural network

For implementing the hybrid method, the LUT with the corresponding spectra, the selected
VIs and the corresponding crop parameters was used to train a machine learning ANN
algorithm with four hidden layers. This approach was trained using the LUT to find the link
of the input variables with Cab, Anth, LAl and EWT. This learning process allowed
retrieving the crop parameters corresponding to each observed Sentinel-2 spectrum. In the
simulated training process, the spectra were split into a training (80%) and testing (20%) part.
In the training part, a 10-fold cross-validation procedure was implemented to select the best
variables and to avoid overfitting using the stepwise variance inflation factors (VIF). Later,
the spectra of the LUT were scaled to provide a faster and more stable convergence during
the learning process. Six different transformations were used for the spectral scaling: i)
normalization ii) minimum-maximum iii) standardization, iv) robust scaling based on the
Interquartile Range (IQR), v) quantile transformer and vi) YeoJohnson. The dependent
variable was also scaled by normalizing the values between 0 and 1 to ensure that the
predicted and observed variables have a similar range. For each observed Sentinel-2
spectrum, the ANN regressor model applied a mean squared error cost function to identify
the most similar spectrum of the LUT to retrieve the corresponding crop parameters. The
hybrid ANN-PROSAIL-PRO method was executed in Python (version 3.10; Python Software
Foundation, 2021) using the “keras” Python library (Chollet, 2015).
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3.5.3.4. Performance of the hybrid method for retrieving crop
parameters, winter wheat N status and traits
The suitability of the hybrid method applied to Sentinel-2 for retrieving Cab, Anth and LAI
was tested by analyzing the linear correlation between the retrieved values and the
corresponding crop parameters measured at ground level in each plot. The crop parameter
used to validate Cab retrieved with the hybrid method was the chlorophyll content measured
with the leaf clip sensor Dualex (Cab-D). Similarly, the crop parameter measured at ground
level used to validate Anth was the anthocyanin content measured with Dualex (Anth-D).
Aboveground biomass measured with the crop samples of each plot was used to validate the
LAI retrieved values. These relationships were analyzed for the measurements obtained in the
six sampling days (n = 16 each date), the same GS of both years (n = 32 for mid stem

elongation, final stem elongation and flowering) and for all dates together (n = 96).

The suitability of EWT to identify the water content was analyzed by testing its performance
when distinguishing between the two water levels at flowering both years. For this purpose,
the EWT values were analyzed with a least squares means contrasted with the Tukey test (P <
0.05) using the water level of each year as factor to find significant differences. The same
method was applied to the water indices calculated with the Sentinel-2 bands (Table 5) of
each plot to compare the accuracy of the water content estimated with the hybrid method and

the with the spectral VIs.

The potential of the hybrid method applied to Sentinel-2 to determine the winter wheat N
status was tested by analyzing the capacity of the crop parameters to estimate the NBI
calculated with the Dualex and the NNI calculated with the biomass samples. The crop
parameters retrieved were combined using a multiple lineal regression (MLR) model fitted to
the NBI and to the NNI to develop new indicators for N status assessment. Because NBI is
calculated as the ratio between Cab-D and a polyphenol (flavonol) content measured with
Dualex, the MLR model was fitted to Cab and Anth retrieved with the hybrid method to
estimate NBI. Similarly, the MLR model used to estimate NNI was fitted to the two
components of the CDC: Cab (as a proxy of %N) and LAI (as a proxy of biomass). The
ability of Sentinel-2 to estimate the crop N status combining different crop parameters
retrieved with the hybrid method was compared with the performance of using one VI from
the literature (Table 5). The VIs were calculated for each plot using the mean value of the

spectral bands in each date.
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A similar method using MLR was applied to predict winter wheat traits. The traits that were
measured with the grain samples at harvest and predicted with the hybrid method were yield
(kg hat), GPC (%) and N output (kg N ha?). For each trait, it was selected the best
combination of Cab, LAI, Anth and EWT to be included in an MLR to test their potential as
traits indicators. Because the value of the crop parameters changes with crop growth and
development, only the flowering dataset was used to estimate the winter wheat traits. The

statistical analyses were conducted using R (version 4.1.1; R Core Team, 2021).

Table 6. The input parameters and their total ranges used to generate the look-up tables
(LUT) with the PROSAIL-PRO model.

Description Ranges Units
PROSPECT-PRO
N Internal leaf structure parameter 15-3 [-]
Cab Chlorophyll a+b content 0-60 pg/cm?
Car Carotenoid content 0-25 pg/cm?
Anth Anthocyanin content 0-7 pg/cm?
Cbrown Brown pigments content 0-1 [-]
EWT Equivalent water thickness 0.001 - 0.035 g/lcm?
LMA Leaf dry matter content 0.001 - 0.035 g/lcm?
SAILH-5B
LAI Leaf area index 05-7 [-]
LIDFa Leaf angle distribution 20-90 deg
hspot Hotspot parameter 0-1 deg
tts Solar zenith angle 190 - 72° deg
tto Observer zenith angle Q°-16° deg
psi Relative azimuth angle 139°-161° deg

3.5.4. Multiple Endmember Spectral Mixture Analysis for land use
monitoring
The validation of remote sensing information to monitor crop land use change at regional
scale was performed using the AVIRIS imagery collected in the California study area. The
results are shown in Chapter 4.6. For this purpose, maps of subpixel fractional covers of GV,
NPV and soil were produced using MESMA (Roberts et al., 1998) in Viper Tools 2.1
(Roberts et al., 2019) for each AVIRIS image (Fig 10). Therefore, the models used to
calculate the subpixel fractional covers were constructed with 1, 2 or 3 endmembers plus
shade fraction for brightness normalization. MESMA was run using spectral libraries
constructed with endmembers from in-scene pixels that belonged to a single class in each
image. Spectral libraries were constructed for each year because libraries built from the same
image produce more accurate land use maps (Meerdink et al., 2019). Spectral endmembers

were extracted from shapefile polygons uniformly distributed throughout the study area.
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MESMA identifies the fractional covers of each pixel as the combination of endmembers that
produces the smallest RMSE. Fraction limits were restricted to between 0 and 1 with a
maximum shade fraction of 0.80 and a RMSE < 2.5%. All unmixed pixels were shade
normalized by dividing each non-shade class by the sum of all non-shade classes to obtain a

sum of subpixels fraction of one (Dennison and Roberts, 2003).

The NDVI (Table 5) and natural color maps developed with the AVIRIS images were used to
identify the GV areas within the study site. The cellulose absorption index (CAl; Table 5),
together with natural color maps were used to identify the NPV and soil endmembers by
selecting the areas with extreme values of CAIl. Yearly spatial data of Kern County crops
available as ESRI format shapefiles (Kern County Department of Agriculture and
Measurement Standards, 2022c) were used to validate the selected in-scene endmembers in

this county.

Iterative endmember selection (IES; Schaaf et al., 2011; Roth et al., 2012) was used to select
the optimal and representative endmembers used in each image classification. IES relies on a
square array that calculates the performance of each endmember of the training library when
it is used to model the other spectra of the library (Roberts et al., 1997). Viper Tools 2.1
creates the square arrays as standard ENVI images constituted by several n by n matrix, being
n the number of spectra in the library. The different matrices show the performance as
RMSE, spectral angle, endmember fraction, shade fraction and a band indicating if the model
fits the constraints previously set. Based on the square arrays, IES identifies the best single
spectra as the one that produces the highest kappa coefficient (Cohen, 1960); usually belongs
to the most represented class. Next, IES adds a second endmember, which in combination
with the first endmember produces the largest increase in kappa. As more endmembers are
added, it systematically removes endmembers to test whether an endmember selected earlier
in the process generates a suboptimal solution; if kappa improves or does not change the
endmember is removed, but if kappa decreases it is added back to the library. IES continues
this process until the kappa coefficient no longer improves, generating an endmember library
that is a subset of the original library. This process was repeated using 10 subsets of the
original spectral library, selecting the subset dataset that obtained the highest kappa
coefficient with the minimum number of endmembers as described in Roberts et al., 2017.

Each of the 10 subsets was calculated by randomly selecting a maximum of 20 pixels from
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each polygon, or at most 50% of the pixels for smaller polygons. The initial number of

endmembers used to model GV, NPV and soil fractional covers was between 777 and 2686.

The shapefiles developed by the California Department of Water Resources (2022) that
enclose each crop field individually were used to mask the MESMA results. The MESMA
results statistics were computed from the area that lies inside the polygons that enclose the
crop fields. An inner 40 m-buffer was previously applied in each polygon to minimize the
edge effect and to avoid other cover classes such as impervious surface. The total number of
polygons (crop fields) analyzed was 7405, covering 608 km2. The GV, NPV and soil areas in
each image were calculated as the sum of all subpixel fractional covers of each class in the
masked area and then normalized by the total number of pixels to obtain the percentage of the

area covered by each class.

3.6. Atmospheric correction and signal normalization of satellite imagery

The accuracy of the surface reflectance measured with two spaceborne sensors after Sen2Cor,
FLAASH and MODTRAN atmospheric correction was validated for winter wheat monitoring
in Chapter 4.5. For this purpose, it was i) retrieved the atmospheric constituents at the time
and location of the satellite acquisition, ii) conducted a sensitivity analysis to determine the
effect of different atmospheric constituents on the atmospheric correction of Sentinel-2 and
WorldView-3 spectral bands, iii) hypothesized that the atmospherically corrected Sentinel-2
and WorldView-3 surface reflectance values were comparable to nadir field spectral
measurements, and iv) proposed and validated an empirical signal normalization procedure
for compensating for the off-nadir view angle induced effects on surface reflectance that

allowed coupling Sentinel-2 and WorldView-3 images.

3.6.1. Atmospheric constituents retrieval

As part of atmospheric correction, it is critical to consider the scattering and absorbing
impacts of three components of the atmosphere: aerosol optical thickness (AOT) impact on
visibility, the water vapor column (WVC), and the ozone atmospheric concentration (Oz3)
(Liang and Wang, 2019). For this purpose, the atmospheric constituents should be measured
at the time and location of the satellite spectral acquisition. In this thesis, the values of these
constituents in the Aranjuez study area were obtained from different types of Moderate
Resolution Imaging Spectrometer (MODIS) Level-1 Atmosphere and Land products, as used
by Vermote et al. (2016) in the Landsat 8 LaSRC atmospheric correction scheme. The WVC
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and Os values were retrieved from MOD/MODO7 products with an approximate 5-km spatial
resolution (NASA, 2023e). The AOT and WVC were retrieved from MCD19A2 products
with an approximate 1-km spatial resolution (NASA, 2023f). The algorithm to calculate
visibility from AOT was originally acquired from the Second Simulation of a Satellite Signal
in the Solar Spectrum (6S) source code (Vermote et al., 1997) and was further referenced and
validated in Gonzélez et al. (2005). The AOT-visibility equation is shown in Eq.3. The land
surface temperature was retrieved from MOD/MYD11C1 Al products (1-km resolution).
Other studies used atmospheric constituent values delivered from the Aerosol Robotic
Network (AERONET) (Xu et al., 2020; Doxani et al., 2018). However, we decided to use
MODIS retrieved values, which have already been successfully used for atmospheric
correction assessment (Martins et al., 2017; Sola et al., 2018), and follow the approach

proposed by the Landsat 8 Program for estimating Land Surface Reflectance (USGS, 2023b).

e AoT Eq. 3
Visibility = exp (—o22528) (Ea.3)

3.6.2. Atmospheric corrections

The atmospheric correction in satellite images of three atmospheric-RTMs were compared:
ESA Sen2Cor algorithm (Main-Knorn et al., 2017), MODTRANS (Berk et al., 1987; Berk et
al., 2008), and FLAASH (Adler-Golden et al., 1999). The Sen2Cor only processes Sentinel-2
Level 1C products, whereas MODTRANS and FLAASH were used to process both Sentinel-
2 Level 1C (after conversion to TOA radiance) and WorldView-3 products. For MODTRAN
and FLAASH, the bands SRF of WorldView-3 and Sentinel-2 (Fig 14) were generated prior
to the atmospheric correction process; this step was not needed for Sentinel-2 imagery in
Sen2Cor. Additionally, while both Sen2Cor and FLAASH generate surface reflectance
images at the end of the atmospheric correction process, corrections with MODTRAN are
more complex. For each WorldView-3 and Sentinel-2 image, MODTRAN was run for three
separate surface albedo iterations (0.0, 0.5, 1.0). For each surface albedo iteration,
MODTRAN generates corresponding upwelling radiance values which are used as scaling
factors for deriving surface reflectance transform coefficients. These transform coefficients
were then band-wise applied to the radiance images to derive surface reflectance images. The
three-albedo MODTRAN procedure is commonly used when using MODTRAN to estimate
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surface radiance and to correct image radiance to surface reflectance (Matthew et al., 2000;
Berk et al., 2008; Mousivand et al., 2015).

The scattering and absorbing impact of AOT, WVC and Os atmospheric constituents have
different treatment in Sen2Cor than in MODTRAN and FLAASH. In Sen2Cor, AOT at 550
nm and WVC values are calculated from in-scene spectral band combinations and cannot be
modified; however, O3 concentration and visibility can be changed. The Sen2Cor WVC
algorithm derives a water vapor product based on Sentinel-2 band B9 (945 nm, 60-m spatial
resolution) in conjunction with B8A (865 nm, 20 m), both in the NIR region of the spectrum.
A value for AOT is derived from Sentinel-2 L1C products using the dense dark vegetation
(DDV) algorithm (Kaufman et al., 1997), based on information from B2 (490 nm, 10 m), B4
(665 nm, 10 m) and B12 (2190 nm, 20 m). The derived WVC and AOT products with
Sen2Cor contain sets of spatial values of these variables, instead of a single value for the
whole scene. By default, visibility is extracted pixel by pixel from the generated AOT
product, but a constant value for the entire image can be defined by the user. The relationship
between AOT and visibility is defined in Eq 3. These new Sen2Cor processed products
comprise a new set of Sentinel-2 atmospherically corrected images, in addition to the
downloaded Sentinel-2 L2A products specified in Table 3. Conversely, in MODTRAN and
FLAASH, the values of these atmospheric constituents are user specified. Moreover, spatial
and temporal variation in atmospheric constituents must be considered for each Sentinel-2
Level 1C and WorldView-3 scene, which requires that the atmospheric constituent values be
queried at the time and location where satellite products were acquired. The Os value
retrieved from MODIS was used in Sen2Cor to process Sentinel-2 L1C imagery together
with a visibility value calculated from the actual MODIS AOT, and the new product
generated was named Sentinel-2 L2A_O3V.

To summarize, the set of satellite imagery used in Chapter 4.5 consisted of 16, half in each
year at final stem elongation. The Sentinel-2 dataset was as follows: Sentinel-2 Level 1C (i.e.
TOA image downloaded from the ESA DataHUB server; (ESA, 2023e) as Level 1C);
Sentinel-2 L2A that displayed surface reflectance values and had been atmospherically
corrected by the Payload Data Ground Segment using in-scene information (downloaded
from the ESA DataHUB server (ESA, 2023e) as Level 2A); Sentinel-2 L2A O3V was the
Sentinel-2 L1C image atmospherically corrected with Sen2Cor using the ancillary data (O3
and Visibility) retrieved from MODIS, after calculating Visibility with Eq. 3; Sentinel-2 -
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MODTRAN and Sentinel-2 -FLAASH were the Sentinel-2 imagery atmospherically
corrected with MODTRAN or FLAASH packages. The WorldView-3 dataset used in this
study was: WorldView-3-TOA (i.e. the image before atmospheric correction); WorldView-3-
MODTRAN and WorldView-3 -FLAASH, were the WorldView-3 images corrected with
MODTRAN or FLAASH using the atmospheric constituents retrieved from MODIS.

3.6.3. Sensitivity analysis

A sensitivity analysis combining two years of satellite imagery was conducted to evaluate the
impact of atmospheric constituent variability on the surface reflectance corrections. For the
Sen2Cor atmospheric corrections of the Sentinel-2 L1C images, modified corrections were
made for the minimum and the maximum ranges of visibility (5 and 120 km) and O3
concentration (250 and 450 Dobson units (DU)) commonly found in the atmosphere (World
Meteorological Organization, 2018). A sensitivity analysis for the MODTRAN atmospheric
correction of WorldView-3 imagery was conducted for AOT and Os atmospheric constituents
varying in the same range as the Sen2Cor sensitivity analysis. Additionally, WVC was
included in this analysis ranging from 0.22 to 1.22 g cm™. High and low variations in each of
the three atmospheric parameters were applied individually, while the original settings for the
remaining values were kept to clearly observe the differences resulting from the minimum
and maximum values. The modified corrections were also compared to the original imagery
corrected with the current atmospheric constituents retrieved from MODIS by computing the

relative reflectance difference for each band expressed as a percentage.

3.6.4. Atmospheric correction assessment

A statistical analysis was conducted to compare the ground-truth reflectance data collected
with the hand-held spectroradiometer and the resulting surface reflectance values derived
from the various atmospherically corrected satellite images. For this purpose, a statistical
single-sample t-test was performed using information from four dense and four sparse
vegetation plots identified in the Aranjuez experiment each year (Fig 13; Table 7). The
single-sample t-test was carried out using the spectroradiometer measurements in the dense
vegetation (DV) and sparse vegetation (SV) plots as the representative population value for
comparison, while surface reflectance values from Sentinel-2 and WorldView-3 derived by
the corresponding atmospheric correction approaches were taken as the tested samples. This

allowed determining which of the atmospheric procedures was better suited for this kind of
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environment and verifying whether the values observed from the WorldView-3 and Sentinel-
2 sensors were significantly different from the field spectra (Cross et al., 2018). In this study,
the approach stated in Manakos et al. (2011) was followed, i.e., the lack of differences
between Sentinel-2 or WorldView-3 surface reflectance and the spectroradiometer
reflectance constitutes the null hypothesis. It was tested with a 95% confidence level;
therefore P-values > 0.05 confirm the null hypothesis and denote no differences between
ground-truth spectra and satellite-derived surface reflectance. In the validation procedure of
the proposed empirical approach, linear least squares regression and parameters defining the
goodness of fit (R> and RMSE) between the reference and the transformed dataset were
calculated (Cross et al., 2018).

To validate Sentinel-2 and WorldView-3 surface reflectance values of each band using
ground-truth measurements, the characteristic field spectra acquired with the FieldSpec were
convolved over Sentinel-2 and WorldView-3 bands using the corresponding satellite SRFs,
after resampling from 3 to 1 nm (Milton et al., 2009). The spectral response functions (Fig
14) were obtained from DigitalGlobe (Kuester, 2016) for WorldView3 and from the ESA
Sentinel-2 Spectral Response Functions Document Library for Sentinel-2 (ESA, 2023f). Due
to the effective spectral range of the FieldScpec (400 — 900 nm), only the bands within the
VNIR region were analyzed (Table 4).

a) 2018 b) 2019
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Fig 13. Plots with different vegetation density (dense vegetation (DV) and sparse vegetation
(SV)) selected both years delimited over the Normalized Difference Vegetation Index
(NDVI) map generated from the WorldView-3 image on a) 18 April 2018 and b) 12 April
2019.
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Table 7. Center coordinates of the plots with different vegetation density selected from both

years, and the mean value of the normalized difference vegetation index (NDVI) calculated

with the field spectra acquisition.

Total Spectral Response (normalised to 1)

Vegetation density Area Center coordinates NDVI

(lat (), lon (1))

17 April 2018
Dense Vegetation (DV1) 3°32'14,394"W 40°3'50,288"N 0.958
Dense Vegetation (DV2) 3°32'17,189"W 40°3'54,137"N 0.966
Dense Vegetation (DV3) 3°32'14,367"W 40°3'53,275"N 0.964
Dense Vegetation (DV4) 3°32'15,586"W 40°3'50,592"N 0.956
Sparse Vegetation (SV1) 3°32'13,275"W 40°3'53,762"N 0.816
Sparse Vegetation (SV2) 3°32'19,569"W 40°3'52,182"N 0.581
Sparse Vegetation (SV3) 3°32'17,601"W 40°3'53,298"N 0.684
Sparse Vegetation (SV4) 3°32'16,258"W 40°3'55,042"N 0.764

12 April 2019
Dense Vegetation (DV1) 3°32'6,27"W 40°3'55,384"N 0.894
Dense Vegetation (DV2) 3°32'9,561"W 40°3'50,563"N 0.827
Dense Vegetation (DV3) 3°32'9,584"W 40°3'51,741"N 0.894
Dense Vegetation (DV4) 3°32'8,79"W 40°3'54,737"N 0.857
Sparse Vegetation (SV1) 3°32'7,35"W 40°3'50,573"N 0.700
Sparse Vegetation (SV2) 3°32'8,347"W 40°3'52,457"N 0.716
Sparse Vegetation (SV3) 3°32'7,152"W 40°3'53,784"N 0.696
Sparse Vegetation (SV4) 3°32'11,345"W 40°3'52,958"N 0.703
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Fig 14. Spectral response functions of the Sentinel-2 (S2) and WorldView-3 (WV3) bands

used for atmospheric correction assessment and signal normalization.
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3.6.5. WorldView-3 signal normalization

While little effect from solar-surface-sensor geometric variability was expected in Sentinel-2
surface reflectance due to its constant 11° forward view angle and its Sun synchronous orbit,
heavy surface anisotropy effects are envisaged in WorldView-3 surface reflectance due to the
large (24.6° and 39.1°) off-nadir view angles (Pacifici et al., 2014). Furthermore, these off-
nadir angles lengthen the atmospheric paths of the upwelling radiance signals observed by the
WorldView-3 sensor. In addition, the different relative position of the satellite with the Sun
produced different illumination conditions in the two images: a backward scattering
acquisition in 2018, and a forward scattering in 2019. Accurate surface reflectance estimation
requires correction for both surface anisotropy and lengthened atmospheric path, which can
be challenging as both signals are integrated into a single radiance value. In a preliminary
evaluation of these effects, FLAASH and MODTRAN corrections were performed with the
azimuth and zenith (off-nadir) angles specified in the WorldView-3 product metadata in
addition to nadir view calculations. Due to combined effects of surface anisotropy and
lengthened atmospheric paths, corrections of the 2018 WorldView-3 (backscattering)
imagery tended to overestimate reflectance, while corrections of the 2019 WorldView-3
(forward scattering) imagery tended to underestimate reflectance (Pacifici et al., 2014; Fig 4).
In contrast, the nadir corrections for both years produced more accurate reflectance estimates
and were selected for all final atmospheric corrections. However, further corrections of

surface anisotropy effects are required, as described below.

To best account for surface anisotropy effects, a normalization or harmonization of the
atmospherically corrected WorldView-3 reflectance to nadir BRDF-adjusted reflectance was
required (Roy et al., 2017). For this purpose, two approaches were used: i) the semi-empirical
Rahman-Pinty-Verstraete (RPV) model was applied using values for po (surface cover
reflectance intensity), k (surface anisotropy) and © (relative amount of forward/backward
scattering) proposed for wheat surfaces by Rahman et al. (1993), and ii) the kernel-driven
Ross-Li method applied by deriving the MODIS MCD43A1 BRDF/albedo product (Wanner
et al., 1995). In the second approach for the MODIS/WorldView-3 spectrally equivalent
bands, two sets of isotropic, volumetric, and geometric kernel parameters were used to apply
the c-factor approach (Lucht and Roujean, 2000). For this purpose, first, the values provided
by Roy et al. (2017) were applied to MODTRAN/FLAASH atmospherically corrected

WorldView-3 imagery to compensate for BRDF effects. Then, the values for the same
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parameters were extracted from MCD43A1 products downloaded using the NASA Level-1
and Atmosphere Archive and Distribution System (LAADS) Distributed Active Archive
Center (DAAC) service (NASA, 2023g) for the two WorldView-3 overpasses. The required
spatial orientation parameters, i.e., azimuth and elevation angles, were available in the

WorldView-3 product metadata files.

The empirical approach for normalization of WorldView-3 data based on field spectral
measurements was proposed in the framework of this study to ensure a reliable coupling of
WorldView-3 and Sentinel-2 information. Only the blue, green, red and NIR bands were used
for this normalization strategy, as their SRF of both satellite bands overlap (Fig 14) and are
within the spectroradiometer effective spectral range. The red edge bands were excluded
because of the high variations along this region in the spectrum of vegetated surfaces (Horler
et al., 1983) and the fact that small differences in the SRF would lead to large surface
reflectance discrepancies between the Sentinel-2 and WorldView-3 imagery when coupling

the products. The basic steps for this procedure are summarized as follows:

a. In a first stage, the atmospherically corrected values of WorldView-3 derived with
FLAASH were calibrated against field survey spectra, obtaining the corresponding
calibration coefficients for each WorldView-3 spectral band, which were then applied
to transform each band. The calibration or normalization coefficient of each band was
calculated by dividing the averaged WorldView-3 surface reflectance by the
convolved reflectance measured at ground level. The calibration procedure was
conducted for each date (and therefore, unique viewing geometry) to construct a

database with the calibration coefficients of each band.

b. For the validation procedure, it was selected the pixels of the Sentinel-2 images
within the study area avoiding edges in the images of both years; this resulted in a
total of 454 Sentinel-2 10-m pixels (Fig 15). For each Sentinel-2 pixel, the spectral
bands of the WorldView-3 pure pixels were extracted and transformed by the
corresponding coefficient. To validate the coefficients, the Sentinel-2 bands were
compared to the band average of the pure WorldView-3 pixels that lay inside each
Sentinel-2 pixel after leaving 1-m buffer on each side of the Sentinel-2 pixels. A
regression analysis was performed per spectral band between the reference (Sentinel-2
L2A) and the transformed WorlView-3 bands. The performance was verified by

means of agreement analysis statistics.
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WorldView-3 image of April 18, 2018 (a) and April 12, 2019 (b). Brown squares (8 x 8 m)
are located in the center of the 10-m Sentinel-2 pixels used to validate the suitability of the

empirical signal normalization procedure for coupling Sentinel-2 and WorldView-3 images.
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Agronomical variables obtained in the Aranjuez
field expermment
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4.1.1. Crop response to water and nitrogen supply

Different climatic conditions between experimental years, particularly the rainfall
distribution, had a large effect on crop growth. The total amount of water received by W2
plots until biomass collection at flowering stage was 304 mm in 2018 and 216 mm in 2019.
Differences in water availability between experimental years were also observed at tillering
and stem elongation (Fig 16). Since no water was available for irrigation for several weeks of
the 2019 growing season, the wheat suffered severe water stress, which later limited the crop
response to N supply. Biomass accumulation and %N (Table 8) were greatly affected by the
different climatic conditions, widening the range in the crop variables investigated and
creating a suitable dataset for testing the relationships between crop performance and spectral

measurements.
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Fig 16. Total amount of accumulated rainfall (mm) and irrigation during the two
experimental years. Only half of the experiment was irrigated at flowering. The dots indicate

the dates of biomass sampling.

The biomass increased with GS and %N decreased (Table 8). This N dilution effect was also
observed when comparing the crop parameters between years; the biomass accumulation
tended to be higher in 2018, with significant differences between years at mid stem
elongation and flowering (P < 0.05). In contrast, the %N was higher in 2019 with significant
differences between years in the same dates as biomass. The effect of the different N

fertilization rates was observed in the relative position with the CDC: data from low N levels
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remained below the critical requirements, whereas high N levels tended to approach or
surpass the %Nc (Fig 17a).

Increasing N levels had a positive effect on biomass, %N and NNI in the two experimental
years (Table 8). The NNI distinguished between N-deficit plots (NO and N1), plots with the
recommended rate (N2), and the overfertilized plots (N3) in all the 2018 GSs. The NNI
distinguished between the non-fertilized plots and the overfertilized plots in all the 2019 GSs,
but the discriminatory capacity of intermediate N levels varied with the GS. Treatments N1
and N2 had a similar NNI at mid stem elongation in 2019, but a different NNI at final stem
elongation. At flowering, the NNI differences between N1 and N2 treatments were clearer in
the W2 level than in the W1 (Table 8). Differences in the NNI between the water levels
established in each N level were only found in the 2019 N2 treatment, yielding higher a NNI
in the W2 plots. The effect of water levels was clear in reducing %N in the N2 and N3
treatments but was also accompanied by a reduction in biomass. Increasing water level was
associated with an increase in the spikes’ N content (kg N ha'): it was 12% higher in W2
than in W1 in 2018 and 9% higher in N3-W2 plots with respect to N3-W1 in 2019 (data not

shown).

A strong crop response to water levels was observed in the leaf conductance measured at
flowering in 2019 (Table 8). Treatments with a higher irrigation level showed higher
conductance than treatments with lower water application across all the N levels (P < 0.05).
For each water level, no differences in leaf conductance were observed between N levels. The
greatest difference between water levels was observed in NO, which obtained the highest leaf

stomatal conductance mean value among the W2 plots.
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Fig 17. a) Pair values of aerial biomass (Mg ha') and N concentration (%) for all N levels
(symbols), water levels (colors) and sampling dates of the experiment. The continuous line is
the critical N dilution curve (CDC) (%Ncritica= 5.35 x Biomass "%442) for winter wheat, and the
dashed lines the envelop curves (Nmax = 8.3 x Biomass %442 and Nmin = 2.2 x Biomass "044?)
according to Justes et al. (1994). b) Comparison of the CDC proposed by Justes et al. (1994)
(solid black line) with the CDC fitted to the N2 treatments in this study (%Nc= 4.42 X
Biomass 948 R2 = 0.88) (dashed line); the gray area indicates the envelop curves at 95%
confidence intervals (Nmax = 4.14 x Biomass %32 and Nmin = 4.73 x Biomass 4%3), The green
line is the CDC under water limited conditions proposed by Neuhaus et al. (2017) (%N¢=0.7
x 3.91 x Biomass %), and the yellow line is the CDC proposed by Hoogmoed and Sadras
(2018) (%Nc=6.75 x Biomass 099,
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Table 8. Biomass (kg - DM - ha), plant N concentration (N conc, %), nitrogen nutrition
index (NNI) and flag leaf conductance (mmol - m2 - s1) for the various N and water levels at
different growth stages for the two experimental years. Within a year and growth stage,
values followed by the same letter are not significantly different according to Tukey’s test at

P <0.05.

2018 2019
Growth  Treatment Biomass N conc. NNI Biomass N conc. NNI Conductance
stage Water N (kg DM ha?) (%) (kg DM ha?) (%) (mmol m2s1)
Mid stem NO 1568 a 246a (552 1521 a 283a  (63a
elongation NI 2091la 263a 0684 1683a 323ab  (74ab
N2 2843 b 3.00a 0.88b 1531 a 358bc  08hbc
N3 3322 b 3.96b 1.25¢ 1771 a 3.70¢c 0.89¢
Final stem NO 4256 a 1.04a (37a 4068 a 148a 053a
elongation NI 5924a 1143 474 5107ab  165ab (584
N2 8242 b 168b  079b 6456 bc 1.85bc  078b
N3 8593 b 229¢ 11c¢ 7456 ¢ 2.00c 09b
Flowering W1 o 8108 a 069a 033a 6576 a 094a (4a 144 ab
N1 9830 ab 0.8ab 041a 9667 ab 1.12abc 057ab 151 ab
N2 12965 ¢ 1.06bc  061b 9970 ab 117abc  (Q6he 175 abc
N3 11851 bc 151e 084c¢ 10551 b 1.56 d 0.83d 141 a
W2 No 8797 a 069a 033a 7412 a 092a Q41a 297 d
N1 11101 abc 0.8ab 043 a 9487 ab 112ab (56ab 245 cd
N2 12979 ¢ 114cd 066Db 10877 b 137cd 074cd 240 cd
N3 13713¢c 140de (83c 11654 b 136bcd (.75 266 cd

4.1.2. Winter wheat traits

As mentioned, higher levels of N and water led to an increase in biomass and plant %N at the
flowering stage, with more noticeable effects in 2018. Biomass showed a correlation with
yield (R? = 0.48) and with N output (R?> = 0.53), but not with GPC. On the other hand,
plant %N was linked to GPC (R? = 0.69) and to N output (R? = 0.49), but not to yield.

The yield response to N fertilization was stronger in 2018 than in 2019. All N levels obtained
more yield in 2018, and the differences between N levels were larger that year (Fig 18a).
Water levels did not affect the yield for any N level and year (P > 0.05). Yield increased with
N application following a quadratic plateau model in both years. This fit resulted in
significant differences between all N levels, except for N2 and N3 in 2018 (P < 0.05). In fact,
for 2018, the optimal N fertilizer rate was 213.7 kg N ha?, indicating that the plateau was not
reached by the N3 plots (186 kg N ha'). In contrast, for 2019, the yield showed differences in
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the control treatment (NO), reaching the plateau with a lower N fertilization dose (127.8 kg N
hat). Therefore, this finding showed that N2 (149 kg N ha') and N3 (199 kg N ha?) plots

were over-fertilized.

Contrary to yield, GPC was higher in 2019 than in 2018 for all N levels (P > 0.05).
Significant differences between water levels were only found in the N3 plots of 2018, with
higher values in W2 (Fig 18b). Therefore, the GPC of the W1 and W2 levels of 2018 were
plotted separately, while the two water levels of 2019 were plotted together. The GPC
increased linearly with N fertilization in 2019, and it fitted a quadratic model in 2018 for the
two water levels. The different N fertilization rates produced significant differences between
N levels in 2018, as well as in 2019, except for the N-stressed plots (NO and N1).

The N output was higher in 2018 than in 2019 (Fig 18c). Nevertheless, this difference
between years was not found in the N-stressed plots (NO and N1) (P > 0.05). The effect of the
N fertilization in N output was stronger in 2018 than in 2019, as the different N fertilization
rates led to differences in N output between all N levels in 2018, whereas the N output of the
well-fertilized plots (N2 and N3) was not different in 2019 (P > 0.05). Consequently, the N
output fitted a quadratic plateau model in 2019, with a maximum of 114 kg N ha * in N
output, which was reached with 251 kg of available N per hectare. The effect of water levels
in N output, as well as in GPC, was not apparent in 2019 and was only found in the N3 plots
of 2018, with a higher value in W2. Therefore, the two water levels were plotted together in
2019 (Fig 18c).

a) b) c)
02018 2018 1
2 o - @2018WI 02018 W1
00 A2019 V/'/ £25 2018 W2 A 2018 W2 -
N = A2019 W] and W2 -l R A2019 W1 and W2 y' 4
P o = p 150 /
- > o = P ]
o /‘/ £ //A § [ z T
= - S A
® P / __j e /
fm A W LG
- 4 A——A—A x = =3 J P %
po o 1.5l 5~ P Z / /’//‘
A —-7 Z
/ < v A

40 60 80 100 120 140 160 180 200 40 60 80 100 120 140 160 80 ) 80 100 120 140 160 180 200
N available (kg Nha ') N available (kg Nha™') N available (kg N ha ')

s

Fig 18. Winter wheat a) yield (kg ha), b) grain protein concentration (%), and c) N output
(kg N hal) response curves to N availability (soil mineral + fertilizer) according to year
(2018 and 2019). The variables were separated by water levels (W1 and W2) when
significant differences were observed. The symbols are the mean values with standard errors

as bars. Lines represent the adjusted model.
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Simultaneous assessment of nitrogen and water
status 1 winter wheat through planar-domain
vegetation indices using hyperspectral and
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4.2.1 Specific objectives and application of methods

This Chapter follows the analysis described in Chapter 3.5.1 to fulfill the Objective 1:
simultaneous estimation of winter wheat N and water status for adjustment of N fertilizer and
irrigation.

a) find a remote sensing indicator able to assess winter wheat N status at early growth

stages by reducing soil background noise.

b) assess the ability of different spectral and thermal indicators to detect the crop N

and water status with minimum confounding effects.

Due to the importance of assessing the within-field variability of the crop N and water status
prior to N application to distinguish the areas that will respond to N fertilization and those
that will not, this Chapter analyze the suitability of remote sensing indicators to accomplish
this purpose. To assess the performance of remote sensing indicators for crop N status
estimation, the NNI calculated with the biomass samples collected at different GSs was used
as the ground-truth measurement of N status. Therefore, the relationship between a set of
spectral VIs and NNI was analyzed at several GSs. One limitation is that at early GSs (when
N fertilizer is usually applied in winter wheat) the soil background affects the signal
measured by the sensor and makes difficult to identify the plant component of the spectrum
when aiming to retrieve crop parameters. For this reason, this Chapter analyses the
performance of Vs calculated with spectral bands from different regions of the spectrum, and
the canopy VIs that combine two VIs to account for the two components of the critical
dilution curve (CDC). Because the canopy VIs compensates the value of a chlorophyll index
with a VI related to biomass, this index has the capacity to reduce the soil background effect
and improve the NNI estimation. It is well known that the canopy and air temperature
difference is related to water availability. This Chapter analyzed if the correlation of remote
sensing thermal indicators with the leaf stomatal aperture improves when the soil effect in the
thermal indicators is compensated with a VI related to biomass or ground cover. The
performance of the thermal indicators was compared with the performance of the water VIs
from Table 5.

Due to the effect of the water availability on the crop N status, this Chapter analyses if the N
status assessment improves when the indicators selected as proxy of N and water status are

combined in a new indicator. Finally, the effect of the N and water levels on the indicators
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was analyzed to determine their suitability for adjusting N and water application

simultaneously.

To reinforce the results, the performance of the spectral VIs was compared when the surface
reflectance was measured with hyperspectral sensors at ground level with the FieldSpec and
with the airborne sensors at 300 m above the experiment. The SWIR region was not covered
by the FieldSpec spectral range (400 — 900 nm), and therefore, the SWIR-based VIs were not

calculated with this sensor.

4.2.2 Vegetation indices as a proxy of NNI across growth stages

Most of the VIs based on the red edge region had a significant relationship with the NNI,
showing variations in R? and RMSE according to the various GSs and sensors (Table 9 and
Supplementary material S1). The NDRE index, based on the red edge and the NIR
reflectance, yielded R? > 0.5 with the NNI in most cases, except for mid stem elongation
2019. The suitability of the red edge region as an N status indicator was also supported by the
performance of other photosynthetic pigment VIs based on reflectance in red edge and visible
regions: the DCNI, mNDros and mSR7os. Also, the CI, which used two wavelengths to
calculate the slope of the red edge region, was related to the NNI and behaved similarly to
mSRyos: the difference in RMSE between the two VIs was less than 0.006 in all cases
(Supplementary material S1). Additionally, the PRI, based only on reflectance in the visible
region (or the pigment absorption region), presented a high R? value with the NNI, but its
performance varied widely between acquisition dates. In this study, the photosynthetic
pigment VI based on the NIR-SWIR bands (Nsso, 1510) showed a weak correlation with the
NNI, as well as the TCARI.

The suitability of the red edge region combined with NIR reflectance to estimate NNI is
supported when observing the better performance of NDRE with respect to the structural VIs
NDVI and GNDVI in almost all cases. Structural Vs are calculated with an equation similar
to NDRE but switching the red edge reflectance by red or green. Among them, the GNDVI
performed better than the NDVI at final stem elongation with the two sensors for both years,
especially with the FieldSpec. When analyzing the EVI, which was calculated with the same
wavelengths as the NDVI but adding blue reflectance, it was observed that the airborne data
obtained a higher R? and lower RMSE than the FieldSpec in most cases; also, the correlation

improved with respect to the NDVI at mid stem elongation 2018 and final stem elongation
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both years. Similarly, the OSAVI, which was calculated with the same wavelengths as the
NDVI but adding a factor, performed better than the NDVI in the same dates as the EVI.

Overall, the best correlation with the NNI was obtained with the canopy indices, as the R?
were among the highest in all stages. Particularly, the CCCI was the only index that reached
R2> 0.72 in one of the sampling campaigns (Table 9). The low R? of most VIs at mid stem
elongation 2019 was attributed to the effects caused by the soil background at low ground
cover stages. This effect was compensated with the canopy VIs, especially with the CCClI,
supporting the suitability of the planar-domain VIs to remove the soil background influence.
At mid stem elongation 2018 most VIs performed similarly (R? ~ 0.5) and no improvement
was achieved with the canopy indices because the amount of biomass was higher than at mid
stem elongation 2019 (Table 8). Most structural and photosynthetic pigment VIs performed
poorly at flowering 2019, suggesting that they were inaccurate under water stress. This was

particularly evident with the PRI with the two sensors.

Table 9. Coefficient of determination (R?) of the linear relationship between nitrogen
nutrition index (NNI) and the different spectral vegetation indices extracted from the airborne
imagery (AB) and the ground-level FieldSpec (FS). Bold numbers were significant at P <
0.001.

Mid stem elongation  Final stem elongation Flowering

2018 2019 2018 2019 2018 2019
angdeitc"’:;o” FS AB FS AB FS AB FS AB FS AB FS
NDVI 051 002 010 053 041 052 039 059 059 040 041
GNDVI 0.50 0 020 057 054 054 051 062 048 052 049
OSAVI 053 003 011 060 053 056 041 065 046 039 041
EVI 054 003 011 065 059 057 043 068 033 038 0.39
PRI 0.52 002 015 059 061 028 051 061 059 027 028
Cl 0.48 0 020 058 067 059 053 065 063 040 042
TCARI 030 027 010 026 048 035 044 020 020 0.16 042
DCNI 045 040 022 028 069 046 059 042 061 042 049
mND7os 053 002 022 056 058 062 060 064 063 038 045
mMSR705 048 002 022 058 069 062 055 064 062 0.38 0.40
NDRE 0.51 007 027 057 064 058 064 065 066 050 051
Nsso, 1510 - - - - - 031 - 0.45 - 0.18 -
TCARI/OSAVI 046 039 025 046 057 053 064 056 051 059 058
CCCl 050 056 044 054 067 053 073 064 065 062 059
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The CCCI showed a significant correlation with the NNI when calculated with the aircraft or
FieldSpec in all GSs. In this study, the CCCI calculated with the two hyperspectral sensors
behaved similarly: they were significantly correlated in all dates (P < 0.001) with an R? =

0.64 (P < 0.001) when all dates are analyzed together (Fig 20). The equations of the upper
(NDREmax) and lower (NDREmin) lines that involved the data from both campaigns were
similar with the two sensors (Fig 19) and with the equations reported by Fitzgerald et al.
(2010) for winter wheat in Australia (NDREmax = 0.61 x NDVI; NDREmin = 0.34 x NDVI),

who also used a FieldSpec.
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Fig 19. Graphical representation of the canopy chlorophyll content index (CCCI) developed
with the mean value of the NDVI and NDRE of each plot extracted from a) the airborne
imagery and b) with the FieldSpec in all campaigns. The CCCI value of each plot with a
certain NDVI was calculated as CCCl = (NDRE — NDREmin)/(NDREmax — NDREmin).

4 A & o
1.0 CCCIFS) =-0.12 + 126 CCCl(Areral) Ay *o/’ ®
R?=0.64 8 J e
RMSE=0.178 A .5 ‘/
0.8 - B A s///l'.
—~ 4. 4 o
3 A® f}‘ °
a o LA °
2 0.6 F a7
= s
& 8 =
: 0.4 - //'. ®
8 = /‘ A‘A . ]
NO
0.2 ® ‘ ‘& . N1
S/A © - N>
o/ A A B N2
[ 7
0.0 4 / oA @ H N3
T T T T T T
0.0 0.2 0.4 0.6 0.8 1.0

CCClI(Aircraft)

Fig 20. Pair-wise comparison of canopy chlorophyll content index (CCCI) calculated from
the spectra acquired with FieldSpec at ground level and from the spectra acquired with the

VNIR hyperspectral sensor from the aircraft. Data from mid stem elongation 2019 are not

included because the delay between both samplings was longer than three days.
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4.2.3 Spectral and thermal analysis at different water levels to assess leaf
conductance

The effect of the water levels on the reflectance spectra was consistently detected in the
SWIR as a function of different N levels (Fig 21). As expected, low water availability
increased the spectral reflectance in the regions centered at 1240 nm and 1640 nm. Smaller
differences in the NIR reflectance appeared in most cases. In the visible region, differences in
the red region were evident, detected for all N levels in 2019 and for NO in 2018. For this
reason, the normalized difference between the NIR and SWIR proposed by Gao et al. (2015),
was tested to detect crop water status.
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Fig 21. Average canopy reflectance acquired with the airborne hyperspectral sensors in the
400 — 1750 nm region at 300 m above ground level at flowering separated by nitrogen (NO,
N1, N2 and N3) and water levels (W1 and W2) both years.

The distribution of all observations at flowering in the VIT plotted in the two-dimensional
space formed by the SAVI and the temperature difference obtained from the thermal camera
clearly distinguished among data from W1 and W2 water levels in both experimental years
(Fig 22). The location in the VIT also stated that the water stress suffered by all plots was
lower in 2018 than in 2019, with significant differences in the WDI between years (P < 0.05),

in agreement with the comments in Chapter 4.1 on climate conditions (Fig 16).

Ground-based measurements of leaf stomatal conductance were better correlated with the
WDI than with canopy-air temperature differences (Table 10), supporting the improvement in

the crop water status estimation when canopy temperature is corrected by the ground cover
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(Fig 23). The relationship of VIs based on SWIR reflectance with leaf stomatal conductance
was significant only for NDWIl1e40 (P < 0.001), but the R? < 0.34 for both indices (Table 10).
The trend of the linear relationships between the index related to water stress (WDI) and the
indices related to water content (NDW11240, NDW11640) Were negative with a R? > 0.55 when
the indices were extracted from the airborne spectra. Between them, the best correlation was
obtained with the NDWl1e40 (R? = 0.63). Furthermore, the NDW!l1640 was the only VI based
on SWIR bands that found differences in water status between years (P < 0.05). Therefore,
the optical indices involving SWIR bands were able to detect the crop water status, but the

best indicator of water status was the WDI.
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Fig 22. Representation of all observations at flowering in the vegetation index-temperature
(VIT) trapezoid plotted in the two-dimensional space formed by the soil adjusted vegetation
index (SAVI) and the difference between canopy (Tc) and air temperature (Tair) extracted
with the aircraft. Symbols represent the mean value for each plot.

Table 10. Coefficient of determination (R?) and root mean square error (RMSE) of the
linear relationship between leaf conductance (mmol - m? - s%) and water deficit index (WDI)
with different spectral and temperature-based indices extracted from the airborne imagery at

flowering 2019. The bold numbers indicate significance level P <0.001.

Conductance WDI
R? RMSE R? RMSE
(mmol m2s?)
WDI 0.66 39.56
Te-Tair 0.59 43.26
NDW 1240 0.31 56.20 0.56 0.175
NDW 1640 0.34 54.76 0.63 0.162
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Fig 23. Pair values of leaf stomatal conductance (mmol - m? - s) and a) canopy-air
temperature difference (Tc - Tair) or b) the water deficit index (WDI) extracted from the
airborne imagery at flowering 2019. Blue symbols are the pair values of the plots that were
irrigated at flowering (W2) and the red symbols pair values of plots not irrigated at flowering
(W1). The solid lines are the linear regression with the corresponding equation, coefficient of

determination (R?) and root mean square error (RMSE).

4.2.4 Development of an N status indicator combining N and water
indices

The best hyperspectral VI for the NNI estimation (CCCI), and the temperature-based
indicator for water status estimation (WDI) were combined using a multiple lineal regression
model fitted to NNI to develop a new indicator for N status monitoring (Fig 24). The
assessment capacity was enhanced when the NNI was estimated based on the CCCI and WDI
rather than only on the CCCI alone, as the R? increased and the RMSE was reduced. When
analyzing each year individually, a similar performance in the assessment capacity was
obtained at flowering 2018 (RMSE = 0.123 and R? = 0.64 for the CCCI versus RMSE =
0.127 and R? = 0.62 for f(CCCI, WDI)), and a substantial improvement was achieved at
flowering 2019, the year that the crop experienced a more severe water stress (RMSE = 0.091
and R? = 0.62 for CCCI versus RMSE = 0.081 and R? = 0.70 for f(CCCI, WDI) ).
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Fig 24. The nitrogen nutrition index (NNI) observed versus the estimated NNI based on a
linear relationship based on a) the canopy chlorophyll content index (CCCI) and b) a
combination of the CCCI and the water deficit index (WDI). Symbols are the pair values for
the various N levels (NO, N1, N2 and N3), circles for 2018 and triangles for 2019. The solid
lines are the linear regression with the corresponding equations, coefficient of determination

(R?) and root mean square error (RMSE).

The effect of the N and water levels in the VIs and the temperature-based indicators was
tested using the aircraft imagery acquired at flowering for both years (Fig 25 and
Supplementary material S2, S3). Most Vs distinguished between N-deficit (NO and N1) and
N-sufficient plots (N2 and N3); nevertheless, the CCCI also distinguished between the
nonfertilized plots (NO) and the plots with the reduced dose (N1), as well as between the N1
and N3 plots. The new index based on spectral and thermal information performed similarly
to the CCCI when identifying N levels. The ANOVA test indicated that all spectral VIs were
highly affected by N fertilization (P < 0.001), except the TCARI (Supplementary material
S2). The ability of NNI and f(CCCI,WDI) to distinguish between the N levels within the W2
plots was similar: both indicators distinguished between N1 and N2 plots and identified the
N-deficit (NO and N1) and N-sufficient (N2 and N3) treatments at flowering both years.

As the water availability was similar in W1 and W2 in 2018, the VIs behaved similarly in
both water levels; however, differences in the water availability in W1 and W2 caused
differences in VI behavior between water levels in 2019 (Supplementary material S2). That
year, the structural and photosynthetic pigment VIs at W1 and W2 were different for most N

levels, showing that these indices were sensitive to the water effect. However, the canopy VIs

93



reduced these differences across all N levels; most particularly differences in the CCCI
between water levels were significant only for NO in 2019 (Fig 25b). No differences in
f(CCCI, WDI) between water levels were found in any N level and year (Fig 25e, f) showing
the robustness of the new indicator in estimating crop N status under different water stress
conditions. In addition, the ANOVA test indicated that all spectral indices were affected by
the water levels at the 0.001 probability level, whereas the CCCI was at 0.05 and f(CCClI,
WDI) was the only index not affected (Supplementary material S2).

Differences between water levels in 2018 were only detected with information retrieved from
thermal imagery (Fig 25; Supplementary material S2, S3). The WDI quantified the water
status with a reduced effect of the N levels, showing that for W2 all N levels in the same year
suffered a similar water stress, whereas, for W1 the water stress was higher for NO and
decreased with increasing N level, especially in 2018 (Fig 25c, d). Compared to the canopy-
air temperature difference, the WDI increased the differences between water levels and
mitigated the effect of the N levels. This was particularly evident in the NO level, in which
the high temperature associated with higher soil exposure but not with lower water
availability was compensated by the WDI. The two VIs based on SWIR reflectance behaved
similarly when identifying water and N levels; they distinguished between the water levels
established in each N level in 2019, but in 2018, they displayed differences between N levels
but not between water levels. These results emphasize that the WDI was the most reliable

indicator to determine crop water stress with a minimum effect of N status.

The robustness of the CCCI for estimating N levels under various water conditions was
evident in the CCCI map obtained by the airborne hyperspectral imagery both in 2018 and
2019 (Fig 26). No differences in the CCCI were observed between the W1 and W2 areas with
equal N application, whereas the N levels were easily identifiable in both water levels (in
agreement with Fig 25a, b). On the other hand, the WDI was particularly sensitive to crop
water status, and even in 2018 was able to distinguish between the W1 and W2 sectors of the
field experiment. The effect of N on the WDI map was relatively minor compared to the

influence of the water level (in agreement with Fig 25c, d).
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Fig 25. Canopy chlorophyll content index (CCCI), water deficit index (WDI) and the new
combined indicator f(CCCI,WDI) proposed for nitrogen (N) status assessment retrieved from
the aircraft imagery for each N (NO, N1, N2 and N3) and water level (W1 and W2) at
flowering in both experimental years. Symbols are the mean values, and bars are the standard
errors. Capital letters above the error bars indicate differences among N levels and lower case
letters next to the means indicate differences between water levels in each N level according
to Tukey test 95%.
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Fig 26. Canopy chlorophyll content index (CCCI) and water deficit index (WDI) maps
retrieved from the hyperspectral and thermal imager on-board the aircraft at the flowering
stage of both experimental years. Plot values in the CCCl and WDI maps represent the
nitrogen nutrition index (NNI) and leaf conductance (mmol - m2 - s%), respectively (no data
available for WDI 2018).

4.2.5 Discussion

This Chapter confirmed the difficulty of disentangling crop N and water status using only
spectral information, as the confounding effect was evident in the spectra. Determining the
cause of the stress suffered by the crop is a key issue for guiding fertilization and water
management (Gonzalez-Dugo et al., 2009). The NNI was a reliable indicator of crop N status

and proved to be robust under different water levels, even if %N in shoots decreased in well
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fertilized treatments with lower water availability. However, the CDC fitted to the data from
this study showed that the %Nc was lower than the reference values proposed by Justes et al.
(1994) for winter wheat under no water limitation (Fig 17b). Because of that, the NNI values
were low even for the well fertilized plots (N2 treatments; Table 8). Similar results were
reported for the CDC obtained under water-limited conditions in Australia (Neuhaus et al.,
2017; Hoogmoed and Sadras, 2018), leading to Hoogmoed and Sadras (2018) to hypothesize
that water-limited crops exhibit lower N uptake than well-watered crops and may require
specific %Nc values. The %Nc proposed by these curves lay within the 95% confidence
interval of our CDC when biomass > 4.5 Mg DM ha! (Fig 17b). Nevertheless, more research
is needed to clarify if the lower %N values reported are due to water limited conditions and
to solve the discrepancies in the %Nc at biomass < 4 Mg DM ha. This issue is highly
relevant, as we hypothesize that using the CDC obtained for winter wheat under no water

limitation could lead to overfertilization in water limited environments.

In this Chapter we propose the use of different remote sensing indicators based on spectral
and thermal information to determine the N and water status separately and therefore, to
adjust N fertilization and irrigation according to crop demands. However, certain limitations
were observed when applying most VIs based on spectral information: i) they were highly
affected by the soil background signal at early GSs, when decisions related to N fertilization
application are made, ii) their performance was reduced when the crop experienced water
stress, and iii) the value of the VIs decreased when the crop suffered from N or water stress,
making it difficult to identify the reason behind the crop deficiencies. This study
demonstrated that these limitations can be overcome by simultaneous analyses of the CCCI
and WDIL.

In this regard, the CCCI, which relates a structural index and a chlorophyll index, showed a
robust and consistent correlation with the NNI within a wide range of ground cover and water
status when canopy reflectance was measured at ground level or 300 m above the experiment.
These results are in agreement with Fitzgerald et al. (2010), who obtained good CCCI
performance in estimating crop N status in winter wheat, and with El-Shikha et al. (2007) and
Bronson et al. (2017), who reported the low effect of crop water status on the CCCI. The
good match between the lines used to calculate the CCCI in this experiment and in Fitzgerald

et al. (2010) provides new insight for the normalization of the equations.
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Our study validated the use of the WDI to estimate the crop water status and pointed out the
convenience of compensating the canopy temperature by the ground cover to isolate the plant
signal. The WDI correction had more effect in the areas with low ground cover, in which the
thermal difference between air and dry soil > 8 °C. It is well known that the amount of water
needed to supply crop demand increases with biomass (Tanner and Sinclair, 1983), but in this
experiment the WDI suggested that NO plots were the most water stressed (Fig 25c), even
though the amount of water received was the same as the plots with more biomass. Several
reasons could explain this apparent contradiction. Seligman et al. (1983) indicated that N-
deficit plants increase leaf temperature because the biological processes to maturity are
accelerated. This effect was also reported in other studies (Heitholt et al., 1991; Tilling et al.,
2007; Fois et al., 2009; Mon et al., 2016). Additionally, in N-deficient cereals of semiarid
environments it was reported that a moderate increase in N supply enhances WUE (Cossani
et al., 2012). Finally, the proof that it is necessary to correct the effect of N fertilization or
biomass in thermal indicators is that the leaf stomatal conductance was better correlated with
the WDI than with the thermal difference (Tc-Tair). In agreement with these results, field
studies showed that variable-rate irrigation based on maps of planar-domain indices such as
the WDI could greatly enhance WUE (O’Shaughnessy et al., 2015). In this study, the thermal
camera was the only sensor that detected differences between water levels in 2018; the non-

limited water scenario.

This study reported that the sensitivity of the CCCI to winter wheat N status increased when
it was combined with the temperature-based indicator (WDI), because this combination
mitigated the effect of the crop water status. These results led us to propose a new indicator
for monitoring N status by combining spectral and thermal information. Similarly, Quemada
et al. (2014) reported better grain yield prediction in maize when spectral and thermal
information was combined. It is well known that the NNI and grain yield are correlated and
affected by N and water availability (Sadras and Lemaire, 2014). To ensure that the crop
uptakes the applied N and to mitigate N losses to the environment, the water status of the
crop has to be considered before N fertilization (Quemada and Gabriel, 2016). For field
application of the proposed method, it is advised to simultaneously measure reflectance in the
VNIR region and canopy temperature to provide a map of the CCCI and WDI to calculate the
proposed N status-related index as f(CCCI,WDI). In irrigated fields with the option of
variable water delivery, irrigation should be applied in areas with a high WDI that do not
experience N deficit (high CCCI and f(CCCI,WDI)) because the possibility of enhancing
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crop growth is higher. In contrast, areas with a high WDI in which N is a relevant limiting
factor would be less likely to profit from the additional water applied and the risk of
diminishing water use efficiency would be higher. The areas in which applied N will be prone
to N uptake will be those with a low f(CCCI,WDI) and a low WDI, indicating that the area
experiences N deficit and has sufficient water availability (Zillman et al., 2006; Tilling et al.,
2007). In contrast, N applications should be avoided in water-limited areas (i.e. a low
f(CCCI,WDI) with a high WDI) as the crop would likely not use the N applied and the risk of
increasing losses would be higher. Similarly, areas with high CCCI or f(CCCI, WDI) should
not receive N fertilization given that the crop N deficit is low. Besides multiple linear
regression, the spectral and thermal information could be used by emerging machine learning
techniques based on ensemble methods (i.e., random forest, artificial neuronal networks) that
already showed potential in obtaining robust outcomes from the combination of multiple

variables in agri-environmental studies (Mutanga et al., 2012; Lebourgeois et al., 2017).

Using two different airborne sensors simultaneously (i.e., covering the VNIR + thermal
regions) is more complex than when one camera is used (e.g., collecting imagery with a
VNIR camera only) due to the different spatial resolutions obtained and co-registration issues
between non-aligned detectors. Nevertheless, this study and others clearly demonstrate the
need for acquiring images covering the VNIR portion of the electromagnetic spectrum, where
photosynthetic pigments can be quantified to understand nutrient status, and the spectral
region more directly related with canopy transpiration for its direct connection with water
status and water stress detection. New multispectral cameras are becoming available which
can be installed on board manned and unmanned vehicles which acquire images with co-
registered detectors covering the VNIR and thermal infrared regions, overcoming some of the

issues indicated above.

The proposed approach is an application of the N and water co-limitation concept (Sadras,
2004; Cossani and Sadras, 2018). Because of the empirical basis of the proposed indicators,
their reliability for improving N fertilization and water management should be tested in

different cultivars, soils, and climate conditions.

99



100



Chapter 4.3:

Winter wheat traits prediction through ensemble
modeling approaches using aerial and satellite

imagery
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4.3.1 Specific objectives and application of methods

This Chapter follows the analysis described in Chapter 3.5.2 to fulfill the Objective 2:
improve the prediction of winter wheat traits (yield, grain protein concentration and grain N
output).

a) quantify the improvement in the prediction of winter wheat traits when combining

indicators related to different crop parameters.

b) compare the feasibility when using indicators derived from airborne hyperspectral

and thermal sensors, and from the freely available Sentinel-1 and Sentinel-2 satellites.

Early prediction of crop production by remote sensing systems may help to plan harvest and
ensure food security. There are different crop parameters that affect final harvest, such as
chlorophyll content, biomass accumulation or water status, and therefore should be
considered in the prediction. For this reason, this Chapter determines if combining several
remote sensing indicators related to different crop parameters improves the prediction
obtained with a single spectral VI, and assesses the importance of the different indicators and
spectral regions to identify the most suitable sensor. In addition, this Chapter analyzes the
feasibility of the free available Sentinel-1 and Sentinel-2 information for the early prediction
of each winter wheat trait by comparing it with the performance obtained with the airborne

hyperspectral and thermal sensors.

For this purpose, this Chapter first identifies the most suitable spectral indicators to be
included in the ensemble models for the prediction of each trait according to their relationship
with agronomical variables using the information extracted with the airborne sensors. The
indicators were grouped according to the spectral region covered (or the sensor required to
calculate them), and each group of indicators was included in the ensemble models once at a
time (Fig 27). The importance of each indicator was measured with the random forest model.
Subsequently, the selected spectral indicators were calculated with the Sentinel-2 bands and
included in the same models together with the RVI calculated with Sentinel-1 to analyze the

feasibility of the free available information for early winter wheat traits prediction.
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Fig 27. Workflow followed in this Chapter. VNIR refers to a normalized difference spectral
index (NDSI) based on the 400 — 1000 nm region. VSWIR indicates an NDSI with at least
one band in the 1000 — 1750 nm region. Chl and Stru indicate an NDSI related to chlorophyll
content and canopy structure, respectively. SIF, WDI, and RVI indicate solar-induced
fluorescence, water deficit index, and radar vegetation index, respectively. MLR, ANN, and
RF refer to the ensemble models multiple linear regression, artificial neural network, and

random forest. GPC indicates grain protein concentration (%).

4.3.2 Spectral differences due to treatments and selection of indices

The effect of the N levels on the reflectance spectra acquired at flowering by the airborne
sensors was detected on the visible, NIR, and SWIR regions, with the differences between N
levels being more obvious in 2018 (Fig 28). Low N levels had higher reflectance in the
visible region, probably due to a lower photosynthetic pigment absorption, whereas high N
levels increased reflectance in the NIR in both years. Within the SWIR region, reflectance in

the 1500 — 1700-nm region was particularly sensitive in discriminating between N levels.
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This was attributed to the absorption feature of N=H bonds located in this region (Curran,
1989).

Differences in the spectra between water levels were more evident in 2019 and in the N-
stressed plots of 2018, which were particularly detectable in the SWIR region (Fig 28). In this
region, the plots with less water availability presented higher reflectance. This pattern was
also observed in the green and red wavelengths. The reflectance in the NIR region increased

in the W2 plots of 2019.
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Fig 28. Canopy reflectance spectra acquired with the aerial hyperspectral imager in the two
water levels (W1 and W2) of NO and N3 fertilizer levels at flowering both years.

The R? contour maps revealed the importance of using the adequate spectral region for an
accurate prediction of each winter wheat trait (Fig 29). Overall, the yield was the wheat trait
best predicted by the NDSls, yielding a value of R? > 0.6 with most of the NDSIs that used an
NIR or SWIR in combination with a visible band (especially green) or an NIR and SWIR
band. The highest R? value (0.85) in all contour maps was obtained when predicting yield
with the NDSIs constructed with different combinations of bands within the red edge and/or
NIR regions. On the other hand, the best GPC prediction (R? = 0.72) was obtained with
NDSIs based on reflectance at SWIR between 1600 and 1750 nm and visible region (green),
followed by specific wavelengths in the NDSI (NIR, red edge). The best N output prediction
(R? = 0.73) was achieved by NDSIs based on bands in the NIR region (around 790 nm) and
red edge (around 750 nm), or two bands within the red edge. Despite the similar maximum R?

value obtained in predicting the GPC and the N output, N output showed a more robust
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correlation with other NDSIs; for example, most of the NDSIs (visible or red edge, NIR or
SWIR) presented a value of R2 > 0.5 with the N output, while most of the NDSIs presented a
value of R? < 0.3 with GPC.

The R? contour maps showed that NDSI (1650 nm, 550 nm) was highly correlated with GPC,
while the yield prediction was more accurate when the 550-nm band was changed by shorter
or longer wavelengths (Fig 29). Overall, the R? contour map calculated for GPC showed
similar patterns to the contour map calculated for plant %N, and the yield contour map was

similar to the biomass contour map (Fig 29).
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Fig 29. Contour maps representing the coefficient of determination (R?) from the linear
relationship of wheat traits (yield (kg hat), grain protein concentration (%) and N output (kg
N ha?)) and crop parameters at flowering (biomass and plant %N) against all possible
normalized difference spectral indices [NDSI (A1, A2) = (M-A2)/(M+A2)] calculated with the
airborne hyperspectral imagery acquired at flowering each year. The regions not covered by

the sensors (850 — 950 nm) and the water absorption wavelengths are in white.
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The VIs used as structural, chlorophyll, and SWIR input variables in the ensemble models
were selected based on their performance in the R? contour maps (Fig 29) and the lack of
correlation between them. To predict yield, the VI selected as a proxy of chlorophyll content
was NDSI (799 nm, 755 nm), and the SWIR-based index was NDSI (1106 nm, 1066 nm).
They were selected because of their linear correlation with yield (R? = 0.76 in both indices)
and because there was no collinearity between them (Pearson coefficient < 0.75). Due to the
sensitivity of the red edge reflectance to chlorophyll content (Inoue et al., 2016), different
studies reported the good performance of NDSI (NIR, red edge) for predicting chlorophyll
(Fitzgerald et al., 2006; Zillman et al., 2015) or crop N content (Li et al., 2013a; Inoue et al.,
2012). They are crucial components involved in photosynthesis, and therefore their content
affects biomass production (Fig 29), and final yield (Quemada and Gabriel, 2016). This
explains why this study, in agreement with previous research (Wang et al., 2019b; Raya-
Sereno et al., 2021b; Adak et al., 2021), obtained a good correlation between NDSI (NIR, red
edge) and wheat yield. The correlation between NDSI (1106 nm, 1066 nm) and yield can be
explained because nearby wavelengths are the absorption feature of the structural
biochemical components of plants, such as lignin (1120 nm), and the N=H bond absorption
wavelength located at 1020 nm (Curran, 1989). Cell structure is affected by the nutritional
and water status, which has an effect on plant growth, and therefore these wavelengths are
related to yield (Thenkabail et al., 2013). No structural NDSI was found that presented no
collinearity with the chlorophyll and SWIR selected indices. This study agrees with
previously developed contour maps showing that NDSI (NIR, green) was the most suitable
structural index for biomass (Hansen and Schjoerring, 2003) and yield prediction (Raya-
Sereno et al. 2021b). For these reasons, the structural index used in the ensemble models for
predicting yield was NDSI (800 nm, 550 nm), which corresponds to GNDVI1 (Gitelson et al.,
1996). The chlorophyll strongly absorbs light in the visible region, especially in the blue and
red bands (Sims and Gamon, 2002), and thus GNDVI has a lower value than NDVI (NDSI
(NIR, red)) and tends to saturate later (Rodrigues et al., 2018).

To predict GPC, the proxy of chlorophyll content was NDSI (795 nm, 750 nm) because it has
one of the highest accuracies in GPC prediction (R?= 0.70; Fig 29). This NDSI belongs to the
small region of the GPC contour map based on the NIR and the red edge reflectance with a
high R? value. A relationship between NDSI (NIR, red edge) and GPC was also reported by
Raya-Sereno et al. (2021b) and Fu et al. (2022). This NDSI presented a Pearson coefficient <
0.75 with NDSI (1650 nm, 545 nm), which is one of the SWIR indices most closely
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correlated with GPC (R? = 0.64); therefore, it was selected as the SWIR-based NDSI used to
predict GPC. The performance of the SWIR index for GPC prediction relies on the protein
feature band near this region (Curran, 1989). Similarly, Séderstrom et al. (2010) successfully
used the simple ratio of SWIR (1550 — 1750 nm range) and green reflectance for GPC
prediction in barley, and Zhao et al. (2005) reported the suitability of the same SWIR region
for GPC prediction in wheat. All structural NDSIs presented a weak correlation with GPC
(R%? < 0.1), but the correlation with NDSI (NIR, green) was slightly higher (P < 0.05). For this
reason, due to the correlation with biomass at flowering and to the lack of collinearity with
the other GPC estimators, GNDVI was selected as the proxy of plant structure to predict GPC
with the ensemble models.

One of the NDSIs that exhibited the best correlation with N output was NDSI (778 nm, 752
nm) (R? = 0.74); therefore, it was used as the chlorophyll index in the N output prediction
models. Likewise, Prey and Schmidhalter (2019b) used NDSI (770 nm, 750 nm) for N output
prediction. The suitability of this NDSI to assess winter wheat N uptake at the flowering
stage was also highlighted in the R? contour maps developed by Li et al. (2013). This NDSI
presented no collinearity with an SWIR-based NDSI that was correlated with the N output:
NDSI (1650 nm, 520 nm) (R? = 0.62). The chlorophyll and the SWIR VIs selected to predict
N output were correlated with all structural NDSI. The GNDVI was selected as the structural
index to predict the N output with the ensemble models because it presented a value of R? =

0.65 with the N output and correlated with the biomass at flowering.

4.3.3 Wheat trait prediction with airborne hyperspectral imagery using
ensemble models
The performance of predicting wheat traits with a single NDSI was improved when
combining different indices with the ensemble models (Fig 30). In this study, the three
ensemble models performed similarly when using three or more indices to predict any of the
wheat traits. However, significant differences between the accuracy of the models were
observed when using only two indices, which resulted in a lower accuracy of the RF model.
Overall, the RF showed an improvement in prediction when more indices were used. The
good performance of the MLR occurred because a linear regression model (R? contour maps)
was used to select the explanatory variables (NDSIs) and, therefore, a linear relationship

between the response and the explanatory variables exists (Sellam and Poovammal., 2016).
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Yield was the wheat trait best predicted when using ensemble models (Fig 30a), as observed
in the R? contour maps (Fig 29). The most accurate yield prediction was obtained when
combining the structural (GNDVI1), chlorophyll (NDSI (799 nm, 755 nm)) and SWIR (NDSI
(1106 nm, 1066 nm)) indices with ANN (R? = 0.86; RMSE = 493.17 kg ha*; Fig. 6a). In this
case, the most important estimator according to the IncNodePurity was the SWIR index.
When the SIF was included in the analysis, it obtained the highest or the second highest
IncNodePurity value (Fig 31), and was correlated with yield (R? = 0.73; data not shown), but
no improvement was achieved when included in the models. When using only NDSI (773
nm, 753 nm), which is the best NDSI from the contour maps, to predict yield with 10-fold
cross-validation, values of R? = 0.84 and RMSE = 521.18 kg ha* were obtained. This result
indicates that the combination of different NDSIs with ANN improved the yield prediction.

The maximum R? value obtained when predicting GPC with the NDSIs or with the ensemble
models was the lowest among all wheat traits analyzed, indicating that it is the most
challenging trait to predict. The most accurate GPC prediction was obtained with MLR using
the chlorophyll (NDSI (795 nm, 750 nm)), structural (GNDVI), and SWIR (NDSI (1650 nm,
545 nm)) indices (R? = 0.73; RMSE = 0.19 %N; Fig 30b); this was the only model that
outperformed the 10-fold cross-validation results obtained with NDSI (1701 nm, 551 nm) (R?
= 0.72; RMSE = 0.20 %N). When using only VNIR-based NDSIs, the highest R? value was
0.68 and the lowest RMSE was 0.21%, which indicates that GPC prediction is the one that
improved the most when including SWIR reflectance. According to the IncNodePurity, the
most important indices for GPC prediction were chlorophyll and SWIR, which showed
important differences with the other indices in IncNodePurity value in all cases. No
correlation was found between GPC and the SIF, and there was no improvement when the

SIF was included in the GPC prediction models.

The most accurate prediction of N output was obtained with MLR using the chlorophyll
(NDSI (778 nm, 752 nm)), structural (GNDVI), and SWIR (NDSI (1650 nm, 520 nm))
indices (R = 0.74; RMSE = 15.47 kg N hal; Fig 30c). The IncNodePurity indicated that the
most important indices in the prediction were chlorophyll and SWIR; however, the difference
with the structural index was smaller than in the GPC prediction. When including only
VNIR-based VIs in the ensemble models, the best performance was obtained with the MLR
with values of R? = 0.72 and RMSE = 16.2 kg N ha. Despite a correlation between SIF and
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N output was found (R? = 0.27; P < 0.001; data not shown), no improvement in the prediction

was attained when the SIF was included in the models.

Chapter 4.2 showed that the WDI was able to distinguish between water levels with
minimum effect on the N levels; however, the WDI did not improve any trait prediction
despite being correlated with yield (R2= 0.44; P < 0.001) and with N output (R?> = 0.18; P <
0.001), but not with GPC (R? < 0.1; P > 0.1).

a) yield b) Grain protein concetration ¢) N output
. Lr [ vk [ x\\ W »F ‘ b [ 1.0

08

b b b 0.9
b | be | . b
|
aa
= ) s a ‘ | b ) :
a 8 b ab :
Y . b = b a & a b || a
07 a 7 a
a

0.6 .6

05 .5

0.30 250

b
a a aa
b ?a a
b a a
b ab
a a a b
a G a
ab
ad w2 a | ab
a
.20 | ab
‘ E
400 ERENEY ajaja 0.15 [ lé j i

Chl Chl Chl  Chl NDSI Chl Chl Chl Chl NDSI Chl Chl Chl Chl  NDSI
Stru Stru Stru  Stru (773, Stru Stru Stru  Stra (1701, Stru Stru Stru Stru (778,

b a
! ‘1 izn |

a

e

e

e
n

09
08

3
07
LX)
05
800

™~
[
n

s
i
3

ab

[
e
>

a a

RMSE (kg ha™")
g
RMSE (N %)

e
=
S

RMSE (kg N ha ')

n
B

J

SWIR SWIR SWIR 753) SWIR SWIR SWIR 551) SWIR SWIR SWIR 752)
SIF SIF SIF SIF SIF SIF
‘WDI ‘WDI WDI

Fig 30. Coefficient of determination (R?) and root mean square error (RMSE) obtained when
using airborne sensors to predict wheat traits: a) yield (kg hat), b) grain protein concentration
and ¢) N output with linear regression (LR), multiple linear regression (MLR), artificial
neural network (ANN), and random forest (RF). Indices used are on the X-axis: spectral
vegetation indices based on visible-near infrared regions related to chlorophyll content (Chl)
and plant structure (Stru), a vegetation index that includes a band within the SWIR region
(SWIR), solar-induced fluorescence (SIF) and water deficit index (WDI). Different white
letters indicate significant differences (P > 0.05) between ensemble models with the same set
of indices. Colored letters indicate differences between the same ensemble models using a

different set of indices.
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Fig 31. Importance of the input variables according to the increase in node purity
(IncNodePurity) when predicting yield, grain protein concentration and N output with the
airborne hyperspectral and thermal sensors and Sentinel imagery. Chl and Stru are spectral
vegetation indices based on visible-near infrared regions related to chlorophyll content and
canopy structure, respectively. SWIR indicates a vegetation index that includes a band within
the SWIR region. SIF and WDI stand for solar-induced fluorescence and water deficit index,

respectively. S1 indicates the radar vegetation index calculated with Sentinel-1 images.
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4.3.4 Winter wheat traits prediction with Sentinel-1 and Sentinel-2 using
ensemble models
High similarities were found between the NDSIs extracted from the Sentinel-2 imagery and
the NDSlIs calculated with the convolved bands (R? > 0.71, n = 118 pixels; Table 11; Fig 32).
These strong relationships validate the use of the convolved indices to test the prediction

capacity of Sentinel-2.

Table 11.  Structural, chlorophyll, and SWIR vegetation indices used as input variables in
the ensemble models to predict yield (kg ha'), grain protein concentration (GPC; %), and N
output (kg N ha?). Equations indicate the reflectance at a specific wavelength (i; nm) used
with the aircraft imagery (Hyperspectral) and the Sentinel-2 band convolved. Normalized
difference spectral indices are calculated as NDSI (A1, A2) = (A1-A2)/(A1+)2).

Yield GPC N output
Hyperspectral Sentinel-2 Hyperspectral Sentinel-2 Hyperspectral Sentinel-2
Structural NDSI (800,550) NDSI (B8,B3) NDSI (800,550) NDSI (B8,B3) NDSI (800,550) NDSI (B8,B3)
Chlorophyll NDSI (795,755) NDSI (B8,B6) NDSI (795,750) NDSI (BS,B6) NDSI (778,752) NDSI (B7,B6)
SWIR NDSI (1106,1066)  NDSI (B11,B8)  NDSI (1650,545)  NDSI (B11,B3)  NDSI (1650,520)  NDSI (B11,B2)

The accuracy was similar when yield was predicted from the aircraft imagery or the Sentinel-
2 bands-derived NDSIs (Fig 30a and Fig 33a). The best yield prediction when using the
Sentinel dataset was obtained with the ANN model using the structural (GNDVI),
chlorophyll (NDSI (B8,B6)), and SWIR (NDSI (B11,B8)) indices (R?> = 0.85; RMSE =
507.08 kg hal; Table 11; Fig 33a). The same model and variables produced the best
prediction when indices were calculated with the hyperspectral airborne imagery, but with a
slightly more accurate prediction (R? = 0.86; RMSE = 493.17 kg ha*; Fig 30a). According to
the IncNodePurity, the most important indices to predict yield with Sentinel were the
chlorophyll and the SWIR indices in all cases (Fig 31). With the aircraft imagery, the SWIR
index also reached the highest IncNodePurity value in most cases. When using only the
VNIR Sentinel-2 bands, the combination of the structural and chlorophyll indices (R? = 0.84;
RMSE = 519.67 kg ha) outperformed the NDSI with the highest R? value in the contour
maps but calculated with the Sentinel-2 bands (NDSI (B7, B6); R? = 0.80; RMSE = 582.13
kg hal), highlighting the importance of combining different indices with ensemble models.
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Fig 32. Linear correlation and coefficient of determination (R?) between the vegetation
indices extracted from the Sentinel-2 imagery and from the aircraft imagery using the
Sentinel-2 bands convolved. Each point represents a Sentinel-2 pixel resampled to 20 m and

the mean value of the aircraft imagery pixels that lay inside (n = 118).

The best prediction of GPC with the Sentinel dataset was obtained with the MLR model
using the structural (GNDVI), chlorophyll (NDSI (B8, B6)), and SWIR (NDSI (B11, B3))
indices (R? = 0.69, RMSE = 0.19 %N; Table 11; Fig 33b). The same indices gave the best
result with the aircraft imagery (Fig 30b). The GPC was the wheat trait that presented the
highest improvement in the prediction when the SWIR bands were included in the model,
compared to using only the VNIR bands (R? < 0.15, RMSE > 0.34 %N). According to the
IncNodePurity, the most important estimator was the SWIR index, showing an important

difference with the other indices (Fig 31). The performance of using only the SWIR index
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was tested (R? = 0.65, RMSE = 0.20 %N), but a better result was achieved when it was
combined with the VNIR indices.

The most accurate prediction of N output with the Sentinel dataset was obtained with the
MLR model using the structural (GNDVI), chlorophyll (NDSI (B7, B8)), and SWIR (NDSI
(B11, B2)) indices (R? = 0.71; RMSE = 16.46 kg N ha*; Table 11; Fig 33c), as obtained with
the aircraft imagery when predicting N output (Fig 30c). The Sentinel results are in
agreement with the aircraft imagery showing that N output prediction is more accurate than
GPC prediction but less than yield prediction. The structural index obtained the highest
IncNodePurity value in all cases, but it was similar to the value obtained by the chlorophyll
index (Fig 31). These indices also obtained the highest IncNodePurity value in all models
with the aircraft imagery. The N output prediction was more accurate when using only one
index based on the red edge bands (NDSI (B7, B6)) than when combining the chlorophyll
and the structural indices (R? = 0.59; RMSE = 19.47 kg N hat), but including SWIR bands
for N output prediction when using Sentinel information, improved the performance
compared with the best result obtained using only VNIR bands (R? = 0.62; RMSE = 18.95 kg
N hal).

Differences in RVI between water levels were found in 2018 (P < 0.05; data not shown);
however, no improvement was achieved when it was included in the analysis of any trait

prediction.
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Fig 33. Coefficient of determination (R?) and root mean square error (RMSE) obtained when
using Sentinel imagery to predict wheat traits: a) yield (kg ha?), b) grain protein
concentration and ¢) N output with linear regression (LR), multiple linear regression (MLR),
artificial neural network (ANN), and random forest (RF). Indices used are on the X-axis:
spectral vegetation indices based on visible-near infrared regions related to chlorophyll
content (Chl) and plant structure (Stru), vegetation index that includes a band within the
SWIR region (SWIR), and radar vegetation index (RVI). Different white letters indicate
significant differences (P > 0.05) between ensemble models with the same set of indices.
Colored letters indicate differences between the same ensemble models using a different set
of indices.

4.3.5 Discussion

The present Chapter analyzed whether the prediction of different winter wheat traits
improved by combining indices related to different crop biochemical and physical
parameters. In all cases, an improvement was achieved when combining different indices

rather than using one index alone. Overall, the results indicated that a visible-SWIR sensor
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was the most suitable for all winter wheat traits; however, the spectral resolution and range

were important factors when predicting some traits.

Predicting yield based on hyperspectral VSWIR reduced the RMSE by 3% compared with
the Sentinel-2 prediction. When only the VNIR region was used, the RMSE difference
between hyperspectral and multispectral sensor prediction was < 0.3%. Due to this small
reduction in RMSE, the adequate spatial and temporal coverage, and its free availability,
Sentinel-2 imagery is suitable for accurately predicting yield in large areas; moreover,
including the SWIR bands reduced uncertainty. The most important index for yield prediction
was the SWIR index (NDSI (1106 nm, 1066 nm)), which is affected by lignin content and
therefore by biomass, that is related to final yield (Marti et al., 2007). When SIF was included
in the analysis, it obtained the highest importance; this can be explained by the link between
SIF and photosynthesis rate, which is affected by N (Camino et al., 2018) and water
availability (Zarco-Tejada et al., 2012). Other studies also reported the suitability of Sentinel-
2 for predicting wheat yield using different techniques: Skakun et al. (2017) used Sentinel-2
and Landsat-8 time series for the peak-NDVI approach and obtained an RMSE of 310 kg ha
1. Mehdaoui and Anane (2020) reduced the RMSE to 380 kg-ha' using the red edge bands.
Segarra et al. (2022) combined multidate Sentinel-2 information with ensemble models to
achieve an RMSE of 740 kg ha. Cavalaris et al. (2021) used EVI and NMDI for durum
wheat yield prediction and obtained an RMSE of 538 kg ha. Hunt et al. (2019) reduced the
RMSE in the prediction of winter wheat yield from 660 kg ha when using only Sentinel-2
information to 610 kg ha* when it was combined with environmental data. For this reason,
our study encourages further research to include environmental data when aiming to predict

crop traits.

The GPC prediction was less accurate than the prediction of the other traits, and its accuracy
depended greatly on the spectral region and resolution used. The Sentinel-2 VNIR bands
were not suitable for GPC prediction in this study, as the RMSE was 39% higher than the
RMSE obtained with the hyperspectral VNIR or with the VSWIR Sentinel-2 bands. The
difference in RMSE between hyperspectral and multispectral VSWIR sensors was 8.1%, the
same as between a hyperspectral VNIR and VSWIR sensor. Therefore, it is recommended to
use a hyperspectral VSWIR sensor for GPC prediction. Raya-Sereno et al. (2021b) also
reported that broad bands were reliable for yield prediction; however, accurate GPC and N

output prediction required narrow bands. The need for a SWIR narrow band is attributed to
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the N=H bond absorption feature in the SWIR region (Curran, 1989), and because the N
stored in vegetative organs is an important source of the final GPC (Kichey et al., 2007). In
addition, different factors affect reflectance in the SWIR region that can mask the influence
of N in this region (Yan et al., 2021). A review study (Bastos et al., 2021) indicated that VIs
based on the absorption and reflectance peak of chlorophyll (blue and green, respectively) are
commonly used to predict GPC near anthesis (GS60) because most leaf N is contained in
chlorophyll (Wang et al., 2004). In the current study, a relationship (R?~ 0.5) between NDSI
(green, blue) with GPC and with plant %N was obtained. Zhao et al. (2019) applied multiple
linear regression using crop parameters together with Sentinel-2 information and obtained a

maximum value of R? = 0.47 when predicting GPC.

The most accurate N output prediction was achieved with the hyperspectral VSWIR sensor;
however, the differences in RMSE with the hyperspectral VNIR was only 3.1%. The RMSE
obtained with the hyperspectral VNIR sensor was 15.7% lower than with the multispectral
VNIR Sentinel-2 bands, but this difference was reduced to 2.7% if the multispectral SWIR
bands were included. Therefore, if a hyperspectral VSWIR sensor is not available, similar
accuracies in predicting N output can be achieved with a hyperspectral VNIR. Despite the
fact that the Sentinel-2 (R?> = 0.71) and the hyperspectral (R? = 0.74) VSWIR bands showed
potential for N output prediction, the hyperspectral sensor reduced the RMSE by 6%. The
hyperspectral sensor was found to be important because the most important index in the N
output prediction was constructed with two bands in the red edge, which are difficult to adapt
to multispectral sensors. Similar results were reported by Prey and Schmidhalter (2019a),
who highlighted the importance of the Sentinel-2 red edge bands for the prediction of winter

wheat N-related traits.
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4.4.1 Specific objectives and application of methods

This Chapter follows the analysis described in Chapter 3.5.3 to meet the Objective 3:
compare the performance of vegetation indices and a hybrid artificial neural network-
PROSAIL-PRO method for winter wheat N status estimation and traits prediction.

a) evaluate the feasibility of applying a hybrid artificial neural network-PROSAIL-
PRO method to Sentinel-2 imagery for retrieving winter wheat crop parameters at

different growth stages.

b) analyze the performance of estimating winter wheat N status and traits by

combining the retrieved variables.

Recently developed RTMs that are based on the entire reflectance spectrum to retrieve crop
parameters are receiving increasing attention. These models can provide more accurate
estimation than a single VI because they are able to analyze more spectral information, and
therefore increase the transferability capacity. These models are commonly developed for
hyperspectral information, but due to the benefits of the modern satellite images, it is
important to validate the feasibility of the RTMs applied to free available multispectral

satellite imagery that provides less spectral information than hyperspectral sensors.

This Chapter analyzes the performance of a hybrid artificial neural network-PROSAIL-PRO
method applied to the multispectral Sentinel-2 imagery to retrieve different winter wheat
parameters: Cab, LAI, Anth and EWT. The accuracy of different VIs from the literature
(Table 5) for assessing winter wheat N status and traits is compared with the performance
when combining the crop parameters retrieved with the hybrid method. The N status was
determined at ground level with the NBI provided by the Dualex leaf clip sensor, and with
the NNI calculated with the biomass samples (Fig 34). The winter wheat traits measured at

harvest were yield, GPC and N output.
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Fig 34. Workflow followed in this study for implementing the hybrid artificial neural
network-PROSAIL-PRO method to the Sentinel-2 imagery, and the validation of the method

for assessing winter wheat N status and traits. Anth, Cab, LAl and EWT indicate the

anthocyanin content, chlorophyll content, leaf area index and equivalent water content

retrieved with the hybrid method.

4.4.2 Performance of crop parameters retrieved with hybrid method

The LUTSs generated with PROSAIL-PRO displayed an important number of spectra that did

not fit the observed spectral range of the Sentinel-2 bands in each date. Therefore, using the

observed spectra for the dimensional reduction of the LUT enabled reducing the number of
spectra in the final LUT from 180000 to 7235 (Fig 35).
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(LUT; clear grey) and the reduced spectral range of the LUT (dark grey) when using the

observed range of each band (lines and circles in black) for each date.
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The R? contour maps developed with the LUT using the simulated Sentinel-2 bands and the
corresponding crop parameters showed different regions or NDSIs sensitive to crop
parameters (Fig 36). Among the crop parameters studied, Cab was the most accurate
assessed. The red edge band B5 and the green band B3 of Sentinel-2 showed to be important
for Cab, Anth and LAI estimation. High correlation between NDSIs and EWT was only
obtained when the Sentinel-2 SWIR B11 and B12 were used. The five VIs and NDSIs
calculated with the LUT that best described the simulated Cab, and therefore were included
in the hybrid method for retrieving Cab, were NDSI (B7, B5), NDSI (B6, B5), CI, NDSI (B8,
B5), NDSI (B8A, B5). Similarly, the indices included in the model for estimating LAI were
NR, NDSI (B6, B3), NG, NDSI (B7, B3) and NDSI (B7, B5). The VIs included for
estimating Anth were NDSI (B7, B3), NDSI (B6, B3), NG, GNDVI and GNDVI(B8A). The
VIs used in the hybrid method to retrieve EWT were WET, TCARI (1510), TCARI/OSAVI-
1510, NDSI (B12, B2) and NDSI (B11, B8A).

The hybrid method applied to Sentinel-2 enabled an accurate estimation of Cab and LAI (Fig
37). The most accurate estimation was Cab because it was significantly correlated (P < 0.001)
(Fig 37a) with Cab-D when analyzing each date separated or all dates together (R? = 0.37).
When analyzing each date separated, the R? values ranged between 0.56 and 0.8. Overall, the
year 2018 obtained stronger relationship than the 2019 in all dates, probably because the
water scarcity of 2019 reduced crop growth and produced a lower range of the crop
parameters (such as %N or biomass) in all dates in 2019, as explained in Chapter 4.1. The
estimated and observed Cab values were close to the 1:1 line, however, it was overestimated
in some dates, especially at final stem elongation 2018. The strongest correlation between the
Cab retrieved with the hybrid method and the Cab-D was achieved with the YeoJohnson

transformation.

A significant correlation was observed between the LAI values retrieved with the hybrid
method and the biomass measured in all GS using both years dataset (R? > 0.45; P < 0.001;
Fig 37b). Better prediction capacity was observed in 2018 than in 2019, as observed when
analyzing Cab. The lowest R? was obtained at flowering (GS65), and the highest R? at final
stem elongation (GS37) both years. The R? obtained at GS32 was greatly reduced from 2018
to 2019, as it did the range of the observed biomass. The values of the retrieved LAI
presented similar range in all GSs, and therefore, LAI retrieval with the hybrid method was

less robust than the Cab retrieval because no significant relationship was obtained when
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analyzing all dates together. The best result for LAI retrieval was obtained with the

minimum-maximum transformation.

The hybrid method applied to Sentinel-2 was unable to accurately retrieve Anth because the
retrieved values did not correlate with the Dualex measurement (data not shown).
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Fig 36. Contour maps calculated with the final look-up table displaying the coefficient of
determination (R?) from the linear relationship between the simulated a) Chlorophyll content
(Cab), b) anthocyanin content (Anth), c) leaf area index (LAI) and d) equivalent water
thickness (EWT) against all possible normalized difference spectral indices (NDSIs)
calculated with the simulated Sentinel-2 bands.
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Fig 37. Linear correlation between a) chlorophyll content measured with Dualex (Cab-D)
and chlorophyll content retrieved with the hybrid method (Cab) and b) aboveground biomass
measured with crop samples and the leaf area index (LAI) retrieved with the hybrid method.
The tables show the coefficient of determination (R?) between variables measured in the
same day, the same growth stage of both years and all dates together from both years dataset.

The dotted line indicates 1:1.

The effect of the water levels was noticeable in the EWT values retrieved in 2019 when using
the minimum-maximum transformation (Fig 38). The EWT values displayed significant
differences between the water levels (P < 0.001) in 2019, but not in 2018. The distribution of
the EWT values indicated that more water was present in the W2 plots than in the W1 plots
of 2019, which is in agreement with the irrigation applied to the W2 plots. Probably, the
effect of the irrigation in EWT was more evident in 2019 because the last W2 irrigation was
performed two days before Sentinel-2 acquisition this year, while in 2018 the Sentinel-2
acquisition was four days after the W2 irrigation event. In addition, 0.6 mm rainfall was
registered in the experimental field between May 8 and 9"; two days before the Sentinel-2
2018 acquisition, which could have mitigated the differences in water content between
different water levels. The Vs related to water content (WET and NDW!l1e40) displayed the
same pattern; they were significantly different in the two water levels in 2019 but not in 2018

(Supplementary Material S4).
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Fig 38. Distribution of the equivalent water thickness (EWT) values retrieved with the hybrid
method in each water level at flowering of both years. The centerline of the boxes represents
the median and the top and bottom lines show the third and first quartiles. Different letters
indicate significant differences between water levels of the same year according to Tukey's
post-hoc test 95%.

4.4.3 N status estimation with the hybrid method and with vegetation
indices

Among the 21 VIs tested, OSAVI and GNDVI obtained the strongest correlation with NBI
when including all dates and plots (R? = 0.34; Supplementary Material S5a). The OSAVI
index obtained an R? value > 0.34 in all dates, being the strongest correlation at GS65 of
2019 (R? = 0.84). The GNDVI presented an R? value between 0.84 and 0.61 in all dates,
obtaining also the highest value at GS65 2019. The best NNI estimation when including all
dates and plots was obtained with CI (R? = 0.42), followed by OSAVI (R? = 0.41). Overall,
all Vs displayed better N status estimation capacity in 2018 than in 2019, especially when
estimating NNI.

The performance when estimating winter wheat N status with a single VI was improved when
combining the crop parameters retrieved with the hybrid method using as ground-truth
measurement of N status NBI or NNI (Fig 39; Supplementary Material S5). The R? value
when estimating both NBI and NNI using the crop parameters retrieved from all plots and
dates was 0.42 (P < 0.001). For NBI estimation, this R? value was higher than the maximum
R? value obtained with the VIs OSAVI and GNDVI (R? = 0.34). The highest R? value (0.85)
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was obtained at GS65 in 2019, and the lowest (R? = 0.63) at GS36 in 2019. The correlation
between NBI and the combination of Cab and Anth as a new indicator was significant in all
dates (R? > 0.63; P < 0.001). The prediction capacity of NBI was not reduced in 2019
compared to 2018. The estimation of NNI based on the combination of Cab and LAl
retrieved values was highly significant in all dates of 2018 (P < 0.001), however this
correlation was weaker in all dates of 2019 (P < 0.05). A good correlation was obtained when
analyzing together the plots of the same GS of both years (R? = 0.4; P < 0.001).
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Fig 39. Linear correlation between a) nitrogen balance index (NBI) measured with Dualex
and NBI based on chlorophyll (Cab) and anthocyanin (Anth) retrieved with the hybrid
method and b) nitrogen nutrition index (NNI) calculated with crop samples and NNI based on
Cab and leaf area index (LAI) retrieved with the hybrid method. The tables show the
coefficient of determination (R?) between variables measured in the same day, the same
growth stage (GS) and all dates together of both years. The dotted lines indicate 1:1.

4.4.4 Traits prediction with the hybrid method and with vegetation indices

Yield was the winter wheat trait that obtained the most robust correlation with the VIs
calculated with the Sentinel-2 bands at flowering, and GPC the weakest (Suplementary
material S5). When analyzing the Vs calculated with both dates together, the highest R? was
achieved when predicting yield with EVI (R? = 0.87), followed by the prediction of N output
with NDRE (R? = 0.78) and GPC with CCCI (R? = 0.47). A strong correlation was found
between EVI and yield when analyzing the two dates at flowering separated, however, the R?
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was reduced from 0.85 in flowering 2018 to 0.57 in flowering 2019. This behavior was also
observed in the correlation of most VIs and yield, probably due to the smaller yield range
attained in 2019, due to the lower water availability as discussed in Chapter 4.1 (Fig 18). The
CCCI was strongly correlated with GPC (R? = 0.80) at flowering 2018, but the R? was
sharply reduced in 2019 (R? = 0.14). After CCCI, the best correlation with GPC when
analyzing both years together was attained with NDRE (R? = 0.42). The difference in R?
between years of NDRE was lower; from 0.71 in 2018 to 0.57 in 2019. As observed with
yield, the decrease in the accuracy of the estimations in 2019 was also found in GPC and in N
output. For N output, the decrease in R? with NDRE was from 0.88 in 2018 to 0.67 in 2019.
These results highlight the good performance of the VIs based on the Sentinel-2 red edge
bands (NDRE and CCCI) for the estimation of winter wheat N-related traits (GPC and N
output).

The Vs calculated with Sentinel-2 displayed potential for predicting winter wheat traits, but
better results were obtained when combining the crop parameters retrieved with the hybrid
method (Fig 40). The prediction capacity when combining the retrieved crop parameters
showed more robustness and transferability than the single VIs because the estimation
capacity did not display a reduction tendency in 2019. High accuracy was obtained when
predicting yield from both years combining the retrieved Cab and LAI (R? = 0.84; Fig 40a),
however the R? value was slightly lower than the value obtained when predicting yield with
EVI (R? = 0.87). Similar results were observed in 2018 (R? = 0.82 and 0.85 with the hybrid
method and with EVI, respectively), but the estimation capacity of the hybrid method (R? =
0.71) outperformed the capacity of the EVI (R? = 0.57) in 2019. The biggest improvement
when combining the retrieved crop parameters was observed when estimating GPC. The R?
value when estimating GPC with the retrieved Cab, LAl and Anth was higher than the value
obtained with CCCI when analyzing both years together (R? = 0.63 and 0.47 respectively), or
the 2019 dataset (R? = 0.63 and 0.14; Fig 40b), but not with the 2018 dataset (R? = 0.45 and
0.80). The N output prediction capacity when using the retrieved Cab, LAI and Anth was
better than the capacity of NDRE because it obtained a R > 0.78 in all cases; when analyzing

both dates together or separated (Fig 40c).
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Fig 40. Linear correlation between a) yield measured at harvest with yield based on
chlorophyll (Cab) and leaf area index (LAI) retrieved with the hybrid method, b) grain
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the coefficient of determination (R?) between variables retrieved with the hybrid method
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dotted line indicates 1:1.

4.4.5 Discussion

This Chapter showed that the hybrid artificial neural network-PROSAIL-PRO applied to the
multispectral Sentinel-2 images allows assessing spatio-temporal variability of the crop
parameters for accurate N status and traits estimation. This method obtained better results
than the traditional VIs, and therefore it is the recommended method for adjusting N
fertilization and for predicting traits in winter wheat. The retrieved Cab correctly addressed
the temporal changes across the GSs. Typically, the Vs retrieve chlorophyll content based on
the relationship between few spectral bands, such as the VIs based on the normalized
difference of one band located in the chlorophyll absorption region and another outside
(Barnes et al., 2000). However, other crop parameters such as canopy structure or water
content influence the reflectance spectrum and can lead to errors in the VIs estimation (Sun et
al., 2022; Quemada and Daughtry, 2016). As observed in the results, the hybrid method
correctly estimates the water content and the LAI at a given GS. Considering these variables
in the hybrid method increases the transferability capabilities. This was observed in the

reduction of the accuracy of the VIs under water stress conditions observed in 2019 that did
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not affect the hybrid method estimation. Sinha et al., 2020 also obtained better results with
PROSAIL-PRO applied to Sentinel-2 bands than with VIs to estimate LAI at different GSs.

The good performance in Cab retrieval can be attributed to the three red edge bands centered
at 705 nm, 740 nm and 783 nm that Sentinel-2 provides (Table 4) and are sensitive to
chlorophyll content (Xie et al., 2019; Lin et al., 2019). This is an important improvement in
Sentinel-2 because previously launched open-access multispectral satellites, such as the
Landsat constellation, do not provide red edge bands (Clavarie et al., 2018). Despite Féret et
al., 2008 adjusted the coefficients of the PROSPECT model to identify the contribution of the
individual plant pigments to hyperspectral spectra, an accurate Anth estimation was not
achieved in this study with the multispectral Sentinel-2 bands. As observed in the contour
maps, the Anth estimation was poorer than the Cab estimation because the only Sentinel-2
bands that are sensitive to this pigment are B3 (green) and B5 (red edge), which are highly
affected by the chlorophyll content (Fig 36) and can mask the Anth signal (Sims and Gamon,
2002). Similarly, de S& et al., 2021 found that variations in carotenoids concentration do not
make changes in the Sentinel-2 reflectance. In addition, satellite imagery usually presents
noise in this region because it is sensitive to atmospheric disturbances (Gilabert et al., 1994;
Pacifici et al., 2014).

The variables retrieved with the hybrid method accurately described the N status in all GSs,
including at early GS, therefore this method allows the adjustment of winter wheat N
fertilization rates. In most dates, the NBI was better estimated than the NNI, probably
because the NBI was calculated with optical measurements (Dualex). The measurements
collected with the leaf clip sensor Dualex were taken in the flag leave, however the Sentinel-2
takes measurements from all observable leaves within the FOV of the sensors. Because the
chlorophyll distribution in leaves changes with leaf position and age (Li et al., 2013Db), this
can be a source of disagreement between leaf clip sensors and remote sensing measurement.
Among the winter wheat traits, the GPC estimation was the most challenging, as obtained in
Chapter 4.3 combining different indicators, or in other studies (Prey and Schmidhalter,
2019a; Rodrigues et al., 2018). Probably including additional crop parameters retrieved from

the hybrid method or weather data could enhance the traits estimation capacity.

One benefit of using satellite imagery with a large footprint is that it allows extracting soil
spectra from pure pixels near or within the crop field to feed the PROSAIL-PRO model. This

information contributed to compensate by the soil background noise and allowed obtain good

127



accuracy at the beginning of stem elongation, and therefore, increased the capabilities of the
hybrid method for N fertilization recommendation. In addition, Sentinel-2 metadata provides
view and illumination angles of each pixel that can be used to reduce uncertainties and
increase the transferability capacity of the PROSAIL-PRO model because the angular
components highly affect the measured surface reflectance with different intensity and
direction depending on the region of the spectrum (Pacifici et al., 2014; Cross et al., 2018).
Both, the soil background spectra and view angles are not considered in the VIs calculation
and these non-crop components can have an effect that must be compensated to increase
model transferability to different locations or dates (Broge and Leblanc, 2001; Verrelst et al.,
2008; Breuniga et al., 2015).

Although the PROSAIL-PRO model was originally developed with hyperspectral data
(Jacquemoud et al., 2009), its application to multispectral satellite images with a lower
number of bands showed accurate results. The RTMs generate simulated spectra dataset
using experimental data to calibrate the contribution of each crop component (Féret et al.,
2008). Validating the PROSAIL-PRO model with more crop information would improve the
estimation capacity and transferability of the model (de S& et al., 2021). The free availability
of the twin Sentinel-2 satellites allows a revisit time of less than five days at near-global
scale. This amount of data facilitates the sample acquisition to improve the accuracy of the
PROSAIL-PRO method applied to Sentinel-2. The good temporal resolution of the Sentinel-2
would allow detecting changes in crop parameters during crop growth. This capacity should
be tested using longer time series throughout the crop cycle. Harmonizing time series of
different satellite missions, such as Sentinel-2 and Landsat, allows reducing revisit time and
therefore increases the amount of information of the crop growth that could be used for
improving N fertilization recommendations (Johansen et al., 2022; Clavarie et al., 2018;
Franch et al., 2019).
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Sentinel-2 and WorldView-3 atmospheric
correction and signal normalization based on
ground-truth spectroradiometric measurements

129



4.5.1 Specific objectives and application of methods

This Chapter uses the Aranjuez dataset to follow the analysis described in Chapter 3.6 to
meet the Objective 4: analyze the accuracy of the Sentinel-2 and WorldView-3 satellite

imagery for winter wheat monitoring.

a) assess the reliability of the surface reflectance measured by Sentinel-2 and
WorldView-3 satellites for winter wheat monitoring after applying different

atmospheric correction approaches.

b) to propose and validate an empirical signal normalization procedure for
compensating for the off-nadir view angle-induced effects on the surface reflectance
of WorldView-3.

Given the benefits of combining information from high- and medium-spatial resolution
satellite images when monitoring vegetation status, it is important to compensate the
atmospheric and view angle effects to ensure integrating comparable surface reflectance
values. This Chapter first compared the values of the atmospheric constituents measured with
different sources, and assessed how the atmospheric constituents affect the atmospheric
correction results in Sentinel-2 and WorldView-3 surface reflectance. The Sentinel-2 images
were corrected with Sen2Cor, MODTRAN and FLAASH atmospheric RTMs, and the
WorldView-3 images with MODTRAN and FLAASH. The assessment of the atmospheric
corrections was conducted by comparing the derived surface reflectance values with ground-
truth reflectance spectra acquired with the FieldSpec hand-held spectroradiometer in a nadir
orientation. Finally, an empirical signal normalization procedure using the spectra collected
at field level was proposed and validated for reducing the angular induced effect in the
WorlView-3 images acquired with different viewing and illumination geometry. This
procedure was validated by comparing the values of the resulted WorlView-3 images with
the Sentinel-2 to ensure that surface reflectance values extracted from different satellites with
different angles can be integrated for use in vegetation monitoring. Therefore, the sensors
used in this Chapter are the Sentinel-2 and the WorldView-3 displayed in Table 3, and the

FieldSpec spectra acquired at mid stem elongation both years in the Aranjuez experiment.
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Fig 41. The methodological workflow followed for the atmospheric correction and signal
normalization process of Sentinel-2 (S2) and WorldView-3 (WV3). Description of Land

Surface Reflectance (LSR) products is in the text.

4.5.2 Gathering of atmospheric constituents and sensitivity analysis

The atmospheric constituents and parameters, referenced to the geodetic coordinates of the
center of the Aranjuez experiment, varied with the dates of the images acquisition (Table 12).
The WVC obtained from MODIS (1.23 cm in 2018 and 0.715 cm in 2019) were similar to
those obtained by Sen2Cor algorithm based on S2L1C imagery (1.28 cm in 2018 and 0.689
cm in 2019). The AOT values obtained from MODIS and Sen2Cor algorithm matched
closely in 2019 (0.129 from MODIS and 0.100 from Sen2Cor), however, some differences
were found in the 2018 AOT (0.096 from MODIS and 0.197 from Sen2Cor). This
disagreement can be attributed to the different Sentinel-2 and MODIS overpass times; while
in 2019 the measurements differed only by 9 minutes, in 2018 this time difference was almost
one hour (Table 12). In addition to overpass time, differences in the retrieved WVC values
could also be due to the different spatial resolution between MCD19A2 (1 km), MODO7 (5
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km) and Sentinel-2 (60 m). There are differences between the MCD19A2 and MODO07
products depending on the acquisition time of the corresponding measured constituent values
(Table 12). A good correspondence for WVC between Sentinel-2 and MODIS retrieved
atmospheric constituent values was obtained when data overpass times were closer. The
extent of the difference in values cannot be verified for visibility because the AOT
information is lacking in the MODO7 products. In any case, the value closer to the satellite

overpass was used in the subsequent atmospheric corrections.

The O3 values were in the range of the usual concentrations of the area. The monthly range of
Os over Madrid taken by the National Meteorological Agency (AEMET, 2023) was 307 —
439 DU in April 2018 and 303 — 438 DU in April 2019. The Os daily values shown in
AEMET (2023) agree with the MODIS data displaying an Oz concentrations peak at 438 DU
around mid-April 2019.

Table 12. Values of the atmospheric constituents (aerosol optical thickness (AOT), water
vapor column (WVC), ozone concentration (Os) and absolute surface temperature (Temp))
extracted from MODIS products information for 17 and 18 April 2018, and for 12 April
2019. The values of the AOT and WVC calculated from the in-scene spectral bands of

Sentinel-2 are also shown.

Atmospheric Constituents

Data source Data time for AOT WVvC O3 Temp

overpasses data
(MODIS product) cources (cm) (DV) (°K)

April 17t 2018 (Sentinel-2)

MCD19A2" 12:05 PM 0.096 1.692 -

MODO7** 11:31 AM - 1.230 335.0 -

MOD11C1™ 12:12 PM - - - 296.1

Sentinel-2 11:07 AM 0.197 1.280 - -

April 18", 2018 (WorldView-3)

MCD19A2() 11:10 AM 0.196 1.475 -

MODOQ7¢™) 12:14 PM - 1.711 320.3 -

MOD11C1¢™) 11:12 AM - - - 303.2
April 121, 2019 (Sentinel-2 and WorldView-3)

MCD19A2(" 11:15 AM 0.129 0.715 -

MODOQ7(™) 12:19 PM - 0.576 438.3 -

MOD11C1¢™) 11:24 AM - - - 302.9

Sentinel-2 11:06 AM 0.100 0.689 -

“MODIS aerosol and water vapor products
" MODIS water vapor and O3 products
"™ MODIS land surface temperature products
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The importance of using accurate values of atmospheric constituents is demonstrated in the
sensitivity analysis, which displays the fluctuation of surface reflectance when varying
atmospheric constituents. The relative reflectance difference for each band is expressed as a
percentage and was calculated as the surface reflectance derived using the atmospheric
constituents obtained for each location and date minus the surface reflectance modifying the
studied atmospheric constituent, divided by the surface reflectance using the measured
atmospheric constituents. The sensitivity analysis for Sen2Cor and MODTRAN showed that
both processors exhibited the same directional effect on surface reflectance when modifying
O3 and visibility (calculated from AOT), but with different magnitudes (Fig 42).

The effect of these constituents was more relevant for the visible region than for the red edge
and the NIR. Variations in visibility values resulted in changes of surface reflectance up to
100% with Sen2Cor and -800% with MODTRAN, while variations of Oz changed surface
reflectance less than £5% with Sen2Cor and 20% with MODTRAN (Fig 42). This is
contrasted by the WVC changes that had pronounced impacts on the NIR wavelengths in the
MODTRAN atmospheric correction, resulting in a maximum fluctuation of 10% of surface
reflectance. These findings were expected due to the known effect of O3 on the reflectance of
UV to visible regions (Vermote et al., 2016; Liang and Wang, 2019) and the water vapor
absorption feature in the NIR region (Pacifici et al., 2014). Reflectance in all bands increased
with higher values of Oz and WVC, but only visible bands increased with higher visibility

values.

Visibility was a critical parameter for atmospheric correction. The effect of visibility on the
surface reflectance corrected with Sen2Cor and MODTRAN in the sensitivity analysis was
greater than the other atmospheric constituents in all bands. The greatest impact was observed
in the blue bands of WorldView-3 and Sentinel-2. The sensitivity analysis showed that if
visibility is underestimated, MODTRAN can generate negative surface reflectance in the

Coastal and Blue bands.
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Fig 42. Relative reflectance difference for various a) Sentinel-2 bands corrected with
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varied between the established ranges. Additionally, the effect of the water vapor column
(WVC) variation is shown in b. The smaller graphs in the a and b windows show reflectance

on a different scale to better appreciate the atmospheric parameters effect.
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4.5.3 Statistical assessment of atmospheric correction procedures

The Sentinel-2 and WorldView-3 surface reflectance imagery derived from the three different
atmospheric-RTMs were compared with the ground-truth spectral data (Manakos et al., 2011;
Cross et al., 2018). All atmospheric correction processors reduced the reflectance of the
visible bands and increased the reflectance of the NIR bands with respect to TOA imagery
with both sensors (Fig 43). The atmospheric corrections improved match-ups with ground-
truth spectral data, except for the NIR band of WV3 (Fig 43; Table 13). Reflectance from
S2L.1C was different from the ground-truth data in most visible bands but not in the NIR
bands (B8 and B8A) of SV plots, whereas surface reflectance from Sentinel-2
atmospherically corrected was similar for most processors, bands and vegetation types (Table
13). Good performance was demonstrated by the Sentinel-2 red edge bands, especially B6
that did not present significant differences with the field spectra in any case. It should be
noted that given the low values registered in the visible region in both vegetation types, slight
differences in the surface reflectance make the t-test significant in bands from this region. In
the Sentinel-2 visible bands, the actual differences in surface reflectance were small enough
for its practical application in studying vegetation properties even if they were significant

when compared to the convolved bands.

Overall, the S2L2A diminished the differences with the ground-truth compared to
S2L.2A 03V, nevertheless minor differences were found between all processors tested,
resulting in coincident values of surface reflectance in many cases. Differences in the derived
surface reflectance of Sentinel-2 VNIR bands less than 0.013 between Sen2Cor and
FLAASH and less than 0.026 between Sen2Cor and MODTRAN were identified in all cases.
These results support the suitability of MODTRAN, FLAASH and Sen2Cor to correct

Sentinel-2 imagery using ancillary atmospheric constituent data from MODIS.
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Fig 43. Ground-truth field spectra (continuous line) and Sentinel-2 and WorldView-3
reflectance bands for dense vegetation (DV) and sparse vegetation (SV) plots. Symbols
represent reflectance at the top of atmosphere (S2L1C and WV3-TOA), surface reflectance
after atmospheric correction with Sen2Cor calculated values (S2L2A), with Sen2Cor
customized values for ozone and visibility (S2L2A_0O3V) and with MODTRAN (S2-
MODTRAN and WV3-MODTRAN) and FLAASH (S2-FLAASH and WV3-FLAASH)
using atmospheric constituents values from MODIS for the two experimental years. Spectrum

shadow and bars represent standard deviation.
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Table 13.  P-values from the single sample t-test comparing the surface reflectance in the
bands from ground-truth spectroradiometer data with that extracted from Sentinel-2 and
WorldView-3 imagery atmospherically corrected by the different procedures, for dense
vegetation (DV) and sparse vegetation (SV) and years. Values in bold indicate no differences

at a significance level o = 0.05.

Vegetation type  Reflectance” Sentinel-2
Blue Green Red Red Edge  Red Edge  Red Edge NIR NIR (B8A)
(B2) (B3)  (B4) (85) (B6) (87) (89)
2018
DV S2 L1C 0.000 0.000 0.000 0.001 0.066 0.031 0.002 0.030
S2L2A 0.000 0.395 0.067 0.046 0.249 0.095 0.072 0.058
S2L2A_03V 0.004 0.001 0.000 0.008 0.267 0.080 0.056 0.051
S2-MODTRAN  0.000 0.636 0.000 0.002 0.144 0.045 0.019 0.047
S2-FLAASH 0.927 0.014 0.000 0.014 0.127 0.051 0.017 0.055
sV S2L1C 0.000 0.004 0.076 0.990 0.558 0.233 0.696 0.150
S2L2A 0.092 0.063 0.359 0.298 0.221 0.139 0.297 0.104
S2L2A_03V 0.388 0.331 0.934 0.582 0.188 0.133 0.229 0.102
S2-MODTRAN  0.068 0.004 0.308 0.899 0.261 0.157 0.264 0.083
S2-FLAASH 0.169 0.132 0.797 0.380 0.353 0.203 0.588 0.089
2019
DV S2L1C 0.000 0.000 0.000 0.010 0.913 0.212 0.010 0.394
S2L2A 0.152 0.049 0.004 0.029 0.369 0.815 0.907 0.881
S2L2A_03V 0.041 0.433 0.031 0.052 0.187 0.498 0.409 0.511
S2-MODTRAN  0.000 0.071 0.000 0.010 0.519 0.575 0.266 0.851
S2-FLAASH 0.014 0.467 0.055 0.070 0.418 0.862 0.361 0.534
sV S2 L1C 0.000 0.000 0.002 0.809 0.364 0.924 0.284 0.736
S2L2A 0.004 0.007 0.093 0.115 0.936 0.461 0.162 0.521
S2L2A_03V 0.000 0.002 0.014 0.081 0.301 0.096 0.031 0.121
S2-MODTRAN  0.026 0.000 0.089 0.870 0.951 0.400 0.361 0.193
S2-FLAASH 0.000 0.000 0.006 0.028 0.824 0.314 0.339 0.127
WorldView-3
Coastal Blue Green Yellow Red Red Edge NIR1
2018
DV WV3-TOA 0.000 0.000 0.000 0.000 0.000 0.000 0.028
WV3-MODTRAN 0.000 0.000 0.000 0.000 0.000 0.000 0.004
WV3-FLAASH 0.001 0.425 0.001 0.000 0.007 0.000 0.006
sV WV3-TOA 0.000 0.000 0.000 0.000 0.002 0.141 0.000
WV3-MODTRAN 0.000 0.000 0.000 0.001 0.004 0.161 0.000
WV3-FLAASH 0.027 0.358 0.041 0.094 0.313 0.815 0.000
2019
DV WV3-TOA 0.000 0.000 0.000 0.001 0.005 0.000 0.687
WV3-MODTRAN 0.368 0.426 0.749 0.070 0.529 0.000 0.053
WV3-FLAASH 0.624 0.039 0.043 0.228 0.034 0.000 0.043
sV WV3-TOA 0.000 0.000 0.001 0.106 0.000 0.000 0.060
WV3-MODTRAN 0.000 0.000 0.000 0.000 0.000 0.000 0.009
WV3-FLAASH 0.000 0.000 0.000 0.000 0.000 0.000 0.009

“Reflectance at the top of atmosphere from Sentinel-2 (S2L1C), surface reflectance corrected
with Sen2Cor calculated values (S2L2A) and with Sen2Cor customized values for ozone and
visibility (S2L2A_O3V), MODTRAN and FLAASH for the two experimental years.
Reflectance at the top of atmosphere from WorldView-3 (TOA) and surface reflectance
corrected by MODTRAN and FLAASH.
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Both processors, MODTRAN and FLAASH, accounted for the atmospheric effects of the
WorldView-3 viewing angle, but only FLAASH was able to substantially reduce the
difference in the visible bands relative to ground-truth data in the backward scattering
imagery (2018) (Fig 43). In the forward scattering imagery (2019) both processors matched
field measurements in the visible bands for DV plots, but not for SV plots (Table 13). The
mean value of WorldView-3 visible bands was overestimated in 2018 and underestimated in
2019, and the NIR band was overestimated in all cases. Good agreement between the
corrected NIR band of WorldView-3 and the field spectra was only found in DV of 2019
when corrected with MODTRAN (Table 13). These results indicated that, in addition to
atmospheric scattering and absorbance, the acquired signal of WorldView-3 was affected by

the anisotropy of the non-Lambertian nature of the study field.

4.5.4 WorldView-3/Sentinel-2 signal normalization

Two methods that characterize the impact of the anisotropy reflectance in off-nadir
acquisitions were tested in the WorldView-3 imagery. The application of the RPV method to
compensate for the two angular components provided results that differed substantially from
the ground-truth surface reflectance values and consequently are not reported here. The c-
factors of the kernel-driven Ross-Li procedure (Table 14) correctly expressed the
corresponding angular components and viewing conditions in visible bands, but were

insufficient to compensate for the effect of BRDF on surface reflectance.

It must be indicated that for the RPV model, the values for the corresponding parameters are
only available for the visible and NIR spectral regions, without intra-region distinctions.
Likewise, the c-factors are computed according to the Ross-Li method (Wanner et al., 1995),
for the WorldView-3 bands matching the MODIS blue (B3), green (B4), red (B1) and NIR |
(B2) spectral bands. For 2018, the WorldView-3 image was acquired in a backward solar
scattering geometry that theoretically leads to an overestimation of the computed surface
reflectance. Although the derived c-factors for the visible and NIR would correct the
overestimation to some degree, they would do so insufficiently. In contrast, the WorldView-3
image of 2019 was acquired with a forward solar scattering geometry, theoretically leading to
an underestimation of the surface reflectance in the visible region and an overestimation in
the NIR region. The c-factors would partially compensate for the surface reflectance

underestimation, however, the overestimation of NIR reflectance was not corrected.
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Subsequently, both methods, i.e., RPV and c-factor, were disregarded for the angular

correction of the WorldView-3 datasets.

The calibration coefficients obtained from the empirical normalization approach based
on the ground-truth spectra differed for each WorldView-3 band and year of image
acquisition (Table 14). The validation procedure extended to a collection of 454 pixels of
Sentinel-2 showed a large improvement with respect to non-normalized data (Fig 44a) and a
good agreement between the normalized WorldView-3 and the corresponding Sentinel-2 (Fig
44Db). The R? between the normalized WorldView-3 and the Sentinel-2 datasets was > 0.75
for the four compared bands, and the data points clustered close to the 1:1 line. The largest
RMSE was obtained for the NIR bands (B8 from Sentinel-2 versus NIR1 from WorldView-
3), which represent about 5% of the average. The correlation between the green and red
bands exhibited the best R2,

Table 14.  Coefficients used for the Rahman-Pinty-Verstraete (RPV), c-factor and empirical
normalization methods in WorldView-3 imagery both years.

Method VIS NIR
RPV Po K © Po k ®
0.133 0.851 -0.114 0.211 0.718 0.086
2018 2019
B” G R NIR 1 B G R NIR 1
c-factor 0.937 0.944 0.953 0.953 1.151 1.14 1.125 1.116
Empirical
coefficients

* B: Blue, G: Green, R: Red, and NIR 1: Near Infrared 1 spectral reflectance bands of WorldView-3.
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Fig 44. Linear least square regression analysis between Sentinel-2 Level 2A (S2) bands and
the corresponding band of WorldView-3 (WV3) a) before and b) after applying the
normalization coefficients calculated with the field spectra. Each point represents a pixel of
S2 and the mean value of all WV3 pure pixels that lay inside leaving a 1-m buffer in each

side of the S2 pixels.

4.5.5 Discussion

The results of this study revealed the utility of using values for atmospheric constituents from
ancillary data sources such as the MODIS MCD19A2 and MODOQ7 atmospheric products for
atmospheric corrections of medium and high spatial resolution satellite imagery. This is
particularly relevant when working with atmospheric-RTMs such as MODTRAN or
FLAASH, which require ancillary input information. These two models performed similarly
when working with Sentinel-2 imagery, as the derived surface reflectance that differed less
than 0.024 and 0.01 for the visible and NIR bands, respectively. The derived surface
reflectance also showed good agreement with the ground-truth spectra (Table 14). Likewise,
Sentinel-2 products corrected with Sen2Cor, either with default values (S2L2A) or with
MODIS-retrieved atmospheric constituent values (S2L2A_03V), were similar, with a
difference in the corresponding surface reflectance values lower than 0.02 in all bands. This
holds when Sentinel-2 and MODIS have near coincident time overpasses. The importance of

acquiring reliable values of Oz atmospheric concentrations, WVC and, especially visibility,
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was demonstrated with the sensitivity analysis where it was observed how surface reflectance
is affected by these constituents (Liang and Wang, 2019). This analysis verified that the
visible region was the most sensitive to atmospheric conditions, since shorter wavelengths are
more affected by both Rayleigh scattering by gases (Irwin, 1996), and Mie scattering by
aerosols, both of which have a combined impact on visibility (Fig 42). Alternatively, as
suggested in Wilson et al. (2015), the Koshmieder formula relating AOT with horizontal

visibility might also be tested in future atmospheric correction assessment.

After atmospherically correcting WorldView-3, a difficulty was encountered, i.e., significant
differences between the derived surface reflectance and ground-truth spectra were found. The
magnitude and sign differed depending on the vegetation type, wavelength, and Sun-surface-
sensor geometry. As pointed out in Breuniga et al. (2015) and in Roy et al. (2017), the
backscatter direction might be affected by the predominance of sunlit surfaces and exhibit
higher surface reflectance than nadir acquisition, as opposed to lower surface reflectance
values derived from forward scattering view angles due to a shadow-hiding effect.
Differences with nadir acquisition are expected to be more prominent in backscattering than
in the forward scattering situation. In 2018, WorldView-3 products were acquired with
satellite and Sun azimuth angles of 141.2° and 155.2°, respectively, which correspond to a
backscatter situation. This can explain why in 2018, WorldView-3-derived surface
reflectance was overestimated in the visible and NIR regions. In contrast, for the 2019
WorldView-3 imagery, satellite and Sun azimuth angles were opposite, with respective
angles of 345° and 163.6°. The nearly opposite azimuth directions of the sensor and Sun,
means that forward scattering was dominating the surface scattering response observed by the
sensor. This forward scattering was probably responsible for the correspondingly
underestimated reflectance in the visible regions, as reported by Pacifici et al. (2014) and
consequently must be corrected (Cross et al., 2018). The surface reflectance overestimation
found in the WorldView-3 NIR band in the backscattering and forward scattering situation is
in agreement with other studies that analyzed surface reflectance in winter wheat under
different viewing and illumination geometries (He et al., 2016; Roosjen et al., 2016; Chen et
al., 2018; He et al., 2019a). These studies indicated that the maximum soil signal acquired by
the sensor is at nadir, and it is reduced when the view zenith angle rises, increasing the plant
signal and, consequently, the NIR reflectance (Dorigo et al., 2012; Kuester and Spengler,
2018). According to Breunig et al. (2011), anisotropic effects increase from closed to sparse

canopies, explaining why in this study the differences with the ground-truth data were greater
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in SV than in DV plots. Consequently, off-nadir imagery could lead to inaccurate vegetation
index derivation, such as NDVI (Verrelst et al., 2008; Breuniga et al., 2015). In this study the
two BRDF correction methods tested (RPV and c-factor) were not capable of compensating
for the angular component of the WorldView-3 imagery. Methods such as the RPV or
Walthall model were previously applied for correcting the BRDF effects in high spatial
resolution datasets, but required an elevated number of multi-view observations (Walthall et
al., 1985; Koukal et al., 2014; Liu et al., 2019a). The coefficients required for the c-factor
approach were successfully retrieved from low spatial resolution datasets such as MODIS,
POLDER (POLarization and Directionality of the Earth’s Reflectances) or MISR EOS
(Multi-angle Imaging SpectroRadiometer) (Jin et al., 2002; Su et al., 2009; Roy et al., 2017)
and implemented in medium-resolution imagery such as Landsat 7 Enhanced Thematic
Mapper (ETM+), Landsat 8 Operational Land Imager (OLI) or Sentinel-2 MultiSpectral
Imager (MSI) products (Roy et al., 2008; 2017; Franch et al., 2019). According to Roberts
(2001), the BRDF effects are dependent on the physical properties of the land use. In
MCD43A1 products with 500-m spatial resolution, different land use types are contained
within one resolution cell (Fig 7) and therefore their individual anisotropic properties are not
properly represented. This explains why the approaches tested in our study (RPV model and
c-factor approach) were unable to compensate for the WorldView-3 angular components or
the BRDF effects (Zhang and Roy, 2016).

In most cases, the NIR bands of Sentinel-2 (B8 and B8A) exhibited no differences with
ground-truth spectra when the images were atmospherically corrected (Table 13). Despite the
high variability along the red edge region and its low spatial resolution, the red edge band B6
did not present differences with the ground truth. The empirical normalization procedure of
atmospherically corrected WorldView-3 surface reflectance demonstrated good agreement
between Sentinel-2 and the normalized WorldView-3. Some displacement from the 1:1 line
observed in the NIR bands can be attributed to the slight differences in band centers and
spectral response functions (Fig 14). The displacement in the blue bands for the 2018 dataset
was probably caused by the difference in time acquisitions, because this displacement was
not observed in the 2019 dataset. Therefore, the empirical approach showed the possibility of
reducing the angular component dependency in WorldView-3 imagery and coupling
information from Sentinel-2 and WorldView-3. The limitation of this approach is that it is
highly dependent on temporal and Sun-surface-sensor geometry, and so calibration

coefficients should not be extrapolated to other images or land use. The empirical approach
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Chapter 4.5: Sentinel-2 and WorldView-3 atmospheric correction and signal normalization
based on ground-truth spectroradiometric measurements

should be tested in other space- or air-borne sensors with different spatial and temporal
resolutions. Nevertheless, adaptation of mechanistic methods to correct the angular
component in high-resolution satellite imagery deserves complementary investigation in

future studies.
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4.6.1 Specific objectives and application of methods

This Chapter follows the analysis described in Chapter 3.5.4 to validate the use of remote
sensing application to regional scale. For this purpose, this Chapter fulfill the Objective 5:

validate the application of remote sensing imagery for landscape planning at regional scale.

a) assess the reliability of the AVIRIS imagery processed with multiple endmember
spectral mixture analysis (MESMA) for cropland use change monitoring by

comparing it with official crop reports.

b) determine the agricultural trends and quantify the non-cultivated areas during a

multi-year drought period and post-drought period in Central Valley, California.

During 2012 — 2016 California experienced one of the longest and most severe historical
droughts it has experienced in the last centuries (Griffin and Anchukaitis, 2014; Warter et al.,
2021). The reduction in precipitation and record low snowpack (Sierra Nevada snowpack
provides 30% of the California water supply), together with increased temperature, led to a
reduction in water storage that did not satisfy the water demands (Belmecheri et al., 2015;
Faunt and Sneed, 2015; Hanak et al., 2015; Warter et al., 2021). The agriculture in Central
Valley relies on groundwater for irrigation, especially in dry years, causing groundwater level
to decline (MacEwan et al., 2017; Liu et al., 2019b; Vasco et al., 2022). At the beginning of
the exceptional drought period, two-thirds of surface water was replaced by groundwater
pumping, which increased the pumping economic costs by 75% due to a lower elevation of
the groundwater level (Howitt et al., 2015; MacEwan et al., 2017). This critical situation led
to the state to declare a drought emergency from January 2014 to April 2017 (Office of
Governor Edmund G. Brown Jr. 2014; Tortajada et al., 2017). Some of the strategies that
farmers followed to reduce economic losses during drought periods were to fallow annual
crops, reduce irrigation rates, implement more efficient irrigation systems, plant new
orchards, and/or prioritize higher-value crops (Tindula et al., 2013; Sanchez, 2017; Tortajada
etal., 2017).

This Chapter analyzes the agricultural trends during 2013 — 2018 in the Central Valley to
validate the use of AVIRIS imagery processed with the MESMA approach for crop land use
change monitoring at regional scale (Fig 45). Special interest is the identification of non-

cultivated areas with remote sensing systems because official crop reports do not provide this
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information, and it is important for guiding landscape planning. For this purpose, first, the
official crop reports were used to determine the crop land area covered by GV and NPV in
June (the peak growth of the summer crops) each year. Second, this information was
compared with the GV, NPV and soil area obtained when applying the MESMA approach to
the AVIRIS imagery. The agreement between both datasets would support the use of the

upcoming NASA SBG mission for crop land use change monitoring.
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Fig 45. Flow chart showing the process of the AVIRIS imagery to obtain the percentage area
of green vegetation (GV), non-photosynthetic vegetation (NPV) and soil within the crop
fields of the study area. NDVI refers to the normalized difference vegetation index, and CAI

to the cellulose absorption index.

4.6.2 Environmental data and crop reports

According to the United State Drought Monitor (2022a), the drought started in December
2011 and affected all areas in Kern, Kings and Tulare counties (Fig 46). Between 2000 and
2020, exceptional drought intensity was registered only from 2014 to 2017 in the three
counties. Approximately 15% of Kern, and 20% of Kings and Tulare counties, were under
exceptional drought conditions between January 2014 and January 2017. In addition, ~20%
of the area was under extreme drought conditions in the same period. Lower drought intensity
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was registered in 2017, as no drought was registered in Tulare County, and only 16% of
Kings, and 39% of Kern County was under an abnormally dry climate, and 3.5% of Kern
experienced moderate drought conditions. Between February and March 2018, approximately
30% of Kern and Kings, and 20% of Tulare County were under severe drought conditions,
and between 35 and 40% were under a moderate drought. The rest of the 2018 year, between
15 and 50% of the area in the counties were under moderate drought, and the remaining area

as abnormally dry.
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Fig 46. Time series of the percentage area of Kern, Kings and Tulare counties affected by the

different drought severity levels. Plot created from information available at the United States
Drought Monitor (2022a).
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The impact of the drought was observed in the harvested area of each year, as the sum of the
harvested area of crops that are photosynthetically active in June (GV) was the lowest during
the exceptional drought period (2014, 2015 and 2016) (Fig 48a). The yearly harvested area
separated by species and their physiological status in June is shown in Supplementary
Material S7. According to crop reports, the greatest effect of the drought was observed in
2015, as this was the year with the smallest GV harvested area (69.66-10* ha), followed by
2014 (70.05-10% ha). A reduction of 2.20-10* ha in the GV harvested area was registered in
2014 with respect to 2013, which was the highest reduction in the studied time period and
was coincident with the year of the beginning of the exceptional drought period. Despite the
exceptional drought condition, an increase of 1.75-10* ha in the GV harvested area was
recorded in 2016 with respect to 2015. But the harvested area in 2016 did not reach the values
of the years when exceptional drought was not detected (2013, 2017 and 2018). The biggest
increase in the GV harvested area occurred in 2017 (75.19-10* ha), the wettest year of the
studied period, with a difference of 3.89-10* ha with respect to 2016. No exceptional drought
conditions were registered in 2018, however, the harvested area was reduced by 1.30-10* ha
with respect to 2017, probably due to the extreme drought conditions registered in February
and March 2018, and the moderate drought registered the following months of 2018. The
crop reports showed that the sum of the harvested area of crops that are NPV in June
followed a similar pattern as the sum of the GV harvested area in the studied period, but NPV
values were between 34 and 39-10% ha higher than the GV values (Fig 48b). During the
exceptional drought period (2014 — 2016), the NPV area was reduced from 111.23-10% ha in
2013 to ~105-10* ha. The maximum NPV harvested area was registered in 2017 (114.12-10*
ha), followed by 2018 (112.18-10% ha).

Overall, a continuous increase in orchard harvested area was observed throughout the study
period (Fig 48c; Supplementary Material S7), whereas the irrigated pasture area was similar
in all years (~4-10* ha; Supplementary Material S7). The increase in orchard harvested area
between 2013 and 2018 was 9.05-10* ha (i.e., 28% compared to 2013), with half of the
increase in orchard area occurring in 2014, the first year that exceptional drought was
recorded. The orchard represented 45% of the GV harvested area in 2013 and 56% in 2018.
On the other hand, the biggest reduction in summer crops area was experienced in 2014 (Fig
48d; Supplementary Material S7). The summer crops harvested area was 35.54-10* ha in
2013, and 28.86-10* ha in 2014, which is equivalent to a reduction of 19% in the first year of

exceptional drought. The following years the summer crops area was similar, with values
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between 27.88 and 30.04-10* ha, reaching the maximum in 2017, which indicates that the
summer crops harvested area did not return to the values obtained before the exceptional

drought period started.

4.6.3 Crop patterns with MESMA

The MESMA results showed that the AVIRIS imagery captured changes in the cropland use
during the 2013 — 2018 period (Fig 47). The sum of the GV fractional covers within the
croplands obtained from MESMA (Fig 49a) followed a similar trend as the sum of the GV
harvested area obtained from the crop reports (Fig 48a). Both analyses indicated that the
years with the lowest GV area in June were those with exceptional drought (2014 — 2016).
According to MESMA, the year with the smallest GV area was 2015 (the sum of the GV
fractions in croplands normalized by the total area was 34%), and the year with the highest
GV area was 2017 (54%). The MESMA results also indicated that the increase in cropland
GV area began in 2016, reaching its highest value in 2017, before experiencing a small

reduction in 2018, also in a good agreement with the data from the crop reports.

The MESMA results showed that the cropland soil area steadily increased during the
exceptional drought period since 2013 (38%), until reaching the maximum value in 2015
(48%), which was similar to the soil area in 2016 (47%) (Fig 49b). After 2016, the cropland
soil area decreased each year, equalling 37% in 2017 and 24% in 2018. Therefore, MESMA
results showed that 2015 was the year with the lowest cropland GV and the highest soil in
June (Fig 47 and Fig 49). The images acquired in 2015 and 2018 showed that the soil area
decreased after the exceptional drought period by 50% with respect to 2015.

The MESMA results were able to explain 90% of the variability observed in the GV total
harvested area obtained from the crop reports (Fig 50a). Significant and inverse correlation
(R? = 0.57; data not shown) was obtained between the total GV harvested area of the crop
reports and the soil area obtained with MESMA. This correlation was enhanced when the
NPV area of the crop reports was added to the GV (R? = 0.60; Fig 50b). Indeed, the longest
distance from the regression line was obtained in 2017, when soil was overestimated by
MESMA, and in 2014, when soil was underestimated (Fig 50b). No correlation was found
between NPV from crop reports and from MESMA,; several reasons behind the disagreement

of both dataset in NPV values are given in the discussion section.
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Fig 48. Total harvested area of the crops that are a) green vegetation in June (summer crops,
orchards and irrigated pasture), b) non-photosynthetic vegetation in June, c) orchards, and d)
summer crops in Kings, Kern and Tulare counties during the 2013 — 2018 period according to

the counties crop reports.
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Fig 49. Percentage area within the croplands of the study area covered by a) green vegetation
and b) soil extracted from the multiple endmember spectral mixture analysis (MESMA)

results using AVIRIS imagery collected in June each year.
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Fig 50. Pairwise relationship between data calculated with the endmember spectral mixture
analysis (MESMA\) using AVIRIS imagery and obtained from the crop reports in Kings, Kern
and Tulare counties during the 2013-2018 period, for a) green vegetation (GV) and GV
harvested area, and b) soil and GV plus non-photosynthetic vegetation (NPV) harvested area.
The solid line represents the lineal relationship between variables and R? is the coefficient of

determination.

4.6.4 Discussion

e Cropland use patterns during the 2013 — 2018 period

High accuracy was obtained in this study when MESMA was applied to the AVIRIS imagery
to monitor cropland use changes at regional scale. Similarly, Tane et al. (2018a) and Miller et
al. (2022) succeed when applying the same methodology for monitoring vegetation changes
through time. In this study, the MESMA results and the crop reports described similar trends
in cropland use during the exceptional drought period and the post-drought period. During the
exceptional drought (2014 — 2016) the cultivated area was the lowest in the study period
(2013 — 2018); after the exceptional drought ended it increased, reaching values higher than
in 2013. This result agrees with analyses of the drought impact reported by Tortajada et al.
(2017) and Lund et al. (2018). The MESMA results also showed an increase in the soil area
during the exceptional drought period. According to FAO (2023b), agricultural areas that are

uncultivated for less than five years are considered as temporally fallow, rather than
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abandoned. Therefore, the current study confirms that fallowing crops was a strategy
followed by the farmers during the drought period, and that it can be identified with AVIRIS
imagery. This demonstrates that hyperspectral sensors such AVIRIS could be an alternative
to combining optical and radar sensors that have already shown great potential for the
identification of abandoned land in Central and Eastern Europe (Goga et al., 2019). The crop
reports do not offer specific information about the non-cultivated area, for this reason,
information derived from remote sensing data can be a useful tool for guiding management
decisions related to non-cultivated fields (Milenov et al., 2014). Even more accurate results
could be obtained by using several images collected at different dates during the same year
(Meerdink et al., 2019).

The crop reports also showed that another strategy followed by the farmers was to switch
summer crops into orchard, as reported by Sanchez (2017); Nishikawa et al. (2016) and Alam
et al. (2019). The current study showed that in the first year of the exceptional drought period
there was an important reduction in summer crop harvested area and an increase in orchards
area. Among the orchards, almonds represented >25 % of the area, and the crop reports
showed an increase in ~50% of the almond area between 2013 and 2018. This result agrees
with Tortajada et al. (2017) and Shivers et al. (2018). California farmers decided to divert the
water from less profitable crops to almond trees due to their high economic value (Nishikawa
et al., 2016; Alam et al., 2019). The water consumption of almond trees in California has
become a controversial topic because almonds can be grown under mild water stress with a
reasonable economic profit, whereas additional water applications show low water use
efficiency and have been considered excessive (Goldhamer and Fereres, 2017; Gutiérrez-
Gordillo et al., 2020; University of California Division of Agriculture and Natural Resources,
2022). Shivers et al. (2019) used paired AVIRIS and thermal imagery to show that nut trees
suffered less from water stress than other fruit trees during the California drought period.
Future studies with access to ground-reference data should test the ability of remote sensing
technology to monitor changes in orchard area during a drought period. The ability of
AVIRIS imagery to map plant species distribution was demonstrated by Meerdink et al.
(2019) using ground-reference data, however, lower accuracy was obtained in sparse
canopies due to contamination by understory species or soils, and the effect of the multiple

photon scattering between different land use classes (Somers et al., 2009).
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e Performance of hyperspectral imaging when monitoring cropland use

MESMA results were able to adequately assess changes in GV and soil areas. The good
performance of the GV assessment (R? = 0.90) was attributed to the spectral properties of the
photosynthetically active vegetation, clearly different in the visible, SWIR and in the NIR
regions from NPV and soil (Dennison et al., 2019; Fig 1). However, spectral distinction
between NPV and soil is more complicated, as it relies on specific absorption features of
lignin, cellulose and other organic molecules located in the SWIR region (Daughtry, 2001)
and is affected by confounded factors such as moisture content (Quemada and Daughtry,
2016). In addition, soil spectra do not have a characteristic absorption feature, and they vary
with soil type and color, therefore, soil spatial variability may be a source of uncertainty
when mapping land-cover uses (Somers et al., 2011). MESMA has advantages over other
classification methods because it uses the entire spectra and allows varying the spectra used
in the classification across the image in a per-pixel basin; therefore, it allows broad-scale

fractional cover mapping (Roberts et al., 1998).

Due to the inverse correlation between the area covered by GV + NPV observed in the crop
reports and the soil area obtained from the MESMA results (R? = 0.60), this study validates
the use of AVIRIS imagery processed with MESMA approach for quantifying non-cultivated

fields. However, some uncertainties could have reduced the accuracy of the assessment:

-When calculating the NPV area with the crop reports, it was considered that all crop
fields kept plant residues on the soil. However, there is a variety of tillage
management practice that farmers follow in the Central Valley (Mitchel et al., 2016).
Therefore, the crop fields where the residue was removed were considered as NPV
area in the crop reports and marked as soil in MESMA results. This would lead to a
higher estimate of the soil area or non-cultivated fields by MESMA and a lower

estimation of NPV area.

-Some crop rotations, such winter cereal-summer crop, are marked as GV in MESMA
results, while the area of the winter cereal (NPV) was not considered by MESMA, but

it was included when calculating the NPV harvested area with the crop reports.

-The physiological development of the crops can be another source of uncertainty

because it varies between years due to the environmental conditions and management
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practices (Yang et al., 2004). Therefore, the GV and NPV area observed in the same
crop species by MESMA can vary between years.

-Under water scarcity regimes, crops accumulate lower amount of biomass, exposing
more soil background to the sensor (Tilling et al., 2007). For this reason, MESMA
could produce a higher soil area estimate during the dry years and lower GV area than

crop reports that would consider an entire crop field as GV.

-When monitoring orchards, the stems and woody tissues of the crown trees that are
exposed to the sensor can lead to a higher estimate of NPV area and lower of GV by
MESMA (Asner, 1998).

-The shadow captured by the sensor in orchards is expected to reduce the accuracy
due to an overall reduction in reflectance, being this effect more noticeable in old-tree
formation (Clark et al., 2005).

-The row spacing in orchards can also reduce the model accuracy (Meerdink et al.,
2019) because it can be covered by soil, senesced vegetation or understory species but
considered as GV harvested area by the crop reports. In the case the row space is
covered by soil or senesced vegetation, it would reduce the GV area captured by
MESMA and increase soil or NPV area, which would increase the disagreement with
the crop reports. New orchards have more sparse canopies and more space between
crowns than older, well-established orchards. For this reason, lower estimates of GV
areas by MESMA are expected to be common in new orchards. Due to the increase in
new orchards during the beginning of the drought, this effect was more evident in
2014, 2015 and 2016, and therefore, it could contribute to the reduction in GV area

and the increase in soil area observed in the MESMA results during the drought.

Due to the specific absorption feature needed to distinguish between NPV and soil, narrow-
bands sensors covering the SWIR region are needed for this purpose (Daughtry and Hunt,
2008; Hively et al., 2019). The current results demonstrate the potential of AVIRIS and the
upcoming NASA SBG mission to monitor the cropland use change and field abandonment as

consequence of the drought at regional scale.
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Chapter 5: General discussion

This thesis validated the use of remote sensing data for retrieving crop parameters that can be
used to inform management decisions and improve the sustainability of the agricultural
systems. Remote sensing information showed potential for field-scale monitoring by
assessing the spatial variability of the crop status to adjust water and N rates and to predict
harvest parameters. At regional scale, remote sensing techniques allowed assessing crop land
use changes and non-cultivated fields to support landscape planning decisions. This thesis
proposed and validated different remote sensing modeling approaches to improve the

accuracy in crop monitoring.

The results showed that estimating crop status and traits requires considering different crop
parameters that can be estimated with remote sensing techniques. For site-specific adjustment
of N application according to winter wheat demand, it is required to correctly estimate the
crop N status at early GSs, when the first N fertilization is usually applied. The critical %N
required for an optimal N status, changes with biomass development, so remote sensing
estimation of crop N status must consider both crop parameters (Mistele and Schmidhalter,
2008). To enhance N use efficiency, the water status must be considered before fertilization
because the N should be applied in areas where N is a limiting factor and the crop has enough
water available to ensure N take up (Zillman et al., 2006; Quemada and Gabriel, 2016). The
final winter wheat yield is highly related to biomass (Marti et al., 2007); however, adequate
values of biomass under no correct management practices can produce a yield reduction, for
example, due to lodging (Berry et al., 2004). Therefore, an accurate yield prediction should
consider different crop parameters (Tang et al., 2022). In winter wheat, the N content in
leaves and structural organs before flowering that is translocated to the grain will determine
the GPC (Kichey et al., 2007). The effectiveness of N translocation to fill the grain is
dependent on different factors, such as the water availability (Zhao et al., 2005; Diacono et
al., 2013).

The results indicated that the accuracy when estimating some crop parameters with remote
sensing can be limited due to the sensor or platform characteristics. In this aspect,
acquisitions of crop fields with sensors that have broad spatial resolution can capture an
unknown portion of green vegetation, non-photosynthetic vegetation and soil background

area within a single pixel that hampers to identify the individual contribution of each
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component to the spectral or thermal measurement (Tilling et al., 2007). In addition, the
response of the spectral radiation reflected from some plant components such as protein,
lignin or cellulose is only found in a small number of narrow wavelengths located in the
SWIR region (Curran et al., 1989; Daughtry et al., 2001). For this reason, multispectral
sensors with low spectral resolution or sensors that only cover the VNIR region can be
limited when estimating some crop components. The viewing and illumination angles are
also an important issue that must be addressed because it may lead to strong spectral
differences due to BRDF effects that can produce variations in the relative amount of spectral
radiation reflected from the soil background or from the vegetation when compared to nadir-
looking acquired spectra that should be corrected (Pacifici et al., 2014; Cross et al., 2018).
When using spaceborne sensors, in addition to the disturbances due to the angular effect, the
spectral radiation reflected from the surface that is finally received by the sensor is highly
affected by the atmospheric constituents (Liang and Wang, 2009). Furthermore, the view
angle must be considered during the atmospheric correction because the off-nadir view angles
lengthen the atmospheric paths of the upwelling radiance signal acquired by the sensor. The
atmospheric conditions are continuously changing, and therefore the atmospheric constituents
should be measured at the time of the satellite acquisition to perform a correct compensation
(Pacifici et al., 2014; Wilson et al., 2015).

This thesis confirmed that the combination of remote sensing indicators related to different
crop parameters can improve crop monitoring and management decisions. The confounding
effect of crop N and water status in the spectral reflectance was evident, and the results
highlighted the difficulty of using only reflectance-based VIs to discriminate between N and
water stress. It was observed that the value of most VIs decreased when the crop suffered
from N or water stress, making it difficult to identify the stress suffered by the crop using
only VIs. This limitation was overcome by combining spectral reflectance with canopy
thermal information to simultaneously estimate crop N and water status to adjust N
fertilization and irrigation to crop requirements. The reliability of the temperature-based
indicator WDI (Moran et al., 1994) in estimating water status was demonstrated because the
WDI was correlated with the leaf stomatal conductance and showed robustness in detecting
the water levels while reducing the influence of the N levels. The convenience of
compensating by the soil background noise using a spectral VI related to ground cover was
observed in the better performance of WDI than Tc-Ta. The best VI to assess crop N status

and to adjust fertilizer rates was the CCCI (Barnes et al., 2000), which presented a significant
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relationship with the NNI in all cases, even at early GS when the CCCI compensated for the
soil background noise. The good performance of the CCCIl was demonstrated with the
measurements collected with the FieldSpec at ground level and with the airborne VNIR
sensor at 300 m above the canopy. The CCCI distinguished between the N fertilization levels
and was only slightly affected by the crop water status. The effect of water status on the
CCCI was mitigated when it was combined with the WDI to provide a robust spectral-
thermal indicator (f(CCCI, WDI)) that identified N levels regardless of the water regime.
Therefore, this thesis demonstrates that simultaneous analysis of CCCI and WDI data derived
from remote sensing technology can greatly contribute to site-specific adjustment of N

fertilization and irrigation and reduce the environmental impact of agricultural systems.

Similarly, it was found that combining information from different remote sensing indicators
related to crop parameters that affect traits improved the traits prediction with multispectral
or hyperspectral sensors. Of the three wheat traits evaluated, yield obtained the most accurate
estimation, and presented similar results when the indices were retrieved with a hyperspectral
sensor or with the multispectral Sentinel-2 bands. Both sensors obtained satisfactory results
when SWIR information was included in the GPC prediction. However, an important
improvement was obtained with the hyperspectral sensor due to the narrow absorption peak
of protein in the SWIR region (Camino et al., 2018). The red edge and SWIR-based indices
were important for improving N output prediction with both sensors. Although a more
accurate prediction was achieved with the hyperspectral bands, the potential of using the
open-access multispectral Sentinel-2 images for wheat trait prediction at field level or at large

scales is high.

We can conclude that accurate crop monitoring with remote sensing techniques relies on the
correct quantification of the crop parameters that are contained within a pixel or FOV of the
sensor. The parameters retrieved can be combined accordingly to the goal, in this case to
estimate crop status or to predict harvest. In addition, this thesis validated the application of
the hybrid artificial neural network-PROSAIL-PRO and MESMA models to quantify the
crop parameters and land cover classes that are contained within a pixel by analyzing all
available bands. The main difference is that the hybrid method estimates the plant
biochemical and physical parameters and MESMA assesses the fractional cover of the land
classes contained in each pixel. Both approaches model the target reflectance spectrum using

a reference spectra database called LUT in the hybrid method and spectral library in
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MESMA. In this study, the LUT consisted on several spectra simulated with PROSAIL-PRO
where each spectrum represents a different combination of crop parameters. The spectral
library used by MESMA was constructed with spectra extracted from in-scene pure pixels
that completely belong to a single land cover class (endmembers), and therefore, it was not
simulated. The spectral library can be constructed with endmembers from images collected
on different days, but it is recommended to use the same image that will be analyzed
(Meerdink et al., 2019). After this, the IES method was applied to the spectral library to select
the most optimal and representative endmembers of each class to be used in the model (Roth
et al., 2012). To select the optimal and most representative spectra of the LUT, this thesis
tested for the first time a method that used the observed spectra to remove the spectra of the
LUT that are substantially different and therefore, represent a set of crop parameters that do
not correspond to the observed data. To identify the fractional covers that build the spectrum,
MESMA uses a linear mixture model to decompose the spectrum into its fractional
components by finding the combination of fractional covers and land classes that produces
the lowest RMSE (Shivers et al., 2019). The hybrid method used in this thesis trained an
ANN regressor model with the LUT to identify the spectrum of the LUT most similar to the
observed spectrum to assess its crop parameters. The main difference in this process is that
MESMA tested different combinations of fractional covers that were not previously
established, while the hybrid method requires calibrating the model with previous knowledge
of the specific characteristic of the crop to establish the range of the crop parameters (Sinha et
al., 2020; Camino et al., 2022). The contribution of each crop component to the reflectance
spectrum in PROSAIL-PRO was previously established when the model was developed
(Féret et al., 2008). This implies that the contributions used by the model do not change
between crops with different leaves or canopy structures. Danner et al., 2021 reported good
results of the hybrid method for regional-scale monitoring, however the results were sensitive
to the crop type. On the other hand, the MESMA approach requires analyzing the image to
select pure pixels of each land cover class (Somers et al., 2011), which is one of the most
critical steps when applying MESMA. To avoid this, the spectral library used in MESMA can
be constructed with spectra simulated with RTMs (Sonnentag et al., 2007). Reducing soil
noise in the hybrid method is important to reduce uncertainties in the crop parameters
estimation (Camino et al., 2022). This information could be included in the hybrid method
using the MESMA results providing the fractional covers that affect the reflectance spectrum.
Therefore, future research should test the performance when combining the results from the
hybrid and MESMA methods. If the hybrid method is not available, it should be tested the
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Chapter 5: General discussion

performance in crop N status monitoring using CCCI but changing the NDVI by the
fractional covers of green vegetation (or the inverse of soil background) provided by
MESMA. Similarly, the OSAVI can be changed by the MESMA fractional covers when
calculating the WDI.

Regarding the transferability capacities of the methods, both models can reduce the
background soil noise by using the soil spectra collected from the image and allow
compensating for the viewing and illumination angles, which are critical issues that can limit
the transferability capacities. The use of in-scene soil spectral data increases the
transferability capacities of both methods because soil reflectance can change between
locations or dates due to environmental conditions (Somers et al., 2011; Quemada et al.,
2018). As observed in this thesis, the angular components was a source of error in
WorldView-3 acquisitions. Considering the soil spectra allowed the hybrid method in this
thesis to remove soil background noise at early GSs to obtain accurate crop parameters
estimation, and the MESMA method to calculate the variations in soil area within the crop
fields in different years. The capacity of PROSAIL-PRO to vary the illumination and viewing
angles when generating the LUT increases the transferability capacities of the hybrid method
(He et al., 2018; 2019b). In the MESMA model, the use of in-scene endmembers allows
reducing the induced angular effect. Additionally, to solve illumination issues, the MESMA
model embedded in Viper Tools 2.1 includes a shadow normalization process (Dennison and
Roberts, 2003; Roberts et al., 2019).

This thesis showed that including PROSAIL-PRO in the hybrid method applied to the
multispectral Sentinel-2 imagery allows retrieving several crop parameters that affect the
crop N status and final traits. Future versions of the hybrid method should provide crop N
status estimation and traits prediction based on the reflectance spectrum. To provide accurate
crop status estimation and traits prediction, it is required to train the model with on-ground
crop measurements linked to spectral information (Danner et al., 2021). Satellite missions,
such as Sentinel-2 with near-global coverage, have the capacity to provide a large number of
spectral measurements to calibrate and validate the models. Before assessing crop parameters
with satellite data, it is required to measure and remove external disturbances that affect the
reflectance spectrum, such as the atmospheric constituents (Pacifici et al.,, 2014). The
atmospherically corrected Sentinel-2 surface reflectance showed good agreement with the in-
situ collected spectral data in all VNIR bands. The Sen2Cor, MODTRAN and FLAASH
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atmospheric-RTM performed similarly and demonstrated the reliability of using atmospheric
constituent values from scene-based imagery or from ancillary satellite imagery to provide

accurate spectral satellite imagery.

As discussed in this thesis, hyperspectral VSWIR acquisitions allow improving crop
monitoring by measuring the protein absorbance to predict GPC and N output, and for
distinguishing between crop residue and bare soil in crop fields by measuring absorbance of
lignin and cellulose. According to Hively et al., 2021, currently there are no satellite missions
that collect hyperspectral SWIR information on a global scale. The upcoming satellite
missions will provide new opportunities to improve the sustainability of the agricultural
systems by acquiring global imagery with hyperspectral SWIR bands, and they will be suited
for its application in PROSAIL-PRO (Berger et al., 2018). The CHIME and Landsat next
missions will provide global coverage with hyperspectral VSWIR information, and therefore,
these sensors will allow crop N status estimation, traits prediction and identification of bare
soil and crop residue. The NASA SBG mission, in addition to provide hyperspectral VSWIR
bands with the AVIRIS, it will provide thermal imagery, which is of crucial importance for
accurate water status estimation. Therefore, as shown in this thesis, this mission will also
allow simultaneous assessment of crop N and water status to adjust N fertilization and
irrigation according to crop demand. Monitoring plant health and agricultural areas are some
of the priorities identified by the SBG mission (Cawse-Nicholson et al., 2021). This thesis
validates the potential of the SBG mission to reduce the environmental impact of agricultural
systems and to improve food security by monitoring crop land use change, allowing site-
specific adjustment of N fertilization and irrigation rates according to crop demand, and by

predicting crop yield, grain protein concentration and N output at global scale.
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Chapter 6: Conclusions

1. The cofounding effect of crop N and water status in the spectral reflectance was
evident. Combining reflectance with thermal information allows adjusting N
fertilization and irrigation to crop requirements. Simultaneous analysis of CCCI and
WDI derived from remote sensing technology improved site-specific adjustment of N

fertilization and irrigation.

2. The CCCI is a robust indicator of the crop N status because it presented significant
relationship with the NNI in all cases, even at early crop growth stages when the
CCCI compensated for the soil background noise. The CCCI minimized the effect of

the water status.

3. The WDI successfully compensated by the soil background effect to improve the

assessment of the water status and to reduce the cofounding effect of the N status.

4. The effect of the water status on the CCCI was mitigated when it was combined with
the WDI to provide a robust indicator (f(CCCI, WDI)) that identified N levels
regardless of the water regime.

5. Combining remote sensing indicators related to different crop parameters improved
winter wheat traits prediction. Although a more accurate estimation was achieved
with hyperspectral bands, the Sentinel-2 multispectral bands have potential for winter

wheat traits prediction at large scales.

6. Yield obtained the most accurate prediction, and presented similar results when the
indicators were retrieved with a hyperspectral sensor or with the multispectral
Sentinel-2 bands. The SWIR region was important for predicting N-related traits with
both sensors; however, more accurate prediction of grain protein concentration was

achieved with the hyperspectral sensor.

7. The hybrid artificial neural network-PROSAIL-PRO method accurately estimated the

chlorophyll content in all growth stages and described the temporal changes.
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8.

10.

11.

12.

Combining the crop parameters retrieved with the hybrid method improved the N

status estimation and the traits prediction compared with the VIs.

The atmospherically corrected Sentinel-2 bands showed good agreement with the
ground-truth measurements in all visible-NIR bands. The Sen2Cor, MODTRAN and
FLAASH atmospheric RTMs performed similarly when working with Sentinel-2
products and demonstrated the reliability of using atmospheric constituent values
from scene-based and from ancillary data sources, such as the MODIS atmospheric

products when overpassing synchronously to the multispectral sensor.

The reflectance acquired by WorldView-3 was different from the ground-truth spectra
due to the steep off-nadir acquisition angles. The proposed empirical signal
normalization procedure based on nadir spectra acquisition minimized the angular-

induced effect and allowed coupling images from different spaceborne sensors.

Applying the MESMA approach to AVIRIS data showed potential for crop land use
monitoring because the results agreed with the official crop reports. This approach

can be used to identify no-cultivated fields, which are not included in the crop reports.

Due to the hyperspectral VSWIR bands covered by the AVIRIS sensor and the
simultaneous thermal acquisition, the upcoming NASA SBG mission will be a
valuable tool to adjust N and irrigation to crop demand, to predict yield, grain protein

concentration and N output and to monitor cropland use changes at global scale.
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Chapter 4. 2: Simultaneous assessment of nitrogen and water status in winter wheat
through planar-domain vegetation indices using hyperspectral and thermal sensors

S1. Root mean square error (RMSE) of the linear relationship between nitrogen nutrition

index (NNI) and different spectral vegetation indices extracted from the airborne imagery

(Aircraft) and the ground-level FieldSpec instrument (FS).

Mid stem elongation Final stem elongation Flowering
Vegetation 2018 2019 2018 2019 2018 2019

indices FS Aircraft FS Aircraft FS Aircraft FS Aircraft FS Aircraft FS
NDVI 0254 0149 0140 0284 0314 0162 0180 0203 0.200 0.154 0.163
GNDVI 0255 015 0132 0269 0275 0159 0161 0196 0.221 0.138 0.154
OSAVI 0247 0148 0139 0261 0279 0156 0177 0190 0.223 0.156 0.163
EVI 0.246 0.148 0139 0245 026 0154 0174 0180 0.245 0.157 0.166
PRI 0252 0149 0136 0266  0.254 0.2 0.162 0194 0197 0171 0.178
Cl 0263 015 0131 0265 0234 0151 0159 0189 0.195 0.154 0.163
TCARI 0304 0129 0145 0.356 0.3 019 0194 0276 027 0.183 0.17
DCNI 0269 0117 0137 035 0225 0173 0163 0239 0204 0152 0.164
mMND705 0249 0149 013 0273 0264 0.145 0146 0193 0193 0156 0.162
mMSR705 0262 0149 013 0265 0225 0145 0157 019 0.196 0.156 0.166
NDRE 0254 0145 0125 0269 0244 0152 0140 0191 0.188 014 0.152
Nsso, 1510 - - - - - 0.196 - 0.227 - 0.181 -
TCARI/OSAVI 0265 0.118 0133 0304 0266 0161 0153 0213 0219 0.128 0.149
CCCI 0258 0102 0112 028 0231 0161 0135 0193 0.193 0.123 0.145
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S2. Two-way ANOVA for N level, water level and NxWater interaction on ground-based
crop parameters, spectral vegetation indices and temperature-based indicators from

airborne imagery in the two years at flowering.

*Significant at the 0.05 probability level, ** at the 0.01 probability level, *** at the
0.001 probability level or ns not significant.

2018 2019
N Water N Water
Indices Level Level NxWater  Level Level NxWater
NNI falalel ns ns falalel ns *
Conductance NA NA NA ns falaied ns
NDVI falalel ns ns falalel Fkx ns
GNDVI Fhx ns ns Fhx Fhx ns
OSAVI Fhx ns ns falaiel falaiel ns
EVI **k* ns ns **k* **k* ns
PRI **k* ns nS **k* **k* ns
C I **k* ns ns **k* **k* ns
TCARI * ns ns * * ns
DCNI Fhx ns ns Fhx Fhx ns
mND705 Fkx ns ns Fkx Fkx ns
mSR705 Fhx ns ns Fhx Fhx ns
N850,1510 falaiel ns ns kel faleiel ns
NDRE Fhx ns ns Fhx Fhx ns
TCARI/OSAVI falaiel ns ns kel faleiel ns
CCClI kel ns ns Fxx kel ns
TC_TaI r **k* **k* **k* * **k* nS
WD I **kk **k*k **kx nS **kk nS
NDWI1240 falaiel ns ns falaiel falaiel ns
NDWI11640 Fkk ns ns falalel falalel ns
f(CCCI, WDI) il ns ns il ns ns
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S3. Hyperspectral and thermal vegetation indices used for estimating crop nitrogen or

water status for each N and water level extracted from the airborne imagery at flowering

of both experimental years. Capital letters above the error bars indicate differences among

N levels and lower-case letters next to the mean value indicate differences between water

levels in each N level according to Tukey test 95%. Symbols are mean values and bars

standard errors.
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Chapter 4.4: Quantification of winter wheat nitrogen status through radiative transfer
models using Sentinel-2 imagery

=
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S4. Distribution of the a) normalized difference water index-1510 (NDWI-1510) and b)

WET values in each water level at flowering of both years. The centerline of the boxes

represents the median while and the top and bottom lines show the third and first

quartiles. Different letters indicate significant differences between water levels of the

same year according to Tukey's post-hoc test 95%.
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S5. Values of the coefficient of determination (R?) obtained between different vegetation

indices and nitrogen balance index (NBI) or nitrogen nutrition index (NNI) in each date

of both experimental years and analyzing all dates together. For each crop parameter, the

vegetation indices are ordered according to the R? value when analyzing all dates

together.
2018 2019

GS34 GS37 GS65 GS32 GS39 GS65 All

Index 28/3/20  17/04/201  12/05/201 10/03/201  12/04/201  12/05/201  date
18 8 8 9 9 9 s
NBI
OSAVI 0.69 0.79 0.62 0.67 0.34 0.84 0.34
GNDVI 0.65 0.76 0.72 0.64 0.61 0.84 0.34
EVI 0.68 0.81 0.59 0.65 0.15 0.78 0.29
Cl 0.65 0.77 0.60 0.68 0.59 0.51 0.29
NDVI 0.63 0.74 0.59 0.63 0.53 0.84 0.29
TCARI/OSAVI 0.35 0.64 0.71 0.66 0.60 0.33 0.25
mSR-705 0.63 0.76 0.56 0.63 0.53 0.40 0.25
mND-705 0.60 0.60 0.41 0.64 0.47 0.77 0.25
NDRE 0.65 0.81 0.81 0.55 0.46 0.60 0.22
PRI 0.62 0.61 0.04 0.07 0.09 0.60 0.19
TCARI 0.28 0.54 0.75 0.50 0.42 0.01 0.18
NR 0.26 0.63 0.55 0.59 0.48 0.71 0.17
OSAVI-1510 0.62 0.75 0.56 0.53 0.04 0.65 0.16
NDWI-2190 0.58 0.66 0.48 0.55 0.03 0.60 0.16
N870 0.60 0.73 0.55 0.54 0.04 0.65 0.14
NDWI-1640 0.60 0.73 0.55 0.54 0.04 0.65 0.14
DCNI 0.43 0.61 0.52 0.40 0.14 0.01 0.10
cccl 0.54 0.78 0.82 0.06 0.32 0.00 0.05
WET 0.46 0.57 0.37 0.42 0.00 0.23 0.04
TCARI-1510 0.05 0.47 0.02 0.06 0.16 0.00 0.03
TCARI/OSAVI-1510 0.34 0.46 0.28 0.41 0.01 0.53 0.01
NNI

Cl 0.60 0.64 0.66 0.34 0.29 0.15 0.42
OSAVI 0.60 0.59 0.67 0.46 0.32 0.54 0.41
EVI 0.63 0.66 0.72 0.45 0.24 0.61 0.39
GNDVI 0.56 0.53 0.65 0.46 0.44 0.55 0.36
mSR-705 0.58 0.65 0.67 0.27 0.24 0.07 0.34
NDVI 0.53 0.52 0.61 0.46 0.35 0.46 0.32
TCARI/OSAVI 0.30 0.47 0.66 0.25 0.28 0.08 0.28
PRI 0.55 0.45 0.03 0.01 0.07 0.20 0.27
NR 0.21 0.60 0.61 0.46 0.36 0.49 0.26
OSAVI-1510 0.60 0.61 0.70 0.22 0.06 0.27 0.24
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TCARI 0.24 0.43 0.64 0.11 0.11 0.01 0.22
NDWI-2190 0.56 0.55 0.60 0.27 0.05 0.15 0.21
N870 0.58 0.59 0.68 0.23 0.05 0.23 0.21
NDWI-1640 0.58 0.59 0.68 0.23 0.05 0.23 0.21
mND-705 0.43 0.35 0.37 0.35 0.15 0.25 0.21
NDRE 0.70 0.68 0.76 0.15 0.60 0.65 0.19
WET 0.49 0.56 0.56 0.18 0.00 0.00 0.09
DCNI 0.43 0.50 0.50 0.05 0.01 0.16 0.07
CCClI 0.72 0.69 0.72 0.03 0.49 0.13 0.03
TCARI/OSAVI-1510 0.37 0.39 0.44 0.18 0.01 0.11 0.01
TCARI-1510 0.02 0.28 0.01 0.02 0.08 0.19 0.01
Yield
EVI - - 0.85 - - 0.57 0.87
OSAVI-1510 - - 0.77 - - 0.31 0.79
OSAVI - - 0.84 - - 0.61 0.78
N870 - - 0.76 - - 0.30 0.76
NDWI_1640 - - 0.70 - - 0.25 0.76
NR - - 0.76 - - 0.58 0.72
mSR-705 - - 0.81 - - 0.12 0.71
NDWI-2190 - - 0.68 - - 0.24 0.70
WET - - 0.55 - - 0.03 0.65
NDVI - - 0.81 - - 0.60 0.65
Cl - - 0.82 - - 0.22 0.60
TCARI/OSAVI-1510 - - 0.43 - - 0.20 0.58
GNDVI - - 0.89 - - 0.66 0.53
NDRE - - 0.89 - - 0.40 0.46
PRI - - 0.02 - - 0.43 0.20
mND-705 - - 0.51 - - 0.48 0.18
TCARI-1510 - - 0.00 - - 0.03 0.17
TCARI/OSAVI - - 0.85 - - 0.12 0.16
CCClI - - 0.78 - - 0.00 0.05
DCNI - - 0.59 - - 0.16 0.01
TCARI - - 0.82 - - 0.00 0.00
Grain protein concentration
CCcClI - - 0.80 - - 0.14 0.47
NDRE - - 0.71 - - 0.57 0.42
GNDVI - - 0.52 - - 0.48 0.28
TCARI/OSAVI - - 0.53 - - 0.05 0.28
TCARI - - 0.57 - - 0.02 0.25
PRI - - 0.00 - - 0.12 0.25
mND-705 - - 0.22 - - 0.24 0.20
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Chapter 4.6: Drought impact on cropland use monitored through multiple endmember
spectral mixture analysis using AVIRIS imagery in Central Valley, California

S6. Possible impacts and range of different indicators for the different drought severity

levels developed by United States Drought Monitor (2022b). Information regarding
Palmer Drought Severity Index, CPC Soil Moisture Model, USGS Weekly Streamflow,
Standardized Precipitation Index and Objective Drought Indicator Blends can be found at

Integrated Drought Management Programme (2022a); National Oceanic and Atmospheric
Administration (2022a); United States Geological Survey (2022b); Integrated Drought

Management Programme (2022b) and National Oceanic and Atmospheric Administration
(2022b), respectively.

Palmer Objective
Drought  CPC Soil USGS Drought

Drought Severity  Moisture Weekly Standardized Indicator
severity Index Model Streamflow  Precipitation  Blends
level Possible Impacts (PDSI) (Percentiles)  (Percentiles)  Index (SPI) (Percentiles)
Abnormally - Coming into drought: -1.0to 21t0 30 21t0 30 -0.5t0-0.7 21t0 30
Dry short-term dryness -1.9

slowing planting,

growth of crops or

pastures

- Coming out of

drought:

some lingering water

deficits

pastures or crops not

fully recovered
Moderate Some damage to crops,  -2.0to 11t0 20 11to 20 -0.8t0-1.2 11to 20
Drought pastures -2.9

Streams, reservoirs, or

wells low, some water

shortages developing or

imminent

Voluntary water-use

restrictions requested
Severe Crop or pasture losses -3.0to 6to 10 6to 10 -1.3t0-1.5 6to 10
Drought likely -3.9

Water shortages

common

Water restrictions

imposed
Extreme Major crop/pasture -4.0to 3t05 3to5 -1.6t0-1.9 3to5
Drought losses -4.9

Widespread water

shortages or restrictions
Exceptional ~ Exceptional and -5.0 or Oto2 Oto2 -2.0 or less Oto2
Drought widespread crop/pasture  less

losses

Shortages of water in
reservoirs, streams, and
wells creating water
emergencies
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S7. Yearly harvested area (ha) of each crop indicated in the crop reports. Crops are
separated according to their physiological status in June as green vegetation (GV) or non-
photosynthetic vegetation (NPV). The main GV crops that the crop reports included in
“others” classification are carrot, cilantro, eggplant, beet and zucchini. The NPV crops

included in the “others” classification are winter cereals and legumes used for seed.

Crop type Crop Name Harvested area (ha)
2013 2014 2015 2016 2017 2018
GV Summer crop Alfalfa 104903.1 90287.47 86197.71 69876.32 59885.43 55249.35
Blueberries 795.21 816.66 841.34 936.85 979.34 1521.62
Broccoli 424.92 477.53 349.24 225.01 207.60 167.14
Cantaloupe 226.62 0.00 0.00 0.00 0.00 0.00
Cherries 3842.09 3635.70 3718.25 3456.42 3582.69 3291.31
Corn 94579.57 68446.97 83371.79 84437.33 82260.52 69600.33
Cotton 74021.93 5423359 40741.76 51148.26 66321.97 57514.78
Cucumbers 67.58 28.73 33.59 26.71 20.64 16.19
Garlic 1116.93 1460.92 1643.03 2237.91 2250.05 2165.07
Lettuce 0.00 129.50 137.59 237.96 0.00 0.00
Onions 3099.89 3184.88 2998.72 3083.71 3427.69 2589.99
Peppers 1072.42 890.31 700.11 829.61 777.00 829.61
Potatoes Spring 4564.86 4738.87 4738.87 5010.01 5010.01 4479.87
Sorghum 5094.19 5286.82 6195.74 5022.96 6837.98 5320.41
Tomatoes 1892190 19766.08 1873251 17664.54 14438.79 15519.71
Triticale 1515.55 1229.03 1232.27 889.50 718.72 1603.77
Watermelons 898.40 963.15 785.09 724.39 1129.07 829.61
Others 40285.68 33047.87 30150.32 34854.80 52548.07 58264.67
Orchard Almonds 81953.77 107169.76 111998.87 121823.03 124991.32 129562.65
Apples 0.00 0.00 0.00 416.83 0.00 273.16
Apricots 687.56 547.54 739.36 648.71 579.51 556.44
Grapes 71528.66 71480.90 67160.07 69496.73 73787.21 68845.18
Kiwifruit 991.48 963.15 760.81 748.67 777.00 744.62
Lemons 2804.47 2917.79 3176.79 2909.69 3601.71 3808.10
Nectarines 5578.60 4562.43 4379.92 4353.21 449161  4108.78
Olives 4977.64  4734.83 3658.36 4330.14 4289.67 3957.83
Oranges 37757.20 38768.92 35207.68 37919.08 38283.30 36421.74
Peaches 7241.05 6175.91 6066.24 6115.61 6478.21 5961.83
Pears 80.53 59.89 118.98 82.96 79.72 9.31
Pecans 346.41 428.97 403.47 361.79 363.81 354.91
Persimmons 983.39 327.80 378.79 360.98 348.03 387.69
Pistachios 54868.95 67779.64 7299443 77966.40 85864.25 92131.22
Plums 5110.37 4592.78 4454.78 4323.67 4299.79 4242.73
Pomegranates 1707.77 2286.48 1962.73 1197.87 1157.40 1141.21
Prunes 1396.17 1392.12 1323.32 1254.53 1205.96 1210.01
Quince 51.80 34.80 39.66 4452 47.35 39.25
Tangerines 5584.67 8781.69 9995.74 894356 10440.90 11533.55
Walnuts 20749.47  22465.74  21320.07 23488.78 24347.93  24921.37
Other Citrus 22264.61 25994.60 2639241 25160.54 26086.06 27000.65
Pasture Irrigated Pasture  40468.60  40468.60 40468.60 40468.60 40063.91 42775.31
NPV Barley 4419.17 1181.68 6027.80 4467.73 6943.60 5155.70
Beans 4427.67 3928.69 3919.38 5761.92 4065.48 2264.22
Oat 1104.79 679.06 865.22 360.98 420.47 879.79
Pasture 994789.41 980719.69 987162.70 984931.26 994835.95 986491.33
Wheat 62568.91 38040.08 50555.80 44608.54 44400.53 46169.82
Others 45015.65 22982.52 18182.54 14993.62 90487.79  80856.26
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