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Abstract

Optical remote sensing technology has emerged as a powerful tool for assessing vegetation
characteristics, particularly nitrogen (N) concentration (N%) in heterogeneous grasslands. Ac-
curate estimation of N% is crucial for farmers, as it directly in
uences grassland productivity
and plays a key role in sustainable land management. Accurate N assessments optimize fertilizer
use, boosting productivity, lowering costs, and enhancing environmental modeling to address
impacts such as N leaching and greenhouse gas emissions. Despite signi�cant progress, chal-
lenges and knowledge gaps remain, highlighting the need for continued research to fully harness
remote sensing’s potential in agricultural management and its impact on livestock productivity.

This thesis aims to advance the accurate estimation of grassland N% by integrating physically-
based, empirical-statistical, and hybrid models using optical re
ectance spectroscopy data. The
research focuses on three primary objectives:

1. To estimate N% in grasslands using optical re
ectance spectroscopy, data will be collected
across multiple scales, including ground-, leaf-, canopy-, and satellite-scale observations.

2. To improve the universality and adaptability of grassland N% models through a hybrid
approach that combines data from various optical sensors across multiple scales.

3. To account for and quantify uncertainties in grassland N% prediction models.

The thesis addresses the challenge of uncertainty by conducting a comprehensive analysis
of its sources and developing methods, such as Physically Informed Neural Networks (PINN),
to account for them. Key strategies include data fusion techniques for integrating diverse
data sources and improving atmospheric correction methods. A uni�ed methodology combin-
ing empirical-statistical and physically-based approaches is proposed to enhance generalization.
Machine learning algorithms play a pivotal role in feature selection and optimization, further
improving model accuracy and transferability. The developed methods undergo evaluation us-
ing independent validation data collected from heterogeneous grasslands across di�erent periods
and locations. Results demonstrate that integrating physically-based and empirical-statistical
approaches signi�cantly improves model accuracy and transferability, providing a deeper un-
derstanding of the factors in
uencing vegetation traits. This thesis highlights the importance of
advanced techniques, including machine learning, deep learning algorithms, Radiative Transfer
Models (RTM), and data fusion methods, for precisely characterizing vegetation traits, con-
tributing to more sustainable and e�cient grassland management practices.
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Chapter 1

Introduction

The escalating challenge of global hunger underscores a pressing international concern for the
coming decades. Forecasts by the Food and Agriculture Organization of the United Nations
(FAO) predict that the world’s population will surge to 9.9 billion by 2050, signi�cantly increas-
ing the demand for nutrient-rich foods, particularly meat and dairy products (Brook et al., 2021,
Bergeret, 2017, Ramankutty et al., 2008). Given the limited availability of arable land, maxi-
mizing the e�ciency and productivity of existing agricultural areas is essential. This will likely
require doubling or even tripling agricultural production from currently cultivated land without
expanding the production area.

Grasslands, the primary feed source for livestock, are essential for producing meat and dairy
products. Enhancing grassland quality by accurately estimating nitrogen (N) concentration
(N%) is key to optimizing production. E�ective N management enables farmers to optimize
fertilizer use, improve grassland productivity, and mitigate environmental impacts such as eu-
trophication, soil acidi�cation, and greenhouse gas emissions (GHG) (Wang et al., 2019a, White
et al., 2000, Briggs et al., 2005, Xu et al., 2014, Tiscornia et al., 2019, Yan et al., 2019). How-
ever, overexploitation of grasslands can lead to ecosystem degradation, raising signi�cant en-
vironmental concerns (Briggs et al., 2005, Alexandratos and Bruinsma, 2012, Julian et al., 2017).

Improved estimates of grassland N content signi�cantly enhance the accuracy of models
predicting nitrous oxide emissions (N2O), such as Overseer, which currently relies on long-term
average data (McVeagh, 2019, Wheeler et al., 2011a, 2008). More precise, farm-speci�c esti-
mates are valuable for addressing annual variations in emissions and tracking GHG at farm,
regional, and national levels, since livestock N intake directly in
uences nitrous oxide emissions
from urine patches, better grassland N estimates will improve model accuracy (Di and Cameron,
2002, Ledgard et al., 2009).

Understanding grassland N content related to crude protein content over time o�ers insights
into livestock performance (Reid et al., 2015). Monitoring these changes throughout the sea-
son helps explain variations in productivity and informs decisions regarding supplementary feed,
ultimately optimizing livestock health and productivity (Ju et al., 2009, Good and Beatty, 2011).
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Integrating advanced methods for estimating grassland N concentrations, particularly through
optical remote sensing combined with empirical-statistical and hybrid models, signi�cantly en-
hances the accuracy of mechanistic models like Overseer (Wheeler et al., 2011a, Williams et al.,
2013, Wheeler et al., 2011b). These methods not only improve nutrient estimations but also
provide a more comprehensive view of nutrient management, enabling more reliable simulations
of nutrient dynamics and environmental impacts under varying climate, topography, and soil
conditions, thereby addressing the spatial and temporal variability in grasslands where tradi-
tional monitoring methods may fall short (Rendel et al., 2020).

Remote sensing technologies play a crucial role in the development of advanced farm manage-
ment strategies by providing precise, high-resolution data at regular intervals, enabling farmers
to make e�ective decisions regarding fertilizer applications, thereby reducing over-application
and minimizing environmental impacts (Liaghat et al., 2010). Remote sensing facilitates more
informed decision-making by accurately identifying critical areas within grasslands that require
targeted interventions, such as regions with higher nutrient leaching risks or areas prioritized for
biodiversity conservation. This precision enhances nutrient use e�ciency and supports a more
sustainable N cycle, ultimately contributing to improved long-term agricultural productivity
and the broader objective of sustainable land management (Sishodia et al., 2020).

Both conventional and cutting-edge methods and technologies are employed to address chal-
lenges in estimating N levels in grasslands. Optical remote sensing has emerged as a non-
destructive, cost-e�ective alternative to traditional monitoring methods (Darvishzadeh et al.,
2011, Pullanagari et al., 2011, 2021). By measuring light re
ectance across various segments of
the electromagnetic spectrum, optical remote sensing can estimate biochemical and biophysical
characteristics of grassland, such as chlorophyll and protein content. Combined with empirical-
statistical, physically-based, and hybrid models, these methods provide accurate predictions of
N levels. Advanced algorithms, such as One-Dimensional neural networks, further enhance ac-
curacy by leveraging non-linear relationships between spectra and environmental data, despite
variations in climate and soil types (Pullanagari et al., 2021, Dehghan-Shoar et al., 2023a,b).
These advancements contribute to a balanced N cycle, improved biodiversity conservation, and
sustainable ecological resource management, leading to a more resilient and productive agricul-
tural landscape.

1.1 Research objectives and structure

While remote sensing technology o�ers numerous advantages for vegetation characterization, it
faces signi�cant challenges, primarily related to the absence of robust data fusion techniques
grounded in physical principles and models resilient to sensor variations (Pullanagari et al.,
2012, Dehghan-Shoar et al., 2023b,c, Hossain et al., 2024a). These models are indispensable for
ensuring consistent and accurate monitoring of grassland dynamics, especially considering the
inherent variability in N% measurements within these ecosystems.
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The application of optical remote sensing technology to estimate grassland N% presents
several enduring challenges and knowledge gaps. One of the foremost challenges involves the
uncertainty and errors arising from various sources, including environmental factors, data ac-
quisition, and processing variables, inaccuracies in atmospheric correction, and errors in ground
truth data obtained through laboratory and �eld methods. This uncertainty extends to the
modeling of N content using empirical-statistical, physically-based, or hybrid approaches, partly
due to the inherently complex and ill-posed nature of Radiative Transfer Models (RTMs) (F�eret
et al., 2021, Mutanga, 2004a, Pullanagari et al., 2021, Yang et al., 2020a).

As fundamental tools in remote sensing, RTMs simulate the interaction of light with the
Earth’s surface and atmosphere. However, they are often considered ill-posed because small
variations in input variables can lead to large discrepancies in the output, making it di�cult
to retrieve accurate information about surface properties like N% (Quan et al., 2015). This
complexity arises from the fact that multiple combinations of variables can produce similar
spectral signatures. Therefore, it is imperative to identify and address the multitude of sources
contributing to uncertainty when modeling grassland characteristics.

Another critical challenge lies in the transferability of models developed for estimating grass-
land N content using empirical-statistical and physically-based methods. While considerable
progress has been made in this domain, many of these models remain site-speci�c and are tai-
lored to function with particular sensors. This underscores the need to harness advances in
optical remote sensing technology, including creating new physically-based models character-
ized by high accuracy and robustness across diverse regions and temporal scales while also being
compatible with multiple optical sensing instruments.

In pursuit of these solutions, this research endeavors to achieve three primary objectives:

1. To estimate N% in grasslands using optical re
ectance spectroscopy, data must be col-
lected across multiple scales, including dry/ground-, leaf-, canopy, and satellite-scale ob-
servations.

2. To improve grassland N% models’ universality and adaptability through a hybrid approach
that combines data from various optical sensors across multiple scales.

3. To account for and quantify uncertainties in grassland N% prediction models.

This research focuses on developing reliable and precise methods for estimating N% across
grasslands using optical sensing data. A key challenge arises from the spatial variability of N
levels, heavily in
uenced by concentrated urine patches and areas with low background inorganic
N. To address this, our approach improves the accuracy of N% estimation, enabling more
e�ective monitoring and prediction of nitrogen responsiveness under diverse conditions. These
advancements contribute to targeted and sustainable grassland management practices. The
�ndings of this study have been consolidated into four journal articles and one conference paper,
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each detailing speci�c innovations in these techniques. Notably, all four journal articles have
been accepted by peer-reviewed journals, and the conference paper has also been successfully
accepted, as outlined below.

� Dehghan-Shoar, M. H., Orsi, A. A., Pullanagari, R. R., Yule, I. J. (2023). A hybrid model
to predict nitrogen concentration in heterogeneous grassland using �eld spectroscopy. Re-
mote Sensing of Environment, 285, 113385.

� Dehghan-Shoar, M. H., Kereszturi, G., Pullanagari, R. R., Orsi, A. A., Yule, I. J., Hanly,
J. (2024). A physically informed multi-scale deep neural network for estimating foliar
nitrogen concentration in vegetation. International Journal of Applied Earth Observation
and Geoinformation, 130, 103917.

� Hossain, D. S. M., Gabor, K., Pullanagari, R. R., Ian, J. Y., Alvaro, O., James, H. (2024,
April). Multi-scale estimation of vegetation nitrogen concentration using a physically
informed neural network. In 2024 International Conference on Machine Intelligence for
GeoAnalytics and Remote Sensing (MIGARS) (pp. 1-3). IEEE.

� Dehghan-Shoar, M. H., Pullanagari, R. R., Orsi, A. A., Yule, I. J. (2023). Simulating
spaceborne imaging to retrieve grassland nitrogen concentration. Remote Sensing Appli-
cations: Society and Environment, 29, 100912.

� Dehghan-Shoar, M. H., Pullanagari, R. R., Kereszturi, G., Orsi, A. A., Yule, I. J., Hanly,
J. (2023). A Uni�ed Physically Based Method for Monitoring Grassland Nitrogen Con-
centration with Landsat 7, Landsat 8, and Sentinel-2 Satellite Data. Remote Sensing,
15(10), 2491.

This Ph.D. thesis is organized into nine chapters.

� Chapter 1 Introduction - This chapter examines the current challenges in monitoring
grassland characteristics and addresses the need for alternative methods in assessing grass-
land health and dynamics. It also outlines the main objectives of this thesis, providing a
brief description of each subsequent chapter and the expected outcomes and contributions
of the research.

� Chapter 2: Literature Review - This chapter reviews relevant literature on optical
sensing for N estimation in grasslands, providing the theoretical background and context
for the research.

� Chapter 3: A Hybrid Model to Predict N% in Heterogeneous Grassland Using
Field Spectroscopy - This chapter presents a hybrid model that combines empirical
and physically-based approaches to estimate grassland N%. It utilizes a large spectral
dataset collected over eight years from grassland farms across New Zealand. The model’s
performance was tested on spatially and temporally independent data, demonstrating
superior accuracy compared to other models.This chapter has been published in
the literature (Dehghan-Shoar et al., 2023a).
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� Chapter 4: A Physically Informed Multi-Scale Deep Neural Network for Esti-
mating Foliar N% in Vegetation - This chapter introduces a Physically Informed Deep
Neural Network that integrates spectral and RTM features to estimate N% across di�erent
scales. The model demonstrated enhanced robustness and improved prediction accuracy
over existing models, providing new insights into the relationship between spectral data
and N%. This chapter has been published in the literature (Dehghan-Shoar et al.,
2024a).

� Chapter 5: Enhancing Grassland N Monitoring through Simulated Spaceborne
Sensor Data and Hybrid Modeling - The �fth chapter discusses the use of spaceborne
optical imaging for continuous monitoring of grassland N%. It presents a method that
combines �eld spectroscopy with the Soil-Plant-Atmosphere Radiative Transfer model
to simulate Top Of Atmosphere data from any spaceborne sensor. The model was in-
dependently validated using real Sentinel-2 TOA re
ectance, highlighting its potential
for monitoring grassland N%. This chapter has been published in the literature
(Dehghan-Shoar et al., 2023c).

� Chapter 6: A Uni�ed Physically Based Method for Monitoring Grassland N%
with Landsat 7, Landsat 8, and Sentinel-2 Satellite Data - The sixth chapter
presents a uni�ed and physically-based method for estimating N% from Landsat 7, 8, and
Sentinel-2 satellite data. It leverages a soil-plant-atmosphere radiative transfer model and
a Gaussian process regression to develop a hybrid model for N estimation. This method
overcomes the limitations of diverse sensor con�gurations and complex atmospheric in-
teractions, providing promising results. This chapter has been published in the
literature (Dehghan-Shoar et al., 2023b).

� Chapter 7: General Discussion - This chapter synthesizes the key �ndings and insights
from all previous chapters. The discussion explores the broader implications of the �ndings
and how they contribute to the current state of knowledge in the �eld.

� Chapter 8: Conclusions and Future Directions - This chapter summarizes the
main contributions of this research, outlines the conclusions drawn from these �ndings,
and identi�es potential areas for further investigation and development in the �eld of
optical sensing for grassland management.

� Chapter 9: Appendix - This chapter provides supplementary results and additional de-
tails that support the �ndings presented in the main chapters of this study. The appendix
includes expanded data, �gures, and methodological clari�cations that were referenced
throughout the thesis.

Throughout these chapters, this research aims to contribute to the advancement of robust
and accurate methods for estimating grassland characteristics, particularly N%, using optical
sensing data. These advancements could improve the sustainability and e�ciency of grass-
land management practices while reducing traditional N assessment’s negative environmental
impacts.



Chapter 2

Literature Review

Here, we will explore the theory and applications of optical sensing for monitoring vegetation
characteristics.

2.1 Electromagnetic radiation

The electromagnetic spectrum encompasses an in�nite range of frequencies, wavelengths, and
photon energies, extending from extremely short wavelengths like gamma rays, to extremely long
wavelengths, like radio waves. Within this vast spectrum, the optical domain spans from 400
to 2500 nm and includes both re
ective and emissive components, depending on the observed
object. This domain is further divided into three spectral sub-domains: the visible region (VIS)
from 400 to 700 nm, the near-infrared region (NIR) from 700 to 1400 nm, and the shortwave
infrared region (SWIR) from 1400 to 2500 nm. While the entire electromagnetic spectrum cov-
ers a much broader range, agricultural applications primarily focus on the 400-2500 nm region,
which is critical for monitoring vegetation health, soil properties, and water content (Mulla,
2013, Khanal et al., 2020, Hank et al., 2019).

2.2 Electromagnetic Radiation and Vegetation Monitoring

Electromagnetic radiation, a form of energy that travels through a vacuum or other media,
consists of photons, each carrying a speci�c amount of energy. Photons interact with matter
through processes such as absorption, re
ection, scattering, and transmission. When absorbed,
photons can excite electrons in molecules, raising them to higher energy states. These excited
electrons may transfer energy to neighboring molecules, emit light upon returning to lower en-
ergy states (
uorescence), or dissipate energy as heat.

Photon absorption is critical in photosynthesis, where chlorophyll molecules within reaction
centers capture and utilize light energy. Absorbed photon energy excites electrons, initiat-
ing a series of redox reactions that generate Adenosine Triphosphate (ATP) and Nicotinamide
Adenine Dinucleotide Phosphate (NADPH) (Smith et al., 2024). These energy carriers drive
the Calvin cycle, enabling plants to synthesize glucose and other essential compounds (Raines,
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2003).

Understanding the interaction between electromagnetic radiation and vegetation is funda-
mental to using optical sensing for vegetation monitoring. Optical sensing leverages the unique
spectral responses of vegetation, which result from their physical and chemical properties, in-
cluding pigments, water content, and cellular structure. Accurate estimates of vegetation char-
acteristics, such as chlorophyll concentration, protein content, and leaf area, are achieved by
analyzing spectral variations in re
ected or transmitted radiation (F�eret et al., 2021). This
analysis underpins applications in agriculture, forestry, and environmental monitoring.

The energy carried by a photon is directly proportional to its frequency (f ), as described
by Planck’s equation (Equation 2.1):

E = h � f (2.1)

Here, E is the photon’s energy,f its frequency, andh Planck’s constant (6:626� 10� 34 J � s)
(Prakash, 2000, Landgrebe, 2003). Frequency (f ) is inversely proportional to wavelength (� )
according to Equation 2.2:

f =
c
�

(2.2)

In this equation, c represents the speed of light (3:00 � 108 m/s), and � is the wavelength.
The inverse relationship between frequency and wavelength implies that shorter wavelengths
carry higher energy, while longer wavelengths carry lower energy. This principle forms the
foundation of optical sensing technologies that rely on detecting speci�c spectral bands to mon-
itor vegetation attributes (Pisharoty, 1983, Elachi and Van Zyl, 2021, Platnick, 2000).

When electromagnetic radiation interacts with vegetation, absorbed energy excites elec-
trons in molecules such as chlorophyll and proteins (Meroni et al., 2009). This excitation alters
the spectral characteristics of re
ected or transmitted radiation. Optical sensors analyze these
spectral variations to estimate vegetation attributes accurately (Campbell, 1972). For example,
speci�c absorption bands are tuned to detect chlorophyll content, providing critical insights into
plant health and growth dynamics. By leveraging the principles of electromagnetic radiation
(Equations 2.1 and 2.2), optical sensing instruments can distinguish vegetation properties based
on their spectral traits.

The Sun, as a nearly perfect blackbody radiator, emits radiation across a range of wave-
lengths that interact with vegetation (Abdelbary, 2024). Optical sensing instruments exploit
these interactions by capturing variations in vegetation re
ectance and absorption, which are
essential for monitoring environmental and agricultural processes.

In contrast, the Earth emits radiation that can be modeled as blackbody radiation to a
�rst approximation, but its actual emission spectrum is in
uenced by atmospheric and surface
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conditions, which cause deviations from the ideal blackbody curve. The amount and nature
of radiation an object emits are in
uenced by its temperature, which can be determined using
Wien’s displacement law. Wien’s displacement law, a fundamental principle in the study of
thermal radiation, states that the wavelength of maximum emission is inversely proportional to
the object’s temperature. Therefore, as an object’s temperature increases, the wavelength at
which it emits most radiation decreases. The equation,� maxT = constant, represents Wien’s
displacement law, where� max is the wavelength of maximum emission, andT is the absolute
temperature of the object. This equation applies to any object emitting thermal radiation,
including stars, planets, and everyday objects such as stoves and light bulbs. By measuring an
object’s maximum emission wavelength, its temperature can be determined using Wien’s dis-
placement law. This principle �nds applications in various areas, including the remote sensing
of the surface of the Earth temperature using thermal sensors.

Equation 2.3 links the wavelength (� ), expressed in nanometers (nm), with the temperature
(T ) in Kelvin (K). This relationship, known as Wien’s displacement law, allows us to estimate
the wavelength at which a surface emits the maximum radiant 
ux per unit area:

� max =
2898

T
(2.3)

Here, T is the temperature in Kelvin, and � max is the wavelength of maximum emission
in nanometers. For example, the Sun, with an e�ective surface temperature of approximately
5772 K, emits its peak radiant 
ux at a wavelength of about 502 nm. The Earth, with a mean
surface temperature of approximately 288 K, emits its peak radiant 
ux at around 10,070 nm,
corresponding to the thermal infrared spectrum (Dorigo et al., 2007).

Understanding emission spectra is essential for applications in remote sensing. While the
Sun’s radiation dominates the visible spectrum, Earth’s thermal emissions provide critical infor-
mation for analyzing surface temperatures, energy balance, and environmental processes. These
insights form the basis of many remote sensing techniques, particularly in environmental and
agricultural monitoring.

In contrast, the Earth’s peak radiant 
ux occurs at 9660 nm, corresponding to a cooler
temperature of about 300 K. According to the �ndings of Slater (1980), solar irradiation is
comparable to self-emitted thermal energy in the 2500 to 6000 nm range. Therefore, the total
amount of radiation a surface receives, or irradiance, can be expressed as the 
ux density ( )
per unit area (A) using Equation 2.4.

E =
d 
dA

(2.4)

Radiance is a fundamental concept in optical remote sensing, crucial for quantifying the
amount of electromagnetic radiation re
ected or emitted from a surface in a speci�c direction.
Radiance is typically represented in optical sensing as the 
ux density per unit projected area
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and unit solid angle, as indicated in Equation 2.5.

L =
E
�

(2.5)

Radiance is measured in units of watts per square meter per steradian (W m-2 sr-1). This
unit re
ects the fact that radiance accounts for the directionality of radiation, considering how
much radiation is emitted or re
ected in a particular direction from a given surface area. In
contrast, irradiance, measured in watts per square meter (W m-2), represents the total power
of electromagnetic radiation incident on a surface from all directions, without considering the
angle of incidence. Understanding the di�erence between radiance and irradiance is essential in
remote sensing because radiance helps determine the angular distribution of re
ected or emitted
radiation, which is critical for accurate surface property measurements.

For a comprehensive understanding of radiance, it is essential to di�erentiate between two
types of irradiance: direct and di�use. Direct irradiance (ESun) refers to sunlight reaching a
surface directly without scattering by the atmosphere or surrounding objects. This is typically
measured using a pyrheliometer, which focuses sunlight onto a detector through a narrow �eld-
of-view (usually 5 degrees). In contrast, di�use irradiance (ESky) refers to scattered radiation
that reaches a surface from all directions after interacting with atmospheric molecules, aerosols,
and other objects. Di�use irradiance is typically measured using a pyranometer, which has
a cosine collector to measure irradiance over a hemisphere. Pyranometers are calibrated in
watts per square meter (W m-2) and generally have a spectral range between 300 and 3000 nm
(Elminir, 2007, Bernhard et al., 1997).

Figure 2.1: Visualizing the impact of Earth’s atmosphere, clouds, and vegetation on incoming
solar radiation - a simpli�ed illustration.
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Top of Canopy (TOC) re
ectance represents a surface’s spectral properties, such as its
biochemical composition and biophysical characteristics (Verhoef, 1998, 1984). It is de�ned
as the ratio of upwelling radiance (L ), measured at the TOC, to downwelling irradiance (E ),
measured at the bottom of the atmosphere, as shown in Equation 2.6:

p� = � �
L
E

(2.6)

Here, p� is the re
ectance at a given wavelength � , L is the upwelling radiance, andE is
the downwelling irradiance. The re
ectance is wavelength-speci�c, meaning it varies depending
on the spectral properties of the surface being observed. Re
ectance measured at TOC reveals
a surface’s optical characteristics under speci�c illumination conditions.

Before optical sensors can analyze surface radiance, Digital Numbers (DN) recorded by
the sensor must be converted into radiance values through radiometric calibration. A DN is
a numerical value assigned to each pixel in a remotely sensed image, representing the energy
detected by the sensor (Wyatt, 2012). These values are converted into radiance using gain (G)
and o�set ( O) parameters, as shown in Equation 2.7:

Radiance = G � DN � O (2.7)

Gain represents the ratio of radiance to the DN value, while the o�set accounts for baseline
radiance when the DN is zero. Radiometric calibration ensures that DN values are proportional
to the incoming radiance, enabling accurate and reliable remote sensing data for scienti�c and
practical applications (Benhadj et al., 2024).

2.3 Atmospheric Correction

The re
ectance of a surface or object measured above the atmosphere is called Top of Atmo-
sphere (TOA) re
ectance (Mousivand et al., 2015). The impact of atmospheric gases, such
as ozone, carbon dioxide, and oxygen, on spectral re
ectance is not considered in TOA re-

ectance when observing an object or surface. Therefore, TOA re
ectance can be considered
a lower-quality product than TOC re
ectance. Atmospheric correction is a critical step in op-
tical remote sensing when monitoring the spectral characteristics of objects or surfaces. This
is because atmospheric gases can signi�cantly in
uence the incoming or re
ected radiance and
scattering. Accurate atmospheric correction is necessary to ensure that the observed spectral
signals are representative of the object or surface being monitored and not distorted by at-
mospheric e�ects. Various atmospheric correction algorithms have been developed to correct
the impact of atmospheric gases on the spectral re
ectance of objects or surfaces (Richter and
Schl�apfer, 2002, Schl�apfer and Richter, 2002, Berk et al., 2006).

Atmospheric gases in Earth’s atmosphere can absorb and scatter electromagnetic radiation,
altering the surface’s spectral re
ectance or the observed object. The in
uence of these gases on
spectral re
ectance can di�er depending on the electromagnetic radiation’s wavelength (Ulaby
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et al., 1981, Aggarwal, 2004). For instance, oxygen contributes signi�cantly to absorption at 760
nm, while water vapor absorption occurs within the 900 to 2500 nm range. Atmospheric gases
can signi�cantly impact the precision of optical sensing data. Thus, atmospheric correction
is an essential procedure for eliminating the e�ects of atmospheric interference on re
ectance
values (Berk et al., 2006).

This procedure employs mathematical algorithms to compensate for atmospheric e�ects and
estimate the surface re
ectance that would have been observed without atmospheric interfer-
ence. Various methods have been developed for atmospheric correction, including empirical,
Radiative Transfer Model (RTM), and hybrid approaches (Kondratyev et al., 2013, Gao et al.,
2009, Rahman and Dedieu, 1994). Empirical methods use ground measurements of atmospheric
and surface properties to derive atmospheric correction coe�cients. In contrast, model-based
methods apply atmospheric RTM to simulate atmospheric e�ects. Hybrid approaches merge el-
ements of both empirical and model-based methods, thereby improving accuracy and e�ciency.
The choice of atmospheric correction method depends on several factors, such as the instrument
used, atmospheric conditions, and the application of the optical sensing data (Gao et al., 2006,
2009). Various methods are used for atmospheric correction in optical sensing, and each is
described below:

1. Scene-Based Empirical approaches: These are extensively used for atmospheric correction
of optical remote sensing data. Several such approaches have been developed, including
Automated Image Registration and Atmospheric Correction (AIRAC) (Conel et al., 1987),
and Internal Average Re
ectance (IAR) (Kruse, 1988). The IAR approach involves calcu-
lating a scene’s average spectrum, which is then used to estimate the relative re
ectance
spectrum for any pixel within the scene. This is achieved by dividing each pixel’s spectra
by the average spectrum. Scene-based empirical approaches are bene�cial when atmo-
spheric conditions across a scene vary widely, and traditional RTM approaches may be
inaccurate.

2. Radiative Transfer Model (RTM) methods: This is another approach to atmospheric cor-
rection. These approaches allow the simulation and inversion of atmospheric properties
such as ozone and oxygen (Gao et al., 1993). Several atmospheric correction algorithms
are available for the retrieval of atmospheric properties, including Atmosphere CORrec-
tion Now (ACRON), the FastLine-of-sight Atmospheric Analysis of Spectral Hypercubes
(FLAASH), the High-accuracy Atmospheric Correction for Hyperspectral Data (HATCH),
and a series of Atmospheric and Topographic Correction (ATCOR) (Qu et al., 2003,
Richter and Schl�apfer, 2019). These algorithms rely on the principles of RTM and use
mathematical and physical models to correct optical data. These approaches are helpful
when atmospheric conditions are uniform across the scene and can deliver highly accurate
correction results.

3. Hybrid approaches combine RTM and empirical approaches for atmospheric correction.
These approaches enhance traditional atmospheric correction by eliminating residual er-
rors often associated with RTM (Goetz et al., 1998, Boardman, 1998). Radiative Transfer
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Models (RTM) are used to correct large-scale atmospheric e�ects in these approaches,
while the empirical approach corrects the remaining small-scale e�ects. This approach
has proven to provide highly accurate atmospheric correction results across various appli-
cations.

2.4 Di�erent Types of Atmospheric Scattering

Electromagnetic spectrum regions with reasonable transmittance levels are known as "atmo-
spheric windows" and are frequently used for monitoring surface properties through remote
sensing techniques. These regions’ wavelengths range from 0.3-15 micrometers and encompass
VIS, NIR, SWIR, and thermal infrared (TIR) regions (Salisbury and D’Aria, 1992). In addi-
tion to atmospheric absorption caused by various gases like carbon dioxide, ozone, and water
vapor, solar radiance 
ux incident on the surface of the Earth and reaching the optical sensor is
also impacted by atmospheric scattering (McCartney, 1977). Scattering is the process of light
redirection in various directions due to light’s interaction with particles or molecules in the
atmosphere. Three primary types of spectral scattering exist: Rayleigh, Mie, and non-selective
scattering:

1. Rayleigh scattering is a type of spectral scattering that occurs when the size of the inter-
cepting particles is much smaller than the wavelength of the radiation. This scattering
is more pronounced at shorter wavelengths, typically less than 500 nanometers, corre-
sponding to the blue region of the visible spectrum (Liang, 2003). The reason shorter
wavelengths are more a�ected lies in their higher energy, as described by Equation 2.1,
and their interaction with matter. The degree of scattering is inversely proportional to the
fourth power of the wavelength (1=� 4), meaning shorter wavelengths scatter much more
strongly than longer wavelengths (Seinfeld and Pandis, 2016). Rayleigh scattering results
from light interacting with small gas molecules, such as oxygen, in Earth’s atmosphere.
These molecules, being much smaller than the wavelength of visible light, scatter blue and
violet light more strongly than other colors. This phenomenon explains why the sky ap-
pears blue during the day; sunlight undergoes signi�cant Rayleigh scattering as it transits
through the atmosphere (Young, 1982). However, this scattering e�ect can in
uence the
accuracy of remote sensing measurements, particularly in the blue and ultraviolet regions
of the spectrum.

2. Mie scattering is another spectral scattering type that happens when the intercepting
particles’ size is comparable to the incoming radiation’s wavelength (Liang, 2003). This
size-dependent scattering type is more prominent in shorter wavelengths, especially in the
visible spectrum’s blue region. Unlike Rayleigh scattering, Mie scattering is a wavelength-
independent process that occurs when light interacts with particles of a size similar to the
light’s wavelength. This scattering type commonly results from atmospheric aerosols, such
as dust, pollen, smoke, and suspended water particles (Nussenzveig and Wiscombe, 1980).
These particles can scatter light in all directions, reducing the light beam’s intensity and
causing a whitish haze. Mie scattering presence can also impact the accuracy of remote
sensing measurements, especially in the visible and NIR spectrum regions.
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3. Non-selective scattering is the third type of spectral scattering and occurs when the par-
ticle sizes are much larger than the radiation’s wavelength (e.g., ice particles) (Tomasi,
1979). This size-independent scattering type can a�ect the electromagnetic spectrum’s
entire range. Larger particles in the atmosphere, such as clouds, fog, and smoke, generally
cause non-selective scattering. These particles can scatter light equally in all directions,
reducing the light beam’s intensity and causing a decrease in the observed objects’ con-
trast and color saturation. Approximately 30% of the total radiance in the blue region
of the electromagnetic spectrum is in
uenced by non-selective scattering (Berk et al.,
2006). Nonselective scattering can signi�cantly impact the accuracy of remote sensing
measurements, particularly in the VIS and NIR spectrum regions.

As solar irradiance navigates through the atmosphere en route to a surface and viewing
instrument, it undergoes atmospheric absorption and scattering, in
uenced by various factors,
including solar observation geometry, terrain altitude, and sensor viewing direction. The op-
tical thickness, a measure of the distance solar radiation travels through the atmosphere, is a
product of the atmospheric extinction coe�cient and path length (Berk et al., 2006, Nakajima
and King, 1990).

Four major 
uxes associated with atmospheric absorption and scattering include solar irra-
diance, atmospheric irradiance, surface re
ectance, and radiance observed by the sensor. How-
ever, these atmospheric e�ects can compromise the accuracy of remote sensing measurements,
particularly in the visible and NIR region. To rectify this, atmospheric correction techniques
are employed to eliminate atmospheric e�ects from remotely sensed data (Yang et al., 2020a).
These techniques model the scattering and absorption processes in the atmosphere to adjust
the remotely sensed data, enabling accurate interpretation of surface properties. The following
are key factors that impact optical remotely sensed data:

1. One 
ux associated with atmospheric scattering is path radiance. In remote sensing, path
radiance signi�es the amount of radiation a sensor observes along the path between itself
and a target object, in
uenced by various atmospheric factors (Kaufman, 1993). Path
radiance is impacted by molecular and particulate scattering, two types of atmospheric
scattering. As previously mentioned, molecular Rayleigh scattering transpires due to
interactions between electromagnetic radiation and atmospheric molecules, and its con-
tribution to path radiance depends on the radiation’s wavelength. Speci�cally, Rayleigh
scattering decreases proportionally to the fourth power of the wavelength, or� � 4. The
general path radiance term amalgamates these di�erent types of scattering and can sig-
ni�cantly in
uence the amount and distribution of electromagnetic radiation a sensor
observes along a speci�c path. Thus, it is crucial to correctly correct path radiance in
remote sensing applications to guarantee accurate and reliable results. By accounting for
path radiance e�ects, remote sensing algorithms can isolate the target object’s signal more
e�ectively and reduce atmospheric interference’s impact on �nal measurements.

2. Unlike direct solar radiation, which travels unscattered from the Sun to the surface of



14

the Earth, sunlight scattered by the atmosphere in all directions, including toward the
surface of the Earth, is called Di�use solar radiation (Liu and Jordan, 1960). Di�use solar
radiation is a vital 
ux that can impact measurement accuracy. It can cause the surface
to appear brighter and shadows less distinct, thereby complicating distinguishing between
di�erent surface features. Moreover, di�use radiation can alter the re
ectance properties of
surfaces by causing multiple re
ections and scattering of light within the surface material,
which could result in errors in remote sensing measurements. The observed re
ectance
needs to represent the actual surface properties accurately. Therefore, it is critical to
account for di�use solar radiation’s e�ects in remote sensing applications.

3. Adjacency radiance, another 
ux associated with atmospheric e�ects on remote sensing
measurements, refers to the re
ected radiation from areas neighboring the observed target,
scattered by the air volume, and entering the sensor’s Instantaneous Field of View (IFOV)
(Bulgarelli and Zibordi, 2018). The amount of adjacency radiance entering the sensor’s
IFOV can signi�cantly a�ect the accuracy of remote sensing measurements, particularly
in the VIS and NIR regions of the spectrum. This 
ux relies on several factors, including
solar observation geometry, the surface of the Earth and atmosphere properties, and the
sensor’s characteristics.

Taking into account the various atmospheric e�ects previously discussed, the total radiance
measured by an optical sensor can be expressed as follows (Zhao et al., 2024, Slater et al., 1987):

L Total radiance (� ) = L Path radiance (� ) + L Re
ected (� ) + L Adjacency radiance (� ) (2.8)

Here, L Total radiance (� ) is the total radiance measured by the sensor,L Path radiance (� ) is the path
radiance caused by scattering and absorption in the atmosphere,L Re
ected (� ) is the radiance
re
ected from the surface of the Earth, and L Adjacency radiance (� ) is the adjacency radiance scat-
tered by air volumes adjacent to the target being observed. Atmospheric correction techniques
are imperative to remove the in
uence of atmospheric scattering and absorption from the re-
motely sensed data, thereby securing accurate measurements of the re
ected radiance from the
surface of the Earth.

2.5 Other factors impacting optical remote sensing data

Accurate sensor calibration, image pre-processing, and spectral analysis are fundamental in
managing factors that impact optical remote sensed data. They ensure the accuracy and relia-
bility of remote sensing data for various scienti�c and practical applications, such as environmen-
tal monitoring, land use analysis, and disaster management. Geo-recti�cation is a vital process
in optical remote sensing, where geometric distortions in the images obtained are corrected to
align them with the surface of the Earth (Schl�apfer et al., 2000). This is crucial because remote
sensing images, often obtained from a distance, are prone to various factors causing geometric
distortions, including sensor orientation, terrain relief, atmospheric e�ects, and sensor motion.
Georecti�cation is accomplished using ground control points (GCPs), reference points on the
surface of the Earth with known geographic coordinates (Smhh and Atkinson, 2001). The
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GCPs calculate transformation parameters that can warp and stretch the raw image to match
ground coordinates accurately. The georecti�cation process’s accuracy is critical for various
remote sensing applications, including mapping, land use analysis, and environmental monitor-
ing. Proper selection of GCPs, appropriate image pre-processing, and suitable georecti�cation
algorithms are essential to achieve high-quality and accurate remote sensing data. Alongside
georecti�cation, other factors such as spectral distortion, sensor degradation, and spectral shift
can signi�cantly impact the accuracy and reliability of optical remote sensing data.

1. Spectral distortion can be induced by various factors, including sensor motion during
data acquisition, atmospheric turbulence, and other environmental factors (Yokoya et al.,
2010). This can lead to non-linear distortion in the image, a�ecting the data’s accuracy.
It is crucial to manage spectral distortion using suitable correction methods (e.g., smile
correction) (Ceamanos and Dout�e, 2010). Corrections can be achieved using di�erent ap-
proaches, such as motion sensors or ground reference points. These methods can improve
the accuracy and reliability of the remotely sensed data for various scienti�c and practical
applications like environmental monitoring, land use analysis, and disaster management.

2. Sensor degradation refers to the gradual decline of sensor performance over time, resulting
from various factors such as radiation exposure, temperature 
uctuations, and mechan-
ical wear and tear (Christophe et al., 2005). This leads to sensor spectral sensitivity
changes, a�ecting the data’s accuracy and reliability. Sensor degradation can cause sub-
stantial changes in sensor performance by altering its electronic properties, leading to a
non-uniform sensor response.

3. Spectral shift is a phenomenon that can occur in remote sensing data when there is
a displacement of wavelength positions in the acquired image (Tsai and Philpot, 1998).
Several factors, including atmospheric absorption and scattering, sensor calibration errors,
and instrument noise, can cause this displacement. Atmospheric gases such as water vapor,
ozone, and carbon dioxide can absorb and scatter light in the atmosphere, causing a shift in
spectral wavelengths (Guanter et al., 2006). This can result in errors in the interpretation
of the remote sensing data, particularly when detecting surface features. Calibration errors
can also contribute to spectral shift when the sensor is not calibrated correctly or there is
a change in the sensor’s performance over time. This can lead to changes in the sensor’s
spectral sensitivity, causing a shift in spectral wavelengths. Instrument noise can also
contribute to spectral shifts in remote sensing data. Various factors, including electronic,
thermal, and detector noise, can cause this. These noise sources can introduce random

uctuations in the measured signal, leading to spectral analysis and interpretation errors.

2.6 Topographical correction

In addition to the mentioned factors, topography is crucial in determining the amount of radi-
ation that reaches a surface, especially in optical remote sensing. Variations in terrain altitude
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can lead to di�erences in illumination conditions, which in turn can result in inaccurate quan-
ti�cation of land surface characteristics, such as vegetation indices (Richter et al., 2009) (Figure
2.2). For example, rugged terrain can cause shadows and overexposure in optical data, leading
to errors in interpreting optical remotely sensed data. For the accurate capture of spectral
measurements in remote sensing, it is essential to account for topographical factors in
uencing
upward radiation.

Figure 2.2: Highlighting the in
uence of rough terrain on incoming solar radiation and its e�ect
on sensor-detected re
ectance as seen in Figures a and b.

The surface of the Earth can be smooth, corrugated, or porous. Each surface type has dif-
ferent scattering properties that in
uence the incoming radiation. The scattering of incoming
radiation can be classi�ed as forward scatter, isotropic, or backscatter. Understanding these
surface characteristics and the scattering of incoming radiation is crucial for topographic correc-
tion. Topographic correction is a necessary pre-processing step in optical remote sensing that
removes topographical e�ects to accurately quantify land surface characteristics and vegetation
indices.

Several studies have underscored the importance of topographic correction in accurately
monitoring vegetation indices, including N, which is essential for crop health and management
(Berger et al., 2020b). For instance, forward scattering occurs when incoming radiation is scat-
tered in the forward direction, often associated with smooth surfaces like water bodies (Hudson
and Knopo�, 1967). Isotropic scattering happens when radiation is scattered equally in all di-
rections, typically associated with di�use surfaces such as forests (Clark, 1983). Backscattering
occurs when radiation is scattered back towards the source and is often associated with rugged
and porous surfaces like mountainous regions (Sullivan et al., 2013). Understanding the scat-
tering of incoming radiation and surface characteristics is thus critical for accurate topographic
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correction in remote sensing. By accounting for these e�ects, obtaining more accurate and pre-
cise measurements of land surface characteristics, including vegetation indices like protein and
chlorophyll content, is possible.

1. The three scattering factors caused by a surface interacting with incoming radiation are
forward, isotropic, and backscatter (Jin, 1993):

(a) Forward scattering occurs when the wavelength of the incoming radiation is smaller
than the size of the observed surface or object. This type of scattering often occurs
on smooth surfaces like water bodies, and it is associated with refraction, focusing
e�ects, and backscatter through internal re
ection (Han et al., 2014, Diner and Mar-
tonchik, 1985). The re
ected radiation from these surfaces forms a plane, de�ned by
the incident radiation ray and the surface normal, making an angle with the local
standard equal to the angle of incidence. The result is a di�use re
ection of the
incoming radiation scattered in the forward direction, often leading to bright areas
in the resulting imagery. Understanding the e�ects of forward scattering is critical
for accurate topographic correction in remote sensing.

(b) Isotropic scattering is caused by small particles or objects with a rugged surface
and interior irregularities (Verhoef, 1998). In this type of scattering, the incoming
radiation can penetrate the objects from various angles. Isotropic scattering is often
observed in small particles and other dielectrics. Opaque objects with a smooth
surface that is randomly oriented also exhibit an average, isotropic micro scattering
law (Sundberg et al., 2010). This type of scattering occurs when the radiation is
scattered equally in all directions, regardless of the direction of incidence. The result
is a di�use re
ection of the incoming radiation, scattered uniformly in all directions.
Isotropic scattering is vital in topographic correction in remote sensing, particularly
in areas with di�use surfaces such as forests.

(c) Backscattering is a type of micro-scattering that occurs in opaque objects with rugged
surfaces that are neither metallic (causing strong re
ections) nor transparent (causing
refraction) (Fung et al., 1992, Santoro et al., 2011). When the light source is directly
behind such objects, they appear bright to an observing sensor, hence the term
"backscatter." In backscattering, the optical sensor only sees the illuminated face
of the object, resulting in a bright appearance. However, the surface appears less
bright when viewed from other angles, creating a shadow-like e�ect. Backscattering
is often observed in rugged and porous surfaces such as mountainous regions and
can impact the accuracy of remote sensing measurements. Understanding the e�ects
of backscattering is crucial for accurate topographic correction in remote sensing,
particularly in areas with rugged and porous surfaces.

2. Surfaces with a high albedo di�usively re
ect light, independent of micro-scattering prop-
erties (Wang et al., 2014). Albedo is a dimensionless measure that represents the ratio
of re
ected radiation to incident radiation over an entire surface area, accounting for all
wavelengths and viewing angles. In contrast, surface re
ectance refers to the proportion
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of incident radiation re
ected at a speci�c wavelength and angle of observation. A surface
with a high albedo re
ects more incident radiation, resulting in a brighter appearance,
while a low-albedo surface absorbs more radiation and appears darker. Albedo plays a
critical role in topographic correction in remote sensing, as it determines the total radia-
tion re
ected onto the sensor, integrating overall angular and spectral contributions.

3. The albedo of a surface plays a critical role in how a remote sensing sensor detects and
measures radiation. A surface with a low albedo tends to absorb more incident radiation,
but how it re
ects the remaining radiation depends on its scattering properties. For in-
stance, a dark object with a smooth surface re
ects light into a narrow specular peak, a
sharp, mirror-like re
ection in a speci�c direction. Conversely, a surface with isotropic
scattering characteristics re
ects light in a broad backscatter peak, a di�use re
ection in
all directions. The scattering properties of a surface, whether it exhibits forward, isotropic,
or backscattering, determine how radiation is detected and measured by the sensor. Con-
sidering these properties is crucial for obtaining accurate and precise measurements of
land surface characteristics, including vegetation indices, through topographic correction
in remote sensing.

Topographic correction is a crucial pre-processing step in optical remote sensing for accu-
rately quantifying land surface characteristics, including biophysical and biochemical properties
(de Oliveira et al., 2021). Terrain altitude variations can cause di�erences in illumination con-
ditions, leading to inaccuracies in quantifying land surface characteristics. In rugged terrain,
shadows and overexposure to optical data can lead to errors in interpreting remotely sensed
data. To account for these topographical e�ects, the observed radiance is transformed into a

at terrain using one of several topographic correction methods (Figure 2.3).

The three commonly used topographic correction methods in the literature are empirical
normalization, geometrical correction techniques, and more advanced procedures that account
for non-Lambertian surfaces (V�azquez-Jim�enez et al., 2017). The simplest method is empirical
normalization, which uses a simple ratio of bands. The geometrical correction techniques as-
sume that the surface is Lambertian or non-specular and re
ects light equally in all directions.
However, because most surfaces are non-Lambertian, more advanced procedures that assume
both Lambertian and non-Lambertian surfaces have been developed. The Minnaert correction
method accounts for the non-Lambertian properties of a surface, such as its anisotropy or di-
rectional re
ectance. C-correction is another approach that corrects for topographical e�ects
on the radiance signal by accounting for the surface slope and aspect angle, which a�ect the
amount of illumination a surface receives. Sun-canopy-sensor (SCS+C) correction is a third
commonly used approach that accounts for the three-dimensional e�ects of the terrain and
vegetation structure on incoming radiation. Some of the most commonly used topographical
corrections are as follows:

1. Cosine correction is a widely used topographic correction technique in remote sensing. It
involves normalizing the re
ected radiance of an observed region based on the assumption
that the total irradiance of a unit area is proportional to the cosine of the incidence angle.
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Figure 2.3: Visual representation of the correlation between terrain features and solar angles.
Adapted from https://grass.osgeo.org/grass82/manuals/i.topo.corr.html .

The cosine correction function is given by:

L n = L
�

cos�
cosi

�
(2.9)

In this equation, L n represents the normalized re
ectance,L represents the uncorrected
re
ectance, � represents the solar zenith angle, andi represents the incidence angle. How-
ever, a limitation of the cosine model is that it does not account for the di�use irradiance
caused by atmospheric and terrain sources (V�azquez-Jim�enez et al., 2017). Regions with
low illumination conditions caused by irradiance will receive a considerable proportion of
di�use radiation, resulting in high levels of brightness calculated by the cosine correction.
As a result, the cosine correction may not be suitable for correcting topographic e�ects
in areas with signi�cant di�use radiation. This limitation has led to more advanced to-
pographic correction methods that consider the e�ects of atmospheric and terrain sources
on re
ected radiance (V�azquez-Jim�enez et al., 2017). Despite this limitation, cosine cor-
rection remains a useful and widely used method in remote sensing for simple topographic
correction tasks.

2. The Minnaert Correction is a method used for the topographic correction of optical data.
One of the critical limitations of the cosine correction model is that it assumes all surfaces
are Lambertian (Proy et al., 1989, Kimes and Kirchner, 1981, Conese et al., 1993). The

https://grass.osgeo.org/grass82/manuals/i.topo.corr.html
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Minnaert Correction addresses this limitation by introducing a constant value to estimate
the non-Lambertian nature of a surface. However, it is not capable of representing the
scattering direction. The Minnaert Correction model can calculate the strength of the
relationship between radiance and view angle using a constant value (Minnaert, 1941,
Justice et al., 1981). This constant value is calculated through a linear regression between
the exitance angle, which is the radiant 
ux leaving a surface per unit surface area, and
the cosine of the angle of incidence (Smith et al., 1980, Colby, 1991). The slope of the
regression line is then used as the Minnaert constant, which acts as a correction factor to
compensate for the over-correction of illumination or brightness due to the incidence angle.

3. The statistical-empirical correction methods are based on the correlation between the
surface illumination condition and the terrain characteristics, such as the slope angle
(V�azquez-Jim�enez et al., 2017). These methods use empirical regression to normalize
the re
ectance data considering topographical factors and rotate the regression line hor-
izontally, enabling the transformation of an object/surface radiance independent of the
incidence angle (V�azquez-Jim�enez et al., 2017). However, the e�ectiveness of this approach
is highly dependent on the strength of the correlation between the terrain characteristics
and the illumination conditions (Gao and Zhang, 2009).

4. The C-Correction method attempts to address the limitations of the cosine correction
model by introducing a moderator parameter to the cosine correction model. This con-
stant, known as C, is calculated based on the linear relationship between the cosine of the
incidence angle (i) and the observed re
ectance (L) (Teillet et al., 1982). The parameter
C is similar to the impact of di�use Sky irradiance and is introduced to the cosine correc-
tion model as an additive component to compensate for over-correction due to incidence
angle. The C-Correction method can preserve the spectral information captured by sen-
sors and is commonly used for correcting illumination conditions in rugged terrain (Meyer
et al., 1993, Ria~no et al., 2003). Equation 2.10 shows the linear relationship between the
observed re
ectance and the cosine of the incidence angle, where a and b are constant co-
e�cients (V�azquez-Jim�enez et al., 2017). Equation 2.11 shows the C-Correction function,
where Ln is the normalized re
ectance, � is the solar zenith angle, and C is the correction
factor.

L = a + bcosi C = a=b (2.10)

L n = L ((cos� + C)=(cosi + C)) (2.11)

5. The Sun-Canopy-Sensor Correction (SCS) model is a topographical correction method
that improves the cosine correction model by correcting the illuminated vegetation re-
gions (Gu and Gillespie, 1998). The SCS model projects the illuminated vegetation cover
from a sloped surface to a horizontal one to undertake normalization. By assuming the
re
ected radiation from an illuminated surface is independent of topographical factors,
the integrated re
ectance from the irradiated canopy surface will be proportional to its
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area, where the terrain slope is considered (Gu and Gillespie, 1998). The SCS model
is represented by equation 2.12, where� represents the terrain slope,i represents the
incidence angle, and� represents the solar zenith angle (V�azquez-Jim�enez et al., 2017).

L n = L ((cos� � cos� )=(cosi )) (2.12)

Although the SCS model has achieved better performance than the cosine correction model
when undertaking topographical correction, it does not consider the impact of di�use ir-
radiance. Consequently, the SCS model may over-correct spatial regions where the unit
area’s slope does not face the illumination source.

6. The SCS model is a widely used topographic correction approach that corrects the il-
lumination conditions of vegetation regions. However, the SCS model is limited by an
over-correction issue in regions with slopes not facing the illumination source. To ad-
dress this limitation, the SCS+C correction method combines the constant component
from the C-Correction model with the SCS model, reducing over-correction issues. The
SCS+C correction model introduces a moderator parameter, C, to the SCS model, which
acts as an additive component to account for the impact of di�use irradiance. By incor-
porating the C constant into the SCS model, the SCS+C model can accurately correct
the illumination conditions of vegetation regions, reducing the over-correction commonly
encountered with the SCS model. The SCS+C correction equation is shown in equation
2.13, where� is the solar zenith angle,� is the terrain slope, and i is the incidence angle.

L n = L ((cos� � cos� + C)=(cosi + C)) (2.13)

2.7 Optical remote sensing instruments

In remote sensing, various optical sensing instruments are used to monitor objects. Each in-
strument has unique speci�cations that determine its performance, such as spectral resolution,
radiometric resolution, signal-to-noise ratio (SNR), and spatial resolution (Jeziorska, 2019).
Therefore, selecting the appropriate optical sensing instrument for a speci�c application is crit-
ical. Below are vital factors about optical remote sensing instruments:

1. Radiometric resolution is an essential parameter in remote sensing that refers to the sen-
sitivity of a sensor to detect slight di�erences in the intensity of electromagnetic radiation
(Navalgund et al., 2007). It determines the degree of detail a sensor can capture in an
image, particularly in quiet or low-contrast areas. A sensor with high radiometric resolu-
tion can distinguish between objects with slight di�erences in brightness values, leading
to a more accurate and precise measurement. The radiometric resolution is expressed in
the number of bits used to digitize the sensor data, where higher radiometric resolution
provides better image quality and more accurate measurements (Verde et al., 2018).
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2. FOV (Field of View) in remote sensing refers to the total angular extent of the scene
visible to the imaging system. The maximum angle the sensor can capture in a single
image is determined by the sensor’s optical design (Schl�apfer et al., 2014). A larger FOV
can capture a larger scene but may also result in lower spatial resolution, while a smaller
FOV can provide higher spatial resolution. However, it may require multiple images to
cover a larger area. FOV and IFOV (Instantaneous Field of View) are related parameters,
but they describe di�erent aspects of the remote sensing imaging system. While IFOV
measures the system’s spatial resolution and is de�ned as the angle subtended by a single
detector element on the optical system’s axis, FOV determines each image’s coverage area.
FOV and IFOV also impact the spectra that a remote sensing imaging system can capture
(Cracknell, 1998). The size of the FOV determines the amount of background radiation
that can be captured along with the target signal, which can a�ect the accuracy of the
measurements. In addition, the IFOV determines the level of spectral mixing between
di�erent targets within a single pixel. A smaller IFOV can better isolate the signal from
a single target and reduce the spectral mixing. A larger IFOV may result in more mixing
between di�erent targets within a pixel. Accurate characterization and calibration of both
FOV and IFOV are crucial for ensuring that remote sensing data is high quality and can
be used e�ectively for scienti�c and practical applications, including spectral analysis and
interpretation.

3. Spectral resolution refers to an optical sensor’s ability to capture information about a
scene at speci�c wavelengths. It is determined by the bandwidth and the number of
spectral bands that the sensor can detect, its optical design, detection technology, de-
tector element size, and SNR (Liu et al., 2015). SNR describes the strength of a signal
compared to the background noise within a system. The signal represents the amount
of electromagnetic radiation detected by the sensor from the scene, while noise includes
any unwanted electromagnetic radiation or electronic interference that could degrade the
measurement. Typically, a high SNR indicates a high-quality measurement where the
signal is much stronger than the noise (Joiner et al., 2013), while a low SNR leads to
reduced measurement accuracy and precision. Various factors a�ect SNR, such as ex-
posure time and ambient temperature. Increasing exposure time can improve the signal
strength relative to the noise, thereby increasing SNR. However, increasing sensitivity can
amplify both the signal and noise, potentially o�setting the bene�ts of increased signal
detection. Therefore, balancing signal enhancement and noise reduction is vital for ob-
taining high-quality measurements. A sensor with high spectral resolution can distinguish
between di�erent materials based on their unique spectral signatures, enabling accurate
object identi�cation and classi�cation.

Based on the spatial coverage, optical sensing instruments can be broadly divided into three
groups, as follows (Figure 2.4):

1. Aerial optical sensing refers to sensors mounted on �xed-wing or rotary-wing aircraft, as
well as Unmanned Aerial Vehicles (UAVs). Aerial optical sensing has several advantages
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Figure 2.4: Depiction of di�erent types of optical sensing techniques is categorized based on
spatial coverage.

over other sensing methods. It provides a more comprehensive coverage area, more sys-
tematic data collection, and better spatial resolution than ground-based sensing methods,
making it ideal for small-scale and regional commercial applications. Additionally, it is
less expensive and time-consuming than traditional methods, making it a more e�cient
data collection method. One example of aerial optical sensing in action is the study con-
ducted by Pullanagari et al. (2016), where hyperspectral imagery was collected using an
aircraft equipped with a hyperspectral sensor. The researchers used hyperspectral imagery
to develop maps of nutrient concentration, speci�cally nitrogen (N), in mixed grasslands.
By analyzing the spectral signatures of di�erent vegetation types in the hyperspectral
imagery, the researchers could estimate the amount of N in the vegetation, an essential
nutrient for plant growth. Land managers can use these maps of nutrient concentration
to optimize fertilizer application and improve the health and productivity of grasslands.

2. Similar to aerial optical sensing, spaceborne optical sensing involves using sensors to col-
lect optical data. However, in this case, the sensors are mounted on a satellite orbiting the
Earth, which provides a signi�cantly larger coverage area than aerial optical sensing. This
type of optical sensing is commonly used for large-scale scienti�c applications, owing to
its ability to provide data over vast regions of the surface of the Earth. The data collected
by spaceborne sensors can be used for various applications, including environmental mon-
itoring, disaster management, and climate studies. Gao et al. (2020b) used spaceborne
imagery to monitor nutrient ratios in the Alpine Grassland Ecosystem of the Tibetan
Plateau and found that it is possible to use MODIS (Moderate Resolution Imaging Spec-
troradiometer) to measure the N and phosphorus ratio of the vegetation cover. EnMAP
(Environmental Mapping and Analysis Program) is a German hyperspectral satellite mis-
sion designed to monitor and analyze the Earth’s environment (Guanter et al., 2015).
It provides detailed spectral information across VIS, NIR, and SWIR. EnMAP supports
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various applications, such as vegetation monitoring, water quality assessment, soil anal-
ysis, and urban studies, by o�ering high spectral and spatial resolution data. PRISMA
(PRecursore IperSpettrale della Missione Applicativa) is an Italian hyperspectral imaging
satellite mission developed by the Italian Space Agency (ASI) (Acito et al., 2022). It fea-
tures a hyperspectral sensor that captures data from the visible to the SWIR. PRISMA
is primarily used for environmental monitoring, natural resource management, and agri-
cultural applications, providing detailed spectral information to support these activities.

3. Proximal sensing instruments are designed to collect high-quality spectral signatures of
objects close to the instrument. These instruments are widely used in scienti�c exper-
iments to obtain precise and accurate measurements of the spectral characteristics of
material. Proximal sensing instruments are commonly used in agriculture, forestry, and
ecology research, as well as in industrial applications such as quality control and material
testing. However, the main limitation of proximal sensing instruments is their small cover-
age area, which makes them less useful for monitoring large spatial domains. Researchers
often must sample multiple locations to obtain representative spectral signatures of an
area of interest, which can be time-consuming and labor-intensive. To address this limita-
tion, Pullanagari et al. (2021) proposed using empirical approaches to estimate grassland
N concentration (N%) using proximal sensing instruments. In their study, the researchers
collected proximal sensing data from multiple locations in grasslands and combined them
with �eld measurements of N% to develop a predictive model. The model was then used to
estimate the N% of grasslands across a large spatial domain. Using empirical approaches
to calibrate proximal sensing data, the researchers overcame the limitation of a small
coverage area and obtained accurate estimates of N% across a large spatial domain. This
approach could have important implications for improving our understanding of nutrient
cycling and ecosystem function in grassland ecosystems and other ecosystems with sim-
ilar limitations. Overall, using proximal sensing instruments, combined with empirical
approaches, can provide valuable insights into the spectral characteristics of objects at
high accuracy and precision.

This categorization based on spatial coverage is essential for selecting the most appropriate
optical sensing instrument to achieve the desired level of detail in the monitoring task. Multi-
spectral (MS) and hyperspectral (HS) sensors are commonly used optical sensing instruments in
remote sensing applications. Instruments like HS sensors, which capture narrowband spectral
features in the electromagnetic spectrum, can provide detailed information on the chemical com-
position of objects (Dehghan-Shoar et al., 2023a). In contrast, MS instruments capture broader
spectral information and are helpful for various applications, including land use/land cover
mapping, change detection, and environmental monitoring (Dehghan-Shoar et al., 2023b,c).

Instruments which capture narrow band spectral information are designed to capture spec-
tral signals at very �ne spectral resolutions. They can provide detailed information on the
spectral properties of objects, including subtle di�erences in vegetation characteristics, such
as vegetation protein content and stress (F�eret et al., 2021, Mohammed et al., 2019). This
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makes HS instruments useful for scienti�c applications, such as mapping vegetation chlorophyll
content. However, HS instruments have some disadvantages compared to MS instruments,
including their higher cost and the more signi�cant data storage requirements for HS data
(Dehghan-Shoar et al., 2023a). HS data can also be more complex to process and analyze than
MS data, which can be challenging for some applications. On the other hand, MS instruments
can measure general vegetation characteristics using vegetation indices like the Normalized Dif-
ference Vegetation Index (NDVI) (Schinasi et al., 2018). MS instruments cannot distinguish
subtle di�erences in vegetation characteristics such as diseases and stress, as they can only mea-
sure generic characteristics like high or low vigor (Guerini Filho et al., 2020). In contrast, HS
instruments are capable of identifying physiological crop traits. They can accurately estimate
vegetation nutrient de�ciencies by correlating spectral signature with changes in plant physiol-
ogy (Pullanagari et al., 2016).

Figure 2.5: Molecular electromagnetics resonance overtones (F�eret et al., 2021)

2.8 Methods for Monitoring Vegetation Properties

Measured re
ectance is a fundamental aspect of remote sensing as it provides valuable infor-
mation about the optical properties of objects (Curran, 1989, Mutanga, 2004a) (Table 2.1).
Re
ectance arises from the combined e�ects of scattering, absorption, and radiation transmis-
sion within the vegetation canopy. The amount of radiation the vegetation canopy re
ects
is closely related to the vegetation’s biochemical and biophysical variables. For instance, leaf
chlorophyll primarily absorbs VIS radiation for photosynthesis, making VIS re
ectance useful
for monitoring leaf chlorophyll content, an essential indicator of plant health (Feret et al., 2008).



26

Table 2.1: Absorption features related to particular biochemicals, demonstrating the speci�c
wavelengths at which certain compounds exhibit unique absorption characteristics, pivotal for
remote sensing and biochemical analysis (Curran, 1989, Mutanga, 2004a, Kumar et al., 2001,
Elvidge, 1990)

Wavelength (nm) Absorbing Compounds Absorption Mechanism

430 Chlorophyll a Electron transition
460 Chlorophyll a Electron transition
640 Chlorophyll b Electron transition
660 Chlorophyll a Electron transition
910 Protein C-H stretch, 3rd overtone
930 Oil C-H stretch, 3rd overtone
970 Water, starch O-H bend, 1st overtone
990 Starch O-H stretch, 2nd overtone
1020 Protein N-H stretch
1040 Oil C-H stretch, C-H deformation
1200 Lignin C-H stretch, 2nd overtone
1220 Water, cellulose, starch, lignin O-H bend, 1st overtone
1400 Water O-H bend, 1st overtone
1420 Lignin C-H stretch, C-H deformation
1450 Starch, sugar, water, lignin O-H stretch, 1st overtone
1490 Cellulose, sugar C-H stretch, C-H deformation
1510 Protein, nitrogen N-H stretch, 1st overtone
1530 Starch O-H stretch, 1st overtone
1540 Starch, cellulose O-H stretch, 1st overtone
1580 Starch, sugar O-H stretch, 1st overtone
1690 Lignin, starch, protein C-H stretch, 1st overtone
1730 Protein C-H stretch
1736 Cellulose O-H stretch
1780 Cellulose, sugar, starch C-H stretch, 1st overtone
1820 Cellulose O-H stretch, C-O stretch
1900 Starch O-H stretch, H-O-H deformation
1924 Cellulose O-H stretch, O-H deformation
1940 Water, protein, lignin, cellulose, O-H stretch, C-H deformation
1960 Starch, nitrogen O-H stretch, O-H rotation
1980 Starch, sugar O-H stretch, C-O stretch
2000 Protein N-H asymmetry
2060 Starch O-H deformation, C-O deformation
2080 Protein, nitrogen N-H stretch, N-H rotation
2100 Starch, sugar O-H stretch, O-H deformation, C-O-C stretch
2130 Protein N-H stretch
2180 Protein, nitrogen N-H rotation, C-H stretch, C-O stretch,

C=O stretch
2240 Protein C-H stretch
2250 Starch O-H stretch, O-H deformation
2270 Cellulose, sugar, starch C-H stretch, O-H stretch, C-H rotation,

CH2 rotation
2280 Starch, cellulose C-H stretch, CH2 deformation
2300 Protein, nitrogen CH2 rotation, C=O stretch, N-H stretch
2310 Oil C-H bend, 2nd overtone
2320 Starch C-H stretch, C-H deformation
2340 Cellulose C-H stretch, O-H deformation
2350 Cellulose, nitrogen, protein CH2 rotation, C-H deformation
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The NIR region of the electromagnetic spectrum is most suitable for estimating the canopy’s
biomass and Leaf Area Index (LAI) (Friedl et al., 1994, Darvishzadeh et al., 2008a, Atzberger
et al., 2015). This is because NIR radiation penetrates the vegetation canopy and re
ects from
the underlying structure, such as branches and stems. This re
ected radiation is related to the
canopy structure, such as the number and orientation of leaves and provides information about
the canopy’s biophysical properties. In contrast, the SWIR region includes information on plant
water, protein content, and other biochemical properties. The SWIR region is absorbed by wa-
ter and organic compounds, and the amount of radiation re
ected is related to the water and
biochemical content of the vegetation canopy (Figure 2.5) (Berger et al., 2018a, Curran, 1989).
Using multiple spectral bands in remote sensing can provide a more comprehensive understand-
ing of vegetation’s biochemical and biophysical properties, making it a valuable tool for various
applications. Observing and analyzing these spectral properties of vegetation provides valuable
information about plant growth, health, and ecological functioning. Remote sensing is used
in various �elds, including agriculture, forestry, ecology, and climatology, to monitor changes
in vegetation and the environment (Obermeier et al., 2019, Dorigo et al., 2007). Therefore,
understanding re
ectance and its relationship with vegetation properties is essential for remote
sensing applications, especially those related to managing and monitoring natural resources.

Chlorophyll is a widely used proxy for estimating N in vegetation due to its close relationship
with photosynthesis. However, N-containing biochemical constituents, such as proteins, have
absorption features in di�erent parts of the electromagnetic spectrum (Curran, 1989). Only a
fraction of N is present in chlorophyll pigments (less than 15% wt), which makes it challenging
to estimate N using only chlorophyll content, particularly across di�erent seasons and locations
(Fourty et al., 1996, Darawsheh and Bouranis, 2006). Vegetation protein content, on the other
hand, is the primary repository of N in grasslands and can be detected in the SWIR part of
the electromagnetic spectrum (Berger et al., 2018a,b, 2020a). Thus, to accurately estimate
vegetation N, it is crucial to identify and use appropriate spectral bands across the electromag-
netic spectrum, including the SWIR region where the absorption features of vegetation protein
content are present (Curran, 1989). Several studies have emphasized incorporating multiple
spectral bands across the electromagnetic spectrum to estimate vegetation N accurately. For
example, Dechant et al. (2017) con�rmed the importance of SWIR absorption features in accu-
rately estimating vegetation N (Dechant et al., 2017). Similarly, Asner et al. (2011) reported
that leaf biochemical traits could not be accurately predicted using information captured only
from the VIS absorption features (Asner et al., 2011). Therefore, to obtain more accurate and
precise measurements of vegetation N, it is necessary to use multiple spectral bands across the
electromagnetic spectrum, including the SWIR region, to accurately capture the absorption
features of di�erent biochemical constituents.

Optical sensing technology has numerous applications for estimating vegetation character-
istics, including LAI, chlorophyll content, vegetation water content, aboveground biomass, and
protein content. LAI is commonly estimated using the NDVI and has been widely used for
vegetation monitoring (Friedl et al., 1994, Darvishzadeh et al., 2008a, Atzberger et al., 2015).
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Re
ectance data in the visible range of the electromagnetic spectrum can be used to estimate
chlorophyll content in vegetation (Darvishzadeh et al., 2011, Tong and He, 2017). Meanwhile,
re
ectance data in the SWIR range of the electromagnetic spectrum is used for estimating
vegetation water content (Davidson et al., 2006, He et al., 2017). Aboveground biomass can
be estimated using VIS, NIR, and SWIR re
ectance data. Recent studies have demonstrated
the e�cacy of combining data from multiple spectral bands to estimate aboveground biomass,
including high-resolution satellite data (Jin et al., 2014, Ali et al., 2017, Knoblauch et al., 2017,
Quan et al., 2017, He et al., 2019). Protein content, which is essential for grasslands, can be
estimated using re
ectance data in the SWIR range of the electromagnetic spectrum (Pullana-
gari et al., 2021, Clevers and Kooistra, 2012, Pullanagari et al., 2011, Ullah et al., 2012). As
protein content can be used as a proxy for estimating N content, critical for crop management
and health, accurate estimation of vegetation protein content is important in remote sensing.

Measured re
ectance is a fundamental aspect of remote sensing and provides valuable in-
formation about the optical properties of objects. Understanding the relationships between
re
ectance and vegetation characteristics, such as LAI, chlorophyll content, vegetation wa-
ter content, aboveground biomass, and protein content, is essential in various �elds such as
agriculture, forestry, ecology, and climatology for monitoring changes in vegetation and the
environment. While chlorophyll content is commonly used as a proxy for estimating N in vege-
tation, using multiple spectral bands across the electromagnetic spectrum, including the SWIR,
is necessary for more accurate and precise measurements of vegetation N content. Incorporat-
ing multiple spectral bands in remote sensing can provide a more comprehensive understanding
of vegetation’s biochemical and biophysical properties, making it a valuable tool for various
applications.

2.9 Estimation of Vegetation Biochemical and Biophysical Prop-
erties

Three primary methods are commonly employed to estimate the biochemical and biophysical
properties of grassland vegetation using optical sensing data: (1) Empirical-statistical methods,
(2) Physically-based models, and (3) Hybrid approaches.

2.9.1 Empirical-statistical methods

Empirical-statistical methods are a common approach used to estimate vegetation biochemical
and biophysical properties and machine learning algorithms are often utilized to create high-
performance and robust models (Pullanagari et al., 2021, 2011, Kuo and Sloan, 2005). These
models are bene�cial for estimating N content, as they can capture complex, nonlinear patterns
in high-dimensional spectral data (Atzberger et al., 2015, Pullanagari et al., 2011). However,
despite their high accuracy, empirical-statistical models have limitations. They are typically cal-
ibrated to a speci�c set of conditions, such as environmental factors, and their performance may
be limited to those conditions (Wang et al., 2020). For example, an empirical-statistical model
that performs well in a speci�c region or vegetation type may not generalize to other regions
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or vegetation types, requiring recalibration of the model. Additionally, empirical-statistical
methods do not provide a physical understanding of the underlying processes that govern the
observed spectral signals, making it di�cult to extrapolate results beyond the range of data
used for calibration.

In contrast, physically-based models are grounded in the physical principles of light-vegetation
interactions and provide a better understanding of the underlying mechanisms that govern
the observed spectral signals (Jacquemoud and Baret, 1990, Jacquemoud et al., 2009a,b).
Physically-based models have the potential to provide more accurate and detailed informa-
tion, including canopy structure, leaf biochemistry, and plant water content (F�eret et al., 2021,
Feret et al., 2008). Physically-based models have been widely used for estimating vegetation
biochemical and biophysical properties, including N content (Li et al., 2018b). These models
have also been used to simulate vegetation dynamics and carbon sequestration (Li et al., 2019,
Berger et al., 2018a). In recent years, a hybrid approach combining the strengths of empirical-
statistical and physically-based models has emerged. These data-driven models are based on the
physical principles of light-vegetation interactions. However, they also utilize machine learning
algorithms to capture complex, nonlinear patterns in the spectral data (Berger et al., 2018a).
Data-driven physically-based models can provide more accurate and transferable vegetation
biochemical and biophysical property predictions, making them well-suited for large-scale ap-
plications.

Empirical-statistical methods face signi�cant challenges when estimating grassland N con-
tent due to the collinearity and redundancy of some spectral features. Additionally, many
spectral bands captured using HS data can limit the accuracy of N predictions due to the curse
of dimensionality (Kuo and Sloan, 2005). Increasing the number of ground truth samples can
address this issue, but this approach may only sometimes be feasible due to the limited avail-
ability of large samples. Therefore, alternative approaches have been developed to address this
issue while decreasing the number of samples. Dimension reduction techniques such as Principle
Component Analysis (PCA) and feature selection methods such as Recursive Feature Elimina-
tion (RFE) have been used to reduce the dimensionality of the data and improve the accuracy
of N estimation models (Sankey et al., 2008, Amirruddin et al., 2020, Abdi and Williams, 2010,
Pullanagari et al., 2018). Dimension reduction techniques eliminate redundant spectral bands,
thereby reducing data dimensionality, which can improve the accuracy of N estimation models.
The PCA, for instance, is a widely used dimension reduction technique that can transform
original spectral data into a smaller set of uncorrelated variables (i.e., principal components),
reducing data redundancy and improving model accuracy. On the other hand, feature selection
techniques select a subset of spectral bands that are most relevant for estimating N. The RFE,
for example, selects spectral bands based on their importance in N estimation and iteratively
removes the minor signi�cant bands until the optimal set of spectral bands is achieved.

Using dimension reduction and feature selection techniques can signi�cantly improve the ac-
curacy of N estimation models. By eliminating redundant and irrelevant spectral bands, these
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techniques enable the development of more e�cient and accurate empirical-statistical models,
which are crucial for monitoring and managing grasslands sustainably. Friedl et al. (1994)
demonstrated the e�ectiveness of empirical linear regression models for estimating biophysical
parameters of the tallgrass prairie using Landsat data. The study found that incorporating ter-
rain variables such as slope angle and elevation signi�cantly improved the accuracy of regression
models for estimating biomass. Similarly, Davidson et al. (2006) used the ordinary least squares
method to evaluate the e�ectiveness of various vegetation indices in estimating vegetation water
content. The study revealed that SWIR-derived vegetation indices were e�ective indicators of
vegetation water content in grassland and shrubland areas, where the critical water absorption
bands are present (Gao, 1996).

Empirical-statistical models have been used in various studies to estimate grassland vege-
tation properties. Psomas et al. (2011) used proximal HS data and a multiple linear regression
algorithm with narrowband NDVI-type vegetation indices to estimate aboveground biomass in
grasslands. Similarly, Ullah et al. (2012) predicted grassland biomass and N using �ve vegeta-
tion indices and band-depth analysis based on the multiple linear regression method using the
Medium Resolution Imaging Spectrometer (MERIS) data. Jin et al. (2014) developed regres-
sion models to estimate biomass in a temperate grassland by combining �eld sampling with �ve
vegetation indices from MODIS re
ectance data. The research indicates a strong correlation
between biomass and vegetation indices from optical remote sensing data, particularly those
derived from the NIR region. However, empirical-statistical models have limitations regarding
generalization to di�erent datasets and environmental conditions over which they were cali-
brated. Therefore, developing transferable models that can perform consistently over di�erent
spatial and temporal scales is a crucial challenge in the �eld.

Sakowska et al. (2016) investigated the potential use of Sentinel-2 for estimating the seasonal
changes in grassland biophysical parameters based on three regression methods (Sakowska et al.,
2016). Their study found that using empirical-statistical methods with narrowband indices de-
rived from Sentinel-2 data performed well for estimating canopy chlorophyll content. They also
noted the substantial contribution of SWIR to explain the variability of these parameters. In
addition to empirical-statistical methods, machine and deep learning methods have gained pop-
ularity for estimating vegetation characteristics using remote sensing data. These methods are
advantageous over conventional methods as they can establish highly nonlinear relationships
between the vegetation variables or re
ectance data and response variables. For example, Pul-
lanagari et al. (2016) compared four machine-learning methods to predict the nutrient content
of mixed grassland using airborne HS imagery. In their study, the RFR algorithm yielded the
highest accuracy for most nutrients, including N. Similarly, Lu and He (2019b,a) evaluated four
di�erent methods for estimating grassland chlorophyll content using HS imagery and found
that the RFR method performed the best. Using empirical-statistical methods, Tong and He
(2017) evaluated many vegetation indices for estimating chlorophyll content in mixed grass-
land. Their results indicated that narrowband indices from the visible spectrum, particularly
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red-edge, performed better than broadband vegetation indices for estimating chlorophyll con-
tent. The study highlights the importance of using suitable vegetation indices and the potential
of empirical-statistical methods for estimating vegetation properties.

2.9.2 Physically-based and hybrid methods

Physically-based RTM have gained popularity for estimating vegetation biophysical and bio-
chemical parameters (Atzberger et al., 2013, Gastellu-Etchegorry et al., 2004, Est�evez et al.,
2021, Pu et al., 2020). RTMs simulate the physical interaction of incoming solar radiation with
a vegetative canopy and can describe canopy re
ectance as a function of viewing and illumina-
tion geometry, vegetation biophysical and biochemical parameters, canopy, atmosphere, and soil
background characteristics. RTMs can predict leaf and canopy properties by simulating the ob-
served re
ectance spectrum as a function of vegetation biophysical and biochemical parameters.
Model inversion processes can retrieve vegetation parameters using RTMs (Yang et al., 2020a,
Darvishzadeh et al., 2011, Atzberger et al., 2015, Verhoef, 1984). Physically-based models can
provide accurate estimates of vegetation biophysical and biochemical parameters, including N
content, by considering the physical properties and processes of the vegetation. Two key RTMs
are used to estimate vegetation characteristics: leaf-based and canopy-based models. These
models depend on accurate input data, such as spectral information, atmospheric properties,
and knowledge of vegetation structure and composition.

Despite their accuracy, physically-based models can be computationally intensive and re-
quire extensive parameterization, which can be challenging to obtain for �eld applications.
Additionally, physically-based models require detailed information about vegetation and the
surrounding environment to generate accurate results. Field measurements of canopy structure,
composition, and other parameters are necessary for accurate modeling results. Nevertheless,
physically-based models are increasingly used to estimate vegetation properties and are ex-
pected to play a more signi�cant role in future research. Additionally, RTMs provide a means
of investigating and understanding the cause-and-e�ect relationships between biophysical and
biochemical characteristics and response variables such as vegetation N. However, the accuracy
achieved using RTM is limited by our current understanding of the biophysical and biochemical
processes that a�ect radiation’s scattering, absorption, and transmission when interacting with
a vegetative canopy. Therefore, ongoing research is needed to improve the accuracy of RTM and
to develop a better understanding of these processes. Two key RTMs are used for estimating
vegetation characteristics: leaf and canopy scale RTMs.

Leaf Radiative Transfer Models (RTM)

Our understanding of how photons interact with leaf structure and biochemical parameters is
still limited, but several methods are commonly used to describe the scattering of radiation in
leaves (Jacquemoud and Baret, 1990). These methods are based on �ve critical models used for
simulating the interaction between leaves and incoming radiation:
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1. The N-
ux model is a leaf optical model that utilizes the Kubelka-Munk theory to sim-
ulate the interaction between light and leaves, considering them as slabs of di�using and
absorbing material. However, a critical limitation of the N-
ux model is its inability to ac-
curately identify absorption coe�cients and link them to leaf biochemical parameters, as
highlighted by previous studies (Richter and Fukshansky, 1996, Fukshansky et al., 1991).

2. The plate model is a commonly used architecture for retrieving leaf biochemical parame-
ters. This model considers a leaf as a stream of plates with empty spaces between them
and is based on the Kubelka-Munk theory and Lambertian scattering across the leaf. This
model is suitable for retrieving leaf biochemical parameters similar to the N-
ux model.
However, it is unable to retrieve small absorption features as reported by Fourty et al.
(1996) and Jacquemoud and Baret (1990).

3. Ray tracing models utilize a sampling simulation strategy to accurately represent the in-
ternal structure of leaves (Govaerts and Verstraete, 1998). These models can simulate the
interaction of radiation with a surface but require detailed information about the inter-
acting surface, such as its morphology. While ray tracing models can provide a realistic
overview of leaf structure, they are computationally expensive and may require signi�cant
computational resources to run simulations accurately.

4. Radiosity models use a method of calculation that describes the amount of energy re-

ected from a surface, given a speci�c surface area (Liang, 2003). The radiosity model
represents a leaf as a set of discrete re
ecting and transmitting components with unique
parameters, accurately representing the leaf’s interaction with photons. However, this
model is computationally expensive, requiring substantial computing power and time to
execute (Baranoski and Rokne, 1997).

5. Stochastic models rely on statistical Markov Chain simulations to estimate the transition
probabilities between di�erent radiation states, which can provide valuable information
about how radiation interacts with a surface and the likelihood of transitions between dif-
ferent states. An example of a stochastic model that can simulate radiation interactions
with vegetation is the Stochastic Light Optimization Procedure (SLOP) model introduced
by Maier et al. (1999).

Canopy Radiative Transfer Models (RTM)

Canopy-level RTMs are commonly used with leaf-level models to estimate vegetation charac-
teristics such as biomass, chlorophyll, and N. Di�erent canopy RTMs exist but most common
models assume the vegetation canopy as a turbid medium. In a turbid medium, the canopy



33

leaves are considered minor and randomly distributed, acting as absorbing and scattering el-
ements with no physical size. This simpli�cation of the canopy allows RTMs to be compu-
tationally e�cient and capable of handling large-scale datasets. Verhoef (1984) proposed a
one-dimensional model for approximating canopy characteristics, which assumes a horizontally
homogeneous and in�nite canopy with vertical variability and �niteness. With this model, it
is possible to describe the radiance transfer through a vegetation canopy (Verhoef, 1984). This
model has been widely used to estimate vegetation biophysical parameters, such as LAI, through
inversion of the model. However, this approach has limitations when addressing heterogeneous
canopies, such as those found in orchards or forests, where the canopy is vertically strati�ed and
non-uniform. In such cases, more complex RTMs considering the canopy structure and spatial
heterogeneity are necessary to accurately estimate vegetation parameters (Gastellu-Etchegorry
et al., 2004, Est�evez et al., 2021).

Despite developing more complex canopy RTMs, current models still have limitations in
accurately representing the vegetation canopy, particularly assuming that the canopy is a turbid
medium. This is due to the vegetation canopy’s complex physical structure and biochemical
properties, which can result in non-Lambertian surfaces, multiple scattering, and signi�cant
energy interactions between the leaves and the surrounding environment. These limitations can
result in inaccuracies in the estimated vegetation parameters, particularly for densely vegetated
areas, and further research is necessary to address these issues. The following are the key models
for modeling canopy RTM:

1. Geometrical item models are another type of RTM that assumes that the surface of a veg-
etation canopy consists of opaque geometrical objects with predetermined spatial distribu-
tions and optical characteristics. In these models, the vegetation canopy is represented by
discrete elements, such as needles, branches, or leaves, arranged in an organized pattern to
form the canopy. These elements’ geometrical shapes and optical properties are de�ned
beforehand, and their interactions with incoming radiation are simulated. Geometrical
item models are often combined with the turbid medium assumption, making them well-
suited for representing forests and orchards. One commonly used geometrical item model
is the ray tracing model, which traces individual light rays through a canopy and calcu-
lates their interactions with each canopy element. This approach provides a more detailed
description of radiation transfer within a canopy than the turbid medium assumption,
but it can be computationally expensive. In addition to the ray tracing model, several 3D
hybrid RTMs, combining elements of leaf and canopy-level RTMs, are used in research.
The Discrete Anisotropic Radiative Transfer (DART) model is an example of a 3D hy-
brid RTM that addresses the limitations of the turbid medium assumption. The DART
model simulates the radiation transfer through a canopy by tracing individual rays of light
through the canopy, considering the geometry of the individual canopy elements and the
leaves’ radiation scattering and absorption properties. The DART model e�ectively simu-
lates the light environment within a forest canopy and estimates the amount of radiation
absorbed by individual leaves (Gastellu-Etchegorry et al., 2004). Overall, geometric item
models and 3D hybrid RTMs provide a more detailed description of radiation transfer
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through a vegetation canopy than traditional canopy-level RTMs. However, these models
can be computationally expensive and require detailed information about the vegetation
canopy and its optical properties.

2. Monte Carlo Ray Tracing (MCRT) models simulate the interactions between photons and
matter and are widely used to study light transport through vegetation canopies. MCRT
models are based on the principle of probability and statistical sampling and can pro-
vide a realistic representation of how radiation interacts with heterogeneous 3D canopies.
These models can also account for the statistical nature of radiative transfer behavior.
MCRT models are particularly e�ective in modeling complex canopy structures, including
forests and urban vegetation (Govaerts and Verstraete, 1998). Despite their advantages,
MCRT models require a high level of detail to describe radiation transfer, which makes
them computationally intensive. MCRT models must simulate many photons to obtain a
statistically meaningful result, which can be computationally expensive. Moreover, they
require a detailed description of the vegetation structure, including leaf size, orientation,
and distribution, which can be challenging to obtain from �eld measurements. Despite
the computational challenges, MCRT models provide a highly accurate representation of
the interaction of radiation with complex canopies. They have been widely used in vari-
ous applications, such as forest remote sensing (Govaerts and Verstraete, 1998, Gastellu-
Etchegorry et al., 2016).

Radiative Transfer Model (RTM) Inversion

Inverting RTM consists of �nding a set of input variables that best match the simulated and
actual re
ectance observed by a sensor. There are four standard methods of inverting RTM
parameters:

1. Iterative optimization techniques are widely used in remote sensing applications for es-
timating vegetation biophysical and biochemical properties (Vohland and Mader, 2007,
de Wit, 1999, Lavergne et al., 2007). This method determines the best spectral �t between
simulated and actual re
ectance a sensor captures. This process involves an iterative pro-
cedure that minimizes a loss function such as a Mean Squared Error (MSE). The iterative
procedure continues until the desired accuracy is achieved or until a stopping criterion is
met. The goal is to �nd the best possible solution that minimizes the di�erence between
the observed re
ectance and the re
ectance calculated by the model. One commonly used
approach is based on the maximum likelihood estimator, which determines the likelihood
that a particular set of parameters is responsible for the observed re
ectance. To max-
imize this likelihood, the iterative procedure continues to adjust the parameters, often
the vegetation’s biophysical and biochemical properties. This method can also provide an
uncertainty estimation of the solution, which is valuable information for decision-making.
Various mathematical and statistical approaches can be used to minimize the loss function
in the iterative optimization process. For example, the Levenberg-Marquardt algorithm
is a popular optimization method that can handle non-linear problems (Ranganathan,
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2004). The Gauss-Newton algorithm is another commonly used optimization method
that is faster than the Levenberg-Marquardt algorithm but can be more sensitive to ini-
tial conditions (Wang, 2012). Other optimization methods include the conjugate gradient,
quasi-Newton, and genetic algorithms. Iterative optimization techniques have been used in
various applications. For instance, Vohland and Mader (2007) used iterative optimization
techniques to retrieve vegetation water content from hyperspectral data. Dechant et al.
(2017) used these methods to estimate vegetation biomass from Landsat data. Using
MODIS data, Lavergne et al. (2007) applied iterative optimization techniques to estimate
chlorophyll content in a boreal forest.

2. Look Up Table (LUT) techniques involve generating an LUT using an RTM with di�er-
ent combinations of input parameter values. A loss function searches the LUT for spectra
that closely match the observed spectra. The method often uses the average or median of
several best-�tting spectra to �nd a solution (Weiss et al., 2000). One of the key advan-
tages of this method is its computational e�ciency in retrieving vegetation biochemical
and biophysical parameters. However, it has some limitations, such as the need to gen-
erate new LUTs based on new situations and its underperformance when the number of
input variables becomes very high. LUT techniques have been widely used in various re-
mote sensing applications, such as estimating chlorophyll content and LAI. Additionally,
LUT-based methods have been applied to estimate vegetation biophysical and biochem-
ical properties from di�erent types of sensors, including hyperspectral and multispectral
sensors. Despite their limitations, LUT techniques remain a valuable tool for retrieving
vegetation properties, especially in scenarios where computational resources are limited.

3. Hybrid techniques combine RTMs and machine learning (ML) algorithms. Machine learn-
ing is a subset of arti�cial intelligence that uses data to train models for various appli-
cations (Lary et al., 2016). The use of machine learning algorithms to invert RTM pa-
rameters has become popular due to its computational e�ciency (Liang, 2003). Hybrid
techniques involve using an RTM to generate a large dataset representing di�erent vege-
tation types, which is then used alongside a machine learning algorithm to create a model
for predicting vegetation biochemical and biophysical parameters. One of the signi�cant
advantages of hybrid techniques is their ability to handle large datasets and retrieve vege-
tation properties e�ciently. Using machine learning algorithms also allows for integrating
di�erent data types, such as remote sensing and ground data. This method can also han-
dle non-linear relationships between variables, a signi�cant limitation of other modeling
approaches. However, hybrid techniques also have some limitations. For example, the
model’s accuracy depends on the training dataset’s quality and representativeness. Fur-
thermore, the method requires a large amount of input data, which may be challenging
in some situations. Despite these limitations, hybrid techniques have shown promise in
estimating vegetation characteristics accurately. For example, recent studies have shown
that hybrid models can accurately estimate vegetation biophysical and biochemical pa-
rameters, such as LAI and chlorophyll content. These studies demonstrate the potential
of hybrid models for improving the accuracy of vegetation characterization using RTM
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parameters.

4. Emulator techniques have become popular in recent years as they address some of the
traditional limitations of RTM inversion processes, such as high computational complex-
ity. RTM emulators are surrogate models that approximate the RTM with high accuracy,
which enables computationally e�cient and accurate simulations of vegetation biochem-
ical and biophysical parameters. A training set of RTM input-output pairs is used to
create an emulator to train a surrogate model that can approximate the RTM. Once the
emulator is trained, it can be used to predict the output values for new sets of input
parameters. One of the main advantages of using an emulator is that it can drastically
reduce the computational time required to perform RTM simulations. This approach is
bene�cial when the RTM is computationally expensive, or the input parameter space is
high-dimensional. For instance, G�omez-Dans et al. (2016) used an emulator technique
to model the variation of simulated re
ectance spectra due to changing leaf water con-
tent in a corn crop. The results showed that the emulator produced accurate predictions
while reducing the computational time by several orders of magnitude compared to a full
RTM simulation. Emulators have been used in various applications, including crop yield
forecasting, biomass estimation, and vegetation classi�cation. The emulator approach
also enables the propagation of uncertainty estimates in the predicted values, making it
a valuable tool for decision-making. However, one of the main challenges with this ap-
proach is that the emulator’s accuracy could be improved by the quality and quantity of
the training data used to train the model.

2.9.3 Limitations of Radiative Transfer Models (RTM)

RTM is a powerful technique for estimating vegetation biophysical and biochemical parameters,
but it is known to be a problem that could be solved. The ill-posed nature of RTM arises from
the numerous structural and biophysical parameters that need to be accurately determined in
the inversion process. This presents a challenge as uncertainties in the input data can propagate
errors and result in incorrect estimation of the vegetation parameters (Atzberger and Richter,
2012, Li et al., 2018a). Several methods have been developed to address these uncertainties. One
such method is the combination of single variables to form synthetic variables. In this approach,
the ill-posed problem is converted into a well-posed one by combining multiple variables that
a�ect the same biophysical or biochemical parameter. This reduces the number of unknowns
in the inversion process, leading to more accurate estimations of vegetation parameters. For
instance, Darvishzadeh et al. (2008b) used a synthetic variable approach to estimate the LAI
from hyperspectral data. Another approach is to incorporate prior knowledge about model
parameters, which can be used to constrain the inversion process. Prior knowledge can come
from various sources, such as �eld measurements or literature values, and can be incorporated
into the inversion process as a constraint. For example, Dorigo et al. (2007) used prior knowledge
about soil moisture to improve the accuracy of soil moisture retrieval from passive microwave
remote sensing data.
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Figure 2.6: Figure depicting the architecture of PROSAIL, which couples the leaf RTM
PROSPECT-PRO and the canopy RTM SAIL.

2.9.4 Radiative Transfer Models (RTM) Used in Literature

Physically-based algorithms have been developed to retrieve vegetation characteristics using
RTM that directly link vegetation properties such as chlorophyll content and LAI with the
canopy re
ectance measured by optical sensors. These algorithms are based on radiative trans-
fer theory; therefore, retrieving vegetation characteristics can be performed using spectral re-

ectance data. For instance, Darvishzadeh et al. (2008a) used the PROSAIL (PROSPECT+SAIL)
leaf-canopy RTM in a LUT-based method to estimate LAI and chlorophyll content of mixed
grassland (Figure 2.6). They developed a LUT based on a PROSAIL simulation with various
combinations of LAI, chlorophyll content, and soil re
ectance. The LUT was used to search
for the best match between the observed re
ectance and the simulated re
ectance of the PRO-
SAIL model. Their study found that the physically-based method accurately predicted canopy
chlorophyll content. Similarly, other physically-based algorithms, such as the Soil-Canopy Ob-
servation of Photosynthesis and Energy (SCOPE) model, have been used to retrieve vegetation
characteristics such as LAI, chlorophyll, and vegetation water. These models simulate the phys-
ical interaction of light with vegetation and account for the absorption and scattering of light
by vegetation components, atmospheric e�ects, and soil re
ectance (Yang et al., 2017, Verrelst
et al., 2015b). The retrieval process is based on optimizing the di�erence between observed and
modeled re
ectance spectra, with model parameters such as LAI and chlorophyll content used
as the input variables.

RTM is a powerful technique for estimating vegetation biophysical and biochemical vari-
ables. However, the ill-posed nature of RTM arises from the numerous structural and biophys-
ical parameters that need to be accurately determined in the inversion process. This presents
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a challenge as uncertainties in the input data can propagate errors and result in incorrect es-
timation of the vegetation parameters (Atzberger and Richter, 2012, Li et al., 2018a). Several
methods have been developed to address these uncertainties. One such method is the combi-
nation of single variables to form synthetic variables. In this approach, the ill-posed problem is
converted into a well-posed one by combining multiple variables that a�ect the same biophysi-
cal or biochemical parameter. This reduces the number of unknowns in the inversion process,
leading to more accurate estimations of vegetation parameters.

Physically-based algorithms have been developed to retrieve vegetation characteristics us-
ing RTM that directly link vegetation properties such as chlorophyll content and LAI with
the canopy re
ectance measured by optical sensors. These algorithms are based on radiative
transfer theory; therefore, retrieving vegetation characteristics can be performed using spec-
tral re
ectance data. For instance, Si et al. (2012) demonstrated the successful estimation of
grassland LAI and chlorophyll content using the inversion of the PROSAIL RTM with MERIS
re
ectance data (Si et al., 2012). Darvishzadeh et al. (2011) compared the Partial Least Squares
Regression (PLSR) and LUT approaches for estimating LAI in grassland using airborne hy-
perspectral imagery and found that LAI could be estimated using PROSAIL with accuracy
comparable to the empirical-statistical approaches (Darvishzadeh et al., 2011). Atzberger et al.
(2015) assessed two RTM inversion methods and two empirical-statistical modeling approaches
for estimating grassland LAI using similar data as Darvishzadeh et al. (2011). They found that
estimating LAI using LUT-based RTM yields similar results to the empirical-statistical meth-
ods (Atzberger et al., 2015). However, they also discovered that the accuracy and robustness
of empirical-statistical models decrease when the calibration size of the model decreases.

Similarly, other physically-based algorithms, such as the Soil-Canopy Observation of Pho-
tosynthesis and Energy (SCOPE) model, have been used to retrieve vegetation characteristics
such as LAI, chlorophyll, and vegetation water. These models simulate the physical interaction
of light with vegetation and account for the absorption and scattering of light by vegetation com-
ponents, atmospheric e�ects, and soil re
ectance. The retrieval process is based on optimizing
the di�erence between observed and modeled re
ectance spectra, with model parameters such as
LAI and chlorophyll content used as the input variables. Quan et al. (2017) used the PROSAIL
RTM to estimate grassland biomass, demonstrating higher accuracy compared to empirical
methods. The study found that PLSR performed similarly to the physical method (Quan et al.,
2017). Lu and He et al. (2019) explored three types of methods (empirical and physically-based)
for estimating grassland chlorophyll content using hyperspectral imagery. They concluded that
PLSR and RFR algorithms performed better than linear regression and RTM methods for es-
timating chlorophyll content (Lu and He, 2019a,b).

There have been e�orts to use RTM for retrieving vegetation N, such as the PROSPECT-
PRO model, which allows for the estimation of leaf-level protein content (Jacquemoud and
Baret, 1990, F�eret et al., 2021, Li et al., 2018b). PROSPECT-PRO is a leaf-level RTM based



39

on the PROSPECT model developed by Jacquemoud and Baret (1990). This model can sim-
ulate the directional-hemispherical re
ectance and transmittance of green monocotyledon and
dicotyledon species and senescent leaves over the solar spectrum from 400 to 2500 nm. The leaf
structure parameter N, which represents the average number of air/cell wall interfaces within
the mesophyll, and the leaf biochemical variables are the two types of input variables used by
this model, with the latter being modi�ed from the original formulation of the model (Fourty
et al., 1996, Jacquemoud et al., 2009a). While it was previously believed that chlorophylls were
solely responsible for light absorption in the VIS spectrum, it is now known that carotenoids (in-
cluding xanthophyll pigments) and anthocyanins may also play a signi�cant role in green leaves.

Berger et al. (2020b) proposed a novel method to estimate crop leaf-level protein content us-
ing the 4SAIL canopy-level RTM, calibrated with ground-measured spectral data. Their study
revealed that the method could accurately identify protein-rich areas in agricultural �elds. Fur-
thermore, recent e�orts have been made to develop more sophisticated 3D RTMs that consider
the impact of biophysical parameters on re
ectance, absorption, and scattering. For instance,
the DART model considers the e�ects of vegetation clumping, which can improve the accuracy
of biophysical and biochemical retrievals from remote sensing data (Gastellu-Etchegorry et al.,
2017).

Despite advances in RTMs, accurately retrieving vegetation N% remains challenging due to
the ill-posed nature of RTMs and the in
uence of factors such as viewing geometry, sensor geom-
etry, illumination, atmospheric conditions, and terrain factors. Several studies have addressed
these limitations. For example, Darvishzadeh et al. (2008a,b) used an iterative optimization
approach based on a maximum likelihood estimator to estimate vegetation parameters from
hyperspectral data. Additionally, Verrelst et al. (2016a) developed an active learning approach
combining an RTM and an iterative optimization algorithm to retrieve N content, showing
promising results. Furthermore, Zhao et al. (2012, 2013) investigated the relationships between
vegetation N and hyperspectral vegetation indices, which could improve N retrieval accuracy.
However, Berger et al. (2020b) found that most RTMs are generated using a limited number of
vegetation samples, leading to uncertainties with new datasets and sources. Thus, increasing
the sample size and variety of vegetation types used to generate RTMs is essential for improving
accuracy.

To enhance the robustness and applicability of RTMs like RAdiation transfer Model Inter-
comparison (RAMI) for vegetation N% monitoring, several future directions are crucial (Zhou
et al., 2023). Firstly, incorporating more diverse datasets will better represent di�erent vegeta-
tion types and environmental conditions. Secondly, re�ning algorithms and integrating machine
learning techniques can improve RTMs’ accuracy and computational e�ciency. Furthermore,
addressing current limitations in modeling leaf optical properties, canopy structure, and soil
background e�ects will enhance the precision of vegetation N% monitoring across varied ecosys-
tems. Exploring new methodologies, such as 3D modeling and advanced remote sensing tech-
niques, can further advance the reliability of these models in di�erent environmental conditions.
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Physics-Informed Neural Networks (PINNs) extend hybrid approaches by embedding phys-
ical laws, such as radiative transfer equations, directly into neural network architectures (Cao
and Weng, 2024). By integrating these laws as constraints within the loss function, PINNs en-
hance predictive accuracy and interpretability by ensuring alignment with established physical
principles (Raissi et al., 2019). This capability is especially advantageous when training data
are sparse or noisy, as the embedded physical constraints guide the model toward physically
plausible solutions, mitigating over�tting and enhancing robustness (Zhang et al., 2024).

In vegetation monitoring, PINNs have emerged as a powerful tool for estimating biophysical
and biochemical properties by leveraging radiative transfer models and hyperspectral data. For
example, Dehghan-Shoar et al. (2024a) demonstrated how PINNs can model canopy re
ectance,
e�ectively capturing complex interactions between light and vegetation. Additionally, PINNs
can generate synthetic datasets that adhere to physical constraints, further enriching the train-
ing data for hybrid machine learning models (Dehghan-Shoar et al., 2023a). This dual role as
both predictive and data-generation tools highlights their versatility within hybrid frameworks.

Despite their promise, PINNs present unique challenges. The computational intensity of
solving di�erential equations during training is a signi�cant barrier, particularly for large-scale
applications. However, recent advancements in optimization techniques, such as adaptive learn-
ing rates and enhanced numerical solvers, are alleviating these challenges and making PINNs
increasingly feasible for operational use (Zhou et al., 2023). Their integration of data-driven
methods with mechanistic understanding makes PINNs a promising avenue for addressing the
complexities of vegetation monitoring across diverse environmental conditions.

Hybrid approaches, including innovations like PINNs, exemplify the transformative poten-
tial of combining empirical-statistical and physically-based methods. These methods enable
scalable and accurate estimation of vegetation properties while addressing challenges such as
dimensionality and collinearity. The success of hybrid frameworks hinges on the careful cali-
bration and validation of RTM-simulated datasets and the representativeness of training data.
While computational demands remain a constraint, the proliferation of cloud computing re-
sources and the increasing availability of hyperspectral and multispectral datasets are rapidly
mitigating these barriers (Weiss et al., 2000).
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Chapter 3

A hybrid model to predict nitrogen
concentration in heterogeneous
grassland using �eld spectroscopy

3.1 Abstract

Field spectroscopy is a rapid and non-destructive tool that estimates vegetation’s nitrogen (N)
concentration (N%). Empirical and physically-based models are widely used for retrieving N%.
However, model transferability to di�erent times and locations and feature redundancy remain
the two key challenges of �eld spectroscopy analysis. Here, we addressed these problems by
developing a hybrid method (i.e., a combination of physically-based (PROSAIL) and empiri-
cal models) to retrieve N% in grasslands. We used a large spectral dataset with more than
6000 samples collected over eight years (2009-2016) for grassland farms across New Zealand.
The hybrid model combines the features derived from PROSAIL inversion and an empirical
model and develops a predictive model using a Gaussian Process Regression (GPR) algorithm.
The model performance is tested on spatially and temporally independent data and compared
with PROSAIL and empirical models. The hybrid model achieves higher performance with
an RMSE (%N), R2 and Mean Prediction Interval Width (MPIW) of 0.27, 0.78 and 0.26 as
compared to empirical (RMSE=0.28, R2=0.77 and MPIW=0.32) and physically-based models
(RMSE=0.33, R2=0.65 and MPIW=0.56). In addition, the hybrid model signi�cantly outper-
forms the physically-based and empirical models during autumn (RMSE=0.32,R2=0.78 and
MPIW=0.11) and summer (RMSE=0.27, R2=0.80 and MPIW=0.16) seasons.

3.2 Introduction

Addressing world hunger is a pressing issue that will be faced globally in the coming decades.
According to the Food and Agriculture Organization of the United Nations (FAO), the world’s
population will grow from 7.6 to 10 billion between 2017 and 2067, which creates unprecedented
pressure on food production (Bergeret, 2017). Meat and dairy production varies signi�cantly
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globally, but the use of pastures or grasslands to produce meat and dairy products is very com-
mon (Ramankutty et al., 2008, FAO, 2011).

To maintain high-quality grasslands, synthetic fertilizers are commonly applied at regular
intervals. Nitrogen (N) is considered a key macro-nutrient that supports grassland growth and
development, and timely application of N fertilizers optimizes grassland productivity (Tilman
et al., 1996, Fay et al., 2015, Novoa and Loomis, 1981). However, overuse of N fertilizer is
costly and can cause serious environmental harm. Therefore, regular monitoring of N status
in grasslands is important in order to optimize fertilizer application while reducing negative
environmental e�ects (Julian et al., 2017).

Conventional methods of monitoring the N status of grasslands are time-consuming and
costly and thus limit the scope of the analysis to small area experiments (Nocita et al., 2015).
Therefore, the application of novel methodologies enables a better way of monitoring grassland
nitrogen concentration (N%). Field spectroscopy or hyperspectral remote sensing allows for a
non-destructive, rapid, and cost-e�ective alternative to conventional methods for monitoring
grassland N% (see, e.g. Milton, 1987, Milton et al., 2009, for a review of applications of �eld
spectroscopy). Compared to multispectral systems, spectroscopy data captures detailed spec-
tral measurements relevant to biochemical constituents such as protein, cellulose, lignin, and
chlorophyll (Novoa and Loomis, 1981). In order to obtain accurate and robust canopy N%
estimations from Spectroscopic data, several modeling approaches have been proposed (Ver-
relst et al., 2015a, 2019a, Pullanagari et al., 2011). These are based on empirical modeling,
mechanistic physically-based simulations, or a combination of both (hereafter called a hybrid
approach).

Empirical approaches currently leverage the power of machine learning and deep learning
algorithms to deliver high prediction performance and robustness on di�erent datasets. These
models are widely applied to retrieve N% due to their ability to recognize complex, nonlinear
patterns in high dimensional data (e.g. Pullanagari et al., 2021). However, despite the high
accuracy, model performance is limited to the speci�c set of conditions over which they are
trained. In particular, the lack of transferability to di�erent datasets impacts the generalization
of the insights obtained by the model to di�erent but similar datasets (Wang et al., 2020).
Furthermore, many spectral bands available from �eld spectroscopy can limit the accuracy of
N predictions due to the so-calledcurse of dimensionality (Kuo and Sloan, 2005). One method
of addressing this issue is by increasing the number of ground reference samples to ensure sta-
tistical con�dence (e.g. Thenkabail et al., 2018, Weiss et al., 2000), which ultimately limits
their usefulness to large samples. Di�erent approaches have been utilized to address this issue
without increasing the number of samples, with varying degrees of success (Wang et al., 2022a,
Bossung et al., 2022).

In contrast to empirical approaches, mechanistic methods (e.g. Radiative Transfer Models
(RTMs)) are often used for monitoring vegetation characteristics by simulating the physical
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interaction of incoming solar radiation with vegetative canopy (Atzberger et al., 2013, Gastellu-
Etchegorry et al., 2004, Est�evez et al., 2021, Pu et al., 2020, Verhoef, 1984). RTMs can be
used to monitor leaf and canopy properties by simulating the observed re
ectance spectrum as
a function of several biophysical and biochemical properties (Yang et al., 2020a). A process
of model inversion enables the retrieval of the combination of variables that result in the best
match between the measured and predicted spectrum (Vohland and Mader, 2007, de Wit, 1999,
Lavergne et al., 2007).

Since RTMs consider a wide range of variables, they can be transferable to di�erent spatial
and temporal scales (Pellissier et al., 2015, Wang et al., 2019b). In addition, RTMs enable us
to understand the cause-and-e�ect relationship between biophysical and biochemical properties
and response variables such as N%. However, the accuracy delivered with this approach depends
on our current understanding of the biophysical processes that determine the scattering, absorp-
tion, and transmission of photons when interacting with a vegetative canopy (Liang, 2003, Berk
et al., 2006). This is further limited by model simpli�cations (e.g., radiation transfer is typically
solved in 1D) (Jacquemoud et al., 2009a, Verhoef, 1984). The large number of structural and
biophysical variables that need to be constrained lead to uncertainties in the model inversion
(the so-called ill-posed nature of mechanistic models) (Atzberger and Richter, 2012, Sun et al.,
2022, Li et al., 2018a). Furthermore, the uncertainty of each inverted RTM variable causes prop-
agated errors in the analysis work
ow. As a result, identifying and addressing di�erent sources
of uncertainty in RTM remains a critical issue. Several methods are developed to address the
uncertainty associated with this issue (Rivera et al., 2013). Commonly used methods to reduce
the uncertainty associated with the RTM inversion process are by combining single variables
into synthetic variables and use of prior knowledge about model variables (Darvishzadeh et al.,
2008a, Dorigo et al., 2007).

Hybrid approaches provide an alternative method of monitoring grassland N% by combining
the characteristics of empirical and physically-based methods. These approaches have become
popular and have produced promising results (Berger et al., 2020a). Key bene�ts of hybrid
approaches include faster computation times for the inversion of RTM variables and the ability
to mitigate the natural collinearity and band redundancy associated with Spectroscopic data.
A common way of using hybrid methods for monitoring vegetation variables is by generating
a large training dataset of simulated biophysical and biochemical properties and their associ-
ated spectral signatures (Darvishzadeh et al., 2011, He et al., 2019). These are used alongside
machine learning algorithms to �nd an empirical relationship between the simulated spectra
and biophysical and biochemical variables. The generated models are then used on real-world
datasets to infer the biophysical and biochemical variables, which are then used to predict grass-
land N%. Hybrid approaches can improve the performance of their predictions, but they also
inherit many of the problems associated with fully empirical or mechanistic models, such as
model transferability (Wang et al., 2020).

In this work, we address the various challenges described above by developing empirical,
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physically-based, and hybrid models to predict grassland N%. We measure the performance of
our models by using independent data collected during di�erent seasons and locations, which
encompass heterogeneous land over wide spatial and temporal scales in New Zealand (see Pul-
lanagari et al., 2021, for details of the dataset). Furthermore, we investigated the uncertainty
associated with the inverted RTM variables and conducted feature importance analysis to iden-
tify the most important RTM variables and spectral bands for monitoring grassland N%.

3.3 Material and Methods

3.3.1 Environmental conditions

Sampling was conducted in 17 dairy and hill country farms across the south and north islands
of New Zealand from 2009 to 2016 in di�erent seasons (autumn, winter, spring, and summer).
The sampled farms consist of di�erent grazing patterns based on the type of livestock (e.g.,
sheep, deer, and cattle). Due to optimal temporal conditions, grasslands in New Zealand grow
continuously during the year. New Zealand has temperate weather conditions, with the mean
annual precipitation between 600 mm and 1600 mm and a mean annual temperature of 10� C
to 16� C * . In addition, due to the diversity of soil types in New Zealand, �eld campaigns were
conducted on farms where there is signi�cant variability in the soil pH (between 4.5 and 7.5),
Olsen P (between 2 and 217), and Potassium (between 1 and 74) levels. Detailed descriptions re-
garding the �eld campaigns and dataset used in this work are stated by Pullanagari et al. (2021).

3.3.2 Spectral measurements

The canopy spectral measurements were collected on areas covered by grass with an estimated
Leaf Area Index (LAI) of one to three to minimize the spectral contribution of the soil back-
ground. The samples were collected on heterogeneous grassland and the main grass species are
illustrated in Table 3.1.

Grassland canopy spectral measurements were captured using two types of spectro-radiometers
with a spectral range of 350 to 2500 nm :

1. ASD Field-Spec 4 Hi-Res (Malvern Panalytical Ltd., Malvern, United Kingdom)

2. ASD FieldSpecPro (Analytical Spectra Devices, Inc., Boulder, CO, USA)

Both sensors have a 512-element silicon photodiode, which provides a resolution of 3 nm and
a sampling interval of 1.4 nm in the Visible Near Infra Red Region (VNIR) (< 1000 nm). In
addition, the sensors also consist of two sets of thermoelectric (TE)-cooled indium gallium
arsenide (InGaAs) photodiode arrays, which help provide a spectral resolution of 10{12 nm and
8 nm with a sampling interval of 1 nm in the Short Wave Infra-Red Region (SWIR) (> 1000 nm).
The canopy spectral measurements were captured using an arti�cial probe, a Canopy Pasture
Probe (CAPP), which consists of an arti�cial light source (50-W tungsten-quartz-halogen bulb)
(Kawamura et al., 2009) (Figure 3.1).

* https://niwa.co.nz/education-and-training/schools/resources/climate/overview

https://niwa.co.nz/education-and-training/schools/resources/climate/overview
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Table 3.1: Table containing the list of primary and secondary grass species in the dataset. While
the most dominant species are browntop (Agrostis capillaris ) and clover (Trifolium repens )
several secondary grass species are present in less intensive farming areas.

Grass type Latin name English name Description

Primary Agrostis capillaris Browntop Dairy and hill country
Primary Capillaris Clover Dairy and hill country

Secondary Lolium perenne Ryegrass Hill country
Secondary Pennisetum clandestinum Kikuyu grass Hill country
Secondary Cynosurus cristatus Dogstail Hill country
Secondary Dactylis glomerata Cocksfoot Hill country
Secondary Phleum pratense Timothy Hill country
Secondary Anthoxanthum odoratum Xweet vernal Hill country
Secondary Holcus lanatus Yorkshire fog Hill country

Figure 3.1: Collection of grassland spectra using the Canopy Pasture Probe (CAPP) during a
�eld campaign (Kawamura et al., 2009).

Due to variable weather conditions, the light source was placed in an inverted dark plastic
bin to maintain consistent illumination throughout the scanning period. The spectral readings
were optimized using a white reference panel (Sanches et al., 2009). The sampling sites were
located in di�erent geographic locations and selected based on strati�ed random sampling. En-
vironmental variables such as slope, aspect, and elevation were considered for strati�cation as
they in
uence grassland growth and performance. The sampling locations were equally dis-
tributed over the selected farms to cover various environmental conditions. Slope angle, slope
aspect, and soil types were used for our strati�cation, and we categorized our sampling based on
the slope categories of 0{8, 8{16, 16{25, and 25. We used the Digital Elevation Model (DEM)
available from Land Information in New Zealand (LINZ) for our sampling design. In addition,
the spectral measurements for each farm were collected within two days to minimize uncertainty.

At each sampling site, a quadrant with a size of 0:5 m2 was placed on the grassland to take
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measurements (Hutchinson et al., 2016, Cosgrove et al., 1998, Pullanagari et al., 2012). A total
of 20 spectral measurements were captured by rotating the bin and changing the location of the
bin within the quadrant. The quadrant size and number of spectral measurements were selected
to capture and represent grass heterogeneity within the quadrant. The bin was connected to
the spectro-radiometer using a �ber optic cable. The distance between the optic cable and grass
samples was 40 cm. Following this, the average spectrum was calculated and pre-processed to
be used for the analysis.

3.3.3 Chemical analysis

After collecting each sample’s spectral measurements, grass samples were cut using an electric
shearing machine and stored in a cooling storage box. All sampling locations were geo-referenced
using an RTK-GPS unit, and after collecting the spectral measurements, photos of the samples
were collected for a visual assessment. The collected grass samples were sent to Analytical
Research Laboratories (ARL), Napier, New Zealand, to determine the N% of each sample using
the Kjeldahl method (Lynch and Barbano, 1999). This process involved drying, grinding, and
homogenizing each sample using a mixer mill. Finally, the N% of each sample was estimated
using a QuikChemfi 8500 
ow injection analyzer.

3.3.4 Data pre-processing and dataset creation

The spectral regions of 350{450 nm and 2450{2500 nm of the collected spectral data were re-
moved from the analysis due to signi�cant noise in the spectra. The noise in the remaining
spectra was minimized by employing a Savitzky{Golay �lter with a smoothing window width
of 13 and a polynomial order of 3 without calculating the derivatives (Press and Teukolsky,
1990). Finally, the analysis-ready datasets were created using the N% results acquired from
the chemical analysis and collected spectral measurements. The construction of the empirical,
hybrid, and physically-based methods are discussed in the following subsections.

3.3.5 Modelling approaches

Physically-based model

The physically-based model relies on the inversion of biochemical and biophysical variables
(e.g., LAI and Cab) of the grass samples using an iterative inversion procedure. Following
this, the inverted physically-based model variables were used alongside an empirical model to
predict grassland N%. In this work, we used the well-known physically-based model known as
PROSAIL. PROSAIL is composed of two physically-based models known as SAIL, a canopy
bidirectional re
ectance model developed by Verhoef (1984) and PROSPECT, a leaf optical
properties model �rst proposed by Jacquemoud and Baret (1990). We implemented the latest
PROSPECT variant, PROSPECT-PRO (F�eret et al., 2021), due to its ability to invert protein
content in di�erent vegetation species using the measured spectra. Our method of retrieving
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variables using PROSAIL consists of running many forward and inverse simulations while at-
tempting to minimize the di�erence between the simulated and measured spectra using the
sum of squared di�erences as a loss function. The inversion process involved running 50,000
simulations in parallel using Markov-Chain Monte Carlo (MCMC) with 1000 walkers. We used
the Python ensemble sampling toolkit called EMCEE, which implements an A�ne Invariant
MCMC (Foreman-Mackey et al., 2019, Goodman and Weare, 2010). This particular variant of
MCMC was adopted due to its higher performance and e�ciency. The variables of the search
space used can be seen in Table 4.2.

Table 3.2: The PROSAIL variable search space, which was used alongside Markov-Chain Monte
Carlo (MCMC) to undertake the inversion process.

Variable name Max
value

Max
value

Abbreviation Units

Structure variable 1 3 N
Chlorophyll content 1 100 Cab g/cm � 2

Carotenoid content, 1 30 Car g/cm � 2

Brown pigment content 0 0.2 Cbrown
Equivalent water thickness 0 0.02 Cw cm

Dry matter content 0 0.02 Cm g/cm � 2

Protein content 0 0.02 Cp g/cm � 2

Carbon-based constituents 0 0.02 CBC g/cm � 2

Anthocyanins content 1 10 Anth g/cm � 2

Leaf Area Index 1 3 LAI
Leaf angle distribution a 10 90 LIDFa Degrees
Leaf angle distribution b 10 90 LIDFb Degrees
Background re
ectance - - RSOIL

Dry/Wet soil factor - - PSOIL
Hotspot parameter 0 1 HOTSPOT
Solar zenith angle 0 0 SZA Degrees

Observer zenith angle 20 20 VZA Degrees
Relative azimuth angle 160 160 RAA Degrees

Following the inversion of the PROSAIL variables, the mean and one-sigma standard de-
viation of each inverted variable were calculated. We used the mean values of the inverted
area-based PROSAIL variables alongside a Gaussian Process Regression (GPR) algorithm with
a Mat�ern covariance function to infer grassland N% (GPy, 2012). The covariance function of
the GPR algorithm was selected using a random search optimization algorithm (Bergstra and
Bengio, 2012). We validated our model by splitting our large spectral dataset into training
and validation sets using a ratio of 80% (n=4800) and 20% (n=1200). As the development of
transferable models is very challenging, we ensured the validation set is temporally and spatially
independent to measure our model performance accurately (Wang et al., 2020).

In addition, we further validated the model performance using seasonal cross-validation to
measure how the models performed during di�erent seasons. This process consisted of creat-
ing a model using data captured during three seasons (e.g., autumn, winter, and spring) and
validating the generated model using data captured during the remaining independent season
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(e.g., summer). This procedure was repeated for the four seasons of spring (n=2940), autumn
(n=2005), summer (n=854), and winter (n=208), where data were available. We validated the
performance of our models by using statistical metrics including R2, Root Mean Squared Error
(RMSE) (%N), and Mean Prediction Interval Width (MPIW) (Khosravi et al., 2011).

Empirical model

The empirical model takes advantage of the relationship between the spectral re
ection cap-
tured by the spectro-radiometer to monitor N%. A challenge in this method for monitoring
grassland N% is the collinearity and redundancy of some spectral features. To address this
issue, we excluded highly correlated spectral bands, bands which have a linear correlation of
greater than 0.99%, and undertook feature selection by implementing a genetic algorithm (GA)
to identify the most important spectral bands for monitoring N% (Calzolari, 2021, Leardi et al.,
1992).

GA is an iterative procedure that selects spectral bands by encoding the inclusion and ex-
clusion of each spectral band. This procedure associates a bit (included and excluded band)
with each spectral band and creates chromosomes using di�erent spectral bands. We set the
crossover and independent crossover values for each chromosome to set the probability for the
spectral bands, which are passed to the next iteration. In addition, the tournament selection
parameter was set to determine which bands will continue to the next iteration.

A key limitation of GA is the possibility of �nding the local optimal solution rather than
identifying the global optimal solution. One way of overcoming this issue is by introducing the
possibility of mutations (random addition of variables in each iteration). To do this, we used
a set of values for mutation and independent mutation probabilities for each iteration, which
introduces new bands in each iteration.

GA requires the use of a surrogate algorithm to undertake feature selection. In this case,
a GPR with a Mat�ern kernel was used. At the end of each generation of the GA, a model
was calibrated using the selected spectral bands and the surrogate algorithm. The performance
or �tness of the model was then evaluated using an independent test set and 10-fold cross-
validation. The GA parameters were chosen based on the overall performance of the model,
which is illustrated in Table 3.3.

The selected spectral bands were used to create calibration and validation datasets. Finally,
a model was calibrated and validated using a GPR algorithm with a Mat�ern covariance function
to monitor grassland N%, similar to the physically-based model described previously.
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Table 3.3: The genetic algorithm (GA) variables, which were used for feature selection.

Genetic algorithm Variable value
Fitness function Mean Squared

Error (MSE)
Population size 50

Crossover probability 0.1
Mutation probability 0.05

Number of generations 10000
Independent crossover probability 0.5
Independent mutation probability 50

Tournament size 0.5

Hybrid model

The hybrid model combines the spectral bands and the inverted PROSAIL variables used in
the physically-based model to monitor grassland N%. The inverted grassland biochemical and
biophysical variables derived from the physically-based model were added as further features
to the empirical dataset to combine the empirical and physically-based models. Following this,
a GA, as described previously, was implemented and used to undertake feature selection using
the hybrid dataset. Hence, the hybrid model receives as input features the list of spectral bands
and inverted PROSAIL biophysical and biochemical variables.

Similar to the physically-based and empirical models, a GPR with a Mat�ern covariance
function was built to predict grassland N%. Our hybrid model was validated and evaluated using
independent data collected from di�erent locations and times (similar to the other models). In
addition, we conducted feature importance analysis by computing Shaply values to investigate
the key features that contributed most to the prediction of N%. By using the library, SHAP
(SHapley Additive exPlanations) enables the retrieval of Shapley values to help explain the
outputs of di�erent machine learning models (Lundberg et al., 2020).

3.4 Results

Here, we present the results for predicting grassland N% using hybrid, empirical, and physically-
based models. Figure 3.2 shows the performance of the di�erent grassland N% models, which
are validated using data collected from spatio-temporally independent farms during di�erent
seasons.

The results demonstrated that the hybrid model outperforms both the physically-based and
empirical models. We used a t-test to measure if the di�erence between the results were sig-
ni�cantly di�erent. The di�erence between the accuracy of the empirical and hybrid models
with the physically-based model was signi�cant (p < 0:05). However, the di�erence in accuracy
between the empirical and hybrid models was insigni�cant (p > 0:05). We further investigated
the performance of the di�erent models using seasonal cross-validation. We found that the
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(a) Physically-based model (b) Hybrid model

(c) Empirical model

Figure 3.2: Predicted nitrogen (N) concentration (N%) was obtained using the di�erent mod-
eling approaches against the actual values. Each panel corresponds to a di�erent modeling
approach. Black circles denote the model predictions. The red bars correspond to the stan-
dard deviation obtained with the Gaussian Process Regressor (GPR). The legend on each panel
shows the value of R2, Mean Squared Error (MSE), Root Mean Squared Error (RMSE), and
Mean Prediction Interval Width (MPIW) for each model.

hybrid model outperforms the empirical and physically-based model in the autumn and sum-
mer seasons with RMSE, R2 and MPIW (Figure 3.3). Overall, the highest performance for all
seasons was achieved by the hybrid model.
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Figure 3.3: The change in performance of the hybrid, physically-based, and empirical models in
di�erent seasons. The scatter plots in the �rst column were generated using the physically-based
model, while the plots depicted in the second and third columns correspond to the empirical
and hybrid models. In addition, each row corresponds to di�erent seasons. The �rst row was
generated using samples collected during spring, while the plots in the second, third, and fourth
rows were generated using samples collected during summer, autumn, and winter.
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3.4.1 Spectral features selected

In the empirical model, a total of 65 out of 2101 spectral bands were selected across the spectrum,
while in the hybrid model, 52 out of 2101 spectral features were selected. In addition to the
spectral features, chlorophyll content (Cab), dry matter content (Cm), water thickness (Cw),
LAI, and protein content (Prot) derived from PROSAIL were selected in the hybrid approach.
The majority of the spectral bands selected were located in the SWIR of the spectrum, in
which the wavelength intervals [2050-2080], [830-906], [1610, 1850] nm were repetitively selected
(Figure 3.4). Other key bands were in the NIR region of the spectrum, which are associated
with canopy structure characteristics (Mousivand et al., 2014, Verrelst et al., 2019b).

Figure 3.4: Illustration of the most important features of the hybrid dataset. The most im-
portant features are presented on the left-hand side of the �gure, while the color bar on the
right-hand side illustrates the value of each feature. The plot illustrates that a higher chloro-
phyll content (Cab) corresponds with a higher nitrogen (N) concentration (N%).

3.4.2 Relationship between PROSAIL derived variables and N%

In the following, we characterized the inverted biochemical variables derived from PROSAIL.
We computed the pairwise cross-correlation coe�cient to quantify the intercorrelation between
the inverted variables and N%, as shown in Figure 3.5.

We found a strong linear correlation between grassland equivalent water thickness, chloro-
phyll, and carotenoid content. There is also a moderate relationship between chlorophyll and
protein content, with grassland N%. The most important PROSAIL-derived features that were
used for the prediction of grassland N% are found to be chlorophyll, protein and dry matter
content, and equivalent water thickness.
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Figure 3.5: Figure illustrating the correlation plot for the inverted PROSAIL variables and
nitrogen (N) concentration (N%).

3.4.3 Uncertainty of the inverted PROSAIL variables

An MCMC analysis was undertaken to investigate the posterior distribution of the inverted
biophysical and biochemical values of the PROSAIL model. In Figure 3.6, we show the result-
ing (68-95%) con�dence intervals around the best �t. The uncertainty associated with some
variables was reasonable (e.g., chlorophyll content) while for others (e.g. carbon constituents)
the uncertainty was signi�cantly larger. Figure 3.6 (a) is generated to investigate the impact of
the physical variables of the RTM on the retrieval accuracy of the biochemical variables.
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As seen in Figure 3.6 (b), it is very challenging to retrieve PROSAIL variables accurately
when insu�cient information is known about the collected samples, and it is impossible to con-
strain some RTM variables. Sample spectra were generated using PROSAIL while �xing the
values for LAI and Leaf angle distribution a and b to investigate this. The LAI value was �xed
to 3, while the leaf angle distributions a and b were �xed to 45 and 60, respectively. Followed
by this, other variables were inverted using MCMC as previously (Figure 3.6 (a)).

Constraining the physical variables of PROSAIL enables the retrieval of the biochemical
variables to improve the inversion process. To further validate this, we conducted PROSAIL
simulations using MCMC, running 50,000 simulations, with and without �xing LIDFa, LIDFb,
and LAI (the �xed values for LIDFa, LIDFb, and LAI are 20, 20, and 2 accordingly). This
resulted in the creation of two distributions for Cp and Cab. Using a z-test, we compared
the distribution of the inverted Cp and Cab variables with and without �xing the biophysical
variables of PROSAIL. The results illustrated that the distribution of the inverted PROSAIL
variables for Cp and Cab are signi�cantly di�erent ( p < 0:05).

3.4.4 Performance of the di�erent models

Figure 3.4 shows that the most informative features of the hybrid dataset were chlorophyll con-
tent and the spectral bands at 2060, 2052, 852.5, and 834.5 nm. Summarizing the selected bands
highlights the importance of the SWIR region of the electromagnetic spectrum for predicting
grassland N%.

The uncertainty associated with the physically-based model is signi�cantly higher than the
hybrid and empirical models (Figure 3.2). We investigated the impact of the training set’s size
on the di�erent models’ performance. The best-performing model is the hybrid model, while the
physically-based model yielded the least performance irrespective of the calibration size (Figure
3.7). In addition, the uncertainty of all the models decreased when using a larger calibration
dataset. The performance of the models started saturating when the calibration size approached
3500 samples (Figure 3.7). This can be because this calibration size (n = 3500) contains the
highest spectral variability required for our models to perform optimally. We can also see that
the hybrid model performs better with smaller datasets (n < 500); however, the performance
of the hybrid and empirical models is similar with a larger calibration dataset (n > 800). The
physically-based model has a poorer performance than the hybrid and empirical models, but it
has much lower overall uncertainty.
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(a) Constrained model

(b) Unconstrained model

Figure 3.6: Corner plots demonstrating the marginalized results of the inverted PROSAIL
variables. The di�erent shades of blue correspond to each inverted variable’s uncertainty (sigma)
levels. Plot (b) illustrates the margins associated with retrieved PROSAIL variables with and
without �xing the Leaf Area Index (LAI). We investigated the impact of the biophysical variables
of the Radiative Transfer Model (RTM) using simulated data (plot (a)). As seen in plot (a)
by constraining the physical variables of the RTM the uncertainty associated with inverted
biochemical variables decreases signi�cantly.
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3.5 Discussion

3.5.1 The performance of empirical, physically-based and hybrid models

In this study, we used a hybrid approach to improve the retrieval accuracy and transferability
of grassland N% from �eld spectroscopy data and compared the performance with empiri-
cal and physically-based methods. Overall, the hybrid model outperformed the empirical and
physically-based models with improved accuracy on a spatially and temporally independent
dataset (Figure 3.2). F�eret et al. (2021) indicated scaling from leaf to canopy scale, re
ectance
anisotropy, and canopy structure in
uence the retrieval accuracy. Despite canopy scale e�ects,
this study has improved the retrieval accuracy. However, detailed understanding and modeling
are required to measure the in
uence of canopy scale factors on N% estimation. In addition
to the accuracy, the hybrid approach reduced the uncertainty levels associated with each pre-
dicted sample, which indicates consistent performance under di�erent environmental conditions.
The hybrid model combined the contribution from multiple spectral regions, which are actively
linked to fundamental N absorptions and RTM-derived variables (Curran, 1989, Fourty et al.,
1996).

Like other studies, RTM inversion makes it challenging to accurately infer grassland’s bio-
physical and biochemical variables when many unknown variables exist in the RTM search
space. It is very challenging to accurately invert protein content without constraining physical
variables of the RTM, which was also highlighted by F�eret et al. (2021) (Figure 3.6). This is
because the physical variables of the RTM signi�cantly impact the spectral regions where the
protein absorption bands are present. Although we constrained the search space for sensor,
solar geometry, and LAI, the results were not as accurate as the hybrid approach.

Another biochemical component derived from RTM, commonly used for monitoring grass-
land N%, is chlorophyll a+b or Cab. The spectra associated with Cab are found in the visible
region of the electromagnetic spectrum. As seen in Figure 3.8, the absorption of Cab is very
strong in the visible region of the spectrum, which will enable its accurate retrieval using RTM.

However, despite the common use of Cab for monitoring N%, fundamentally N containing
biochemical constituents are located in di�erent parts of the electromagnetic spectrum, and only
a small portion of N is present in chlorophyll pigments (Curran, 1989, Fourty et al., 1996). More-
over, grassland physiology and the natural change in chlorophyll content in di�erent seasons may
not be a suitable proxy for monitoring N% across di�erent seasons and locations (Darawsheh
and Bouranis, 2006). This study indicates that multiple absorption features, including chloro-
phyll absorption, must accurately estimate N%. As a result, the hybrid model performs better
during the summer and autumn seasons, with better RMSE and uncertainty values (Figure
3.3). Therefore, by combining the spectral features and PROSAIL-derived variables, the hybrid
model can accurately incorporate the absorption features required for monitoring N% during
di�erent seasons.
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Figure 3.7: Figure illustrating the change in the performance of the hybrid, empirical, and
physically-based models based on the size of the training dataset. The vertical red lines corre-
spond to the uncertainty associated with predicted values.
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Figure 3.8: Illustration of protein absorption bands and sensitivity analysis of PROSAIL vari-
ables. It appears that the physical variables of the Radiative Transfer Model (RTM) provide
a signi�cant impact on the entire spectra, while some variables, such as chlorophyll content
(Cab) and Anthocyanins (Anth), only impact the visible range of the spectra. This indicates
the importance of constraining the physical variables of the RTM to retrieve the biochemical
variables accurately.

Furthermore, signi�cant challenges are associated with creating models using large training
datasets, such as increased computation time (Verrelst et al., 2016a). Therefore, it is important
to identify the optimal number of training samples needed for creating high-performing models.
As a result, we investigated the impact of training dataset size on the performance of our hybrid,
empirical, and physically-based models (Figure 3.7).

We found that the performance of our models starts saturating when using a training dataset
of 3500 samples. This is because the 3500 samples used contain the spectral variability required
for monitoring N% accurately. Verrelst et al. (2016a) investigated machine learning algorithms
with RTM simulated datasets and highlighted the importance of using high-quality and infor-
mative samples rather than very large training datasets. Identifying and creating optimal and
informative training datasets is critical, as it will reduce costs, decrease computation require-
ments, and increase model performance.

Figure 3.7 shows that the hybrid model performs better using a smaller training dataset.
This is because the hybrid model takes advantage of the spectral and PROSAIL-derived features
for monitoring N%. In addition, the physically-based model resulted in less uncertainty when
using smaller training datasets, illustrating that the physically-based model is more robust when
using small datasets as it relies on biophysical and biochemical variables for monitoring N%.
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3.5.2 Identi�cation of the optimal spectral features

A common method of monitoring heterogeneous grassland characteristics is using captured spec-
tral measurements alongside empirical-statistical algorithms (Darvishzadeh et al., 2014, Quan
et al., 2017, Proctor et al., 2017). For example, The use of Partial Least Squares Regression
(PLSR) alongside grassland hyperspectral data is very popular, achieving di�erent levels of ac-
curacy (Foster et al., 2017, Pullanagari et al., 2012, Obermeier et al., 2019). PLSR transforms
the collected spectral information into new predictor components with a lower feature space to
explain target variables (N%) (Wold et al., 2001, Berger et al., 2020b,a). However, the use of
such methods often produces poorer results with more uncertainty in comparison with more
sophisticated machine learning approaches (Pullanagari et al., 2012).

Pullanagari et al. (2021) used a large spectral dataset with GPR, PLSR, and One Dimen-
sional Convolutional Neural Network (1D-CNN) algorithms for predicting grassland N%. In
addition, a GA was used to identify key spectral bands for monitoring grassland N% in this
work. Here, it was found that the 1D-CNN and GPR signi�cantly outperform PLSR. This study
suggests that because PLSR transforms spectra into lower feature space in a linear orthogonal
fashion, it is less suitable for identifying complex non-linear relationships between the spectra
and target variables. As a result, it is important to identify spectral bands that are highly sen-
sitive to grassland protein and chlorophyll content to develop high-performing machine learning
and deep learning-based models for monitoring N%.

In addition, since the canopy spectral signal is in
uenced by many confounding factors
(e.g., canopy structure and water content, bidirectional e�ects), selecting the optimal spectral
domain is critical to retrieve accurate estimates of N%. This study used the GA method to
identify the N% sensitive bands. As a result of this, the accuracy of the hybrid and empir-
ical models increased signi�cantly while maintaining stable performance on the independent
dataset. Similarly, Berger et al. (2020a) used the GP-BAT algorithm to select optimal bands
for the estimation of canopy N% from PROSAIL-PRO simulated spectra (Verrelst et al., 2016b).

Pullanagari et al. (2018) selected optimal bands for estimating protein in heterogeneous
grasslands using recursive feature elimination with random forest (RFE-RF) and concluded
that band selection could improve the model robustness by excluding the noisy bands. Despite
the low signal-to-noise ratio (SNR) in SWIR, as illustrated in Figure 3.4, the majority of the
bands were selected from the SWIR of the spectrum, which is related to fundamental protein
absorption bands (Curran, 1989). In addition to the protein absorption bands, chlorophyll, and
dry matter content were also selected as good predictors of N% for the hybrid method.

As seen in Figure 3.8, the LAI and other structural variables provided a strong impact on
canopy re
ectance, Knyazikhin et al. (2013), also stressed the role of canopy structure on N%
retrieval, but the relationship was not clear. However, in this study, the structural information
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was indirectly addressed by selecting bands in the NIR of the spectrum. We believe that the
selected bands are used to compensate for the impact of LAI and Leaf Inclination Distribution
Function (LIDF) on the spectra, particularly the SWIR of the spectrum.

3.5.3 Impact of season on the retrieved RTM variables

Figure 3.3 shows that the performance of the physically-based model is much higher during
summer, autumn, and spring seasons and drops signi�cantly in winter. The hybrid model
provided higher performance than the physically-based model for all seasons, but the model’s
performance also decreased signi�cantly during winter. This is because low temperature and
limited solar radiation restrict photosynthesis, in which chlorophyll is the main component
(Wingler and Hennessy, 2016, Hurtado-Uria et al., 2013). Lower temperature in winter slows
ryegrass growth signi�cantly, which will cause the Cab content present in grassland to remain
low (Nagelm�uller et al., 2016).

In addition, low temperature and incoming solar radiation will impact the growth and de-
velopment of grass varieties di�erently, causing grass varieties to have di�erent biochemical and
biophysical characteristics under the same seasonal conditions (Lonati et al., 2009). As a result,
chlorophyll content is not a robust predictor for heterogeneous grassland N% in winter. One
reason that can cause the poorer performance of the physically-based model may be because
PROSAIL is only capable of deriving the biochemical and biophysical proxies used in a regres-
sion model to predict N%. Therefore, using a physically-based model that can predict grassland
N% directly may enable the retrieval of N% across di�erent seasons more accurately (Li et al.,
2018b).

3.5.4 Interpretation of the inverted biophysical and biochemical variables

Correlation analysis was undertaken by using PROSAIL-derived biochemical and biophysical
variables and N%. As seen in Figure 3.5, chlorophyll, carotenoid, and canopy water content
provided a very high correlation. This could be because chlorophyll and water content are
closely linked to the transport of nutrients in plants, while carotenoid and chlorophyll content
both contribute to the absorption of light energy (Bielinis et al., 2015, Gitelson et al., 2006).

Figure 3.5 also illustrates that protein content provides a moderate relationship with N%.
The correlation between protein and N content is well known, as proteins consist mainly of N
(Berger et al., 2020b). However, one cause of this moderate relationship may be because N%
or N concentration provides a lower sensitivity to protein content. Another factor that may
in
uence the correlation between these PROSAIL-derived variables may be due to uncertainty
associated with the inverted variables.
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3.5.5 Future recommendation of using RTM to predict N% in heterogeneous
grasslands

One of the key advantages of using hybrid or empirical methods is that complex and highly
non-linear information is embedded in the spectra, which may not be implemented within the
RTM (such as the 3D structure of the canopy). Therefore, signi�cant research is required to
develop a more sophisticated RTM that incorporates more detailed information regarding the
biochemical and biophysical components of grassland.

Due to the increasing number of new spaceborne hyperspectral sensors such as EnMAP and
PRISMA, the continuous improvement of RTM is very important as it will enable monitoring
of the biophysical and biochemical characteristics of grassland at a global scale (Labate et al.,
2009, Guanter et al., 2015). However, due to the coarse spatial resolution of these sensors, the
performance of hybrid approaches needs to be validated. This is not only of signi�cant scien-
ti�c importance but will allow the continuous and timely monitoring of grassland N%, which is
required to optimize synthetic fertilizer application to heterogeneous grasslands.

3.6 Conclusion

Monitoring and managing grassland quality is key to e�cient feed and protein conversion by
grazing animals. Grassland quality is highly dependent on timely monitoring and application
of N, a key macro-nutrient supporting grassland productivity. This work has developed three
methods for monitoring N% of heterogeneous grassland using �eld spectroscopy, including em-
pirical, physically-based, and hybrid models. The following are the key �ndings of this study:

1. Due to the ill-posed nature of RTM, the presence of multiple grass species, and the impact
of the structural variables on the spectra, the accurate inversion of PROSAIL variables is
very challenging.

2. Season has a signi�cant impact on the model performance, winter models are less accurate
than other seasons which could be due to low temperature, decrease in incoming solar
radiation and grassland physiology. In addition, the hybrid model performs signi�cantly
better in the summer and autumn seasons.

3. Although Cab is commonly used as a proxy for determining N%, due to the limited amount
of N present in Cab, it cannot be used robustly for approximating grassland N%. The
results suggest that by successfully identifying canopy structural variables, it could be
possible to estimate grassland N% accurately.

4. The hybrid model is a robust alternative method for estimating heterogeneous grassland
N% as it helps address the key limitations of RTM and empirical methods while main-
taining its key advantages.

Upcoming spaceborne hyperspectral sensors such as EnMAP will deliver a unique probe of
environmental processes at a global scale. To ensure optimal exploitation of such a rich dataset,
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we anticipate that hybrid models that leverage mechanistic and machine learning empirical
modeling, such as the one presented here, will play a key role. This is particularly important
for the analysis of heterogeneous grassland. Continuous monitoring of grassland N% on a global
scale is essential for optimizing chemical fertilizer use, promoting environmentally sustainable
practices, and achieving broader climate goals. This data will enable on-farm optimization,
while also enhancing regional, national, and international e�orts in climate adaptation and the
accurate estimation of greenhouse gas emissions.
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Chapter 4

A Physically Informed Multi-Scale
Deep Neural Network for Estimating
Foliar Nitrogen Concentration in
Vegetation

4.1 Abstract

This study introduces a Physically Informed Deep Neural Network (PINN) that leverages spec-
tral data and Radiative Transfer Model insights to improve nitrogen (N) concentration (N%)
estimation in vegetation, addressing the complexities of physical processes. Utilizing a compre-
hensive spectroscopy dataset from various species across dry/ground (n=2010), leaf (n=1512),
and canopy (n=6007) scales, the study identi�es 13 spectral bands key for chlorophyll and pro-
tein quanti�cation. Key bands at 2276 nm, 755 nm, 1526 nm, 2243 nm, and 734 nm emerged
vital for accurate N% prediction. The PINN outperforms partial least squares regression and
standard deep neural networks, achieving an R† of 0.71 and an RMSE of 0.42 (%N) on an
independent validation set. Results indicate dry/ground data performed best (R† = 0.9, RMSE
= 0.24 %N), with leaf and canopy data showing lower e�cacy (R† = 0.67, RMSE = 0.45 %N;
R† = 0.65, RMSE = 0.46 %N, respectively). This multi-scale approach provides insights into
spectral and N% relationships, enabling precise estimation across vegetation types and facili-
tating the development of transferable models. The PINN o�ers a new avenue for analyzing
remote sensing data, demonstrating the signi�cant potential for accurate, scale-spanning N%
estimation in vegetation. Further enriching our analysis, the inclusion of seasonal data sig-
ni�cantly enhanced our model’s performance in �eld spectroscopy, with notable improvements
observed across summer, spring, autumn, and winter. This adjustment underlines the model’s
increased accuracy and predictive capability at the �eld spectroscopy scale, emphasizing the
vital role of integrating environmental factors, including climatic and physiological aspects, in
future research.
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4.2 Introduction

Grasslands are indispensable for the global economy and ecological sustainability, serving as
a crucial source of essential resources like food, income, and biofuels (Taubert et al., 2012).
They play a pivotal role in mitigating climate change and providing critical ecosystem services
such as soil conservation, water regulation, and biodiversity conservation, all of which are vital
for human well-being (FAO, 2020, Taubert et al., 2012, Dehghan-Shoar, 2018, Petermann and
Buzhdygan, 2021). Accurately estimating grassland nitrogen (N) levels is paramount for e�ec-
tive management (Goetz and Whitehead, 1971). Notably, grasslands are a signi�cant source of
food for livestock, highlighting the importance of adopting sustainable management practices,
including precise N level monitoring, to ensure a stable and sustainable global food supply (Ra-
mankutty et al., 2008).

Assessing N concentration (N%) in grasslands faces various challenges, including labor-
intensive processes, limited spatial coverage, intrusive sampling methods, accuracy concerns,
and high costs. This has prompted interest in alternative monitoring methods (Pullanagari
et al., 2021, Dehghan-Shoar et al., 2023a,b). Spectroscopy, applied at di�erent scales like
dry/ground vegetation, leaf, and canopy, has emerged as a valuable technique for estimat-
ing N% in vegetation (Mutanga, 2004b). While this method can enhance performance, it often
leads to empirical and data-driven models, which may lack generalizability. Despite achieving
reasonable accuracy at individual scales, accurately estimating N% across multiple scales re-
mains challenging due to diverse factors a�ecting spectral re
ectance at each scale. For instance,
measurements at the canopy scale, sensitive to energy-matter interactions, are crucial for deter-
mining vegetation biochemical and biophysical variables (Kokaly, 2001). However, accuracy at
this scale can be in
uenced by variables like signal-to-noise ratio (SNR), sensor speci�cations,
and environmental conditions such as soil exposure and water on leaves (Queally et al., 2022,
Pullanagari et al., 2021).

To reliably monitor N% across di�erent scales, it is essential to consider factors such as
Leaf Area Index (LAI), canopy-scale leaf angle, internal leaf structure, and water content at
both leaf and ground levels (F�eret et al., 2021, Verhoef, 1984). This multi-scale approach repre-
sents a signi�cant advancement over traditional methods reliant on soil or plant tissue sampling
and subsequent laboratory analysis. While it o�ers improved performance and generalizability,
capturing nuanced variations in N levels across diverse grasslands, its potential for facilitating
timely decision-making in environmental management and agricultural practices requires fur-
ther empirical validation. Nevertheless, its scalability and cost-e�ectiveness present a promising
alternative for comprehensive assessments of grassland N distribution (Dehghan-Shoar et al.,
2023a).

Models estimating N% at multiple scales, including leaf, canopy, and ground, are crucial
for e�ective grassland N monitoring. This approach provides a nuanced understanding of N
distribution and addresses the complexities of diverse grassland ecosystems. By integrating
these scales, this strategy �lls a critical research gap, o�ering a comprehensive solution for N
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monitoring. Each scale presents unique challenges. Canopy scale data, o�ering extensive area
coverage, are in
uenced by factors like atmospheric conditions and canopy structure (Verhoef,
1984, Queally et al., 2022). Although insightful for understanding plant responses to varying
N%, leaf scale studies are labor-intensive and less suited for whole ecosystems (F�eret et al.,
2021). Dry/ground scale data, known for accurate N% measurements, face limitations due to
potential sample preparation errors, the need for specialized equipment, and cost (F�eret et al.,
2021). Balancing cost and accuracy is the key challenge in remote sensing agriculture and envi-
ronmental monitoring applications. Addressing these complexities necessitates the development
of robust models that integrate physical principles, aiming to improve vegetation mapping for
agricultural and environmental monitoring.

To enhance the accuracy of N% estimation in vegetation, we have devised a method that
melds Physics-Informed Neural Networks (PINN) with Radiative Transfer Modeling (RTM)
(Raissi et al., 2019). This innovative approach not only adheres to physical laws but also in-
tegrates vital biochemical and biophysical factors in
uencing plant growth. Our methodology
underscores the signi�cance of data directly linked to vegetation development, elucidating its
pivotal role in precision agriculture. This is particularly evident in discerning key spectral fea-
tures across various vegetation scales|such as at the dry/ground level, leaf, and canopy (Chen
et al., 2022, Pullanagari et al., 2021). Further research bolsters our approach, highlighting the
substantial bene�ts of merging spectral, structural, and textural data with traditional spectral
re
ectance methods. This amalgamation proves particularly e�ective in surmounting challenges
commonly encountered with RTM, thereby enhancing the estimation of vegetation parameters
(Ishaq et al., 2023, Dhakal et al., 2023, Dehghan-Shoar et al., 2023a,c, Pullanagari et al., 2021).

The adoption of a multi-dimensional strategy enhances the analysis of plant nutrients. For
instance, studies involving unmanned aerial vehicles (UAVs) demonstrate that incorporating
multispectral imaging with machine learning algorithms|factoring in canopy features (e.g.,
LAI)|results in more accurate biomass estimation (Dhakal et al., 2023). This underscores the
advantages of employing diverse data types for precise plant analysis (Camps-Valls et al., 2023,
Ishaq et al., 2023). Furthermore, the fusion of spectral data with other physical information
proves advantageous in monitoring vegetation and estimating forage biomass, thus accentu-
ating the value of integrating varied data types in plant studies (Pullanagari et al., 2018).
Emphasizing the importance of incorporating a wide array of information further bolsters our
comprehensive approach to understanding plant behavior (Pullanagari et al., 2018, Ishaq et al.,
2023). Through the application of PINN alongside RTM, our technique augments N% estima-
tion accuracy in vegetation while mitigating the ill-posedness typically associated with RTM.
This method addresses the complexities associated with N% estimation through a holistic and
integrated strategy, meeting the demands of contemporary agricultural and environmental re-
search (Camps-Valls et al., 2023). It underscores the essential role of incorporating a broad
spectrum of physically-based data, thereby enhancing the precision and depth of vegetation
nutrient monitoring and a�rming the signi�cance of PINN in advancing precision agriculture.
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4.3 Material and Methods

4.3.1 Canopy scale measurements

Between 2009 and 2016, we surveyed 17 dairy and hill country farms across New Zealand’s South
and North Islands. These farms were selected for their exposure to New Zealand’s temperate
climate, which allows for year-round grass growth moderated by annual precipitation ranging
from 600 mm to 1600 mm. For detailed �eld campaign information and dataset speci�cs, refer
to Pullanagari et al. (2021) and Dehghan-Shoar et al. (2023a). Spectral data were collected
from canopies of seven principal grass species during spring (n=2940), autumn (n=2005), sum-
mer (n=854), and winter (n=208). We used ASD FieldSpec 4 Hi-Res and ASD FieldSpec
PRO spectroradiometers with 512-element silicon photodiodes, o�ering high-resolution Visible
Near Infrared (VNIR) (350-1000 nm) and Shortwave Infrared (SWIR) (1000-2500 nm) to collect
spectral measurements. The Canopy Pasture Probe (CAPP) facilitated grassland spectral data
capture, paired with a 50-W tungsten-quartz-halogen bulb for consistent illumination across
varying weather conditions, calibrated against a white reference for optimal accuracy (Sanches
et al., 2009). Strati�ed random sampling accounted for environmental factors like slope and
elevation, with 20 spectral readings per 0.5 m† area to account for grassland diversity and
reduce noise. Grass samples were collected, preserved, and geolocated using an RTK GPS
for N% analysis by the Kjeldahl method and processed at the Analytical Research laboratory,
Napier, New Zealand, involving sample drying, grinding, and homogenization for analysis with
a QuikChemfi 8500 analyzer.

4.3.2 Dry/ground scaled measurements

In 2014, a study on six New Zealand hill country and dairy farms assessed the spectral re
ectance
of grass samples, collecting 2010 samples for in-situ and laboratory analysis. The samples were
dried, ground, and homogenized to ensure consistency. Spectral re
ectance measurements were
conducted using an ASD FieldSpec PRO spectroradiometer with a contact probe, taking 20
readings per sample to reduce noise and enhance data reliability. The instrument was cali-
brated with Spectralon� standards to ensure accuracy. This approach aimed to estimate N%
in the grass, following methodologies from previous research (Dehghan-Shoar et al., 2023c,a),
capturing variability within each sample through comprehensive spectral analysis.

4.3.3 Leaf scale measurements

In our study, we leveraged two paramount leaf scale datasets: the LOPEX93 dataset (n=304
spectral re
ectance samples) from the Leaf Optical Properties Experiment Database (Hosgood
et al., 1995) and leaf spectra of N stressed maize (n=1210) from the Ecological Spectral Infor-
mation System (EcoSIS) (Grzybowski et al., 2021, Ge et al., 2019), which span a wide array of
plant species and conditions. The LOPEX93 dataset, developed at the Joint Research Centre
in Ispra, Italy, encompasses a comprehensive collection of biophysical, biochemical, and spec-
tral data for over 50 plant species. This collection includes data on fresh and dried leaves and
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conifer needles. It stems, from spectral data acquisition conducted via a Perkin Elmer Lambda
19 spectrophotometer, ensuring high spectral resolution across the 400-2500 nm wavelengths.
The resolution ranged from 1-2 nm in the VNIR (Visible and Near Infrared) spectrum to 4-5 nm
in the SWIR (Short Wave Infrared) spectrum. This dataset notably includes re
ectance and
transmittance measurements, along with actual N percentages determined through the Kjeldahl
method. Conversely, the maize dataset (Grzybowski et al., 2021, Ge et al., 2019) focuses on
spectra from maize leaves subjected to N stress, recorded using a FieldSpec 4 spectroradiome-
ter across the 350{2500 nm wavelengths. In this dataset, N levels were quanti�ed employing
the Dumas method, facilitated by a LECO FP428 analyzer. Many samples in the leaf dataset
are accompanied by leaf N content per leaf dry mass (%DW) values. To ensure measurements
were consistent and comparable across di�erent environments or conditions, we selectively har-
monized the data from the dry/ground, canopy, and leaf scales, aligning them based on the
samples’ total mass or volume as necessary. This harmonization was particularly important in
scenarios where the N measurement units varied, ensuring our analysis maintained a uniform
approach. In cases where the data was already consistent or the measurement discrepancies
did not a�ect the analysis, we opted not to harmonize, preserving the original data integrity.
This selective process of alignment allowed us to integrate biomass and dry weight information
e�ectively, ensuring leaf scale datasets corresponded accurately with those from dry/ground and
canopy levels. Our harmonization also involved processing re
ectance data from each dataset,
where we conducted pre-processing to exclude outliers in spectral signatures or samples with
missing N values. This careful pre-processing safeguarded the data’s reliability, essential for
incorporating a wide array of spectral and biochemical data in a thorough examination of our
leaf scale dataset. After this meticulous preparation, we had a total of 1,512 samples ready for
our study.

4.3.4 Inversion of biophysical and biochemical variables

We employed the SAIL and PROSPECT-PRO RTM models, integrating dry/ground, leaf, and
canopy scale data, to accurately estimate key biophysical and biochemical variables such as LAI,
Protein Content (Cp), and Chlorophyll Content (Cab). These variables are pivotal for assessing
vegetation health and growth dynamics. PROSAIL, a merger of the SAIL and PROSPECT-
PRO models, facilitates the precise inversion of these variables by modeling canopy re
ectance
and vegetation biochemical properties (F�eret et al., 2021). SAIL, introduced by Verhoef (1984),
simulates canopy re
ectance, accounting for light-plant interactions, while PROSPECT-PRO,
initially conceptualized by Jacquemoud and Baret (1990) and later re�ned by F�eret et al. (2021),
is renowned for its e�ectiveness in biochemical estimation at leaf scale. The inversion process
involved extensive forward and inverse RTM simulations in minimizing discrepancies between
observed and modeled spectra. This optimization utilized the A�ne Invariant Markov Chain
Monte Carlo (MCMC) method, supported by 1000 walkers and 50,000 simulations, leveraging
the Python EMCEE ensemble toolkit for its robustness and precision in error minimization
(Foreman-Mackey et al., 2019). We re�ned our inversion methodology for enhanced accuracy
by �ne-tuning key variables within the PROSAIL model, such as viewing and illumination
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angles, as detailed in Table 4.2. We calculated the mean and standard deviation for variables
of each sample across three scales: dry/ground (n=2010), leaf (n=1512), and canopy (n=6007),
thus compiling a comprehensive dataset comprising n=9529 samples (Table 4.1).

Table 4.1: Sample size and summary statistics for nitrogen (N) concentration (N%) across
di�erent scales and combined

Dataset Max Mean Min Samples Std Dev
Dry/ground scale 5.11 2.85 0.97 2010 0.75
Leaf scale 6.00 2.61 0.68 1512 0.81
Canopy scale 5.32 2.54 0.73 6007 0.79
Combined 6.00 2.62 0.68 9529 0.80

For dry/ground and leaf scale data, we utilized the PROSPECT-PRO model, renowned
for its accurate simulation of optical properties including the structure variable, chlorophyll
content, carotenoid content, brown pigment content, equivalent water thickness, dry matter
content, protein content, carbon-based constituents, and anthocyanins content. For canopy
scale data, we employed the PROSAIL model, which integrates both leaf and canopy structural
e�ects alongside leaf scale properties such as LAI, leaf angle distribution parameters (a and
b), and the hotspot parameter (Figure 4.1). To guarantee data independence and minimize
sample overlap, we meticulously divided the dataset into independent calibration (n=7623) and
validation (n=1906) subsets, ensuring that samples for canopy and dry/ground scales were col-
lected from distinct spatial and temporal locations. Speci�cally, the calibration subset included
dry/ground (1608 samples), LOPEX (244 samples), Maize stress (966 samples), and canopy
data (4805 samples). The validation subset consisted of dry/ground (402 samples), LOPEX (60
samples), Maize stress (242 samples), and canopy data (1202 samples). This strategic division,
underlining spatial and temporal separation, facilitates a detailed and unbiased evaluation of
our models across various vegetative states and scales.
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Figure 4.1: Flowchart depicting the methodology used in this study to predict nitrogen (N) con-
centration (N%) employing Physics-Informed Neural Networks (PINN). Spectral bands chosen
through Genetic Feature Selection (GA) and inverted variables from leaf levels at dry/ground,
leaf, and canopy scales served as input for the PINN model.
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Table 4.2: The search space for PROSAIL variables was optimized using Markov Chain
Monte Carlo (MCMC) for inversion, setting the Equivalent Water Thickness (Cw) to zero
for dry/ground samples to enhance performance while leaving Cw unconstrained for leaf and
canopy data.

Variable name Min
value

Max
value

Abbreviation Units

Structure variable 1 3 N
Chlorophyll content 1 100 Cab cm2.microg-

1
Carotenoid content 1 30 Car cm2.microg-

1
Brown pigment content 0 0.2 Cbrown

Equivalent water thickness 0 0.02 Cw cm-1
Dry matter content 0 0.02 Cm cm2.g-1

Protein content 0 0.02 Cp cm2.g-1
Carbon based constituents 0 0.02 CBC cm2.g-1

Anthocyanins content 1 10 Anth cm2.nmol-1
Leaf Area Index 1 3 LAI

Leaf angle distribution a 10 90 LIDFa
Leaf angle distribution b 10 90 LIDFb
Background re
ectance - - RSOIL

Dry/Wet soil factor - - PSOIL
Hotspot parameter 0 1 HOTSPOT
Solar zenith angle 0 0 SZA Degrees

Observer zenith angle 20 20 VZA Degrees
Relative azimuth angle 160 160 RAA Degrees

4.3.5 Physically-based equation for estimation of N%

In our study, we formulated a physically-based equation for accurately estimating N% by focus-
ing on spectral regions sensitive to Cab within the 410-780 nm range and Cp beyond 1400 nm,
identifying these regions as critical for precise N% predictions (F�eret et al., 2021). To optimize
our model, we implemented Genetic Feature Selection (GA), a process that successfully pin-
pointed 13 vital spectral bands intimately linked with the presence of Cab and Cp (Jarvis and
Goodacre, 2005). This selection was crucial for re�ning our approach, as GA methodically sifted
through a vast dataset to identify the most informative spectral bands, signi�cantly enhancing
the predictive model’s accuracy, especially in applications like remote sensing or spectroscopy
(Dehghan-Shoar et al., 2023a). GA re�ned spectral band selection for N% estimation in vege-
tation by simulating natural evolutionary processes. Initially, GA generates a diverse array of
potential solutions, each representing a di�erent combination of spectral bands. Solutions are
assessed for their predictive accuracy of N%, with the most e�ective ones selected for repro-
duction. During the crossover phase, these selected solutions exchange portions of their genetic
code, creating new combinations that potentially enhance predictive performance. Mutation
introduces random variations, ensuring diversity and aiding in the discovery of novel, e�ective
band combinations. This cycle of selection, crossover, and mutation repeats, gradually honing
in on a highly e�cient set of spectral bands. The iterative, evolutionary nature of GA allows
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it to dynamically explore and optimize the selection space, e�ectively narrowing down the vast
array of possible combinations to those most critical for accurate N% estimation. This process
showcases GA’s ability to focus on the most relevant spectral information, markedly improving
the model’s e�ciency and accuracy in complex predictive modeling tasks.

In our work, we leveraged the Gene-pool Optimal Mixing Evolutionary Algorithm for Ge-
netic Programming (GP-GOMEA) to enhance N% estimation across varied vegetative condi-
tions such as dry/ground, leaf, and canopy levels (Virgolin et al., 2021). GP-GOMEA excels by
e�ciently merging segments of pre-existing solutions, signi�cantly elevating the �tness of suc-
cessive generations. This is achieved through a comprehensive analysis of interactions between
solution components, directing the algorithm towards the most viable solutions. Importantly,
GP-GOMEA is adept at estimating interdependencies among model components, employing
this knowledge to execute crossover operations of interdependent components en bloc (Virgolin
et al., 2020). This approach ensures the preservation of their collective e�cacy, a critical feature
for solving complex problems that demand integrated solutions. GP-GOMEA is notably skilled
at deriving models in the form of compact symbolic expressions, which are often interpretable,
providing an added layer of understanding. By applying GP-GOMEA, we developed a precise
model that selectively utilized 10 of the initially identi�ed 13 key spectral bands associated with
crucial plant elements|protein and chlorophyll|essential for accurate N% estimation. The al-
gorithm’s decision to select 10 features re
ects a strategic focus on maximizing model e�ciency
and information utility, by sidelining features with limited additional value or those contribut-
ing to multicollinearity, thereby improving the model’s predictive accuracy and generalizability.
This process not only illustrates GP-GOMEA’s capacity to pinpoint and prioritize the most
impactful variables for complex estimations but also highlights its signi�cant methodological
contribution to precision agriculture, emphasizing its ability to �nd models that balance sim-
plicity with interpretability and e�ectiveness.

Our methodology intricately weaves the selected spectral bands into a PINN, leveraging the
absorption characteristics of Cab and Cp to enhance N% predictions. This integration serves
as a crucial regularization factor within the network. Further elevating our model’s clarity and
analytical depth, we incorporate SHapley Additive exPlanations (SHAP) for a comprehensive
feature importance analysis of the 13 GA selected bands (Lundberg and Lee, 2017). This in-
clusion of SHAP values illuminates the speci�c contributions of various spectral inputs toward
the model’s predictions, signi�cantly boosting both the precision and the interpretability of our
results. By meticulously setting hyperparameters for both GA and GP-GOMEA, as detailed in
Table 4.3, we ensure a re�ned and detailed process for N% estimation, re
ecting our dedication
to achieving a model that is both accurate and transparent in its predictive capabilities.

4.3.6 Creating the PINN

To estimate N%, our study utilized a PINN incorporating a physically-based equation derived
through the GP-GOMEA and optimized via TensorFlow across 10,000 iterations using Bayesian
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Table 4.3: Genetic algorithm (GA) and symbolic regression hyperparameters used.

Variable GA variables GP-GOMEA vari-
ables

Fitness function MSE MSE
Population size 100 64
Crossover proba-
bility

0.1 0.5

Mutation proba-
bility

0.05 0.5

Number of gener-
ations

10000 No limit

Independent
crossover proba-
bility

0.5 0.5

Independent mu-
tation probability

50 0.5

Tournament size 0.5 |
Max tree height | 6
Linear scaling | True
Function set | [+, � , p, = sqrt, plog]

optimization (Schell, 2022, Grantbuster et al., 2021). We have integrated the physical loss func-
tion into the PINN by implementing Equation 1 within a custom loss function built using
TensorFlow. Additionally, we have introduced weighting factors for both the standard Mean
Squared Error (MSE) and the physical loss, as proposed by Grantbuster et al. (2021). The PINN
model inputs include inverted RTM variables (N, Cab, Car, Cbrown, Cw, Cm, Cp, CBC, and
Anth) and 13 spectral bands identi�ed by GA. Bayesian optimization re�ned the PINN’s archi-
tecture, improving performance through a Gaussian process model on hyperparameter e�ciency
(Table 4.4 and Figure 9.1) (Bergstra et al., 2015). Additionally, dropout-based Bayesian approx-
imation quanti�ed the uncertainty in PINN predictions, creating a predictive distribution that
assesses model uncertainty, thus o�ering insights into the model’s prediction con�dence levels
(Junhwan et al., 2022) (Algorithm 1). The PINN’s e�cacy was veri�ed using an independent
dataset, evaluating its accuracy with metrics like Root Mean Squared Error (RMSE), MSE,
and coe�cient of determination (R 2), detailed in our methodology section. We further bench-
marked the PINN by comparing its performance with several established regression methods,
each with unique characteristics and applications. Partial Least Squares Regression (PLSR) is a
technique that reduces the predictors to a smaller set of uncorrelated components and performs
linear regression on these components, making it e�ective in handling situations where predic-
tors are highly collinear. Support Vector Regression (SVR) works by mapping input features
into high-dimensional space and �nding the hyperplane that best �ts the data with a margin
of tolerance, ideal for complex, non-linear relationships (Kecman, 2005). Random Forest Re-
gression (RF) utilizes an ensemble of decision trees to improve prediction accuracy and control
over-�tting, making it versatile for various data types without the need for extensive parameter
tuning (Liang et al., 2018). Gaussian Process Regression (GPR), on the other hand, is a prob-
abilistic model that provides not only predictions but also the uncertainty of those predictions,
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making it suitable for cases where estimation of prediction uncertainty is crucial (Pullanagari
et al., 2021). In addition, to evaluate the robustness of each model against bias and noise, we
introduced heteroscedastic noise into calibration datasets spanning di�erent scales. Random
values (-0.45 to 0.45) were added to the original values, creating variable noise variance.

Table 4.4: Summary of key variables utilized in the multi-scale Physics-Informed Neural Net-
works (PINN) model for nitrogen (N) concentration (N%) in vegetation.

Parameter Selected value Search space
Model Architecture Sequential
Hidden Layers Relu [Linear, ReLU, and Sigmoid]
Dropout Layer 0.2 [0.1-0.5]
Output Layer Linear
Optimizer Adam
Number of layers 3 [2-5]
Number of neurons 100 [50-300]
Loss Functions MSE and physical loss
Loss Weights [0.2, 0.8]
Batch Size 10000
Epochs 20000

Algorithm 1 Algorithm depicting Physics-Informed Neural Networks (PINN) with Bayesian
approximation using dropout.
1: Initialize: the model variables (weights and biases) and set the dropout rate
2: Load: the calibration data, physical values (N%), and RTM variables and spectral bands
3: De�ne: the physical loss function, which calculates the di�erence between the network’s outputs

and physical values
4: for each calibration sampledo
5: Input: the current data (spectral bands and RTM variables) into the PINN
6: Apply Dropout : randomly drop out units during forward Propagation with the speci�ed rate
7: Forward Propagation : propagate the inputs through the network to calculate the outputs
8: Calculate Loss : calculate the physical loss and mean squared error
9: Backpropagation: use the physical loss and mean squared error to update the model variables

10: end for
11: Make Predictions: use the trained model to make predictions on new data by turning o� the

Dropout for prediction
12: Bayesian Approximation : use Monte Carlo sampling to obtain posterior distributions of the

model variables, given the calibration data and physical loss function



76

4.4 Results

4.4.1 Variables inversion

We applied MCMC numerical optimization to invert the RTM variables, enabling the assess-
ment of uncertainties in dry/ground, leaf, and canopy data (Figure 4.2). Dry/ground data
inversion showed superior performance and reduced uncertainty compared to leaf and canopy
data. Canopy scale data exhibited lower uncertainty in the visible spectrum than NIR and
SWIR, which is attributed to the stronger in
uence of biophysical factors. However, canopy
inversion demonstrated reduced performance compared to leaf data, highlighting the critical
role of interleaf interactions.

Dry/ground scale Leaf scale Canopy scale

(a) (b) (c)

(d) (e) (f)

Figure 4.2: Spectral band results from the inversion of PROSPECT-PRO and PROSAIL vari-
ables across dry/ground (a and d), leaf (b and e), and canopy (c and f) scales exhibit a trend of
increasing uncertainty. This escalation is particularly signi�cant from dry/ground to leaf, and
even more so at the canopy scale, signaling issues related to the complexity of canopy structure
and the inherent ill-posed nature of Radiative Transfer Models (RTM). These uncertainties un-
derscore the challenges in accurately capturing the intricate interactions within canopy systems
through spectral data.

4.4.2 Physically-based equation

We utilized GA for feature selection, a crucial step that helped us identify the fundamental
bands correlating with Cab and Cp. We then applied GP-GOMEA to derive equation 1, al-
lowing us to integrate a physical loss function into the PINN. This function, shown below in
Figure 4.3, is designed to mitigate the adverse e�ects of noise and bias and is expressed as follows:



77

A = 1 :27

B = 17 :95

C = log(569 nm)

D =
p

734 nm

E =
p

755 nm

F = log(2077 nm)

G = log
�

2276 nm
2177 nm

�

H = log(1559 nm)

I =
2276 nm
2077 nm

J = 467 nm

N % = A �
B � (C � log(D

E ))
� E

D
� 1

4 � F � G �
q

E �log(D )
J � log

� p
H

log( I )

� (4.1)

Our research identi�ed key spectral bands at 2276 nm, 755 nm, 1526 nm, 2243 nm, 734
nm, 2177 nm, 2375 nm, 1559 nm, 569 nm, 1760 nm, 2077 nm, 2473 nm, and 467 nm as crucial
for estimating N% where most key spectral bands were identi�ed in the SWIR (Figure 4.4 b).
Using equation 4.1 and independent validation data (Figure 4.3), we achieved 0.70 R2 (RMSE
= 0.39 %N) for dry/ground, 0.53 R 2 (RMSE = 0.45 %N) for leaf, and 0.54 R2 (RMSE = 0.52
%N) for canopy scale data. While these bands consistently in
uenced N% predictions across
scales, their overall impact varied (Figure 4.4 a). Notably, bands at 2276 nm, 755 nm, 1526 nm,
2243 nm, and 734 nm were most in
uential for N% estimation across all scales (Figure 4.4 a).
We observed an inverse correlation between re
ectance at 1526 nm, 2243 nm, and 734 nm and
increased N%, as detailed in Figure 4.5. Signi�cant non-linear relationships between N% and
these spectral bands were evident (Figure 4.5 e, f, g, and j).
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(a) Dry/ground scale (b) Leaf scale

(c) Canopy scale

Figure 4.3: Equation 1, derived from GP-GOMEA with a physical loss function, e�ectively
estimates nitrogen (N) concentration (N%) across scales: dry/ground (panel a), leaf (panel b),
and canopy (panel c). Its performance, in
uenced by key spectral bands from Genetic Feature
Selection (GA), demonstrates precision and adaptability in various grassland environments.
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We created 13 dependence plots to scrutinize the interplay between pivotal spectral bands,
as pinpointed by GA, and their correlation with N% content. This suite of plots vividly demon-
strates how each chosen spectral band interacts with N levels within plant tissues, o�ering a
deep dive into the predictive power of speci�c wavelengths (Figure 4.5). Subplots (a) to (m)
systematically explore these relationships, with particular emphasis on bands at 2276 nm and
755 nm (subplots c and d), marked as primary predictors of N%. The 755 nm wavelength,
linked to Sun Induced Fluorescence (SIF), emerges as a signi�cant factor in N% estimation,
spotlighting the utility of SIF in agricultural monitoring (Mohammed et al., 2019).

Moreover, the 2276 nm band is distinguished by its high SHAP value, reinforcing its in-
dispensable role in accurate N% prediction. Contrastingly, the 2375 nm and 2473 nm bands
within the SWIR range, alongside the 467 nm band in the visible spectrum (subplots l, m,
and a, respectively), exhibit lower SHAP values. This suggests a relatively lesser impact on
N% estimation, though their inclusion provides a fuller spectral analysis narrative. Notably,
some plots reveal U-shaped or parabolic trends, underscoring the non-linear dynamics between
certain spectral bands and N%. This complexity is critical for understanding the multifaceted
nature of spectral data analysis in agricultural contexts. Subplot (a) sets the stage by compar-
ing 467 nm with 1760 nm, revealing distinct clusters that imply a strong dependency of spectral
re
ectance on N levels. Moving through the series, subplot (b) analyzes the 569 nm and 1760
nm wavelengths, suggesting an inverse relationship re
ective of how vegetation absorption prop-
erties vary with N content across these frequencies.

Subplot (c) focuses on 734 nm and 755 nm, showcasing a dispersed data pattern that high-
lights the intricate relationship these wavelengths share with vegetation N%, pivotal for re�ning
spectral analysis techniques. As we progress to subplots (d) through (m), each plot unfolds fur-
ther layers of insight. For instance, subplots (d) and (e), which contrast 755 nm with 467 nm
and 1526 nm with 2243 nm respectively, delve into the diverse ways N% in
uences plant re-

ectance, showcasing a range of correlation degrees and data dispersion patterns.
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(a) Feature importance

(b) Spectral absorption

Figure 4.4: Plot (a) shows a SHAP (SHapley Additive exPlanations) summary highlighting key
spectral bands for nitrogen (N) concentration (N%) estimation. Plot (b) reveals the sensitivity
of these bands to protein and chlorophyll, crucial for the physical loss function and Genetic
Feature Selection (GA), with chlorophyll and protein absorption marked in blue and black,
respectively. The absorption coe�cients are generated using PROSPECT-PRO.
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(a) 467 nm vs 1760 nm (b) 569 nm vs 1760 nm

(c) 734 nm vs 755 nm (d) 755 nm vs 467 nm

(e) 1526 nm vs 2243 nm (f) 1559 nm vs 1526 nm

(g) 1760 nm vs 569 nm (h) 2077 nm vs 569 nm

Figure 4.5: Integrated re
ectance interaction plots across vegetation scales for nitrogen (N)
concentration (N%) estimation. The plots depict mixed data from dry/ground, leaf, and canopy
scales, plotting the re
ectance of one spectral band on the x-axis against another band on the
y-axis. The color intensity represents the SHAP (SHapley Additive exPlanations) values for the
band on the y-axis, o�ering insights into its predictive relevance. To interpret the �gure, observe
how the data points’ position and color variation signify the inter-band re
ectance relationships
and their combined predictive in
uence on N% across the mixed scales.
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(a) 2177 nm vs 2276 nm (b) 2243 nm vs 2375 nm

(c) 2276 nm vs 569 nm (d) 2375 nm vs 2243 nm

(e) 2473 nm vs 2253 nm

Figure 4.5: Continued.
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4.4.3 Performance of PINN

The PINN’s performance was assessed with RTM-derived variables exclusively and in combi-
nation with important spectral bands. Critical RTM-derived variables for N% estimation were
Cab, Cw, Cbc, and Cp. Integrating spectral bands with RTM features improved model vali-
dation (R 2 = 0.71, RMSE = 0.42 N%) compared to using RTM variables alone (R2 = 0.57,
RMSE = 0.51 N%) (Figure 4.6). Including spectral bands reduced error and outliers, evidenced
by a reduced Interquartile Range (IQR) of 1.5. A z-test (p< 0.05) con�rmed signi�cantly lower
uncertainty in models with spectral bands (Figure 9.3).

Spectral bands and RTM variables Only Radiative Transfer Model (RTM) variables

(a) PINN (b) PINN

(c) PLSR (d) PLSR

Figure 4.6: The comparative analysis of Physics Informed Neural Network (PINN), Partial Least
Squares Regression (PLSR), Gaussian Process Regression (GPR), Random Forest Regression
(RF), and Support Vector Regression (SVR) in estimating nitrogen (N) concentration (N%)
based on spectral bands related to chlorophyll and protein content demonstrates the superior
performance of PINN. These results illustrate that PINN outperforms traditional models in
accurately estimating N%.
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Spectral bands and RTM variables Only Radiative Transfer Model (RTM) variables

(e) GPR (f) GPR

(g) RF (h) RF

(i) SVR (j) SVR

Figure 4.6: Continued.
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Table 4.5: Comparison of R2 and Root Mean Square Error (RMSE) values across various
methods: Physics Informed Neural Network (PINN), Partial Least Squares Regression (PLSR),
Gaussian Process Regression (GPR), Random Forest Regression (RF), and Support Vector
Regression (SVR).

Category Method R2 RMSE (N%)
PINN (RTM variables) 0.61 0.47

Dry/ground scale PINN (RTM variables and spectral bands) 0.90 0.24
PLSR (RTM variables) 0.55 0.50
PLSR (RTM variables and spectral bands) 0.78 0.35
GPR (RTM variables) 0.61 0.46
GPR (RTM variables and spectral bands) 0.89 0.23
RF (RTM variables) 0.58 0.48
RF (RTM variables and spectral bands) 0.79 0.34
SVR (RTM variables) 0.60 0.47
SVR (RTM variables and spectral bands) 0.83 0.30
PINN (RTM variables) 0.44 0.59

Leaf scale PINN (RTM variables and spectral bands) 0.67 0.45
PLSR (RTM variables) 0.40 0.74
PLSR (RTM variables and spectral bands) 0.50 0.60
GPR (RTM variables) 0.4 0.60
GPR (RTM variables and spectral bands) 0.51 0.55
RF (RTM variables) 0.43 0.59
RF (RTM variables and spectral bands) 0.57 0.50
SVR (RTM variables) 0.37 0.64
SVR (RTM variables and spectral bands) 0.44 0.57
PINN (RTM variables) 0.57 0.51

Canopy scale PINN (RTM variables and spectral bands) 0.65 0.46
PLSR (RTM variables) 0.50 0.58
PLSR (RTM variables and spectral bands) 0.55 0.52
GPR (RTM variables) 0.57 0.50
GPR (RTM variables and spectral bands) 0.63 0.47
RF (RTM variables) 0.54 0.52
RF (RTM variables and spectral bands) 0.59 0.49
SVR (RTM variables) 0.55 0.51
SVR (RTM variables and spectral bands) 0.58 0.50
PINN (RTM variables) 0.57 0.51

Combined PINN (RTM variables and spectral bands) 0.71 0.42
PLSR (RTM variables) 0.43 0.61
PLSR (RTM variables and spectral bands) 0.58 0.51
GPR (RTM variables) 0.55 0.52
GPR (RTM variables and spectral bands) 0.68 0.44
RF (RTM variables) 0.55 0.53
RF (RTM variables and spectral bands) 0.64 0.47
SVR (RTM variables) 0.54 0.53
SVR (RTM variables and spectral bands) 0.62 0.48
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In our study, we conducted a comprehensive analysis of PINN, PLSR, GPR, RF, and SVR
performances, utilizing RTM variables and spectral bands across various scales (Figure 4.6 Table
4.5. At the dry/ground scale, the PINN method utilizing solely RTM variables demonstrated a
moderate correlation, with an R2 of 0.61 and RMSE of 0.47 N%. This performance was signi�-
cantly enhanced upon the inclusion of spectral bands, achieving anR2 of 0.90 and RMSE of 0.24
N%. Notably, GPR closely matched PINN’s performance with spectral bands, achieving anR2

of 0.89 and RMSE of 0.23 N%, indicating its strong predictive capability in this context. Other
methods like RF and SVR also showed improvements with spectral integration, with RF achiev-
ing an R2 of 0.79 and RMSE of 0.34 N%, and SVR reaching anR2 of 0.83 and RMSE of 0.30 N%.

At the leaf scale, PINN models using RTM variables alone indicated moderate e�cacy (R2

= 0.44, RMSE = 0.59 N%), which improved with the addition of spectral bands (R2= 0.67,
RMSE = 0.45 N%). The performance of PLSR, GPR, RF, and SVR was generally lower in
this scale compared to PINN, with PLSR showing the weakest performance with RTM variables
alone (R2 = 0.40, RMSE = 0.74 N%). The canopy scale analysis revealed moderate correlations
for PINN models both with RTM alone ( R2 = 0.57, RMSE = 0.51 N%) and when combined
with spectral bands (R2 = 0.65, RMSE = 0.46 N%). Similar to the leaf scale, GPR, RF, and
SVR showed moderate performances, with GPR reaching anR2 of 0.63 and RMSE of 0.47 N%
when combining RTM variables with spectral bands, highlighting the competitive nature of
these methods at larger scales. Across all scales combined, the PINN model integrating RTM
variables with spectral bands outperformed its single-variable counterpart, achieving an R2 of
0.71 and RMSE of 0.42 N%. This comparison underscores the enhanced predictive capability of
PINN with spectral integration. This pattern was consistent but varied in magnitude among the
other methods (PLSR, GPR, RF, and SVR), re
ecting the distinct advantages and limitations
of each method in leveraging RTM variables and spectral bands for regression analysis.

4.4.4 Performance of the PINN in the presence of noise

This assessed PINN performance and the equation’s behavior under di�erent noise conditions,
o�ering comprehensive applicability insights. Leveraging equation 1 as a physical loss function
improved PINN accuracy (R2 = 0.66, RMSE = 0.46 N%), compared to lower performance
without it (R 2 = 0.40, RMSE = 0.61 N%) (Table 4.6 and Figure 4.7). Utilization of the physical
loss function in the PINN reduced uncertainty, minimized bias, and enhanced the depiction
of input spectral data relationships with N%. Testing across scales|dry/ground, leaf, and
canopy|revealed consistent improvements with the physical loss function. Canopy scale model
performance notably increased (R2 = 0.62, RMSE = 0.48 N% with physical loss; R2 = 0.41,
RMSE = 0.59 N% without). Similar enhancements were observed at leaf (R2 = 0.50, RMSE =
0.56 N% with; R2 = 0.30, RMSE = 0.65 N% without) and dry/ground scales (R 2 = 0.85, RMSE
= 0.29 N% with; R 2 = 0.48, RMSE = 0.54 N% without). To enhance the validity of our results
amidst the presence of noise and uncertainty in the data, we undertook a comparative analysis.
This analysis juxtaposed the performance of PINN, characterized by a physical loss function,
with that of traditional machine learning algorithms, namely PLSR, RF, SVR, and GPR. PINN,
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distinguished by its explicit incorporation of underlying physical principles, exhibited superior
R† values, underscoring a more robust model �t than its conventional counterparts. PLSR and
SVR have an R2 of 0.57 and an RMSE of 0.51, implying moderate performance. Lastly, RF and
GPR have slightly lower R2 values of 0.52 and 0.53, respectively, with GPR having an RMSE of
0.53, indicating a compromise between �t quality and predictive error. This �nding underscores
the potential of integrating physical knowledge to markedly enhance predictive accuracy (Table
4.6 and Figure 9.2).

Table 4.6: The comparison of the coe�cient of determination (R2) and Root Mean Square Error
(RMSE) values for the Physics Informed Neural Network (PINN) utilizing RTM variables along-
side critical spectral bands, both with and without the inclusion of physical loss, is examined
alongside the performance of Gaussian Process Regression (GPR), Random Forest Regression
(RF), and Partial Least Squares Regression (PLSR) under noisy conditions at various scales
(dry/ground, leaf, canopy, and a combined).

Category Method R2 RMSE (N%)
PINN (with physical loss) 0.85 0.29

Dry/ground scale PINN (without physical loss) 0.48 0.54
PLSR 0.71 0.41
RF 0.43 0.56
SVR 0.61 0.47
GPR 0.69 0.42
PINN (with physical loss) 0.50 0.56

Leaf scale PINN (without physical loss) 0.30 0.65
PLSR 0.31 0.66
RF 0.38 0.62
SVR 0.40 0.61
GPR 0.41 0.65
PINN (with physical loss) 0.62 0.48

Canopy scale PINN (without physical loss) 0.41 0.59
PLSR 0.55 0.52
RF 0.47 0.57
SVR 0.57 0.51
GPR 0.58 0.50
PINN (with physical loss) 0.66 0.46

Combined PINN (without physical loss) 0.40 0.61
PLSR 0.57 0.51
RF 0.52 0.54
SVR 0.57 0.51
GPR 0.53 0.53
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PINN with physical loss PINN without physical loss

(a) (b)

(c) (d)

Figure 4.7: The e�cacy of a physical loss function in improving the performance of the Physics-
Informed Neural Network (PINN) model in the presence of noisy data is demonstrated in this
study. Plots a and b illustrate the uncertainty of the estimations, with axis labels providing
full de�nitions, such as nitrogen (N) concentration (%N). Plots c and d present a comparative
analysis of the model’s accuracy with and without the inclusion of heteroscedastic noise in the
dataset, indicating that incorporating physical knowledge signi�cantly improves accuracy and
reduces bias. All abbreviations and units are de�ned to ensure the �gure is self-contained and
comprehensible.



89

4.5 Discussion

4.5.1 Inversion of RTM variables

The reliability of MCMC methods for inverting RTM variables from spectral data can be un-
dermined by insu�cient preliminary observations, which create data gaps, and by uninforma-
tive priors that are essential to the Bayesian framework but may lead to unstable posterior
distributions. These issues are evident in our graphical uncertainty analysis across various
scales|dry/ground, leaf, and canopy|presented in Figure 4.2. At the dry/ground scale (sub-
plots a and d), uncertainty decreases with increasing wavelength, hinting at more consistent
model predictions in the infrared spectrum due to less absorption by soil and ground compo-
nents. Conversely, at the leaf scale (subplots b and e), uncertainty peaks at key photosyn-
thetic absorption wavelengths, re
ecting complex light interactions with leaf biochemistry. The
canopy scale (subplots c and f) shows even greater uncertainty due to multiple light scattering
and absorption, in
uenced by factors such as leaf orientation, canopy structure, and background
re
ectance, highlighting the intricacies of canopy modeling. These complexities illustrate the
need for tailored strategies in remote sensing to reduce uncertainty at each scale. Addition-
ally, MCMC’s inherent uncertainties|attributable to its stochastic nature and potential Monte
Carlo errors, especially in complex or limited models|can a�ect its utility for N management
decisions. Alternative approaches like variational data assimilation and particle �lters o�er
some resolution but face their challenges, such as handling non-Gaussian errors and the ’curse
of dimensionality’, which requires more computational resources with increasing model dimen-
sions, as discussed by (Moral et al., 2006).

Our analysis further explores challenges in spectral data inversion, such as noise and complex
biophysical structures, which increase uncertainty. We leverage prior knowledge to minimize
these and focus on spectral bands that yield accurate RTM estimates (Dehghan-Shoar et al.,
2023a). We �nd the highest accuracy in dry/ground scale re
ectance data, attributing it to re-
duced complexity in vegetation’s biophysical and interleaf characteristics. The dry/ground scale
model outperforms canopy scale models, highlighting the signi�cant impact of canopy struc-
ture on N% estimation and the e�ectiveness of controlled environments in mitigating canopy
complexity’s e�ect on N% estimation (Liu et al., 2023). Imposing constraints on biophysical
and interleaf variables enhances inversion accuracy and reduces uncertainty (Jacquemoud and
Baret, 1990). Including additional spectral bands has decreased uncertainty and improved per-
formance, attributed to the unique absorption features across the spectral curve. However, an
excessive number of spectral bands may lead to over�tting, suggesting future research should
examine the impact of spectral band selection on model performance.

4.5.2 Selection of important spectral bands for N% estimation

Our study employed a GA for feature selection to identify key spectral bands crucial for N%
estimation (Leardi et al., 1992). The bands predominantly identi�ed fall within the 2000-2500
nm, 1400-2000 nm, and 410-780 nm ranges, consistent with previous research �ndings (F�eret
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et al., 2021, Pullanagari et al., 2012, Dehghan-Shoar et al., 2023b,a, Curran, 1989). However,
we have noted minor discrepancies between the selected bands and the absorption peaks for
fundamental N containing compounds as delineated in the PROSPECT-PRO model (Figure
4.4 b). Speci�cally, while the band at 2276 nm directly aligns with the N compound absorp-
tion peaks, reinforcing its selection (F�eret et al., 2021), discrepancies in other bands, such as
the 755 nm band’s close association with the O2A absorption band, prompt further re
ection
(Mohammed et al., 2019). These discrepancies might stem from several factors. For instance,
certain selected bands, though not directly overlaying the N absorption peaks, may exhibit the
highest correlation with N% due to their indirect in
uence on photosynthetic e�ciency and
plant health, as evidenced by their sensitivity to chlorophyll content and photosynthetic activ-
ity. This is particularly true for the 734 nm band within the red-edge region, which, despite
its theoretical detachment from direct N% estimation, provides signi�cant insights due to N’s
impact on photosynthesis. It’s also conceivable that the optimal selection of bands results from
a combination of factors, including their direct and indirect relationships with N content, the
complex interplay of spectral signatures, and plant physiological responses to varying N levels.
These elements, coupled with the GA’s capability to discern patterns within multi-dimensional
datasets, might explain the preference for bands that do not strictly align with known N absorp-
tion peaks. Given these considerations, our �ndings underscore the need for further research
to elucidate the underlying mechanisms governing the correlation between these spectral bands
and N% estimation. This exploration could reveal novel insights into the spectral characteris-
tics of vegetation and their intricate relationship with N availability, potentially leading to more
re�ned approaches in remote sensing applications for nutrient management.

Our investigation into spectral characteristics, particularly within the critical ranges of 2000-
2500 nm, 1400-2000 nm, and 410-780 nm, has yielded valuable insights for estimating N%. How-
ever, this study also highlights the complex challenges associated with varying scales of spectral
data collection. The complexity of harmonizing spectral data is underscored by the di�erences
in measurement approaches, such as the bidirectional re
ectance from dry/ground samples ver-
sus directional-hemispherical re
ectance in fresh leaf samples, as seen in the LOPEX93 dataset.
Bridging the gap between the hemispherical-directional re
ectance factor (HDRF) and hemi-
spherical re
ectance (HRF) facilitates accurate data integration and analysis. We developed
Equation 1, focusing on selecting spectral bands after thoroughly examining HDRF e�ects across
the spectrum. This process ensures these bands exhibit minimal HDRF in
uence, enhancing
the equation’s reliability amidst diverse measurement techniques.

4.5.3 Performance of the physical loss function

Our study implements the GP-GOMEA algorithm to develop a physical loss function (equation
1) for calibrating the PINN, focusing on spectral bands at 569 nm, 734 nm, 755 nm, 2077 nm,
2177 nm, 1559 nm, and 467 nm due to their direct correlation with N% estimation (Figure 4.4
a). This approach necessitates meticulous spectral band selection to balance the risks of over-
�tting and under�tting, given the symbolic expression’s complexity generated by the algorithm,
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which might pose interpretation challenges.

We highlight the complexity of non-linear interactions between these spectral bands in
achieving accurate N% predictions. This perspective challenges the traditional reliance on
linear models, such as PLSR, GPR, RF and SVR, underscoring the need for models that cap-
ture complex dynamics, as linear models often oversimplify the nuanced realities of spectral
data analysis (Figure 4.5). Notably, bands at 1526 nm and 2243 nm show lower re
ectance
correlating with higher N%, emphasizing the importance of a diverse spectral range to reduce
prediction noise and uncertainty.

In the context of our study, these high SHAP values underscore the particularly in
uential
nature of these pairs in estimating N%. This observation illuminates the interplay between dif-
ferent spectral bands and their cumulative impact on the model’s predictive capability, adding
another layer of complexity and understanding to our predictive framework.

The complexity of interpreting the algorithm’s symbolic expression indicates the need for
advancements in transparent and e�ective feature selection and regression techniques. Scienti�c
computing involves using advanced computing capabilities to solve complex scienti�c problems.
It integrates mathematics, physics, and computer science to simulate and analyze natural and
engineered systems. This �eld relies on numerical methods, algorithms, and computational tools
to perform experiments in a virtual environment, allowing scientists to understand phenomena
that are di�cult, dangerous, or impossible to study physically. Scienti�c computing enables
precise predictions, optimizations, and the exploration of scenarios across various disciplines,
from climate modeling to bioinformatics, enhancing our understanding of the world.

Scienti�c Machine Learning (SciML) represents a cutting-edge synthesis of machine learn-
ing and traditional scienti�c disciplines, aimed at improving predictive models by incorporating
physical laws into algorithms such as Physics-Informed Neural Networks (PINNs). This inclu-
sion of physical loss functions, as noted by (Camps-Valls et al., 2023), enhances the accuracy
and interpretability of the models. It re
ects a paradigm shift towards models that are not just
data-driven but also rooted in the principles governing natural phenomena. The di�erential per-
formance of PINNs with and without physical constraints emphasizes the signi�cant bene�ts of
domain-speci�c knowledge in boosting prediction accuracy for N estimation|a critical factor
in resource management for sectors like agriculture and forestry. Furthermore, the principles
underpinning SciML have broader implications for spectral data analysis, o�ering potential ad-
vancements in the detection and quanti�cation of elements such as arsenic and antimony, which
are correlated with N levels, as reported by (Chakraborty et al., 2022, Rodriguez-Gomez et al.,
2023).
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4.5.4 Role of PINN in an improved N%

We introduce a novel PINN that enables the integration of domain knowledge in deep neural
networks for monitoring N% in vegetation. This approach, grounded in scienti�c principles
(e.g., protein absorption), can signi�cantly improve model performance and mark a new era in
vegetation spectroscopy research (Ballschmiter and Katz, 1969). Our study demonstrates that
PINNs can outperform traditional models like PLSR, GPR, RF, and SVR by incorporating
system physics knowledge, a �rst in this �eld (Figure 4.6 and Table 4.5), echoing the success of
the PINN with multiscale spectral data (Wan et al., 2022).

Integrating a physical loss function into our model leads to notable performance improve-
ments, even with noisy data, by reducing prediction bias and uncertainty (Figure 4.7 and Table
4.6). These results are consistent with the �ndings of Buster et al. (2022), which demon-
strate that integrating physical principles with deep learning provides e�ective regularization
and improves model generalizability. However, the applicability of PINNs is contingent upon
the availability of a relevant physical loss function. Hence, their estimation relies on indirect
measures through other biochemical and biophysical proxies, like the association between phos-
phorus content and SWIR spectra, mediated by protein absorption bands (Chakraborty et al.,
2022, Rodriguez-Gomez et al., 2023). This highlights the potential limitations of PINNs in
contexts where direct physical relationships are not well-de�ned.

4.6 Conclusion

This study leveraged a comprehensive multiscale spectral dataset to develop a novel PINN
model for predicting N%, integrating spectral and radiative transfer model (RTM) attributes
with a custom physical loss function. This model identi�ed critical spectral bands (2276 nm,
755 nm, 1526 nm, 2243 nm, and 734 nm) strongly correlated with N%, essential for accurate
estimation. It exhibited outstanding performance across di�erent scales, with a notable perfor-
mance decrease from dry/ground to canopy scales due to canopy complexity and variable water
content. Speci�cally, at the dry/ground scale, the model achieved an R2 of 0.90 and an RMSE
of 0.24 %N, while at canopy and leaf scales, it recorded R2 values of 0.65 and 0.67 and RMSEs
of 0.46 %N and 0.45 %N, respectively, resulting in an overall R2 of 0.71 and an RMSE of 0.42
%N, outperforming models using fewer spectral bands.

Future research aims to enhance model accuracy by incorporating aerial and spaceborne
remote sensing data, examining the impacts of topography and atmospheric conditions on N%
predictions. This approach could improve robustness and real-world applicability. Our model’s
success over the PLSR model, by capturing non-linear relationships between spectral bands
and RTM variables, o�ers insights for re�ning N% estimation. Accurate N% estimation has
potential implications for advancing sustainable land-use and vegetation management practices.
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Chapter 5

Enhancing Grassland Nitrogen
Monitoring through Simulated
Spaceborne Sensor Data and Hybrid
Modeling

5.1 Abstract

Spaceborne optical imaging enables continuous nitrogen (N) concentration (N%) monitoring in
grasslands. However, the di�erences in instrumental setup, image pre-processing, wavelength
coverage, and sampling rate pose a challenge when leveraging data from multiple spaceborne
instruments. We develop a method that uses �eld spectroscopy and the Soil-Plant-Atmosphere
Radiative Transfer (SPART) model to simulate any Top Of Atmosphere (TOA) spaceborne
sensor. The purpose of this method is to allow better integration of �eld spectroscopy data with
spaceborne optical imagery. We develop a hybrid model using simulated data and a Random
Forest Regressor, which is then independently validated using real Sentinel-2 TOA re
ectance
collected during 2016 and 2020. Our model achieves an independent validation accuracy of 0.44
(RMSE), MPIW of 0.11, and R 2 of 0.55, demonstrating the potential of this methodology for
monitoring grassland N% using �eld spectroscopy.

5.2 Introduction

Grasslands are the backbone of the global meat and dairy sectors and thus play a critical role
in assuring food security. Globally, grasslands cover approximately 40% of the land surface
(Wang et al., 2019a), and contribute positively to human well-being in many ways, including
as a source of carbon sequestration (Tiscornia et al., 2019, O’Mara, 2012, Yan et al., 2019).
Monitoring grasslands helps meat and dairy farmers increase productivity and react to climate
change. Nitrogen (N) is a fundamental nutrient and driver of grassland productivity (Guo et al.,
2016). Farmers and managers apply N in the form of chemical fertilizer to increase productivity.
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However, its overuse is costly and can hurt the environment, causing ecological and environ-
mental damage (Ahmed et al., 2017). Therefore, it is critical to monitor the N concentration
(N%) of grasslands to optimize the application of chemical N fertilizers.

Traditionally, monitoring grassland N% is undertaken using �eld campaigns, collecting grass
samples, and measuring the N% of each sample in a laboratory setting in the form of wet chem-
istry. Although this approach provides reliable and accurate information about grassland char-
acteristics, this method is time-consuming and costly. By reducing costs associated with labor
and laboratory material, �eld spectroscopy provides a more time and cost-e�cient alternative
for monitoring grassland N% (Pullanagari et al., 2021, Dehghan-Shoar et al., 2023a). However,
both methods are inadequate for continuous monitoring at large spatial scales. Spaceborne
Multi-spectral Imagery (MSI) has become a convenient alternative for monitoring fundamental
vegetation characteristics globally (Est�evez et al., 2022). Although MSI’s spectral resolution
and quality are lower than proximal spectroradiometers, MSI has been shown to successfully
monitor grassland N% dynamics (Fern�andez-Habas et al., 2021, Gao et al., 2020b).

Two well-known spaceborne MSI instruments are the twin constellation of Sentinel-2A and
2B (S2). These instruments have a revisit time of up to 2{3 days in mid-latitudes and have a
Ground Sampling Distance (GSD) of 10, 20, and 60 m. In addition, they cover a large spectral
region between 400 and 2500 nm with 13 spectral bands, which are suitable for monitoring
N% (Frampton et al., 2013, Szantoi and Strobl, 2019, Berger et al., 2020a). However, there
are challenges associated with using spaceborne instruments for monitoring N%. In addition to
di�erences in sensor characteristics such as spectral bandpasses and revisit dates, the require-
ment for atmospheric correction remains a key challenge. Spaceborne instruments can measure
the ratio of electromagnetic radiation 
ux re
ected to the incident solar radiation of a surface,
known as Top of Atmosphere (TOA) re
ectance. Although it is possible to use TOA re
ectance
for monitoring vegetation characteristics, atmospheric variables can introduce signi�cant uncer-
tainties in TOA re
ectance. Therefore, it is important to develop reliable and accurate methods
that can in
uence vegetation variable retrieval that is less sensitive to instrumental setup, wave-
length coverage, and sampling rate and has less uncertainty.

5.3 Material and Methods

5.3.1 Environmental conditions

We conducted �eld campaigns during 2016-2020 on multiple dairy and hill country farms across
New Zealand. The farms had di�erent grazing patterns, with grass growing continuously during
the year due to optimal weather conditions. The weather conditions included a mean annual
precipitation of 600 mm and 1600 mm and a mean annual temperature of 10� C to 16 � C. In
addition, the farms had high levels of variability in soil characteristics such as pH, phosphorus,
and potassium levels. Detailed descriptions regarding the �eld campaigns and dataset used in
this work are stated by Pullanagari et al. (2021) and Dehghan-Shoar et al. (2023a).
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5.3.2 Spectral measurements

The Top of Canopy (TOC) re
ectance of grassland was captured using the �eld spectroradiome-
ters ASD Field-Spec 4 Hi-Res (Malvern Panalytical Ltd., Malvern, United Kingdom) and ASD
FieldSpecPro (Analytical Spectra Devices, Inc., Boulder, CO, USA). The TOC re
ectance mea-
sures the fraction of incoming solar radiation that is re
ected by the surface of the Earth, in this
case, grassland. These instruments have a spectral range of 350 to 2500 nm and a 512-element
silicon photodiode providing a spectral resolution of 3 nm and sampling interval of 1.4 nm in
the Visible Near Infrared (VNIR) region ( < 1000 nm).

Furthermore, the sensors consisted of two sets of thermoelectric (TE)-cooled indium gal-
lium arsenide (InGaAs) photodiode arrays which help provide a spectral resolution of 10{12 nm
and 8 nm with a sampling interval of 1 nm in the Shortwave Infrared (SWIR) region (> 1000
nm)(Pullanagari et al., 2021, Danner et al., 2015). We captured the TOC re
ectance of di�erent
grass species on areas with an estimated Leaf Area Index (LAI) of 1-3. This was undertaken to
minimize the impact of the soil background on the collected spectra, as illustrated by Pullana-
gari et al. (2021).

We collected samples from di�erent geographic locations using a random strati�ed sampling
technique. Slope, aspect, and soil types were used for strati�cation. Categorization was under-
taken using slope values of 0{8, 8{16, 16{25, and 25 degrees calculated from the open-source
Digital Elevation Model (DEM) accessible from Land Information in New Zealand (LINZ). A
quadrant with a size of 0:5 m2 was located on the grassland at each sampling location. The
grass within the quadrant was harvested using an electric shearing machine and stored in a
cooling storage box (Hutchinson et al., 2016, Cosgrove et al., 1998, Pullanagari et al., 2012).

All sampling locations were geo-referenced using an RTK-GPS system. Finally, the collected
grass samples were sent to Analytical Research Laboratories (ARL), Napier, New Zealand, to
determine the N% of each sample using the Kjeldahl method (Kirk, 1950, Lynch and Barbano,
1999). This process consisted of drying, grounding, and homogenizing each sample using a
mixer mill (Frommer et al., 2011).

Furthermore, we collected S2 TOA re
ectance data from the Google Earth Engine (GEE)
platform for �ve farms where �eld campaigns were conducted (Gorelick et al., 2017). We used
imagery captured within ten days, during which imagery was unavailable on the same sampling
day. This was undertaken as grassland N% does not change signi�cantly within this period.
Furthermore, we spatially re-sampled the S2 TOA data to 10-meter (m) spatial resolution for
this analysis. Finally, datasets were created by extracting the spectra for regions of interest
using the geo-referenced locations collected during the �eld campaigns (Table 6.1). The areas
contaminated with shadows and other surfaces (e.g., arti�cial surfaces) were excluded from the
analysis.
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Table 5.1: Table containing the dates and locations where the �eld campaigns were undertaken,
and Sentinel-2 (S2) Top of Atmosphere (TOA) imagery is acquired.

Latitude Longitude Field sampling date Image acquisition date

-40.7 175.8 18/04/2016 26/04/2016
-39.3 174.3 22/10/2018 21/09/2018
-43.9 171.5 4/04/2019 30/03/2019
-40.1 175.2 28/11/2019 5/12/2019
-40.1 175.2 18/11/2020 11/11/2020

5.3.3 Modelling grassland N%

The collected spectral regions between 350{450 nm and 2450{2500 nm of the spectroradiometer
data were removed from the analysis due to the signi�cant amount of noise in the spectra. We
minimized the noise in the remaining spectra by using a Savitzky{Golay �lter with a smoothing
window width of 13 (13 nm) and polynomial order of 3 (Schafer, 2011, Press and Teukolsky,
1990). We used the Spectral Response Function (SRF) of S2 made available by the European
Space Agency (ESA) to simulate S2 TOC re
ectance. We completed this process by calculating
the sum of the products of SRF and �eld spectroradiometer data divided by the sum of SRF to
measure the true bandpass. Figure 5.1 demonstrates the SRF of S2 spectral bands alongside a
sample collected using the �eld spectroradiometer.

Following the simulation of S2 TOC re
ectance using the �eld spectroradiometer, we inverted
the biochemical and biophysical variables using the Soil-Plant-Atmosphere Radiative Transfer
(SPART) model (Yang et al., 2020a). The SPART model incorporates three computationally
e�cient RTMs, including:

� The Brightness-Shape-Moisture (BSM) soil re
ectance RTM (Verhoef et al., 2018)

� The PROSAIL canopy RTM (Jacquemoud and Baret, 1990, Verhoef, 1984)

� The Simpli�ed Method for Atmospheric Correction (SMAC) RTM (Rahman and Dedieu,
1994)

We implemented a Markov Chain Monte Carlo (MCMC) numerical optimization algorithm
alongside a loss function (total sum of error) to search for the best SPART variables (Foreman-
Mackey et al., 2019). This process consisted of searching for SPART variables that minimize
the di�erence between the simulated and actual S2 TOC re
ectance within a given range of
variable values (Table 6.2) (Simon Blanke, 2020). We used MCMC because it can retrieve the
uncertainty associated with each inverted SPART variable. We set the soil variables, geograph-
ical location, viewing, illumination geometry, and Day Of Year (DOY) required by SPART to
constant values. This enables the MCMC only to invert the atmospheric and vegetation vari-
ables. The MCMC algorithm used an ensemble sampler with 100 walkers, which ran for 10000
iterations for each sample. We performed thinning and calculated each inverted variable’s mean
and uncertainty (standard deviation).
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Table 5.2: Search window used with the Markov Chain Monte Carlo (MCMC) and SPART for
simulating Sentinel-2 (S2) Top of Canopy (TOC) re
ectance from S2 Top of Atmosphere (TOA)
re
ectance.

SPART variable variable ID Search
space

RTM Units

Air pressure Pa 900-1100 SMAC hPa
Aerosol optical
thickness

aot550 0-1 SMAC -

Water vapour uh2o 0-2.5 SMAC g/cm � 2

Ozone content uo3 0-0.4 SMAC cm-atm
Structure variable N 1.5-2.5 PROSAIL -
Chlorophyll con-
tent

Cab 10-90 PROSAIL micro
g/cm � 2

Carotenoid con-
tent

Car 2-9 PROSAIL micro
g/cm � 2

Brown pigment
content

Cs 0-0.1 PROSAIL -

Equivalent water
thickness

Cw 0-0.2 PROSAIL cm

Dry matter con-
tent

Cdm 0-0.1 PROSAIL g/cm � 2

Protein content Cp 0-0.02 PROSAIL g/cm � 2

Carbon con-
stituents

CBS 0-0.02 PROSAIL g/cm � 2

Anthocyanin con-
tent

ant 0-7 PROSAIL �g=cm � 2

Leaf Area Index LAI 1-4 PROSAIL -
Leaf angle distri-
bution a

LIDFa -0.5-0.5 PROSAIL degree

Leaf angle distri-
bution b

LIDFb -0.5-0.5 PROSAIL degree

Soil brightness B 0.5 BSM -
Soil moisture per-
centage

SMp 50 BSM percentage

Soil moisture car-
rying capacity of
the soil

SMC 0.25 BSM -

Single water �lm
optical thickness

�lm 0.0150 BSM cm
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Figure 5.1: Sample spectroradiometer Top of Canopy (TOC) spectra collected during �eld cam-
paigns alongside the Spectral Response Function (SRF) for Sentinel-2 (S2) spaceborne sensor.
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We used the mean values for each inverted SPART variable to simulate S2 TOA spectra. We
removed the coastal aerosol, water vapor, and SWIR-cirrus bands from the spectra. Further-
more, due to the high uncertainty associated with the SWIR region of the simulated S2 TOA
spectra, only spectral bands between 500 and 1000 nm were used in the modeling process. We
used the simulated S2 TOA spectra alongside a Random Forest Regressor (RFR) algorithm to
develop a model for predicting grassland N%. We optimized the RFR variables using a random
search algorithm, which identi�ed 2550 as the optimal number of estimators and a value of 5
for the max depth of the RFR (Bergstra and Bengio, 2012). We calculated the uncertainty of
the model by using the con�dence intervals of the predicted values (Polimis et al., 2017).

We used Leave-One-Out (LOO) cross-validation using the calibration dataset to assess the
performance of the RFR model and undertake optimization. In addition, we independently
validated our model performance using actual S2 TOA data (Table 6.1) downloaded from GEE.
The calibration dataset consisted of 1604 samples collected by the spectroradiometer, while
the validation dataset consisted of 477 samples captured during di�erent periods in di�erent
locations. The model performance was evaluated by using statistical metrics such as R2, Root
Mean Squared Error (RMSE), and Mean Prediction Interval Width (MPIW). The work
ow of
the methodology used in this work is illustrated in Figure 5.2.

Creation and pre-processing
of the dataset containing �eld

spectroradiometer and N% data

Spectral resampling of the
dataset to S2 TOC re-

ectance using S2 SRF

Collection of S2 TOA
imagery using GEE

Use of MCMC alongside
SPART model to simu-
late S2 TOA re
ectance

Use of the simulated S2 TOA
re
ectance to generate the RFR

model for predicting grassland N%

Validation of the generated
model using real indepen-
dent S2 TOA re
ectance

Creation of an independent
validation dataset using real S2

TOA re
ectance and grassland N%

Figure 5.2: Figure containing the methodology to develop the Random Forest Regressor (RFR)
model using simulated data.

5.4 Results

The methodology outlined in the previous section allows us to use �eld spectroscopy to constrain
the biochemical and biophysical variables in the SPART model to simulate S2 re
ectance.
The con�dence in the constraints of these variables, obtained from the model inversion, also
propagates uncertainties in the simulated spectra. In the following, we analyze the impact of
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uncertainties in the model variable inversion and how these a�ect the predicted N% obtained
from simulated S2 re
ectance.

5.4.1 The impact of variable uncertainties on the simulated S2 re
ectance

Here, we investigate the impact of di�erent SPART variables on simulated S2 TOA re
ectance.
Figure 5.3 illustrates that the atmospheric variables impact the NIR of the spectrum. Canopy
biophysical variables (LAI and LIDFa) signi�cantly impact the entire spectra, particularly in
the NIR and SWIR.

(a) (b)

(c) (d)

(e) (f)

Figure 5.3: The impact of the atmospheric, biophysical, and biochemical SPART variables on
Sentinel-2 (S2) Top of Atmosphere (TOA) and Top of Canopy (TOC) re
ectance.
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Among biochemical variables, Cab, CBC, Cs, and Cw strongly impact the spectra. Figure
5.3 shows that in biophysical and biochemical variables atmospheric correction, the in
uence
from the atmosphere was signi�cantly reduced (Figure 3b).

We have investigated the impact of the uncertainty associated with each inverted SPART
variable on the simulated S2 TOA spectra (Figure 5.4). As illustrated in Figure 5.4, the spectral
region between 700 and 1000 nm contains signi�cant uncertainty, which is due to some di�erent
variables, including LAI, aot550, LIDFa, and CBC. The uncertainty associated with this region
can cause a signi�cant decrease in model performance and stability, as Band 8A is the most
critical spectral feature for monitoring grassland N% in our model.

Model performance can also be a�ected by the uncertainty caused by the di�erent SPART
variables. The uncertainty associated with the NIR of S2 TOA re
ectance appears to come
from aot550. Cw has a small impact on the SWIR region of the spectrum, which is consistent
with Figure 5.3, where it is shown that there is no signi�cant uncertainty associated with other
inverted SPART variables. This can be because we are accurately inverting these variables or
the overall impact of these variables on the spectra is limited (e.g., structure variable).

Figure 5.5 illustrates how the simulated S2 re
ectance compares against real S2 re
ectance.
Uncertainties in the simulated spectra are computed from propagating the uncertainties in the
RTM variables to the re
ectance of each channel. The simulated spectra show limited agreement
with the real S2 TOA re
ectance. The visible range displays smaller uncertainties compared
to the NIR region. The simulated re
ectance in the NIR region is typically higher than that in
the real spectra. However, this is compensated by larger model uncertainty.
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(a) Cab (b) Cant (c) CBC (d) Car

(e) Cdm (f) Cs (g) Cw (h) LAI

(i) LIDFa (j) LIDFb (k) N (l) PROT

(m) aot550 (n) Pa (o) uh2o (p) uo3

Figure 5.4: The impact of uncertainty in SPART variables on simulated Sentinel-2 (S2) Top of
Atmosphere (TOA) re
ectance. Subplots (a{p) show the in
uence of individual variables: (a)
Cab (chlorophyll content), (b) ant (anthocyanin content), (c) Car (carotenoid content), (d) Cs
(brown pigment content), (e) Cw (equivalent water thickness), (f) Cdm (dry matter content), (g)
Cp (protein content), (h) LAI (Leaf Area Index), (i) LIDFa (leaf angle distribution parameter a),
(j) LIDFb (leaf angle distribution parameter b), (k) Nm (structure variable), (l) CBS (carbon
based constituents), (m) aot550 (aerosol optical thickness), (n) Pa (air pressure), (o) uh2o
(water vapor), and (p) uo3 (ozone content). The red-shaded regions represent the uncertainty
range, indicating the sensitivity of TOA re
ectance to variability in these parameters.
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(a)

(b)

(c)

(d)

Figure 5.5: Comparison of real (blue) and simulated (black) Sentinel-2 (S2) Top of Atmosphere
(TOA) re
ectance for four samples, with red vertical lines indicating uncertainty in the simu-
lated spectra. Subplot (a) shows the �rst sample with moderate uncertainty across wavelengths;
(b) highlights slightly higher uncertainty near the peaks; (c) depicts minor deviations between
real and simulated re
ectance; and (d) demonstrates strong agreement with minimal uncer-
tainty.












































































































































































	Abstract
	

