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Abstract

The increasing global demand for agricultural products, food, and energy requires a sustainable
and secure approach to agricultural production. Soil fertility is essential to increasing
agricultural productivity, and understanding the spatial variability of soil fertility attributes is
crucial to preserving high soil fertility. Traditional soil analysis methods are time-consuming,
expensive, and generate waste. Spectral analysis techniques, such as energy-dispersive X-ray
fluorescence (EDXRF), combined with machine learning (ML) methods, offer a rapid and cost-
effective alternative for quantifying soil properties. In this regard, the main motivation of this
study is to explore data generated by a portable EDXRF (pXRF) spectrometer applied to soil
samples in the context of modeling with machine learning algorithms to quantify fertility
attributes. From this perspective, this study established optimized conditions in terms of
experimental setup (Chapter 2) and minimum number of samples used in the training step
(Chapter 3) for the building local ML models to quantify soil fertility attributes. Furthermore,
a preliminary in situ validation study of the models with optimal conditions was conducted. The
results indicated that the use of 15 kV, 12.15 pA and 30 s without filters was the most suitable
for the simultaneous quantification of the evaluated fertility attributes. The optimized pXRF
condition produced results equivalent to those modeled with benchtop EDXRF data, suggesting
a possible in situ application of this method. Nevertheless, the preliminary study of
extrapolation from laboratory-calibrated models had negative results, indicating that their
extrapolation to in situ measurements was not recommended in this research context. On the
other hand, it was possible to reduce the number of training samples while maintaining
performance equivalent to models trained on the full data set. These results highlight the
potential of pXRF as a low-cost, rapid, and efficient alternative approach for local soil fertility
mapping, providing valuable information for decision-making related to the use of fertilizers

and other soil amendment products.

Keywords: pXRF, Machine learning, Data fusion, Soil fertility attributes
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Resumo

A crescente demanda global por produtos agricolas, alimentos e energia requer uma abordagem
sustentavel e segura para a producdo agricola. A fertilidade do solo ¢ vital para aumentar a
produtividade agricola, e entender a variabilidade espacial dos atributos de fertilidade do solo
¢ crucial para preservar a fertilidade do solo. Os métodos tradicionais de andlise de solo sdo
demorados, caros e geram residuos. As técnicas de analise espectral, como a fluorescéncia de
raios X por dispersdo em energia (EDXRF) combinadas com metodologias de machine
learning (ML) oferecem uma alternativa rapida e econdmica para a quantificacao dos atributos
do solo. A respeito disso, a principal motivagao deste estudo ¢ explorar os dados gerados por
um espectrometro portatil de EDXRF (pXRF) aplicado a amostras de solo no contexto de
modelagem com algoritmos de aprendizado de maquina para quantificar atributos de
fertilidade. Nessa perspectiva, este estudo estabeleceu condi¢des otimizadas em termos de
configura¢do experimental (Capitulo 2) e nimero minimo de amostras utilizadas na etapa de
treinamento (Capitulo 3) na constru¢do de modelos locais de ML para quantificar atributos de
fertilidade do solo. Adicionalmente, foi realizado um estudo preliminar de valida¢ado in sifu dos
modelos com condi¢des 6timas. Os resultados indicaram que o uso de 15 kV, 12.15 uA e 30 s
sem filtros € o mais indicado para quantificagdo simultdnea dos atributos de fertilidade
avaliados. A condi¢do otimizada de pXRF forneceu resultados equivalentes aos modelados com
dados de EDXRF de bancada, sugerindo uma possivel aplicacdo in situ deste método. No
entanto, o estudo preliminar sobre extrapolagdo a partir de modelos calibrados em laboratorio
teve resultados negativos, indicando que a sua extrapolagdo para medicdes in situ nao foi
recomendada no contexto desta pesquisa. Por outro lado, foi possivel reduzir o nimero de
amostras de treinamento mantendo desempenho equivalente aos modelos treinados com o
conjunto completo de dados. Esses resultados destacam o potencial do pXRF como uma
abordagem alternativa econdmica, rapida e eficiente para o mapeamento local da fertilidade do
solo, fornecendo informagdes valiosas para a tomada de decisdes relacionadas ao uso de

fertilizantes e outros produtos para corre¢ao do solo.

Palavras-chave: pXRF, Aprendizagem de méaquina, Fusao de dados, Atributos de fertilidade
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CHAPTER 1. INTRODUCTION AND THEORY

1.1 General introduction

Soil is a fundamental natural resource for sustaining life and economic
development. It provides several ecosystem services and is the fundamental resource for many
human activities [1]. Therefore, knowledge of soil physical and chemical properties and their
spatial variability is essential for its sustainable use, planning, and proper management for

increased productivity and conservation [2].

The global population is projected to reach 9.8 billion by 2050 (DESA-EN, 2017).
How to feed so many people? Several authors have already discussed the importance of
developing methodologies to provide and maintain high soil fertility [4], [5]. Without this,
problems will arise in several areas, mainly related to the increase in hunger [4]. In this regard,
the preservation of high soil fertility plays a crucial role in increasing agricultural production.
This requires an adequate spatial characterization of the different soil fertility attributes. They
are the parameters that quantify the soil's ability to provide nutrients to plants and play a
fundamental role in determining its quality and ability to sustain agricultural production. These
attributes help, for example, to make rational decisions about corrections and soil management,

nutrients agricultural inputs.

Soil fertility spatial characterization requires a high density of sampling and
analysis, which is problematic considering the traditional system of collection and laboratory
analysis. Samples are collected manually and analyzed using techniques that, although accurate,
require hard preparation, are time-consuming, use reagents, generate waste, and are expensive.
Thus, the development of faster and cheaper methods based on green chemistry has become an

important area of research [6].

The use of Proximal Soil Sensors (PSS) combined with Machine Learning (ML)
tools has proven capable of quantifying soil fertility attributes and may offer more practical,
faster and cheaper alternatives compared to conventional methods [7], [8]. The aim is to use
this methodology as a complement to increase sampling density and reduce the number of
samples conventionally analyzed. These sensors are based on spectroscopic techniques, each
one based on a different band of the electromagnetic spectrum and consequently exploring
different phenomena of interaction between radiation and matter. The most commonly used

spectroscopic techniques in agriculture are near and visible infrared spectroscopy (Vis-NIR)



[9]-[11], laser-induced breakdown spectroscopy (LIBS) [12], [13], and energy dispersive X-
ray fluorescence (EDXRF) [6], [14], [15]. These techniques may be used with benchtop
equipment, in the laboratory, or adapted for portable or embedded systems, with the possibility
of on-line response. There is also the possibility of combining two or more sensors with data
fusion methods, aiming to increase modeling accuracy by exploring the synergy between the

distinct nature of the responses generated by each technique [16].

Energy Dispersive X-ray Fluorescence (EDXRF) is a well-established analytical
technique used to determine the total content of various chemical elements in different types of
samples, including soil samples. On the other hand, some studies have shown that it is a suitable
sensor for soil fertility assessment in the precision agriculture context [6], [14], [15]. The
technique is based on the photoelectric effect, i.e., after the excitation of electrons from the
innermost layers of the atoms present in a sample, the de-excitation is manifested with the
emission of an electromagnetic wave with a specific frequency for each element, called
characteristic X-ray [17], [18]. So, EDXRF spectra enable the total content measurements of
the main elements in the soil (e.g. Al, Si, P, K, Ca, Mn, Fe, Cu, Zn, etc.) and may be used as

input variables for the indirect determination of other fertility attributes by ML algorithms.

Machine Learning is a branch of artificial intelligence (Al) that explores the study
and construction of computational algorithms based on learning from data instead of pre-
programmed instructions. The primary goal of an ML model is to construct a complex system
that learns from a predefined database and ultimately produces prediction, classification, or

detection results for one or more properties of interest [19].

Therefore, the main motivation of this study is to explore the data generated by
portable EDXRF (pXRF) instruments applied to soil samples in the context of modeling with
machine learning algorithms to quantify fertility attributes. Although studies with this objective
involving the use of pXRF already exist, few of them aim to optimize the modeling process.
From this perspective, this study seeks to establish optimized conditions in terms of
experimental setup (Chapter 2) and a number of samples used in the training step (Chapter 3)
in the building of local ML models to quantify soil fertility attributes. The ML algorithms used
was partial least square regression and predictive analysis of common dimensions.
Additionally, a preliminary study on the in sifu extrapolation of the laboratory-calibrated

models with optimal conditions was conducted.
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1.2 Objectives

1.2.1 General objectives

Evaluate optimized conditions for developing ML local models using pXRF data to
determine soil organic carbon (SOC), phosphorus extracted by Mehlich-1 (Pwm), exchangeable
calcium (Ca®"), exchangeable magnesium (Mg?"), exchangeable potassium (K'), sum of
exchangeable bases (SB), total cation exchange capacity (CEC), base saturation in percentage

(BSP), pH and potential acidity (H+Al).

1.2.2 Specific objectives

In chapter 2, the specific goals are:

e Evaluate the performance of a commercial pXRF routine for main soil
elements quantification;

¢ Build local models using partial least square (PLS) regression and predictive
analysis of common dimensions (P-ComDim) to determine the soil fertility
attributes;

e Evaluate the individual and synergistic use (by data fusion) of different
experimental conditions in pXRF to determine an optimized condition for
modeling fertility attributes;

e Compare the predictive performance of models built by pXRF data vs.
benchtop EDXREF data;

e Extrapolate laboratory-calibrated models to in situ predictions;

In chapter 3, the specific goals are:

e Evaluate the predictive performance of local models as a function of the
number of samples used in the modeling training step;

e Evaluate two different methods for reducing each training set to assess the
reproducibility of the results;

e Establish a minimum number of sample reductions for model training while

maintaining performance equivalent to models with a full set;

1.3 Theory
1.3.1 Soil fertility

One of the main aspects of sustainable agriculture is knowledge of soil fertility, its

characteristics and limitations, so that interventions may be made in the most rational way
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possible. The main tool for soil fertility proper assessment is the chemical analysis of the several
variables that influence the growth and development of plants. The values obtained for each
variable are valuable indicators of the potential success of future plantings and enable the

elaboration of soil fertilization plans for adequate crop nutrition [20], [21].

The soil chemical analysis is based on the principle of determining the levels of
nutrients and characteristics that may influence their availability to plants. It is traditionally
composed of two steps: extraction and quantification. In the first step, extractor solutions are
used. They simulate the plants root action, i.e., extracting the nutrients chemical forms that
would be absorbed by the plants. In this stage, a certain extractor volume is agitated with a soil
defined volume, changing the nutrients from the solid to the liquid phase (with the equilibrium
solution). In the quantification step, the elements contents in the equilibrium solution are
quantified. Conventionally, this is done through a different methodology set, such as atomic
Absorption Spectrophotometer; UV-Vis Spectrophotometry; Titrimetric; and Potentiometry
[20], [21]. Then, the nutrient contents determined by chemical analysis are compared with

reference values and the fertility level classification is performed.

There are sixteen chemical elements essential for plant growth. According to the
traditional nomenclature, they are divided into non-minerals and minerals. The non-mineral
nutrients, found in the atmosphere and water, are carbon (C), hydrogen (H), and oxygen (O).
The mineral nutrients, which are provided by the soil, are also traditionally divided into three
subgroups, primary, secondary and micronutrients. The primaries contain the nitrogen (N),
phosphorus (P), and potassium (K); the secondary is calcium (Ca), Magnesium (Mg), and Sulfur
(S). The primary and secondary nutrients set is also called primary and secondary
macronutrients, respectively, or just macronutrients. The micronutrients are Boron (B),
Chlorine (Cl), Copper (Cu), Iron (Fe), Manganese (Mn), Molybdenum (Mo), and Zinc (Zn)
[22]. In the soil, these nutrients are found in their exchangeable forms, also called available or

bioavailable.

One or several nutrients may be present in the soil at very low levels, or in a form
that the roots cannot absorb, reducing the plant's productive potential. To make available the
elements present, the soil must be well managed. However, when nutrients are lacking, they
need to be reintroduced. Because they are required in greater quantities by plants in most cases,
primary nutrients become deficient in soils more frequently. Secondary nutrients and

micronutrients are generally less deficient and used in lower amounts [22], [23].
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The nutrient replacements are mainly made using organic matter or mineral
chemical fertilizers. Organic matter contains practically all the macro and micronutrients and,
in addition, provides better structure to the soil, increasing its fertility. Mineral fertilizers, unlike
organic matter, have a high concentration of highly soluble nutrients, which are absorbed
quickly by plants or easily leached. The commercial mineral fertilizers are simple (contain one
or more macroelements) or compound (mixture of simple fertilizers). Compound fertilizers are
known by their formulas, e.g., 4-14-8, 10-10-10, 20-5-20, where the numbers indicate the

nitrogen, phosphorus, and potassium percentage (N-P-K) in the fertilizer chemical [23].

From the nutrient management point of view, the appropriate is the existence of
balance. The exacerbated addition of one of them without considering the others and the culture

characteristics may lead to poor harvests [23].

In the soil fertility study, arises the fertility attribute concept. Soil fertility attributes
are the parameters that determine the soil capacity to provide nutrients for plants. They play a

key role in determining soil quality and its ability to sustain agricultural production.

The soil cation exchange capacity measured at pH 7 is called Cation Exchange
Capacity (CEC). It is one of the most important variables for the soil productive potential
interpretation because it indicates the total amount of negative charges that the soil could
present if its pH were 7. In turn, these charges may adsorb (retain) the important nutrients of
positive charge (K", Ca®*, and Mg?*), added to the soil via fertilization or other corrections. The
CEC depends on the organic matter content and the amount and type of clay. Soil with a high
content of clay and organic matter may retain more exchangeable cations than soil with a low
content of these quantities [20], [22]. On the other hand, when the cationic nutrients added via
fertilization is greater than the soil CEC, these nutrients (K*, Ca**, Mg®") may be lost by
leaching [22]. The CEC may be quantified indirectly through some ions listed in the equation

(1),

CEC = K* + Ca** + Mg**+ H* + A3t (1)
The CEC, being a measure of the total amount cations that the soil may retain, is
related to the colloids quantity and quality. Colloids are small particles formed during the
weathering process in soil formation where some minerals and organic matter are reduced to
extremely small particles. Chemical changes further shrink these particles, to the point where
they cannot be seen with the naked eye. Most colloids have a net negative charge. This means

that it may attract and retain cations. The cations retained in the colloids may be replaced by
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other cations, they are exchangeable. For example, the calcium may be exchanged for
magnesium or potassium. Therefore, the CEC represents the graduation of the ability to release
various nutrients, favoring the fertility maintenance for a prolonged period and reducing or

preventing the occurrence of toxic effects from the fertilizer’s applications [23].

The term "exchangeable bases" or "total exchangeable bases" refers to the sum of
the bases (calcium, magnesium, potassium, etc.) in exchangeable form. This parameter varies
considerably depending on the characteristics and conditions of the soil. For instance, soils in
humid areas contain less exchangeable bases and more exchangeable hydrogen than soils in
desert environments [24]. Specifically, the soil sum of exchangeable bases (SB) represents the
soil sum of the exchangeable cation contents, except for H+AI*" (SB = Ca**+Mg?*+K"). Then,
it indicates the colloids negative charges number that are occupied by bases. Thus, the SB, like
CEC, is a good soil quality indicator, as it is also related to the soil's ability to retain nutrients

and maintain the chemical balance necessary for plant development [20], [23].

The SB is used in the Percent Base Saturation in Percentage (BSP) calculation,
which is the percentage of the cation exchange capacity occupied by base cations (K* + Ca®" +

Mg?") in percentage terms [21]. It is calculated using equation (2):

BSP = >B 100 @)
= Cec”

The BSP may provide indications of the soil liming need. A low BSP value means
that there are small amounts of cations, such as Ca**, Mg?*, and K", saturating the colloids
negative charges, and that most of these are being neutralized by H" and AI**. This raises the
soil acidity level, which may contain aluminum at a toxic level to plants. Most crops show good
productivity when soil BSP is between 50% and 80%, together with a pH value between 6.0
and 6.5 [23]. Then, as a good indicator of general soil fertility conditions, Percentage Base
Saturation is also used as a complement in the soil’s nomenclature, which are divided according
into eutrophic soils (high fertility and with BSP > 50%) and dystrophic (low fertility and BSP
<50%) [23]

The soil organic matter (OM) consists of plant and animal residues in the
decomposition stages. It is formed by the proportions, on average, of 58% Carbon, 33%
Oxygen, 6% Hydrogen, and 3% Nitrogen, Sulfur, and Phosphorus. In the soil, OM undergoes
humification, i.e., it is decomposed by soil microorganisms, resulting in the release of essential

nutrients for plants. This process involves the breakdown of complex organic matter into
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simpler compounds such as humic and fulvic acids, carbon dioxide, water, and minerals [20],
[22], [23]. The Soil Organic Carbon (SOC) is the total amount of carbon present in OM. Being
proportional to the soil organic matter level, the SOC content is a productive potential
parameter, because soils with higher SOC values have higher CEC values and greater capacity

to supply nutrients to plants, compared to soils with lower SOC contents [20], [22].

The pH measures the H' activity present in the soil. When absorbing positively
charged nutrients (K™ Mg?*, Ca?", etc.), plants release H" from the roots, which reduces the soil
pH and makes it acidic. In the nitrogenous fertilizers reaction with the soil, specifically in
nitrification (passage from ammonium to nitrate), there is also H release. In addition to these,
other factors such as source material, OM decomposition, rainfall and irrigation may also affect
soil acidity. Therefore, the pH value depending on soil management, successive crops,

fertilization, and several other factors [20], [22].

In this perspective, pH is indicator of actual soil fertility. The pH of productive soils
may vary between 4.0 and 9.0, and soils with a pH greater than 6.5 have a marked reduction in
Zn, Cu, Fe and Mn availability. For these reasons, the ideal pH to plant growth is between 6.0
and 6.5. In this pH range there is no presence of toxic form Al**

of nutrients [20], [22].

and there i1s good availability

Also related to acidity levels in soils, potential acidity (symbolized by H+Al in this
study) is the sum of exchangeable and non-exchangeable soil acidity. The exchangeable acidity
refers to the AI** and H" ions retained on the surface of soil colloids. Non-exchangeable acidity
is the covalently bonded H" ion associated with negatively charged colloids and aluminum
compounds. The potential acidity characterizes the buffering power of soil acidity, and its

accurate estimate is mainly used to CEC estimate [25].

1.3.2 EDXRF

Energy Dispersive X-Ray Fluorescence (EDXRF) is an atomic emission technique
based on the interaction of X-rays with matter. It exploits the products generated in these
interactions to extract multi-elementary information about the chemical composition of the

analyzed samples.

The main phenomenon involved in EDXREF is the photoelectric effect. When an X-
ray beam interacts with an atom, electrons from the innermost shells of that atom may be

ejected, creating vacancies that lead the atom to an unstable state. This interaction is called
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photoelectric absorption, which occurs exclusively when the incident photon has energy greater
than the binding energy of the electron to the atom. After absorption, for atomic stabilization,
electrons from the outer orbital shells perform electronic transitions to fill the generated
vacancies, releasing the energy difference between the involved orbitals in the X-ray photons
form (called characteristic X-ray) with an energy that is unique to the element’s atom transitions

[17], [18]. Figure 1 presents a schematic illustration of this interaction.
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Figure 1 - Schematic representation of the photoelectric effect

The photoelectric effect is most likely to occur for low-energy photons (with a
maximum value of 100 keV) and for elements with high atomic number. Its cross section for

non-relativistic energies (hf << myc?) is estimated by

N[
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8w [ e? 5 (Mac?
5 492 0
a*2z

3 \myc? hf

o F — (3)
hf is the incident photon energy, myc? is the electron rest energy, and « is the fine structure

constant [26].

The characteristic X-rays coming from each element are identified according to the
orbital shells involved in the stabilization process. In the Siegbahn's nomenclature [17], the
vacancy shell determines the prefix name (K, L, M, etc.) while the second part has the suffixes

a, B, v, etc. according to the most intense X-ray emission lines (with higher probabilities) after
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the electronic transition. For instance, the characteristic X-ray originating from a transition
involving the electron from the L to the K shell is called Ka (the most intense), while the one
involving the electron from the M to the K shell is called Kf, etc. On the other hand, the
electronic shells are constituted by some subshells with very close energy values. Each sublevel
is characterized by a quantum numbers sequence (which give the state quantum information)
and the electronic transitions between atomic energy levels are governed by the quantum

mechanics laws.

This technique is commonly used in the identification and quantification of the total
content of inorganic species from Mg to U. However, depending on the energy range, higher or
lower elemental sensitivities are obtained. This occurs for several reasons, including
fluorescence yield, characteristic X-ray absorption by the atmosphere, detector sensitivity, and
tube power [17]. In addition, the photoelectric effect is not the only interaction suffered by the
atom when exposed to ionizing radiation. Radiation scattering by electrons in the analyzed
sample is also likely to occur and, depending on the excitation energy, may significantly affect
the EDXREF efficiency for some elements. Scattering effects are divided into two classes, elastic

(Rayleigh) and inelastic (Compton) scattering [17], [18].

In Rayleigh Scattering, incident photons are elastically scattered throughout the
entire atom. In this process, all the electrons in the atom participate coherently, and for this
reason, it is also called coherent scattering. During elastic collision, there is no transfer of
energy among photons and electrons. Thus, the photons are scattered in a different direction
from the original, with the same energy, changing only their linear momentum, i.e., the scattered
photons have the same phase as the incident ones. Figure 2 presents a schematic illustration of

this interaction.
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Figure 2 - Schematic representation of the Rayleigh scattering

This coherent scattering occurs mainly at low-energy photons of materials with high

Z. Its differential cross section for non-relativistic energies is expressed by equation 4

1, 2 2
dop = 570 (1 + cos“0)|F(x,Z)|°dQ (4)

T‘OZ corresponds to the electron classical radius, F(x,Z) is the atomic scattering factor that
depends on the electron cloud charge distribution and d() is the solid angle for the diffusion

angle 6 [17], [27].

Compton Scattering is due to the interaction of a photon with an electron weakly
bound to the atom [17]. In this inelastic collision, part of the incident photon energy is
transferred to the electron, ejecting it. The photon is then scattered in a different direction from
the original and with lower energy, being equal to the incident energy minus the energy
transferred to the electron [28]. Considering that the momentum and energy of the proton plus
electron system must be conserved, the scattered photon energy may be determined by equation

5,

_ hf
1+ y(1 — cos6)

hf' (5)

¥ = hf/myc? and 0 is the angle at which the incident photon was scattered [28].
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The Compton Effect is predominant when the binding energy of orbital electrons
becomes negligible compared to the incident photon energy. Under these conditions, the
electrons are considered free in the interaction process. Thus, the occurrence probability of this
scattering is more significant for high-energy photons (from 100 keV to 1.02 MeV) and low Z
elements [29]. The differential cross section for the Compton interaction of a photon with a free

electron with respect to the solid angle may be described by the Klein-Nishina formula
(equation 6),
1, 1 ¥2(1 — cos 6)?
dO_C == _ro 2 1 +
(1 + ycos 0) 1+vy( —cosB)

5 + cos?6|dQ (6

For the interaction with bonded electrons the effects of atomic bonding must be
considered and the Klein-Nishina formula are corrected with the multiplication by the

incoherent scattering function S(x,Z) [29]. Figure 3 presents a schematic illustration of this

interaction.
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Figure 3 - Schematic representation of the Compton scattering

The interactions probabilities of an atom exposed to a photons beam may be
expressed by the cross-section of each involved phenomenon. Therefore, the probability of
interaction of a photon with an atom per square centimeter of matter is given by the sum of the

cross sections per atom of the predominant phenomena, according to equation 8 [17]
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Figure 4 presents an estimate of the relative contribution of photoelectric absorption
and compton and rayleigh scatterings for 3, 15, 30 and 50 keV (this energy range is usually
used in EDXRF). These data were extracted from the NIST XCOM  software:
https://physics.nist.gov/PhysRefData/Xcom/html/xcom1.html. Apart from hydrogen, the
probability of scattering effects occurring in interactions between photons and atoms is small
for 3 keV, the dominant effect being photoelectric absorption. However, there is also the
possibility of radiation falling on the sample without any interaction. On the other hand, for 15
keV, the Compton scattering relative contribution was mainly due to H, C, N, and O (ranging
from 1% to 19%). In this energy range, the contribution to Rayleigh Scattering ranged from
12% to 1%, having the highest values for C, N, O and Zr. As the incident photons energy
increases to 30 and 50 keV, the scattering contribution also increases and reaches significant
values. This impairs the detection of the elements that compose the soil’s macro and
micronutrients. For example, at 50 keV, Al and Si present a smaller % contribution to
photoelectric absorption (47 and 53%, respectively) compared to the summed scattering (53

and 47%, respectively).
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Figure 4 - Estimation of the relative contribution of Photoelectric Absorption, Compton and
Rayleigh Scattering to the energy of 3 keV (a), 15 keV (b), 30 keV (¢) and 50 keV (d).
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Therefore, the scattering effects contribution is different according to the incident
photons energy. In general, for the same atom, low energies result in a greater probability of
photons being scattered coherently than incoherently (Compton). As the energy increases, the
contribution from Rayleigh Scattering is overcome by Compton Scattering in such a way that
it may be more significant than the photoelectric absorption, depending on the evaluated atom.

Thus, the EDXREF precision to quantify this element may be impaired.

In this perspective, an important parameter to be considered in EDXRF is the
fluorescence yield, defined as the number of characteristic X-rays effectively emitted in relation
to the number of vacancies produced in each atomic shell [30]. Figure 5 shows the fluorescence
yield (w) of the K, L and M shells as a function of the Z atomic number. It is noted that the K
shell has a low fluorescence yield for Z<20 (approximately 0.15) while for the L shell, Z<60
(approximately 0.18).
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Figure 5 - Fluorescence yield of the K, L and M shells versus Z atomic number. Adapted from
[31]
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Furthermore, in the characteristic X-ray emission process, the excess energy may
be transferred to an electron in an atom outer shell, ejecting it. This phenomenon is known as

the Auger effect and is more relevant for elements with low atomic numbers [17].

1.3.2.1 XRF fundamental equation for quantitative analysis

Based on the measurement of the characteristic X-rays intensities (number of X-
rays detected per unit of time) emitted by the elements that constitute the sample, EDXREF is
considered as a quali-quantitative method. Synthetically, the analysis consists of three phases:

excitation, dispersion, and detection of characteristic X-rays [31].

The sample excitation may be done in several ways: by accelerated particles such
as electrons, protons, or ions; by alpha particles, negative beta particles or gamma rays emitted
by radionuclides, and the most used process today, excitation by an X-rays beam generated in
X-rays tubes [17], [30], [31]. In detection, the X-rays are processed through electronic pulses
produced in an appropriate detector. These pulses are directly proportional to the X-ray

energies, hence the dispersive energy nomenclature [17], [18], [31].

Equation 9, involving the intensity of a characteristic X-ray line (e.g., Ka or La)
and the concentration of an element in the sample is called the XRF fundamental equation [31],

[32]. This equation is the basis for the quantitative XRF method.

I i — C iS iA ©)
I; represents the net intensity of the ith characteristic X-ray (cps), C; the ith
concentration (g cm?), S; the ith elemental sensitivity (cps g cm?) and A the absorption factor
for the element of interest or analyte (dimensionless). The index i is used to refer to the X-ray

characteristic of ith energy. Thus, the net areas of characteristic X-ray lines in the XRF spectrum

are directly proportional to elemental concentrations.
The absorption factor 4 is given by the equation:

1— eXPOD
A= )(p—D (10)
0

where p, is the density (g cm™), D is the matrix thickness (cm), and y is the matrix total

absorption coefficient (cm? g'!), given by the equation:
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where u, and p are the matrix absorption coefficients (cm? g™!) for the energies of the incident
radiation and the characteristic X-ray, respectively, and 8, and 6 are the angles of the incident

and emerging radiation, respectively, in relation to the surface Sample [17], [31], [32].

The elemental sensitivity for the K-lines X-ray characteristics is given by the

equation:

S=twfGe(1 —%) (12)

where T represents the absorption coefficient of the element for the photoelectric effect on the

incident radiation energy (cm? g!), w the fluorescence yield for K-line X-rays (fraction), f the

fraction of photons emitted as Ka X-rays, 1 — 1 / j the jump ratio in the K absorption cutoff, G

the geometric factor and ¢ the detector efficiency for the characteristic X-ray emitted by the

analyte [17], [31], [32].

While the absorption factor depends on the density, thickness and total absorption
coefficient of the sample, the elemental sensitivity depends on several other parameters.
Because of these complex dependencies, elemental sensitivity is commonly obtained indirectly
by constructing sensitivity versus Z atomic number curves using certified reference materials

samples of pure or simple compounds.

Finally, after adequate XRF system calibration based on the equation 9 parameters
for the element of interest, the quantitative analysis is performed by reading the net intensities

in the spectrum.

1.3.2.2 XRF instrumentation and portability

The EDXRF system consists of a source for samples excitation, a detector that
identifies and separates the characteristic X-rays, a multichannel board that records the obtained
spectrum and the electronics necessary for powering the system, amplification of the signals
coming from the detector, processing, and analysis of the generated data. Figure 6 shows an

illustration of an EDXRF system with X-ray tube excitation.
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Figure 6 - Schematic illustration with the basic instrumentation of an EDXRF system with X-
ray tube excitation
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The X-ray tube main components are the cathode and anode. The cathode consists
of a filament (usually tungsten) that is heated for thermionic emission of electrons in a vacuum
chamber. The current value is adjusted according to the desired electrons flow. The increase in
the current increases the filament temperature, also increasing the electrons emitted number
from the cathode to the anode. For this reason, the current in the X-ray tube is fundamental for

controlling the dead time generated in the EDXRF measurement process [30], [33].

In the vacuum chamber, the electrons are accelerated, by a high voltage, towards a
target made of a high-purity metal (such as Cr, Ag, W, Mo, Rh, and Pd), the anode [33]. The
interaction of these electrons with the anode produces X-rays of continuous energy
(bremsstrahlung) and characteristic lines with specific values for the target material. With the
exclusive increase of the tube voltage, the energy range, the maximum intensity, and the energy
corresponding to the continuous spectrum maximum value also increase [ 18]. At the same time,
the greater the current intensity applied to the cathode, the more intense the radiation beam
produced in the tube. Figure 7 illustrates the behavior of the spectrum emitted by an X-ray tube

with an Rh anode when changing its voltage and current.
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Figure 7 — Illustration of an X-ray spectrum emitted by an Rh-targeted tube with voltage and
current variation. Adapted from [30]

Therefore, with adequate voltage and current adjustments, the tube X-ray intensities
distribution may be altered to favor some interest energy range and, consequently, increasing

the measurement sensitivity for elements with absorption edges close to this range.

The detection is performed by a semiconductor detector. Currently, silicon
detectors such as the Si-PIN and the SDD (Silicon Drift Detector) are the most used in
commercial XRF systems because they are cooled by the Peltier effect, not requiring external

cooling with liquid nitrogen as in the case of Si(Li ) detectors [33], [34].

When the characteristic X-rays arrive at the detector, they generate electronic
pulses, which are separated according to their amplitudes, which are proportional to their
energies. Then, this data is sent through the electronics associated with the measurement system

to, in the final step, generate a spectrum with X-ray intensities versus energy.

It is important to mention that due to the characteristics of the detection system
used, some peaks, called artifacts, may arise in the EDXRF spectrum. In contrast to scattering
(elastic and inelastic) and the bremsstrahlung, which are only due to the interaction of radiation
with matter, artifacts come from sources other than exclusively the elements in the sample [17].

The main artifacts that arise in the EDXRF spectra are the escape peak and the sum peak.

On Si semiconductor detectors, an incident characteristic X-ray of energy higher

than the Si-K absorption edge produces Si-K characteristic X-rays (Si Ka and K) due to the
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X-ray fluorescence of the atoms that constitute the detector. These X-rays are absorbed into the
detector volume and contribute to the overall charge collected for the original incident X-ray
photon. However, there is a finite probability that the generated Si-K X-rays escape the detector
volume. The highest probability of escape arises near to the front of the detector crystal and, in
such cases, the detected energy will be reduced according to the energy of the escaped Si-K X-
ray [17], [18]. These are called escape peaks. This artifact may happen with X-rays
characteristic of all elements, but due to the probability of occurrence, not all of them will have
peaks with intensities high enough to be observed in the XRF spectrum. The escape probability
is highest for lines closest to the Si-K absorption edge [17]. For instance, if the characteristic
X-rays of the Fe Ka are the highest intensity lines in the spectrum of an analyzed sample, escape
peaks of energy equivalent to the subtraction between the Fe Ko and Si Ka lines will arise with

greater intensity (4.665 keV).

Sum peaks arise when two characteristic X-rays produce electronic pulses in the
detector so close in time that the processing electronics fail to recognize them as two separate
events and record them as the same characteristic X-ray with an energy equal to the sum of the
two [17], [18]. Although this artifact may seem unlikely to occur because the processing time
scales of the XRF instruments are very small (on the order of microseconds, 107 s), the times
involved in the processes of fluorescence and characteristic X-ray emission are much shorter,
on the order of femtoseconds (107'° 5) [17]. The probability of sum peaks occurring is greater
for the more intense lines of the EDXRF spectrum. For instance, in the spectra of soil samples
where the Fe Ka, Fe KB, and Ti Ka lines are intense, sum peaks corresponding to Fe Ka + Fe
Ka (12.810 keV), Fe Ka + Fe KB (13.464 keV), and Fe Ka + Ti Ka (10.917 keV) will arise
(see Figure 12).

On the other hand, the advancement and development of new technologies allowed
the EDXRF system miniaturization, creating portable X-ray fluorescence (pXRF) devices.
These equipment’s are typically gun-like instruments that work on the same principles as
laboratory-based EDXRF spectrometers [35], [36]. Figure 8, is a simple illustration of how this
hand-held device may be built.
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Figure 8 - Schematic illustration of a portable XRF system. Adapted from [36]

These devices have portability as their great advantage. With it, in situ
measurements are possible. However, that is not the only difference between them and benchtop
EDXREF. They may also have faster signal processing systems and are generally less expensive,

however, they may be less robust, i.e., presented lower resolution.

1.3.2.3 Primary filters use

In XRF, a primary beam filter acts as an X-ray absorber. It sits between the X-ray
tube and the sample to modify the output X-ray tube spectrum to which the sample is exposed.
For example, aluminum acts as a single absorption filter, having a single absorption edge at
1.56 keV. Figure 9, adapted from [17], provides the scattered excitation spectrum provided by
a silver target X-ray tube operated at 15 kV. The plot shows the effect of two thicknesses of an
Al primary beam filter. It is noted that, from the value corresponding to Al K-edge, energy for
which the greatest absorption of X-rays by the filter occurs, the spectrum is significantly
reduced, and the values start to grow again at 4.5 keV for the fine filter and 5.5 for the thick
filter. In this way, the tube's Ag L-lines are completely absorbed. This occurs because of Al
high mass absorption coefficient for the employed energy. The bremsstrahlung maximum value

at lower energy provided by the spectrum filtered through thin Al yields good peak/background
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(P/B) ratios for elements in the S to V range (2.3-5 keV) because the absence of the Ag L-lines
from the tube removes their spectral interference and avoids the need for these X-rays to
consume counting capacity. The thick aluminum filter ‘‘pinches’’ the low-energy side of the
bremsstrahlung maximum value, providing high P/B ratios for the elements with lines in the
range 3-8 keV [17]. In XRF equipment excited with Rh target tube, Al filters produce similar
changes in the spectrum because the Rh L-lines (La 2.697 and L 2.834 keV) are close to Ag
(Lo 2.983 and LB 3.150 keV).

The proper combination of kV and an absorption filter may provide an energy
region in which the P/B ratio is optimal. On the low-energy side of this region, the excitation is
suppressed, which allows more of the system’s counting capacity to be used in the region itself.
On the high-energy side of the region, the excitation from the tube is tuned to provide a high

integrated intensity above the absorption edges energy lines of the interest element [17], [18].

The thick Cu filter is another example of a used filter. The Cu filter used is generally
thick enough to completely absorb the X-ray tube anode K-lines, which are of high energy (for
Ag target, Ko 1s 22.163 keV and K is 24.941 while for Rh target, Ka 1s 20.216 keV and Kf is
22.724 keV). Such an arrangement provides for the effective determination of heavier elements.

For example, the quantified of Ag and Cd using a silver anode X-ray tube [17].

Ag tube L-lines

7 8 9 10 11 12 13 14 15

6
Energy (keV)

Figure 9 - Scattered excitation spectrum provided by a silver target x-ray tube operated at 15
kV. The plots show the effect of two thicknesses of an Al primary beam filter: (1) unfiltered;
(2) thin Al filter; (3) thick Al filter. Adapted from [17]
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1.3.3 Multivariate analysis

In general terms, multivariate analysis refers to all statistical methods that
simultaneously analyze multiple variables in a dataset under investigation. In situations where
data are correlated and with a high variable number, analysis by univariate methods is complex
and laborious, on the other hand, multivariate analysis may be a facilitating approach. In this
perspective, the multivariate analysis associated with spectroscopic techniques is advantageous
because it may improve the results accuracy, modeling in the interferents presence, and extract

subtle information that is not explicit [37], [38].

Among the different multivariate analysis subareas, two are highlighted:
exploratory analysis and machine learning (or multivariate) calibration. As an exploratory
method, principal component analysis (PCA) was used in this work. In addition, for modeling
fertility attributes through XRF data, partial least squares linear regression (PLS) and predictive

analysis of common dimensions analysis (P-ComDim) were also performed.

1.3.3.1 Principal components analysis

Principal component analysis is an unsupervised exploratory method used to project
n-dimensional data into a lower-dimensional space. The information contained in the original
data space (n samples versus p variables) is compressed by linear combinations of variables to
a space of uncorrelated axes (called PC's), generally of 2 or 3 order, friendly in the results
visualization and interpretation. PCA seeks to capture the greatest possible amount of
variability present in the data through these orthogonal PCs, which have variance explains in
descending order. Thus, by extracting the main sources of data variation, the PCA allows
visualization and interpretation of subtle differences among the samples in variables terms,

facilitating the hidden pattern identifications [38].

Geometrically, PCA is a projection technique, in which the original dataset matrix
is projected onto the PCs subspace. Matrix-wise, the PCA decomposes the original data matrix
(X) into three new matrices, the scores matrix (7)), the loadings matrix (P) and the residuals (E).

One way to do this is to perform a singular value decomposition (SVD) on X, resulting in

A
X = TPT+E= Ztip,-+e,- (13)
i=1
The junction of the first 7 column with the first P row is the principal component

number one (PC 1), the junction of the second 7 column with the second P row is the PC 2 and
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so on. In this way, the data matrix is separated into a series of PCs plus the residual, which
contains all information not explained by the data set PCs and is called noise. Due to this, PCA
is able to separate the important from redundant information.

The PCA helps in the elaboration of general hypotheses from the dataset. This is done
by investigating the scores and loads matrices, simultaneously. By plotting scatterplots of PC
scores against each other, clusters between the samples may be verified. Doing the same with
the loadings, clusters between the variables are presented. Thus, analyzing the two plots
together, the variables responsible for the correlations among the samples are identified.

Beyond to the SVD, there are other algorithms to calculate the 7 and P matrices from
X. Among the main ones are the correlation (or covariance) matrix diagonalization and the

NIPALS algorithm [39].

1.3.3.2 Partial least square regression

The Partial least square regression (PLS) is a machine learning (or multivariate)
algorithm that establishes a quantitative association between a matrix X of independent data
(spectra matrix) and a vector y of dependent data (fertility attributes matrix) so that the
maximum covariance between X and y is reached [40]. Thus, the PLS maintains a compromise

between explaining the variance in X and obtaining the highest correlation with y [38].

Initially, a SVD is performed on X and ¥, independently,

A

X =TPT+E= t;p; + e;
. lpl l (14)
=1
A

Y = UQT+F= Zuiqi+fi (15)
i=1

T and U are the orthogonal scores matrices, the projections of the original data in the smallest
dimension space defined by the number of principal components (PC's) of X and ¥,
respectively; P and Q are the loadings matrices, the relative contribution coefficients in each
PC of X and Y, respectively; E and F are the error matrices of X and ¥, respectively and the

subscript i represents the number of PC’s ranging from 1 to A4.

After that, a linear association between the X and Y scores is sought with the

construction of the regression vector b
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bi = . ; U = biti (16)

In this process, the dependents variables ¥ are projected on to the space of each PC
in X. Geometrically, the ¥ are incorporated in # scores by rotations in each PC of X to reach the
maximum covariance with the ¥. Due to this, there is a loss of orthogonality of the PC’s, which

start to receive the terminology of latent variables (LV's).

This is done with several steps to obtain each LV in an iterative process in which
the projection of the samples on the loadings for determining the scores and the adjustment

between the scores of X and Y are optimized at the same time.

Table 1 - Steps of the NIPLS algorithm for the PLSR method. Adapted from [38]

Step Description Equation

1 Preprocess X and ¥ Xo=XYy=Y

Calculate the W matrix (which is the
projection of the X variables onto Yi.r)

W= X{_,Y; 1(Y._1Y;_1)7!

3 Normalize W Winorm = Wil W; IN71
4 Calculate the # scores of X ti= X {_IWi'm,rm(WlTWi)_l
5 Calculate the p loadings of X pi = X{—l t,-(tﬁ ty) !
6 Calculate the ¢ loadings of Y g = (tIt) 1]Y;_4
Remove the effects of the ith factors X;= X;_1— tipiT
7 from the original matrices. Fori =1,
2, .., A Yi = Yi—l — tiQi
8 Repeat steps 2 to 8 until A LV's
9 Calculate the b regression vector b=W(PTW) 1q

Although others exist today, the NIPALS algorithm, proposed by Wold [39], was
the first PLS algorithm used to build regression models of this class. The Table 1 presents a
summary of the steps performed by NIPALS [38], starting from the X and ¥ matrices and

determining the regression vector b. For this, a weight factor matrix (W) is considered. The
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restriction of highly correlated # and y is ensured by making W proportional to the covariance

between X and Y.

1.3.3.3 Predictive analysis of common dimensions

The ComDim (Common Dimensions) methodology is a non-supervised multi-
block analysis aiming to extract common information in data generated by different techniques
[41]. These data are represented by matrices X1, X2, ...X», where b indicates the number of
techniques used. The ComDim analysis was designed to assess the associations between
individuals and variables within a multiblock setting where several variables, organized in
blocks, are measured on the same individuals [41]. The Predictive ComDim (P-ComDim) is a
supervised extension of the ComDim method in which a response data vector (y) is considered.
The aim is to investigate the association between y and Xj, ..., Xp. Latent variables (in this case,
common dimensions (CD)) are derived and used to highlight the relationships between y and
Xi1,..., Xp. The latent variables could also be used in a regression model to predict y from Xj,

eeey Xb.

Thus, a singular value decomposition (SVD) on the R; = X;X:yy' matrices are
performed (i ranges from 1 to b). This “common singular value decomposition” (because it is
related to X and y) will involve not only a component common to the X-blocks (z scores) but
also a component in the y-space (u scores). First, ¢ and u are considered to be length 1 and after
the SVD they are updated according to the weight assigned to each X-block. After that, a new
SVD is performed and the components are updated again. This algorithm is repeated until the
difference in residuals between the last two iterations is less than a pre-specified threshold
(normally tending to zero). With this, the first common dimension is obtained. Before
proceeding with the same steps to obtain the second common dimension, a deflation of the X-
blocks and the y-block with respect to ¢ is performed. Then, the same algorithm run again with

Xi, ..., Xp and y deflated [42].

For each common dimension extracted, there is a set of weights (called saliences),
scores, and loadings. Salience is the weight assigned to each data block for constructing a
specific CD and may be interpreted as the block variance represented in that CD. The scores
are projections of the samples in the CD common space, and the loadings are the weights of the
variables contained in each data block [43]—-[45]. In the end, a multiple linear regression (MLR)

between the y-block and the common dimension scores is built.
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Formally, the P-ComDim algorithm runs as follows to calculate de salience of i-th

X-block in a first CD (lgl)):

Table 2 - Steps of the P-ComDim algorithm to determine the ith salience (4;)

Step Description Equation
Randomly initialize
1 tV and u, both of e =1u® =1
unit length
Calculate the i-th 1 _ T
2 salience by A7 = tiRyuy
b D) pre1)
u® = /'L(UR t
T¢1)
3 Update u and ¢ I ZE 14 Rt "
successivel 1
- ®
I X2 A Riu® ||
Reiterate the Z((t(l))TR u(1))2 Z((t(l) )R, u(l) )2
4 algorithm starting i-1

from Step 2 until

< threshold (e g.,107%)

To determine the i-th salience of second CD (Agz)), a deflation of the X-blocks and

the Y-block with respect to the ¢ performed is X, = (I — ttT)X, and Y = (I — tt!)Y,

respectively (I is the identity matrix). Thereafter, the same algorithm is run anew on these

deflated data tables instead of the original data tables. The same process extends in a natural

way for the determination of subsequent i-th saliences of other CDs.
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CHAPTER 2. OPTIMIZATION OF PXRF INSTRUMENTATION
CONDITIONS AND MULTIVARIATE MODELING IN SOIL
FERTILITY ATTRIBUTES DETERMINATION

2.1 Introduction

Soil stands as one of the humanity's most important resources. Its chemical and
granulometric characteristics influence several factors such as water dynamics, climate,
organisms, forests, carbon cycles, and more. Apart from its undeniable environmental

significance, soils serve as the foundation for food production [1].

It is projected that the global population will reach 9.8 billion by 2050, leading to a
continuous increase in demand for agricultural products, primarily for food. The current world
scenario where environmental imbalances are increasingly overwhelming means that this
increase in production cannot be carried out anyway [2], [3]. This concern was discussed in
McBratney et al. [4], where the authors introduced the term “soil security” for indicate that it
1s imperative to take care of soils or we will likely have problems in several areas, including
the people's hunger [1]. A potential solution to promote soil-friendly food security lies in the
optimization of agronomic productivity in a sustainable manner, such as achieving higher yields

from the same cultivable land.

Soil fertility plays a crucial role in improving agricultural production. Preservation
of soil fertility and productivity depends on several factors, including periodic analysis [5] and
comprehensive knowledge of the spatial variability of fertility attributes [6]. Periodic analysis
is fundamental in the evaluation and monitoring of chemical and physical attributes of
agronomic interest. Access to high-density information regarding the spatial variability of soil
fertility attributes is crucial in the decision-making process to promote optimal nutritional
conditions for plants. For instance, adjusting agricultural inputs and implementing liming
practices based on local changes in soil properties may lead to both economic and productive

benefits.

In general, the key soil fertility attributes analyzed are soil organic carbon (SOC),
available nutrients (Ca, Mg, K, and P), and fertility indicators such as cation exchange capacity
(CEC), the sum of exchangeable bases (SB), base saturation percentage (BSP), pH, and
potential acidity (H+Al) [7]. Traditionally, the samples are manually collected and sent to
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laboratories where acidic or basic extractions are carried out [8]. More exactly, an analysis may
take about 3 to 15 days for delivering results [9]. In addition, the volume of chemical substances
involved in these analyses is high. For instance, according to Dematté et al. [1], to determine
the soil organic matter (OM), the wet combustion is predominantly applied. This methodology
uses 0.196 g of dichromate (Cr,O7%"), 1.20 g of ammonium ferrous sulfate hexahydrate
(Fe(NHa4)2(S04)26H20), and 5 mL of sulfuric acid (H2SO4) for only one sample. Considering
the potential of 600 million soil samples to be analyzed globally per year, around 840 thousand
kg of dichromate and ammonium ferrous sulfate and 3 million L of sulfuric acid will be
consumed. Besides, for OM, it is estimated a cost of US$ 5.00 per sample, with an annual
expenditure of US$ 2.5 million. Consequently, the analysis of a large number of samples require
hard preparation, are destructive, expensive, time-consuming, use reagents and may generate a
considerable amount of waste, which must be correctly disposed. Thus, the development of

faster and cheaper methodologies based on green chemistry has become a priority [8], [10].

Spectral-analytical techniques have been used as an alternative methodology to
assess soil properties quickly, economically, and environmentally friendly [11], [12].
Techniques such as Near Infrared Spectroscopy (NIR), Laser Induced-Breakdown
Spectroscopy (LIBS), and Energy Dispersive X-ray Fluorescence (EDXRF), when associated
with multivariate analysis, have shown their ability to quantify soil fertility attributes. Although
they are not established as a reference, they already demonstrate their potential and occupy their
space in research focused on this area [10], [12]-[18]. In this perspective, EDXRF has been
successfully employed in the analyses of several soil attributes, among which are those

previously mentioned [10], [17], [19]-[26].

EDXRF is a non-destructive atomic emission technique based on photoelectric
effect for the characteristic X-rays production after atomic deexcitation. It provides the
advantageous possibility of multielement analysis, quickly and at low cost [27], [28]. With an
appropriate detector, the elements present in the sample are identified and quantified by
evaluating the peak intensities in the spectra. The determination of elements lighter than Al is
affected by the low fluorescent yield, and due to the low characteristic X-ray energies, the
efficiency of Si semiconductor (widely used in EDXRF instruments) to detect them is also low.
Consequently, the EDXRF is adequate to quantify the total inorganic concentration of elements
with Z > 13. On the other hand, most EDXRF equipment is operated at an energy range in
which the photoelectric effect is not the only predominant interaction phenomenon [29], [30].

The radiation scattering by electrons in the analyzed sample is also likely to occur. Elements
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with atomic number lower than 8 have higher cross-sections for Compton scattering. Thus, the
Compton scattering may provide information about light elements and the general composition

of complex organic samples [31].

In most published studies which use EDXRF associated with multivariate analysis
to predict soil attributes, the data matrix used consists in a set of elemental concentration values
obtained from an instrument quantitative routine. However, the spectral data is considered a
dataset with more information than a set of concentration values and may provide better
performance and interpretability in the modeling process. Notwithstanding, several operating
conditions are possible to be applied in the measurement of an X-ray spectrum in a soil sample.
To efficiently quantify the total concentration of light and heavy elements in the same sample,
different measurement conditions are required. As an example: 15 kV in the X-ray tube for light
elements (from Na to Sc) and 50 kV for heavy elements (Ti to U)[32]. It implies in a longer
measurement time. Conversely, the use of portable EDXRF (pXRF) equipment in this
methodology is advantageous because they allow for faster measurements and lower operating
costs when compared to the benchtop EDXRF. They also provide the promising possibility of
in situ measurements. /n situ prediction based in laboratory-calibrated models is an ambitious

and challenging proposal that still needs to be widely assessed.

Although there are already studies using pXRF with multivariate analysis to predict
soil fertility attributes [21], [33], [34], few of them compare benchtop EDXRF versus pXRF
performances. In this sense, this research was motivated by the study about the redundant
information in the spectra from three different operating conditions in a portable EDXRF
equipment, aiming to find an optimized measurement condition to predict soil attributes and
compare it with the modeling at EDXRF benchtop data. For that, spectra generated at 15, 30
and 50 kV in the X-ray tube and elemental concentrations determined by a commercial
quantitative pXRF routine of soil samples were modeled with the Partial Least Squares
Regression (PLS) to predict soil fertility attributes and the optimized experimental condition

was evaluated.

Considering that data from different measurements conditions will be evaluated,
data fusion approach are interesting tools to be applied. Data fusion seeks to exploit the
synergism among disparate data to improve predictive accuracy [35]. The combination of data
may be carried out basically at three levels: low, mid, and high. Low- and mid-level was used.

In the low-level fusion, the model is built with data from all sources concatenated in a single
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matrix. Thus, the concatenated model performance allows the synergy evaluation among the
different data sources in the property of interest prediction. The mid-level fusion requires
further steps. Firstly, extracts the relevant features from each data source separately. After that,
the concatenation process is performed, and the new dataset generated is used for modeling.
There are different ways to extract the relevant information, e.g., through principal component
analysis (PCA) scores [35]. Although still little explored with XRF spectral data, the Predictive
Analysis of Common Dimensions (P-ComDim) is an alternative to mid-level fusion methods.
In this approach, the common information shared by each spectral class is identified, enabling

the interpretation of its relevance for the prediction attribute of interest [36].

From this perspective, the spectra data from the three different measurements
conditions were fused at the low- and mid-level approaches before the modeling. The worse
performance of the fused compared to the individual models indicates the lack of
complementarity between the data, allowing to discard the requirement to measure with three

experimental conditions together.

Facing these motivations, the hypotheses elaborated in this study were: 1) The
pXRF spectra data modeled with PLS generate models capable of predicting soil fertility
attributes with good performance and confidence; ii) Models with fused data provide models
with equivalent performance than models built with individual datasets, enabling the optimized
use of a single experimental condition for modelling; 1iii) pXRF spectra produce results
equivalent to those constructed with benchtop EDXRF spectra. The optimized models’
performance was compared with those reported by Dos Santos et al. [18], [26], in which the

same sample area was explored.

Finally, with the optimal conditions for modeling established, a preliminary study

assessing in situ extrapolation of laboratory-calibrated models was conducted.
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2.2 Methodology

2.2.1 Soil Sampling and Reference Analyses

The study was carried out in an agricultural area at Ribeirdo Vermelho basin in
Cambé municipality, Parand State, Brazil. The area comprises the latitudes between
23°09'59.70" and 23°09'50.14" S and longitudes 51 °14'42.27" and 51°14'56.87"W. The region

is located in the north of Parana State and covers 12 ha.

The soils were classified as Eutrophic Red Latosol and Eutrophic Red Nitosol [37]
or Rhodic Ferralsol and Rhodic Nitisol [38], respectively. These soils are highly weathered
from basalt and and has a clay texture (760 g kg '), whose predominance is kaolinite, iron and
aluminum oxyhydroxides. The average slope of the area is 0.09 m m™!, where the altitude varies
between 544 m and 514 m. No-tillage has been used for over 17 years with scarification carried
out on average every five years. During this period soybeans were cultivated in the summer and

corn in the winter. Oats were sometimes grown in winter.

394 soil samples were collected at three depths (0—5 cm, 5-10 cm and 10-20 cm).
In the laboratory, the samples were dried at 40 °C for 48 h and ground in a 2 mm sieve for the

soil attributes chemical analysis and EDXRF measurements.

The analyzed soil fertility attributes were: exchangeable macronutrients (Ca*",
Mg?*, and K*), available phosphorus extracted by Mehlich-1 (Pm), pH, potential acidity (H+ALl),
soil organic carbon (SOC), cation exchange capacity (CEC), sum of exchange bases (SB) and

base saturation percentage (BSP) [39].

The SOC contents were determined by the dichromate oxidation method (Walkley-
Black). Exchangeable contents of Ca*? and Mg™ was extracted by KCI 1 mol L' solution,
measured by atomic absorption spectrometry while flame photometry and UV-Vis molecular
absorption spectrophotometry using Mehlich-1 extractor solution were used for the K™ and the
Pm quantifications, respectively. For the pH scale, the potentiometer in a CaCl, solution at a
ratio of 1:2.5 was used. By adding the SMP buffer solution, the pH-SMP readings were
performed to determine the H+ Al. With these values, the SB (Ca*"+ Mg?"+ K*), CEC (SB +
H"+ AI’") and BSP (100 x SB x CEC™!") were estimated.

All conventional analyses were carried out in the IDR Soil Analysis Laboratory in

Londrina, Parand, Brazil, following the recommendations of Pavan et al. (1992) [39]. The
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values of fertility attributes quantified by conventional methods were organized in vectors y

and were used as dependent variables in the models.

2.2.2 pXRF Analysis

Approximately five grams of soil in loose powder form were accommodated in
polyethylene XRF cups (n°.1530, Chemplex Industries Inc., USA) sealed with Mylar film for
XRF scanning in the Tracer 5i (Bruker Inc.) handheld equipment. This amount of sample
resulted in around 10 mm sample thickness, being considered an infinitely thick sample for the

X-ray energy range considered.

The instrument was operated in the GeoExploration mode. It is an empirical
package which is factory calibrated using several standard soil samples covering geologically
relevant ranges for 48 elements from Mg to U. The output of the Geoexploration mode is a table
with the elemental concentration and their uncertainties. Measurements in this mode are carried
out in three phases: (i) 30 kV and 13 pA with 25 um of Ti and 300 um of Al fiters (30kV
condition); (ii) 50 kV and 22.85 pA with the aforementioned filters plus a 75 um of Cu filter
(50kV condition); (ii1) 15 kV and 12.15 pA without filters (15kV condition). The elements of
Z <20 are quantified using the 15 kV spectrum with a correction for Compton scattering. The
excitation was performed in air atmosphere using primary X-rays generated from a Rh tube for
30 seconds for each phase. A Silicon Drift Detector (SDD) was used, and the spectra were
recorded in 2048 channels. The spectra were normalized by tube current and detector live time,

resulting in spectra units of counts of photons per second per microampere (cps pA™").

All samples were measured three times in different sample portions, shaking the
XRF cup before each measurement. A mean spectrum was calculated for each sample. The
pXRF spectra generated by each phase (measurement condition) and the elemental
concentrations were organized into individual matrices X and were used as independent

variables to build the PLS individual models.

To evaluate the GeoExploration quantitative mode performance, the elemental
concentration of standard reference materials (SRMs) was determined. These SRMs were
manufactured by the International Atomic Energy Agency and are constituted of clay soil
(PTXRF-TAEA13), river clay sediment (PTXRF-IAEAQ9), plastic clay (IPT32) and Sao Simao
clay (IPT42). All these SRMs were measured ten times in the pXRF equipment. The average

values, propagated errors and recoveries against certified values are shown in the tables below.
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Table 3 - Mean =+ propagated error (n=10) and recovery between certified concentrations and

quantified by pXRF of SRM IPT32

Mean *
Element Propagated Error Recovery
glkg
Mg 7+6 301%
Al 174£10 116%
Si 225+10 94%
P 0.31+0.11 54%
K 5.4+0.2 81%
Ca 1.24+0.08 102%
Ti 10+0.3 112%
Fe 25.7£0.6 106%

Table 4 - Mean =+ propagated error (n=10) and recovery between certified concentrations and
quantified by pXRF of SRM PTXRF-IAEA09

Element Mean +Propagated Recovery
Error
g/kg
Mg 8+5 93%
Al 69+6 115%
Si 288+14 89%
P 0.87+0.14 79%
S 0.33+0.11 102%
K 17.7+£0.7 91%
Ca 9.1£0.3 66%
Ti 4.79+0.19 111%
Fe 33.1+0.8 112%
mg/kg
Cr 77+36 71%
Mn 710128 86%
Co 8+5 60%
Ni 3245 85%
Cu 12+3 61%
7n 70+6 73%
Ga 11£5 82%
As 1243 93%
Rb 1075 100%
Sr 108+5 102%
Y 33+4 104%
Zr 369+16 122%
Nb 17+5 108%
Ba 401+£80 98%
La 41+34 113%
Pb 8.2+1.8 22%
Th 10+7 92%
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Table 5 - Mean =+ propagated error (n=10) and recovery between certified concentrations and

quantified by pXRF of SRM IPT42

Element Mean + Propagated Recovery
Error
glkg
Mg 6+6 506%
Al 204+9 120%
Si 23247 97%
P 0.42+0.11 136%
K 4.01+0.15 103%
Ca 0.51+0.05 142%
Ti 6.08+0.14 106%
Fe 7.9340.19 104%

Table 6 - Mean =+ propagated error (n=10) and recovery between certified concentrations and
quantified by pXRF of SRM PTXRF-IAEA13

Mean =
Element Propagated Error Recovery
glkg
Mg 8+6 71%
Al 87+7 87%
Si 236+11 90%
P 0.36+0.11 295%
S 0.14+0.08 165%
K 1.34+0.09 114%
Ca 10.9+0.3 71%
Fe 60=+1 111%
mg/kg
Cr 34430 224%
Mn 1021+60 69%
Co 14+8 79%
Ni 10+4 109%
Cu 26+4 48%
Zn 4245 64%
Ga 16+5 65%
Rb 13£2 84%
Sr 15149 101%
Y 27+3 86%
Zr 12248 90%

The average recovery among the elements present in the SRMs, in %, were: Mg

(243), A1 (109), Si (93), P (141), S (133), K (97), Ca (95), Ti (110), Cr (155), Mn (80), Fe (109),
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Co (70),Ni (97), Cu (55), Zn (81), Ga (74),Rb (92), Sr (101), Y (95) and Zr (106). The elements
with concentration recoveries between 80 and 120% were used in the modeling with

concentration results.

2.2.3 Multivariate Analysis Methods

As an exploratory analysis, the PCA with the fertility attributes by conventional
methods and pXRF spectral data was performed to evaluate similar and distinct characteristics
among the responses generated by the same sample set under different experimental
measurements. In terms of the different variables obtained in the sample set studied, different
clusters may be generated. They reveal non-explicit patterns of associations among the samples.
This information is useful for PLS modeling because it may be evidence of the optimal

conditions sought.

In the PCA with fertility attribute data, the different orders of variables magnitude
were adjusted using autoscaling as pre-processing. In this pre-processing, the sample matrix is
mean centered (each value is subtracted by the mean calculated for each variable) and divided
by the standard deviation calculated for each variable. Therefore, as the standard deviations are
proportional to the magnitudes of the data for each variable, they are normalized to a common
scale, however, maintaining the variance patterns between the samples. With a similar
objective, in the spectral data PCA, the pre-processing Poisson scaling combined with Mean
Center (Poisson + MC) was used as preprocessing. Analogous to autoscaling, Poisson scaling

divides the sample spectral matrix by the square root of the mean calculated for each variable.

In the multivariate modeling, six calibration strategies have been performed: (i)
using 15kV condition; (ii) using 30kVcondition; (iii) using 50kV condition; (iv) using
elemental concentration data reported by GeoExploration mode (CNC); (v) concatenation of 15
kV, 30 kV, and 50 kV spectra (CNT); and (vi) using scores of the P-ComDim analysis (PCD).

The methodological steps followed in this study are shown in Figure 10.
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Figure 10 - Methodology schematic design.

The complete dataset was divided, with the Kennard-Stone algorithm, into a
calibration (70% of samples) and prediction (30% of samples) sets. This algorithm was applied
to the spectral data matrix obtained at 15kV condition. As a result, 276 samples were selected

for the calibration set while 118 were selected for the prediction set.

The Kennard-Stone algorithm is used as a method for selecting a representative
sample subset from a larger set. It was developed in 1969 by Kennard and Stone and is widely
used in analytical chemistry and other areas involving multivariate analysis. This method uses
distances for each samples pair to select the samples that will belong to the subset [40], [41].

The algorithm works according to the steps:
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i. A distance matrix among all samples of the original data set is calculated.
This distance matrix may be built using different metrics, the Euclidean
distance is the most used.

ii.  Two initial samples are randomly chosen.

iii.  In each subsequent iteration, the distances between the remaining samples
and the selected set are calculated. The sample that has the greatest distance
from the already selected set is chosen.

iv.  The sample selected in step iii) is included in the subset.

v.  Steps 3 and 4 are repeated until the desired number of samples has been

selected.

2.2.3.1 Individual Models

PLS was used to build the prediction models with individual spectra data and
concentration data. To properly select the number of latent variables (LV) included in the PLS
models, cross-validation with contiguous blocks (using sets of 10 in 10 samples) was used. The
number of LV was chosen according to the minimum root mean square error of cross-validation
(RMSECYV). The identification and removal of outliers in all models was performed in
agreement to the criteria of data with extreme leverage and unmodeled residuals. This method
is explained in detail in [42] reference. All PLS modeling were performed in MATLAB R2022a
(The MathWorks Inc., Natick, USA) and RStudio software’s.

Two parts of all spectra were cut. The first corresponds to a region with a signal
added by the equipment manufacturers while the second corresponds to a background region
without characteristic peaks. As a result, 0.98 to 15.00 keV, 0.98 to 25.00 keV and 0.98 to 25.00
keV were the energy ranges used for the 15, 30 and 50kV instrument conditions, respectively.

Thus, the 15kV condition had 701 variables while the 30 and 50kV conditions had 1201.

The 15kV, 30kV and 50kV models were pre-processed using Poisson + MC. It was
chosen after evaluation the optimization results reported by Dos Santos et al. [26]. Poisson pre-
processing weight the data according to its particular uncertainty [43] and is justified because
in the XRF data, the statistical uncertainty in each variable is governed by Poisson statistics
[32], where the absolute uncertainty at any given data point is larger as the number of counts
represented by that point increases [44]. Thus, all the dataset variables are equalized, reducing
the impact of variables that present great magnitude and mask information in the other variables

with small magnitude.
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In the CNC model, the elements with concentration recoveries between 80 and
120% were used in the PLS models. The elements considered were Al, Si, K, Ca, Ti, Fe, Ni,
Rb, Sr, Y and Zr. To normalize the different orders of concentration data, autoscaling was the

pre-processing applied.

2.2.3.2 Fusion Models

Two data fusion approaches were used to build the fusion models. In the low-level
approach, spectra were concatenated and PLS was performed (CNT). Before being
concatenated and pre-processed, each spectrum was normalized by the Fe peak intensity to
minimize differences among the characteristic peaks generated by the three configurations in
the X-ray tube. The concatenation order was performed with 15 kV, 30 kV and 50 kV. Then,

Poisson + MC pre-processing was applied.

The mid-level fusion was performed with the P-ComDim approach (PCD). The
PCD was applied in the 15 kV, 30 KV and 50 kV XRF spectra pre-processed with Poisson +
MC to verify the existence of common information shared by them. Moreover, it was also
evaluated which spectral configuration most contributes to the prediction each fertility attribute.
The number of common dimensions (CDs) was chosen according to the total accumulated
variance and the best R* and root mean square error of prediction (RMSEP) values. The
Graphical User Interface for P-ComDim analyzes used in this study was developed and coded
for Matlab software by Mishra et al. [45] and may be downloaded at
https://github.com/puneetmishra2/Multi-block.git.Through the results generated by the data

fusion approaches, the veracity of the second hypothesis may be attested.

2.2.3.3 Comparison Parameters

The model’s performance was evaluated and compared by root mean square error

(RMSE), square correlation coefficients (R?), and the ratio of performance to deviation (RPD):

SO = 52
RMSE = J — a7
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RPD =
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where y; represents the i-th soil fertility attributes determined by conventional analyses, ¥, the
fertility attribute determined by the model, y; the mean of the soil fertility attributes determined
by conventional analyses and RMSEP the prediction RMSE.

As reported by Viscarra Rossel et al. [46]: (1) excellent models (RPD > 2.5), (2)
very good models (2.5 > RPD > 2.0), (3) good model (2.0 > RPD > 1.8), fair (1.8 > RPD > 1.4),
and very poor model (RPD <1.4).

The equivalence between the models was performed in two ways. At the first, the
relative performance of the models was evaluated in percentage terms using the relative

improvement (RI), calculated according to equation 20,

_ 100(RMSEP, — RMSEP;)

RI
RMSEP, (20)

where RMSEP; is the RMSEP of the model taken as reference and RMSEP» is the value to be

compared.

At the second, the statistical significance of the difference between the models’
accuracy was evaluated by a randomization test with 0.05 significance [47], [48]. This test
compares the RMSEP values evaluating the null hypotheses in which the predictive accuracy
is equal (RMSEPA = RMSEP3) and the alternative hypothesis in which the predictive accuracy
is not equal (RMSEPA # RMSEP3). This is performed according to five steps: (i) Calculate the
difference between the model’s prediction squared residuals; (i1) Calculate the mean squared
difference of the model residuals; (ii1) Randomly multiplicate the residuals difference by +1 or
-1; (iv) Calculates the mean squared difference of the residuals after (iii); And (v) repeat steps
(ii1) and (iv) k-times. The steps (iii) and (iv) were repeated 1999 times and the p-value was

compared with the critical p-value at 95% confidence (0.05).

The experimental condition that produced the best individual models was identified
according to performance comparison parameters. After that, the equivalence between models

in the optimized experimental condition and fusion models was evaluated.

Moreover, the optimized condition models were also compared in terms of
performance and equivalence with models built with spectral data from benchtop EDXRF,
reported by Dos Santos et al. [18], [26]. The benchtop EDXRF measurements were carried out
in the Shimadzu (EDX720 model) equipment, which has a 50 W X-ray tube with Rh target.

The comparison is possible because these benchtop PLS models were built with the samples of
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the same area and class of soil. Pareto scaling pre-processing and 15 kV in samples irradiation
was used. The compared SOC model was built with iSPA variables selection [26] while the full
spectrum was used for the other soil attributes [18]. These were the models with the highest

performance reported.

2.2.3.4 Figures of Merit

To attest the performance and quality of the optimized model, the following figures
of merit were calculated: accuracy, systematic errors (bias), linearity, sensitivity (SEN), inverse
of analytical sensitivity (y '), limit of detection (LOD) and limit of quantification (LOQ). The
figures of merit definitions used follow the recommendations of the IUPAC (International
Union of Pure and Applied Chemistry) and the standard E1655-0017 of the ASTM (American
Society for Testing and Materials) [49], [50]. The equations used are found in the references

[42], [47], [51].

The accuracy is the agreement degree between the mean of a repeated
measurements number and a reference value [52], [53]. It was evaluated by RMSEP, RPD
because they are estimated from external validation samples. In addition to these parameters,

the relative error in the predicted values in percentage, RE(%), eq. 21, was also used,

n ~
Zi=p1(yi - yi)z
n

RE(%) = 100
)
i=1 Yi

21

where 1, is the number of prediction samples.

IUPAC defines bias as the non-random systematic errors that are calculated by the
difference between the population mean and the true value [50]. The presence of significant
bias in the models was evaluated by applying a t-test for the validation samples at the 95%

confidence level, as equations 22, 23 and 24, as recommended by ASTM [49].
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B |bias|/n,

t =
SDV 24)
If the t-calculated by eq. 24 is greater than the t-critic at n,, — 1 levels of freedom

with a 95% significance level, there is an indication that the systematic errors present in the

model are significant.

The linearity evaluation in multivariate calibration models cannot be performed by
analysis of variance (ANOVA) as in univariate models. Alternatively, this is done by checking
the non-existence of trends in the calibration model residuals. Qualitatively, visual inspection
of the residual’s scatterplot is an alternative. However, this is a subjective way and may lead to
errors. Quantitatively, this may be performed using the Durbin-Watson (DW) test, according to
Ref. [47], [51]. This test evaluates the autocorrelations between successive residuals in the
augmented partial residuals plot (APARP) establishing the hypotheses: there is no correlation
between them (null hypothesis) and there is correlation between them (alternative hypothesis).
In this case, the probability associated with the DW statistics (eq. 25) was estimated by p-value.
The p-values greater than 0.05 indicates the absence of non-linearities at the 95% confidence

level.

n.—1
Y5l (e — €)?
S o2 25)

i=1 €

DW =

e; is the ith residual and n. is the number of calibration samples.

The sensitivity (SEN) determines the fraction of the signal responsible for the
addition of a concentration unit of the property of interest [54]. In multivariate calibration
models, one of the ways to quantify SEN is through the regression vector (b), according to eq.

26,

1
SEN = —— 26
I b 26

The || b || represents the b Euclidean norm [54].

Another parameter related to the model sensitivity is the inverse of the analytical
sensitivity (y'l). This quantity provides an estimate of the minimum difference that is

discernible by the model considering random experimental noise as the only error source. Thus,
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this figure of merit is directly related to the method resolution and, consequently, the number

of decimal places to be used to express the forecast values [54], [55].

To provide sufficient conditions for the reliable calculation of the experimental

noise (Jy), a background region of the XRF spectrum without the existence of characteristic

peaks may be used [17], [56]. In this case, Ox was quantified by the standard deviation of the
region corresponding to the 9-10.5 keV range for the 15 kV spectrum of the calibration samples

set. In its value possession, the y'l was calculated according to eq. 27,

-1 _ 6X

= 27
SEN .

Y

The LOD is the lowest concentration of the interest substance that may be detected,
but not necessarily quantified. On the other hand, the LOQ represents the lowest concentration
of the interest substance measured with a maximum uncertainty of 10% [50]. For PLS models,

LOD and LOQ are determined using equations 28 and 29, respectively.

LOD = 331 b | &y (28)

LOQ = 101l b Il 6% (29)

2.2.4 In situ measurements

In the preliminary study on extrapolation of models with optimized conditions for
in situ predictions, 18 samples from the same study area were measured in situ. They were
selected to cover the entire area. The soil was drilled between 0 and 10 cm with a hand auger
and minimally flattened with a trowel. Then, Tracer 51 in the 15kV condition of Geoexploration
mode adjusted for 4 s were used for each spectral reading, based on the results reported by
Tavares et al. [57]. Measurements were made in triplicate and mean spectra were calculated.

Figure 11 shows some photographs recorded during the measurement process.

In addition, approximately 30 g of soil was collected from all sampling points for
new spectral readings in the laboratory and another 300g was sent for conventional analysis of

fertility attributes in IDR Soil Analysis Laboratory, Londrina, Parana, Brazil.

In the laboratory, the samples were dried at 40 °C in oven and the moisture content
was determined. Subsequently, they were prepared in the same way as the original set of 394

samples, i.e., macerated and sieved to a particle size <2 mm. Spectral measurements were taken
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in triplicate at the end of each step using 4 and 30 s in pXRF spectrometer. The mean spectra
were calculated. This resulted in five sample sets: 18 samples measured in situ with 4 s (InSitu),
18 dry samples measured in the laboratory with 4 s (Dry4) and 30 s (Dry30), 18 dry samples
with particle size < 2 mm measured in the laboratory with 4 s (Dry2mm4) and 30 s

(Dry2mm30). To simplify understanding, these five sets will be called in-situ-sets.

The spectra of in-situ-sets were normalized by the tube current and detector live
time, pre-processed with Poisson + MC and, finally, used as extra validation of SOC and CEC
laboratory-calibrated models with the optimized conditions. These results allow for the
assessment of the generalization power of models calibrated in the laboratory to field

conditions, where sample preparation is not controlled, and measurement time is scarce.

Figure 11 - Photos recorded during the in sifu measurement process
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It is important to mention that due to the initial conditions and ideas of this research,
the 18 samples used for the preliminary study on the possibility of in situ modeling were
collected after several harvests and inter-harvests in the study region. During this period, the
area was drastically altered by fertilization, plowing, agricultural machinery traffic, and other

agronomic activities.

2.3 Results and Discussion

2.3.1 Conventional Analysis

Soil fertility attributes descriptive statistics quantified by conventional analyzes are
presented in Table 7. The results demonstrate that the Kennard-Stone algorithm separated the
samples from the calibration and prediction set preserving the data representativeness. The K*
and Py values show high variability (CV > 60%) while pH and CEC are low (CV < 12%). The
CV values for the other attributes are of medium variability in the study area (12% < CV <
60%) [58]. This range in the attributes is naturally caused by the fertility gradient on the
Ferralsoil profile, commonly observed in areas under no-tillage management where the highest
fertility is observed on the surface layers, decreasing with increase of the depth [59].
Conversely, the inputs and fertilizers used may also alter soil fertility attributes. Thus, the high
CV values for Py and K may be also related to the in-line application of fertilizers, as well as
the adsorption and mobility of these elements [60]. Furthermore, the values for fertility
attributes quantified in Ferrasols managed with a no-tillage system by Briedis [61] are similar

to those presented.
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Table 7 - Descriptive statistics of soil attributes determined by conventional methods. Ca, K, Mg and P
concentration values represent the bio-disponible fraction.

Attribute Set of Samples Mean=SD CV (%) Median Minimum Maximum

All 19.8+4.3 218 20.0 7.6 30.5
(gsggc_l) Cal 19.8+4.5 225 20.4 7.6 30.5
Pred 19.944.0 203 19.9 9.7 293
All 13.7+1.5 113 14.0 93 17.9
CEC
(cmol.kg) Cal 13.8+1.6 11.4 14.0 93 17.9
Pred 13.5+1.4 10.7 13.5 9.8 17.2
All 83+1.9 227 8.0 2.1 12.6
(cmOSlBkg_l) Cal 84419 222 8.7 22 12,6
Pred 7.941.9 23.6 8.2 2.1 11.5
All 6.0+1.5 252 6.0 1.4 9.2
Caz+

(cmol. kg™) Cal 6.1+1.5 245 6.4 1.4 9.2
Pred 5.7+1.5 26.4 5.7 1.4 8.9
All 024+0.16  66.78 0.00 0.05 1.15
(cm(fl( ke Cal 0.3+0.2 64.6 0.2 0.05 12
Pred 020+£0.14 7034 0.16 0.05 0.7
2 All 2.040.6 28.5 2.0 0.7 3.7
Mg~ Cal 2.040.6 29.0 2.0 0.7 3.7

(cmol. kg™)
Pred 2.040.6 272 2.0 0.7 3.5
All 14.0+10.0 71.6 12.0 0.4 69.8
(mgpﬁg_l) Cal 13.4+8.9 66.7 12.3 0.4 60.3
Pred 15.3+12.1 78.8 12.0 1.3 69.8
All 5.3+0.4 7.7 5.0 42 6.5
pH Cal 5.3+0.4 7.6 52 42 6.5
Pred 5.2+0.4 8.0 5.2 4.2 6.5
All 60+10 16.1 61.0 18.0 80.0
1(331)) Cal 60.249.3 15.4 61.5 19.9 79.7

0

Pred 58.1410.2 17.6 60.4 17.7 77.2
All 5.5+1.1 19.7 5.0 2.7 9.7
H+Al Cal 5.4+1.1 19.7 53 2.7 9.0

(cmolckg™)
Pred 5.6+1.1 19.9 5.6 2.9 9.7

SD = Standard deviation; CV = coefficient of variation; All = complete dataset with 394 samples; Cal

= calibration set; Pred = prediction set.
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2.3.2 pXRF Results

The average pXRF spectrum from all soil samples is shown in Figure 12. It is noted
that the spectral response is different according to XRF instrumental setup. When 15 kV is
applied to the tube, the X-rays energy generated is not enough to adequately excite elements
heavier than Fe. As a result, this energy range is more efficient to excite lighter elements with
7 <26 [32]. Only the Rh scattering L-lines for X-ray tube are verified, however, they overlap
the Ka-line of Ar (2.958 keV), caused by the fluorescence of this element, which is present in
the ambient air between the sample and the detector. Beyond that, the 15kV condition shows

the highest background because none filter was used.

On the other hand, at 30kV and 50kV conditions, the fluorescence of the elements
heavier than Ti is favored and the Rh scattering K-lines peaks from the tube are evident. The
Rh peaks, mainly Rh from Compton scattering, are caused by interactions with light elements
(such as H, C, N, O), which result in high scattering and low absorption of incident radiation
[16], [62]. Furthermore, the background is lower under these two conditions due to the use of

filters.

Based on the different responses of the conditions analyzed in the spectrum, it was
possible to identify the Al, Si, P, S, K, Ca, Ti, Mn, Fe, Cu, Zn, Rb, Y and Zr presence, with the
Fe K-lines presented higher values. Consequently, the spectra at 15kV and 30kV conditions
showed the regions between 10 and 15 kV affected by Fe sum peaks. The 50kV condition did
not show the Fe peak sum due to the Cu filter use. The high intensity of the Fe peak is related
to the fact that this element is the main forming component of the soil under study and has a
high content [63], to the favorable fluorescence yield for the photoelectric absorption of this

element, and to the voltage used in the X-ray tube.

The descriptive statistics of the concentration results generated directly from
Geoexploration routine are presented in Table 8. The concentrations of Fe, Al and Si were
quantified in higher levels. This may be attributed to soil characteristics, including the soil
profile (rich in iron and aluminum oxyhydroxides), high mineral fraction (the basis of the
structure of most clay minerals is Si [64]), and weathering processes. Soils in an advanced state
of weathering show intense loss of silica (composed mainly of SiO2), with a resulting
accumulation of insoluble iron and aluminum oxides [65], the most frequent being goethite
(FeOOH), hematite (Fe203) and gibbsite (A1O3H3) [66]. In lower orders, the contents of Ti, Mn,

Ca, and K were also quantified in larger quantities in relation to the remaining elements. In the
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analyzed soil, these may be related to several sources, such as the clay fraction mineralogy, soil
texture, organic matter, fertilizers, to the matrix rock that formed the soil and resistance to

weathering and leaching.
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Figure 12 - Mean spectra of the 394 soil samples using three experimental conditions in the pXRF
spectrometer.
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Table 8 - Descriptive statistics of the total concentration per element determined by pXRF

Element Mean+SD Med CV Max Min Q25 Q75 Kurt Skew

g/kg
Al 100+8 100 8% 126 76 95 105 0.1 -0.1
Si 98+10 99 10% 127 67 91 104 004 -0.3
K 0.6840.13 0.67 19% 123 0.39 059 0.78 0.08 0.44
Ca 1.7+0.6 1.6 35% 44 06 13 20 22 12
Ti 2043 22 14% 33 15 20 24 10 05
Mn 1.6+0.3 1.5 19% 24 09 13 18 -05 05
Fe 188+13 190 7% 219 151 182 196 03 -0.6

mg/kg
Zn 94+11 93 12% 144 71 87 101 0.7 07
Rb 1444 13 29% 24 8 11 18 -08 0.6
Sr 1243 12 25% 35 6 10 14 58 15
Y 42+7 41 17% 68 23 36 47 0 0.2
Zr 226+13 226 6% 259 181 217 235 02 -03

SD = Standard deviation, Med = median, CV = coefficient of variation, Var = Variance,
Max = Maximum, Min = Minimum, Q25 = First quartile, Q75 = Third quartile, Kurt =
Kurtosis, Skew = Skewness

2.3.3 Exploratory Analysis

Figure 13, Figure 14, Figure 15, and Figure 16 present the PCAs with the samples set
of fertility attributes and spectra under different experimental conditions terms. Regardless of
the data matrix used, all PCAs demonstrated that Kennard-Stone separated the prediction and
calibration samples set maintaining data representativeness in both sets. This result is a
reflection of the clusters non-existence in the data set terms along all PCAs, Figure 13 (a), Figure

14 (a), Figure 15 (a), and Figure 16 (a).

Figure 13 shows the scores and loadings plots from PCA built with soil fertility
attribute dataset (X394¢10) determined by conventional methods. While PC1 explained 54.1% of
the total data variance, PC2 explained 16.6%. The remaining PCs do not demonstrate any
consistent separation and do not capture significant data variability values, so they were not
included. According to the scores plot with soil class separations in Figure 13 (b), it was possible
to observe a samples separation tendency. Samples classified as Red Latosol are located in the
negative PC2 direction while those classified as Red Nitosol are in the PC2 positive direction.
Through the loadings plot (Figure 13d), the attributes responsible for the samples separation
tendency in relation to the soil class were Py, Mg?*, pH, SOC, and K" in the Red Latosol
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samples while the BSP, SB, H+Al, Ca**, and CEC favored the Red Nitosol samples separation.
According to its positioning, the attribute with the highest correlation with the Red Latosol
samples was the Py which, on the other hand, presented smaller correlations with the Red
Nitosol samples. It is important to emphasize that the Red Latosol is positioned in an area with
lower slopes compared to the Red Nitosol, and the Py in the Red Latosol samples was quantified
by conventional analysis, on average, with higher values than to the Red Nitosol ones. Thus, a
possible cause for the observed separation tendency may be related to the water flow in rainy
events, which are greater in areas with steeper slopes, causing greater Py losses in the Red
Nitosol compared to the Red Latosol by soil transport [67]-[69]. In this context, the higher Pwm
values in the Red Latosol samples may indicate that this region acted as a deposit area for
phosphorus and, possibly, for organic matter, reducing the adsorption capacity and increasing
the P availability [69]. This hypothesis is supported by the SOC presence among the attributes
correlated with the Red Latosol samples, since the SOC content is directly proportional to the

soil organic matter content.

Conversely, the exchangeable Ca and CEC contents are the attributes with the
highest correlation with the Red Nitosol samples. These attributes were found in higher values
in these samples class and also contribute more significantly than the others to the sample

separation in the score plot.

The score plot with class separations by depth of Figure 13(c) did not show any
consistent cluster. This is evidence that the fertility attribute values have a uniform behavior in

terms of the three soil depths in the analyzed area.

The scores and loadings plots from the PCA with the spectral data matrix of the
15kV (X394x701), 30kV (X394c1207) and S0kV (X394¢1201) experimental conditions are shown in the
Figure 14, Figure 15, and Figure 16, respectively. For 15kV, the PC1 captured 74.47% of the
total data variability while PC2 contained 10.58%. For 30kV, 53.75% of the data variance was
captured by PC1 and 18.27 by PC2. At 50kV, PC1 and PC2 captured 52.85 and 14.62% of the
total data variability, respectively. The other PCs in each figure showed redundant information

and therefore were not reported.
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Figure 13 - Scores (a, b, and ¢) and loadings (d) plots from the PCA with soil fertility attributes
determined by conventional methods.

Analyzing the PCAs scores plots with spectral data, there is no samples

clustering by depth for all experimental conditions studied (Figure 14c, Figure 15c, and Figure

16¢). However, it is noted the existence of a separation tendency among the samples due to the

soil class in the 30kV and 50kV conditions, Figure 15 (b) and Figure 16 (b), respectively. In

both plots, the Red Nitosol samples are positioned on the positive PC2 axis, while those from

Red Latosol are on the negative PC2 axis. This is the same trend seen in the PCA with fertility

attributes of Figure 13(c).

Through loading plots of Figure 15(d) and Figure 16 (d), it may be observed that,

in spectral generated at 30 and 50kV condition terms, the variables that most contribute to the

Red Nitosol samples differentiation compared to Red Latosol are those with greater absolute

intensity in PC2. Therefore, it is the Ti K-lines, together with the Mn Ka peak and the scattering
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region (Compton and Rayleigh) when in the 30kV condition. In 50kV condition terms, the Ti

K-line and the scattering region are the more intense variables.

Although the PC1 at 30kV and 50kV condition has the greatest variance, the data

does not show separation trends along its axis. In the loading plots (Figure 15d and Figure 16d),

the Fe K-lines are the variables with the greatest intensity. In this context, this may be evidence

that samples of Red Latosol and Red Nitosol have similar Fe contents.
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Figure 15 - Scores (a, b, and c) and loadings (d) plots from the PCA with spectra at 30kV experimental
condition

In opposition to the behaviors found in the 30kV and 50kV conditions, the 15kV
PCA scores (Figure 14b) do not show any significant clustering in soil class terms. The Red
Latosol and Red Nitosol samples form a single cluster, indicating similarities when analyzed at
15kV condition. With 15 kV in the X-ray tube without filters, the fluorescence of lighter
elements is favored [32]. This explains the presence of Al, Si, K, and Ca K-lines among the
variables with greater intensity in the loadings plot (Figure 14d). In addition to these variables,
as in the 30kV and 50kV conditions, the Ti, Mn, and Fe K-lines also have high values along
PCI1 and PC2 loadings.

In 30kV and 50kV conditions terms, the fluorescence of the elements heavier than
Ti and the Rh scattering K-lines peaks from the tube are favored, but the elements lighter than
Ti are not detected. As a result, the exploratory analysis provided evidence that the samples

were separated by soil classification according to the absence of elements lighter than Ti, in the
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Figure 16 - Scores (a, b, and ¢) and loadings (d) plots from the PCA with spectra at S0kV experimental
condition

spectral cases. The elements lighter than Ti identified in the sample set are Al, Si, P, K, and Ca.
These elements are directly correlate with most fertility attributes that will be quantified by
PLS. For instance, Al, P, K and Ca total contents directly influence the exchangeable forms
Ca’", K*, available P and potential acidity (H+Al). The CEC, SB and BSP, which are attributes
obtained from them, are also influenced. Therefore, these findings are evidence that the 15kV
condition may be more advantageous in PLS modeling with spectral data to simultaneously
quantify the 10 proposed fertility attributes, because it may allow the fertility attributes in the

Red Latosol and Red Nitosol samples to be quantified with similar performance.

2.3.4 Prediction Models Comparison
Figure 17 shows the RMSEP, RPD and pred R? results. It compares all the models
for each fertility attribute. The prediction results were considered very good to poor depending
on the fertility attribute (R? pred from 0.13 to 0.81 and RDP from 1.0 to 2.3). The models with
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highest pred R2 and RDP values were SOC, CEC, SB, Ca?", K" and Mg?". They also showed
the lowest values for RMSEP.
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Figure 17 - RPD (blue bars and right vertical scale), prediction R? (red circles and left vertical scale) and
RMSEP (bold values at top of bars) for all prediction models.

In addition to Figure 17, full details of models at individual, low- and mid-level fusion
approaches are presented in Table 9, Table 10, and Table 11, respectively. In general, the most
successful approaches have been with 15kV, 30kV and 50kV, individually. CNC models had
intermediate performance, i.e., better than data fusion, however, less than or equal to individual
modeling. Data fusion produced the worst results, with the low-level approach performing

better than the mid-level.

The 15kV were the best for predicting SOC, CEC, and K*, presenting Pred R?

(RMSEP) values of 0.75 (2.10), 0.76 (0.68) and, 0.75 (0.06), respectively. For SB, the best
model was obtained at 30kV, with Pred R? (RMSEP) of 0.81 (0.80). For Ca*", the 50kV
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approach produced bests results, Pred R? (RMSEP) of 0.76 (0.66). In both situations (SB and
Ca?" best approaches), the 15kV spectra produced similar results. On the other hand, the CNC
was best for Mg®" modeling, Pred R? (RMSEP) of 0.75 (0.28).

According to the RPD intervals stablished by Viscarra Rossel et al. 2006 [46], the
15kV SOC, 15kV CEC, 30kV SB, 50kV Ca?" and CNC Mg?" models were considered very
good for prediction (RPD greater or equal to 2.0) while the 15kV K" model presented RPD of
1.9, considered good for predictions (Table 9 and Figure 17). Quantitative analyses are reliable
for these attributes. These findings support the first hypothesis, indicating that the pXRF spectra
data modeled with PLS generate models capable of predicting soil fertility attributes with good

performance and confidence.

In the remaining attributes, the 15kV strategy produced the best performances for
Pum while CNT, CNC and 50kV was the best for pH, BSP and H+Al, respectively. These four
spectral models showed lower pred R?, RPD, and higher RMSEP results when compared to the
previous. The RPD values ranged from 1.7 and 1.4, indicating fair predictions, therefore, the
Pm, pH, BSP, and H+Al results may be used in the qualitative evaluation and correlation
analysis. These soil attributes depend on many factors, including soil texture, mineralogy,
organic matter, soil depth, and water availability. The magnitudes variation of these parameters
in the soil is not accurately captured by the pXRF spectrum. In the pH and BSP cases, the lowest
CV values in the conventional analysis (Table 7) attest to the low variability of these attributes
captured by the samples, making their prediction even more difficult by the adopted approaches.
Conversely, although total P signal is detected by XRF, the modeling of Py is challenging for
several reasons. One reason may be associated with the low photoelectric cross-section and P
fluorescent yield, as well as its low concentration in the soil compared to other elements such
as Si and Al. Another reason may be the interference of other elements in P quantification.
Phosphorus emits characteristic X-rays at two main energies: 2.013 keV (Ka) and 2.139 keV
(KB). More abundant elements in soil, such as Al and Si, may absorb these characteristic X-
rays before reaching the detector, since they have absorption edges close to these energies
(1.559 and 1.839 keV for Al and Si respectively). Additionally, the P emission K-lines may
suffer interference from the Zr emission L-lines, and the Ca-K escape peak. Finally, the most
critical reason is that Py generally does not have a significant correlation with total phosphorus.
Other studies with similar methodologies also have shown difficulty in predicting Py, even with
XRF and NIR data, and presented findings similar to those of this work [70],[10], [18], [26].
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Table 9 - Detailed results of PLS individual modeling approach. Bold values indicate the best PLS
individual modeling strategy

. R? R? R?
Models Attribute Samples LV RMSEC Cal RMSECV cv RMSEP Pred RPD
15kV 383 7 1.70 0.84 2.30 0.73 2.10 075 2.0
30kV SOoC 380 5 1.93 0.80 2.83 0.59 2.50 062 1.6
50kV (gkgh) 383 5 1.99 0.79 2.83 0.58 2.62 0.60 1.5
CNC 383 8 2.25 0.75 2.45 0.70 2.40 067 1.7
15kV 369 6 0.75 0.76 0.93 0.64 0.68 0.76 2.0
30kV CEC 377 4 0.81 0.72 0.96 0.62 0.81 0.67 1.7
50kV (cmolckg™) 377 4 0.75 0.76 0.98 0.60 0.76 070 1.8
CNC 372 7 0.82 0.71 0.95 0.62 0.78 069 1.8
15kV 368 6 0.72 0.85 0.83 0.80 0.85 077 2.1
30kV SB 368 6 0.60 0.89 0.95 0.74 0.80 081 23
50kV (cmolckg™) 372 5 0.71 0.85 0.94 0.74 0.90 076 2.0
CNC 372 6 0.77 0.81 0.83 0.78 0.92 076 2.0
15kV 368 7 0.5 0.88 0.65 0.80 0.66 076 2.0
30kV Ca? 371 7 0.42 0.92 0.84 0.66 0.69 075 2.0
50kV (cmolckg™) 367 6 0.41 0.92 0.75 0.73 0.66 0.76 2.1
CNC 373 5 0.78 0.71 0.83 0.68 0.85 063 1.6
15kV 368 8 0.05 0.86 0.09 0.58 0.06 0.75 1.9
30kV K* 363 6 0.05 0.85 0.12 0.32 0.08 051 14
50kV (cmolckg™) 368 4 0.10 0.41 0.12 0.20 0.09 037 1.2
CNC 369 7 0.09 0.62 0.09 0.57 0.08 0.59 15
15kV 366 4 0.31 0.69 0.34 0.65 0.29 0.68 1.8
30kV Mg 372 4 0.32 0.69 0.36 0.62 0.30 069 1.8
50kV (cmolckg™) 369 6 0.20 0.69 0.37 0.61 0.29 0.68 1.8
CNC 367 7 0.30 0.73 0.32 0.69 0.28 075 2.0
15kV 377 7 4.55 0.7 6.35 0.43 5.35 048 1.4
30kV Pum 374 4 5.79 0.44 6.75 0.27 6.55 033 1.2
50kV (mg kg™ 375 4 5.55 0.48 7.01 0.21 6.32 032 1.2
CNC 371 7 5.43 0.50 5.84 0.42 6.09 038 1.3
15kV 389 4 0.24 0.58 0.26 0.51 0.21 048 1.4
30kV u 384 4 0.24 0.62 0.27 0.53 0.28 055 15
50kV P 387 5 0.21 0.72 0.29 0.46 0.3 049 14
CNC 374 6 0.18 0.75 0.2 0.7 0.29 053 1.5
15kV 373 6 4.23 0.76 4.90 0.68 5.50 0.57 15
30kV BSP 370 4 4.86 0.65 5.48 0.56 5.14 058 1.6
50kV (%) 370 5 3.83 0.80 5.18 0.63 5.01 062 15
CNC 366 5 4.69 0.69 5.00 0.64 4.67 0.64 1.7
15kV 379 6 0.52 0.74 0.78 0.44 0.75 047 14
30kV H+Al 379 4 0.68 0.52 0.82 0.34 0.78 043 13
S50kV (cmolckg™) 367 5 0.51 0.74 0.75 0.44 0.58 052 14
CNC 368 6 0.65 0.52 0.74 0.38 0.64 050 1.4

Cal = calibration; Pred=prediction; LV=latent variables; CV=cross-validation.

Regarding the CNC models, the better were SB, Py, pH, BSP and H+Al. However,
the concentration data models showed higher RMSEP and lower RPD and R? values in most
soil attributes compared to the individual spectra modeling, except for Mg?" and BSP (Table 9).
The presence of different characteristics in the samples, such as different soils, and other
organic and mineral materials, affects the total elemental concentration measurements, but the

spectral data are more sensitive to these variations. This complete complex matrix
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representation existing in a soil sample provided by spectral data may be a possible reason for

its better performance compared to concentration ones.

The best CNT models were for the SB, with Pred R? (RMSEP) of 0.79 (0.8), and
the Ca?", with Pred R2 (RMSEP) of 0.75 (0.7). The SOC and CEC CNT models presented Pred
R? (RMSEP) of 0.71 (2.2) and 0.73 (0.7), respectively. According to RPD results, these were
the only models classified as suitable for quantitative analysis. The remaining models showed
RPD too many values were below 1.5, being suitable for qualitative and correlation analysis
(Table 10). In conclusion, the use of concatenated spectra resulted in predictions similar or lower

than models with individual spectra attested by the RPD values ranging from 1.3 to 2.1.

The PCD models saliences and regression coefficients values of each CD for each
soil attribute are presented in Figure 18. According to these results, it is possible to verify that
all spectral conditions have similar salience values in each common dimension (CD) for all soil
attributes. This indicates that the common information generated by the different conditions is
distributed across the CDs. In addition, the similar saliences demonstrate the existence of
redundant information contained in the spectra obtained at 15, 30, and 50 kV. Consequently,
there are no regression coefficients with values much higher than the others in each CD.

Table 10 - Detailed results of low-level fusion modeling. The RI and randomization tests p-values (at
95% confidence) result comparing the 15kV models for each soil attribute.

Samples R? R? R?

Attribute (Lyy RMSEC ., RMSECV ., RMSEP , . RPD RI
(gS ‘lfg‘i) 3(2)3 1.6 0.87 2.5 067 22 071 16 -7.0
(cmiﬁﬁg-l) 3(35 05  0.89 1.0 061 07 073 13 -82
(cmosl?kg-l) 3(23‘ 0.6 091 0.9 079 08 079 15 04
(cm(;ﬁ z;g-l) 3(2)9 05  0.90 0.7 075 07 075 15 -127
(cm(fl(c +kg-1) 3(3 0.1 075 0.1 039 01 050 1.0 -47.0
(cml\ff:g-l) 3(2)1 03  0.69 0.4 062 03 057 13 -19.1
(m; Kg-l) 3&? 54 057 73 025 53 042 13 12
pH 3(471;5 02 071 0.2 064 03 057 13 -162
1(3021)) 3(471;3 02 071 0.2 0.64 03 057 14 -247
(cmlflfg-l) ‘ii? 07 053 0.8 033 08 043 13 -6.7

Periic = 0.05; LV= latent variables; Cal = calibration; Pred=prediction; CV=cross-validation.
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Table 11 - Detailed results of mid-level fusion. RI are comparisons with the 15kV models

Attribute RMSEC R*Cal RMSEP R!Pred RPD  RI
SOC (g kg™) 1.6 0.87 2.5 0.65 1.6 -22.34
CEC (cmol.kg™h) 1.0 0.63 1.1 0.57 1.3 -59.47
SB (cmol.kg™) 0.6 0.91 1.2 0.65 1.5 -42.89
Ca* (cmol.kg™) 0.5 0.91 1.0 0.65 1.5 -52.89
K* (cmol. kg™ 0.1 0.36 0.1 0.25 1.0 -118.46
Mg** (cmolckg™) 0.2 0.87 0.4 0.55 1.3 -51.70
Py (mg ke) 43 076 119  0.13 1.0 -123.28

pH 0.2 0.76 0.3 0.44 1.3 -6.62

BSP (%) 3.1 0.89 7.4 0.51 1.4 -34.89
H+Al (cmol.kg™) 0.6 0.72 0.9 0.39 1.3 -18.70

Peitic = 0.05; LV= latent variables; Cal = calibration; Pred=prediction; CV=cross-validation.
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Figure 18 - Saliences (vertical bars) and regression coefficient values (below the CDs on the X axis) of
the P-ComDim models

74



Reflecting the redundancy of spectra information under different experimental
conditions, the PCD models are inferior to all other models, showing the largest RMSEP and
the smallest R? (Figure 17). The RPD varied between 1.0 and 1.6 (Table 11), with better results
for the SOC, SB, and Ca?" models, classified as fair. The other RPD attributes were below 1.4,

being considered very poor models.

Evaluating all the model’s performance in Figure 17 it is verified that the 15 kV
spectra produced the best models for a greater number of fertility attributes than the other
experimental conditions. Therefore, 15kV condition may be a general optimized condition. To
attest it, the equivalence between the 15kV model and all other models were performed with

randomization tests. Table 12 presents the random test p-values.

Table 12 - Random Test p-values comparing 15kV models with all others

Attribute 15kV x30kV 15kV x50kV 15kV xCNC 15kVxCTN 15kVx PCD

SOC 0.004 0.001 0.01 0.03 0.001
CEC 0.03 0.01 0.03 0.2 0.001
SB 0.3 0.2 0.2 0.4 0.001
Ca? 0.2 0.4 0.002 0.1 0.001
K 0.001 0.001 0.01 0.01 0.01
Mg*" 0.3 0.4 0.4 0.02 0.001
Py 0.06 0.06 0.1 0.4 0.001
pH 0.03 0.2 0.9 0.9 0.07
BSP 0.2 0.2 0.07 0.04 0.01
H+Al 0.01 0.3 0.06 0.2 0.04

* Bold indicates values greater than critical (0.05 for 95% confidence).

The randomization test at 95% of confidence level demonstrates that 15kV
condition is considered equivalent to the best ones in the SB, Ca®", Mg?", pH, BSP and
H+Almodels. For the remaining attributes, 15kV had already produced the best performance
results. This may be justified because, unlike other spectral configurations, the use of 15 kV
without filters in the X-ray tube is advantageous for soil analysis, as it favors the fluorescence
of light elements [32], which are correlated with most of the analyzed soil fertility attributes.
Although the spectra at 15kV compared to those at 30kV and 50kV lack the K-lines associated
with Compton and Rayleigh Scatterings, which may carry information about the sample
complex organic composition, this absence is compensated for by the presence of absorption
peaks associated with Al, Si, P, K, and Ca (Figure 12). Therefore, these elements may be
responsible for the superior performance of the individual 15kV models, as suggested by the

results of the exploratory analysis.
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It is important to note that the Rh scattering L-lines are present in the 15kV spectra,
but, they overlap the Ka-line of Ar, hampering its usefulness in modeling. Thus, the 15kV
models were considered the optimized condition to be used as a reference in the pXRF

spectrometer to predict all the fertility attributes for comparisons in the next discussions.

The concatenated use of the spectra was only beneficial for the Pm modeling
compared to the individual 15kV model, with a 1.2% improvement. However, this was not
reflected in a higher RPD value, not being enough to classify them as good and suitable for
quantitative analysis [46]. In all other attributes the RI values were negative (Table 10). Similar
results were found in previous studies using different spectroscopic sensors but with the same

low-level approach [6].

The PCD models compared to the 15kV model produced only negative RI values
(Table 11). These negative values indicate that there was no relative improvement with this
multiblock modeling. Despite the unsatisfactory results of the regression with P-ComDim, the
methodology allowed verifying the non-existence of complementarity among the spectral data

in the different measurement conditions from the modeling fertility attributes point of view.

The worse results of the data fusion models compared to the individuals allow
discarding the need to measure under three experimental conditions. Thus, the use of only one
experimental condition, in this case 15 kV, 12.15 pA, 30 s, without filters in the X-ray tube,
produced reliable prediction results for the soil fertility attributes evaluated. These findings are
evidence that directly corroborated the second hypothesis. The optimized use of a single
experimental condition may produce a shorter time interval for measurements, a considerably

smaller amount of data for manipulation and less processing power to manage the models.

2.3.5 Figures of Merit

Once stablished the optimized reference models, the figures of merit for the 15kV
models were calculated (Table 13). Through the values of |Bias| and tgias it was observed that
only the K" model showed significant bias (tvias>teritic). The LOD and LOQ values were above
the lowest values obtained by conventional analysis only for the K* and Py models (Table 13).
For the other fertility attributes, the entire range of values obtained by the reference method is

valid.
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Figure 19 - Scatter plots of reference values versus predicted values (larger boxes) and residuals versus
reference values (smaller boxes) for PLS 15kV models

Besides the RMSE and RPD values, RE(%) was also evaluated to certify the models
accuracy. The K* and Py models showed the highest RE(%), 28 and 34%, respectively. The

other models presented values below 14%.

Conversely, the scatterplots for the 15kV models of all soil attributes (Figure 19)
show a linear pattern between predicted and reference data. It is also observed that the residuals
are randomly distributed around zero. Although pH, BSP and H+Al models show slightly
biased behavior in the residuals plot, the visual analyzes are qualitative ways of analyzing
linearity, which was verified quantitatively through the DW test. The DW p-values at 95%

confidence level did not indicate a lack of linearity in anyone model (Table 13). Thus, linear
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multivariate calibration methods such as PLS is enough for modeling soil fertility attributes

with pXRF spectral data.

Table 13 - Figures of merit of the 15kV PLS.

DW Test

Attribute p-value | Bias | thias SEN y' RE (%) LOQ LOD
SOC (g kg 0.82 0.37 1.95 0.3 0.2 10 1.83  0.60
CEC (cmol.kg™") 0.15 0.03 0.50 0.6 0.1 5 0.99 0.33
SB (cmol.kg™) 0.5 0.07 0.85 0.7 0.1 11 0.89  0.29
Ca®>" (cmol. kg™) 0.5 0.05 0.65 04 0.8 11 0.80 0.27
K*(cmol.kg™) 0.94 0.01 246  0.15  0.04 28 040 0.13
Mg?* (cmol. kg™) 0.98 0.03 093 1.63 0.04 14 0.38 0.13
Py (mg kg™) 0.85 0.06 0.02 022 0.14 36 144 047
pH 0.12 0.03 128 19 0.03 6 033 0.11

BSP (%) 0.41 0.50 0.94 0.66 0.09 9 0.94 0.1
H+Al (cmol kg™) 0.31 0.10 1.15 024 026 13 2.56  0.84

Peritic = 005, Leritic = 1.98

2.3.6 VIP Scores

The spectra energy range or peaks with higher importance in the prediction of each
fertility attribute for the 15kV models were evaluated by the informative vector called the

variable influence on projection (VIP) scores (Figure 20).

In the VIP scores, the variables with intensities greater than unity contribute
significantly to the modeling. According to them (Figure 20), the Ca- ka characteristic X-ray
peak was the most important variable in SOC, SB, Ca**, Mg?", Py, pH, BSP and H+Al models.
The CEC and K" models had Mn- ko, and K- ka peaks, respectively, as the most important
variables. However, the peak Ca-ka is the second most important variable in these models.
These findings agree with the correlation analysis carried out in previous studies by Dos Santos
et al. [18]. This was expected because Ca is directly or indirectly involved with most of the
evaluated attributes. The pH variation over time happens according to soil management,
successive crops, and fertilizations. When plants absorb positively charged nutrients (including
Ca?"), they release H" from the roots into the soil solution, which reduces the pH. The Ca** and
Mg?* contents are directly related to soil acidity. Generally, acidic soils have low Ca** and Mg?*
levels and soils with good fertility have higher Ca** and Mg*" levels [71]. Moreover, Ca*" is
directly considered in CEC, SB, and BSP calculations.

This significant importance of Ca content in different fertility attributes modeling

has also been reported in other studies conducted in different Brazilian tropical soils [18], [19],
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[72]-[75]. Because a significant part of the mineral composition is quartz, micas, kaolinite and
Fe and Al-oxides, Brazilian tropical soils may lack Ca in their crystalline structure. According
to most authors, this may explain the Ca content in soils, since 95% of its speciation consists of

the exchangeable form Ca®" [18].
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Figure 20 - Variable influence on projection (VIP) scores of 15kV PLS models. Values greater than
unity (red dotted line) indicate variables that significantly contributed to modeling

2.3.7 Comparison Between pXRF and Benchtop EDXRF Models

The prediction results of the EDXRF Benchtop models reported by Dos Santos et
al. [18], [26] are shown in Table 14. Comparing the results of the 15kV models with them, it is
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possible to verify that the values of Pred R?, RMSEP and RPD were similar, with a slight
superiority for the pXRF models in the case of CEC, K*, Mg?" and Pwm.

Table 14 - Prediction results from PLS calibration models with benchtop EDXRF spectral data reported
by Dos Santos ef al. in [18], [26]. The randomization test regarding the 15kV pXRF model is presented.

Attribute Pred R? RMSEP Rpp  Random Test
p-value

SOC (g kg 0.79 1.90 2.2 0.31
CEC (cmolc kg™) 0.67 0.85 1.7 0.01
SB (cmolckg™) 0.82 0.77 24 0.15
Ca?" (cmolckg™) 0.81 0.63 2.3 0.32
K" (cmolckg™) 0.65 0.075 1.7 0.93
Mg?* (cmolc kg™) 0.64 0.35 1.7 0.02
P (mg kg™ 0.39 5.72 1.2 0.19
pH 0.57 0.26 1.5 0.16
BSP (%) 0.71 52 1.8 0.45
H+Al (cmolc kg™) 0.55 0.72 1.5 0.27

* Bold indicates values greater than critical (0.05 for 95% confidence).

A randomization test at 95% confidence level comparing the 15kV models’
prediction values with the benchtop EDXRF values was performed. It is notable that, among
all soil attributes analyzed, only the CEC and Mg”*" pXRF models were not considered
statistically equivalent to the models built with benchtop EDXRF spectra. In these cases, the
pred R?, RMSEP and RDP values indicated a small superiority of the pXRF models over the
benchtop EDXRF models [18]. Although the difference in the model’s performance is small, it

may be responsible for the non-equivalence in the randomization test.

Although further studies are needed, it is possible to theorize that one of the reasons
for the pXRF and benchtop EDXRF models equivalence may be related to the technology
involved in both compared equipment. At first, the Shimadzu EDX 720 benchtop EDXRF
equipment may be considered better because it is more robust, however, the electronics
associated with signal processing are more modern in Tracer 51 pXRF equipment used in this
study, allowing processing to be performed in a shorter time interval. This makes pXRF capable
of detecting a greater number of counts in a shorter time, which leads to a richer spectrum of
information. Another possible reason is the measurement geometry. In the case of pXRF, the
distance traveled by the X-rays characteristic of the sample to the detector is smaller, reducing

the chances of attenuation in the air, an effect that reduces the number of counts that arrive for
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detection. Therefore, even being less robust, pXRF could produce results equivalent to the

compared benchtop.

In general terms, the performance equivalence of the models built with the
equipment evaluated in this study are evidence that corroborate the third hypothesis, indicating
that PLS modeling with spectra from portable XRF equipment generate models as accurately
and with good performance as the methodology with benchtop equipment. Since the benchtop
equipment remains in the laboratory, a great advantage of using pXRF is the mobility and speed
associated with the measurement step. After calibrating and validating the models, soil
attributes measurements with good accuracy may be obtained only with the spectral reading of
new soil samples prepared in the same procedure as before [14]. As soil chemical mapping
needs to be renewed periodically due to the influence of agronomic practices and the dynamics
of the soil-plant-atmosphere system [76], this methodology may allow the soil fertility spatial
variability to be quickly determined and with a smaller number of samples sent for conventional
analysis. The decrease in sampling density based only on conventional laboratory analysis is
advantageous from a financial, environmental, and logistical point of view. On the other hand,
with spatially accurate information about soil fertility attributes, fertilizers and limes

application may be optimized, increasing agricultural productivity, and reducing input costs.

However, it is important to clarify that the generalization of the equivalence
between the pXRF models with the EDXRF benchtop in all circumstances is not recommended,
since the models built in this work are local in relation to space (sample collection area and soil
types), in time (management, dynamics of use and state of the soil at the time of collection), in

the experimental conditions and in the equipment tested.

2.3.8 Extrapolation of optimized models for in situ measurements

The positive results of laboratory calibration with the portable XRF spectrometer
highlight the potential of in situ measurements and modeling. Although in sifu modeling is an
ambitious and challenging proposal that still needs to be widely evaluated, a preliminary study
on the extrapolation of laboratory-calibrated models to in situ measurements was conducted.
Table 15 shows the moisture content of the 18 samples measured in situ, which was determined
by weighing them before and after drying. The values ranged from 11.7 to 7.8%, and the

average moisture content of all samples was 10%.

As the 15kV spectra of the 276 samples used to calibrate the models was established

as optimal conditions, the models calibrated with them were used to evaluate the in situ
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predictions. Figure 21 provides a plot of the calibration mean spectra and the mean spectra of
in-situ-sets samples (InSitu, Dry4, Dry30, Dry2mm4, and Dry2mm30 sets). It is noted that the
spectra have different intensities across all variables. The in situ spectra have the lowest
intensity compared to the others, followed by the dry sample spectra (4 and 30 s). The most
intense spectra have dry samples and particle size < 2 mm (4 and 30 s). This difference in
intensity may be due to physical matrix effects. Measurements made directly in the field suffer
from the effects of moisture, roughness, irregularities, and different particle sizes. For example,
the irregularity of the surface and the lack of granulometry control complicate the uniform X-
ray irradiation, causing shadows on smaller particles when they are in the proximity of larger
particles [77]-[79]. On the other hand, because the X-ray fluorescence signal emitted from the
sample surface is a function of its composition, moisture and SOC may cause a dilution effect,
resulting in lower count rates. This is because the increase in lighter elements in the soil (such
as H, C, and O) increases the Rayleigh and Compton scattering of the spectrum [78], [79].
Therefore, the spectra also differ according to the variation in moisture and SOC content in the

soil at different sampling depths (e.g., higher SOC values are found closer to the surface).

In addition, the noise in spectra collected for 4 s is higher than that in 30 s spectra
(Figure 21). In general, this reduces the accuracy of the measurements. However, for elements
with intense K-lines (such as Fe, Ti, and even Si), this noise may not be significantly interfered.
Tavares et al. [57] show that although reducing the measurement time of XRF analysis reduces
the precision of the data, it is still possible to obtain excellent prediction performances in

fertility attributes modeling with drastic reductions (for example, from 90 to 2 s).
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Table 15 - Moisture of samples collected and measured in situ

Sample Collected (g) Dry(g) Moisture (%)

1 21.9 19.6 94
2 23.6 21.4 8.4
3 27.0 24.1 9.7
4 39.1 34.1 11.7
5 333 29.6 10.5
6 34.1 30.0 11.0
7 29.1 25.8 10.2
8 27.7 24.6 10.3
9 34.2 30.8 9.5
10 43.3 38.5 10.7
11 33.8 30.1 10.6
12 33.7 30.9 7.8
13 31.8 28.3 10.5
14 31.0 27.9 9.5
15 45.6 40.5 10.7
16 61.7 55.1 10.4
17 38.0 33.4 11.4
18 24.8 22.3 8.4

To gain perspective on the results, a PCA was performed with the spectra of in-situ-
sets samples and from the optimized 15kV condition (calibration set). To avoid false behavior
due to spectral misalignment, the spectra of the in-situ-sets were aligned using the mean
spectrum calculated among the calibration samples (15kV condition) as a reference. After that,
all spectra were preprocessed with Poisson + MC. Figure 22 shows the scores and loadings of

the first two principal components, which together sum to 99.3% of the explained variance.

Except for the in situ spectra, all other spectral sets form individual clusters in the
scores. The two sets measured at 30 s (dry and dry with grain size) are positioned on the positive
axis of PC 2, while those obtained at 4 s (dry and dry with grain size) are on the negative axis.

The in situ spectra are distributed along PC 2 in the negative range of PC 1.

Moreover, the cluster of 15kV condition spectra (calibration set) is located
approximately at the origin of the PC 1 and PC 2 axes (point 0,0). This behavior may be

attributed to the alignment performed.

The loading plot (Figure 22) indicates that the variables that most contributed to
these clusters are the Fe and Ti-K lines. This is also evident from the mean spectra plot (Figure

21), i.e., the intensities of the Fe-K and Ti-K lines are different for each sample set. The
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existence of multiple clusters is not a good result from a modeling point of view, as it indicates

that the spectral sets are significantly different and may generate Bias.
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Figure 22 - Scores and loadings from the PCA with spectra collected and measured in situ and from the
optimized 15kV calibration set. PC 1 and PC 2 have explained variance of 79.6 and 19.7 %, respectively.

The extrapolation prediction results of the SOC and CEC models calibrated with
the optimized condition (15kV spectra) are presented in Table 16 and Figure 23. All models
performed poorly, being considered very poor models (RPD < 1.4 [46]). The predictions are
biased (tias >> teritic) and inaccurate (high RMSEP values).

These results indicate that, although SOC and CEC modeling under controlled
sample preparation conditions is promising, extrapolation to in situ measurements is
challenging and complex. Therefore, the use of calibration and prediction sample sets separated
by large time intervals is not recommended. The SOC and CEC models did not show sufficient
robustness to produce reliable prediction results in the scenario where temporal variations in
the sample set occur. This may be due to the different soil management and preparation
practices used for cultivation in the study area. Negative results were obtained even in the same
preparation conditions of the calibration and prediction samples. The significant difference in
spectra complicates the assessment of the true impact of the reduction in SOC and CEC
modeling prediction performance caused by matrix effects present in samples measured under

in situ conditions.
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Table 16 - Predictive performance of extrapolation using models calibrated with spectra at 15kV

(optimized condition) to quantify SOC and CEC in situ. teiic = 1.98

R?Pred RMSEP RPD  Bias Pred tBias
SOC models (g kg™)

InSitu* 0.03 7.15 0.92 6.11 6.79
Dry4 0.12 11.96 0.45 9.25 5.03
Dry30 0.13 12.55 0.44 9.89 5.28

Dry2mm4 0.12 12.12 1.11 11.73 15.79
Dry2mm30 0.14 12.78 1.06 12.38 15.98
CEC models (cmolc kg™')

InSitu* 0.03 1.77 0.66 -1.11 3.31
Dry4 0.05 2.13 0.64 -1.60 4.61
Dry30 0.04 2.16 0.63 -1.61 4.62

Dry2mm4 0.04 2.15 0.63 -1.62 4.63
Dry2mm?30 0.05 2.16 0.63 -1.61 4.62

*Sample sets: 18 samples measured in situ with 4 s (InSitu), 18 dry samples measured in the laboratory
with 4 s (Dry4) and 30 s (Dry30), 18 dry samples with particle size <2 mm measured in the laboratory
with 4 s (Dry2mm4) and 30 s (Dry2mm30). Pred (prediction)

Conversely, although the results of this study are negative, in situ modeling still

needs to be further explored through other approaches. For example, models calibrated and

validated with data from samples from the same area and collection period. Another approach

for cases of large sample sets: samples collected at different periods from the same area may be

mixed in the calibration and validation sets, providing more variability for modeling.
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Figure 23 - Scatter plots of reference values versus predicted values of models extrapolated to in situ
predictions. Sample sets: 18 samples measured in situ with 4 s (InSitu); 18 dry samples measured in the
laboratory with 4 s (Dry4) and 30 s (Dry30); 18 dry samples with particle size <2 mm measured in the
laboratory with 4 s (Dry2mm4) and 30 s (Dry2mm30). Cal (calibration); Pred (prediction)

2.4 Conclusion

The present study evaluated the optimized instrumental condition for soil fertility
attributes employing a pXRF spectrometer and soil samples. Exploring the different
possibilities of results from a commercial pXRF routine, four data matrices were used in the
multivariate modeling. Three of them with raw spectra and one with elemental concentration
data. The use of raw spectra measured with 15 kV and 12.15 pA without filters as experimental
conditions, modeled with PLS allows the best performance for the simultaneous quantification

of the 10 soil fertility attributes evaluated. By the established RPD ranges [50], the SOC, CEC,
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SB, and Ca*" models were considered very good for quantitative prediction while the K™ and
Mg?" models were considered good for quantitative predictions. The Py, pH, BSP, and H+Al
models presented fair predictions, which may be used for evaluation and correlation. These
results are reliable for local applications in the context of the soil samples evaluated in this
study. However, they demonstrate the pXRF application potential combined with multivariate
calibration, which may be applied in different new contexts to extract quantitative and

qualitative information on soil fertility.

Conversely, the Relative Improvement and p-values comparing the optimized
condition with data-fusion models demonstrated that a single experimental condition
employment is sufficient to produce accurate and reliable results in this study context.
Optimally utilizing this single experimental condition results in shorter time intervals for
measurements, a significantly smaller amount of data to manipulate, and less processing power

required to manage the models.

Additionally, the performance of the modeling with pXRF was considered
equivalent to the EDXRF benchtop equipment by the randomization test, revealing a potentially
possibility for the in situ application of this method. Nevertheless, the preliminary study on
extrapolation of laboratory-calibrated models showed negative results, indicating that their
extrapolation to in situ measurements is challenging and complex. Therefore, it is not
recommended to use calibration and prediction sample sets collected separately between wide
time intervals in the same study area. The SOC and CEC models did not demonstrate sufficient

robustness to produce reliable prediction results in this scenario.

In conclusion, the present study provided subsidies regarding the pXRF
experimental condition choice in soil fertility attributes modeling. These findings demonstrated
that the methodology may be employed in local soil analysis to speed up results in terms of
measurement time and processing power to turn agile the decision related to the use of fertilizers
and other products for soil correction. Now that the optimized conditions are established, further
studies are necessary to effectively evaluate the performance of this approach under a wider

range of soil variability, especially if in situ application will be considered.
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CHAPTER 3. SYSTEMATIC STUDY OF TRAINING SAMPLES SET
REDUCTION IN PLS SPECTRAL MODELS FOR SOIL FERTILITY
ATTRIBUTES DETERMINATION

3.1 Introduction

Soil is one of the most important natural resources to sustain life. Its chemical and
physical properties directly influence several factors such as climate dynamics, organisms,
forests, carbon cycles, and even the economic development of countries [1], [2]. The main
reason for this undeniable importance lies in the fact that soil is the most fundamental basis for
food production [1]. Currently, it is estimated that around 600 million traditional wet soil
analyses are carried out worldwide each year to maintain optimal planting conditions [1]—[3].
The wet methods have been used for more than 100 years and are the reference for
characterizing soil fertility attributes. They are important in determining soil quality and the
ability to sustain agricultural production [2]. However, this traditional approach suffers from
the use of chemical reagents and is time-consuming [2], [4]. One set of fertility attributes
analysis may take 3 to 15 days to delivering results, which is not adequate in the current scenario
where specific soil fertility management using precision agriculture (PA) is becoming
widespread [1], [5]. Furthermore, environmental concerns related to the proper disposal of
waste generated and the total cost of these analyses are also important. It is estimated that there
is a global consumption of 3 million L of sulfuric acid and 840 thousand kg of dichromate and
ammoniacal ferrous sulfate only for organic matter analysis, generating an annual cost of
approximately US$ 2.5 million [1]. These issues have led to the development of faster and
cheaper methodologies based on green chemistry, which has occupied a significant space in

research aimed at this cause [6].

Over the last 2 decades, many researchers have explored the use of proximal soil
sensors (PSS) based on spectroscopic methods combined with machine learning (ML)
algorithms, especially vis-NIR, to successfully determine various soil attributes [3], [7]-[15].
This approach is promising as a complement to local soil fertility assessment and may reduce
the sample set sent for conventional wet treatments. Since the development of a ML model
requires a training and a validation set, the idea is to use traditional methods just to determine
the fertility attributes of the minimum number of samples required for model training with a
desired level of accuracy [16]. Subsequently, only the spectral reading of new soil samples from

the same study area, prepared in the same procedure as the model validation is required to
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estimate soil fertility attributes [16], [17]. As soil fertility needs to be assessed periodically due
to the influence of agronomic practices and the dynamics of the soil-plant-atmosphere system,
this proposed method may allow a rapid determination of fertility attributes with a reduced

number of samples sent for conventional analysis [16], [18].

PSS based on energy dispersive X-ray fluorescence (EDXRF) have also been
shown to be able to estimate soil attributes in a fast and non-destructive way, without reagent
demand and waste generation [6], [19]-[28]. EDXRF is a qualitative and quantitative analytical
technique for assessing chemical elements content in samples. It is founded on the photoelectric
effect, i.e., high energy X-rays ionize a material, the electrons ejected from an inner layer of the
atom leave vacancies that are filled by higher energy electrons from the outer layers to stabilize
the atom. The energy difference between the orbitals involved is manifested in the emission of
an electromagnetic wave with specific energy for each element, called characteristic X-rays [6],
[29], [30]. EDXRF raw spectra may be used to determine the total content of the main elements
in the soil (e.g., Al, Si, P, K, Ca, Mn, Fe, Cu, Zn, etc.) and as input variables for the indirect
estimation of the fertility attributes by ML algorithms [6], [28].

Machine learning is a subfield of computer science that seeks to build algorithms
which combine mathematical and statistical techniques with artificial intelligence (AI) [31]-
[33]. The main aim of a ML model is to build a complex system that learns from a pre-defined
database and establishes a mapping pattern to classify or quantify a property of interest [33]—
[35]. In this process, a model that generalizes the information is created so that new data (never
analyzed by the algorithm) may be accurately and reliably classified or quantified according to
the desired parameter. Thus, the interaction process of a ML algorithm is divided into three
phases: data organization, training (also called calibration), and validation (also called
prediction or evaluation) [33], [36]-[40]. Some of the ML algorithms used with spectroscopic
data from soil samples are Partial Least Squares Linear Regression (PLS), Predictive Common
Dimensions Analysis (P-ComDim), Support Vector Machines (SVM), Random Forest (RF)
and, Artificial Neural Networks (ANN) [3], [6], [7], [13], [15], [25]-[28], [41]-[43].

To develop robust ML models from PSS data, the training (calibration) database
must be representative of the study area. Commonly, a huge number of training samples are
employed [3], [16], [28], [44], [45]. Managing with such sample sets may become laborious
and computationally costly, in addition increases the processing time of the ML algorithm

training step. On the other hand, since results from reference methods are essential to attest to
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the reliability and accuracy of the ML models, reducing the number of training samples is
advantageous from a financial, environmental, and logistical point of view. From this
perspective, this research aimed at the systematic study of the PLS ML model performances for
local estimation of soil fertility attributes (Soil Organic Carbon, Cation Exchange Capacity,
Sum of Exchangeable Bases, exchangeable Mg, K and Ca) as a function of the number of
training samples. The models were built using pXRF spectral data from soil samples, which
were separated between training and validation sets. Then, the training set was subsequently
reduced 3 times. The hypothesis to be corroborated is: reduced sets of training samples generate

models with performance comparable to models with the whole training set.

3.2 Materials and methods

3.2.1 Soil sampling, study area, and conventional analyses

394 soil samples were collected at three depths (0-5 cm, 5-10 cm, and 10-20 cm) in
a basalt-derived soil toposequence from an agricultural field located in the municipality of
Cambé¢, Parand State, Brazil (23°09' 59.70" °S, 5114 42.27' °W to 23°09’ 50.14' ’S, 51-14’
42.27' >W). The study area is managed under the no-tillage system with soybean and corn as
predominant crops. The soils are classified as Red Eutroferric Latosol (Rhodic Ferralsol) at the
highest altitude (between 544 and 529 m) and Red Eutroferric Nitosol (Rhodic Nitosol) at the
lowest altitude (between 529 and 514 m) [46], [47]. As a result of the advanced weathering
degree, these soils have high levels of iron oxides, aluminum, 1:1 clay minerals (kaolinite), and

quartz [48], [49].

Dried at 40°C for 48 hours, the samples were ground and sieved to a 2 mm
granulometry. The conventional analyses were carried out following the recommendations of
Pavan et al. (1992) [50]. Soil Organic Carbon (SOC) was quantified by dichromate oxidation
method; exchangeable contents of Ca (Ca?") and Mg (Mg*") were extracted by KCI 1 mol L!
solution and determined by atomic absorption spectrometry while the K exchangeable (K*)
content was extracted using Mehlich-1 solution and determined by flame spectroscopy. The H
+ Al content was estimated by the SMP extractor, and these results led to the Cation Exchange
Capacity (CEC) and Sum of Exchangeable Bases (SB) indicators calculation (CEC =SB + H +
Al and SB = Ca*" + Mg* + K™).
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3.2.2 pXRF measurement

Approximately 5 g of soil samples in loose powder form were accommodated in
polyethylene XRF cups (no.1530, Chemplex Industries Inc., USA) sealed with Mylar film for
XRF scanning in the Tracer 5i (Bruker Inc.) handheld device. This amount of samples results
in around 10 mm sample thickness, being considered an infinitely thick sample for the X-ray
energy range used. The instrumental conditions used were 15 kV, 12.15 uA without primary
filters. These conditions were selected in accordance with study by Ribeiro et al. [28] on the
best experimental condition for modeling fertility attributes. The authors argue that when 15
kV is applied to the X-ray tube, the X-rays energy generated is efficient to excite the lighter
elements [30] and these elements are directly correlated with the fertility attributes evaluated.
The measurements were taken in triplicate, shaking the XRF cup before each measurement.
Then, the average spectra of each replicate sample were calculated. The excitation was
performed in air atmosphere using primary X-rays generated from the Rh tube during 30
seconds for each measurement. The equipment has a Silicon Drift Detector (SDD), and
detections were recorded on 2,048 channels. The spectra were normalized by tube current and
detector live time, resulting in spectra units of photons counts per second per microampere (cps
nA ™). Two parts of all spectra were cut. The first corresponds to a region with a signal added
by the equipment manufacturers while the second corresponds to a background region without
characteristic peaks. As a result, 0.98 to 15.00 keV were the final energy range, corresponding

to 701 variables.

Raw spectra were utilized for modeling because they are the raw output of the XRF
measurement, i.e., its intrinsic error is the lowest possible compared to elementary data
(concentration or intensity). The raw spectra were also used in conjunction with the fertility
attributes determined by traditional methods in Pearson correlation matrix calculation to
qualitatively analyze the interrelationships among these variables and gain perspective on the

modeling results.

3.2.3 Data subset and training strategies

The whole dataset (n = 394) was representatively separated into an external
validation (or prediction) dataset (n = 118) and a full training (or calibration) set (n = 276) in
the traditional 70-30 % proportion. Then, the full training set was also reduced into three new

training sets with 206, 136, and 66 samples. These set separation processes were performed in
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two ways to evaluate their impact on performance results: 1) by the Kennard-Stone (KS) [51],

[52] algorithm with mean-centered spectra, and ii) by random sample selection.

These dataset splits enabled the creation of eight training strategies for modeling:
full training set split by KS (276-KS), full training set randomly separated (276-R), 206 samples
set split by KS (206-KS), 206 samples set randomly separated (206-R), 136 samples set split
by KS (136-KS), 136 samples set randomly separated (136-R), 66 samples set split by KS (66-
KS), and 66 samples set randomly separated (66-R). In addition, to facilitate discussions, all
models with sample sets separated by KS will be indicated by -KS suffix while those with
randomly sample sets separated by -R . The validation set (n = 118) separated by KS was used
to validate all -KS models, while the validation set (n = 118) separated randomly was used to
validate all -R models. The two different methods of reducing each training set allow for a more

honest assessment of model’s performance, i.e., assure the results reproducibility.

3.2.4 Predictive models and evaluation metrics

Spectral data of each training subset were used to build the calibration models for
SOC, CEC, SB, Ca**, K" and Mg?" by the machine learning method of partial least square
regression (PLS). It was chosen because it is a linear algorithm widely used in soil analysis by
XRF data (which studies show to be linear in predicting fertility attributes) [6], [13], [21], [27],
[53], [54], and because it is less cumbersome than the others (Support Vector Machine, Random
Forest, etc.), having only one hyperparameter to be adjusted during the analysis, the number of
latent variables [55], [56]. This contributes to optimizing the analysis in terms of computational
time and cost. In addition, PLS has an advantage related to its easy interpretability, e.g., easy
identification of the variables that most contributed to the modeling (with the VIP score and the
regression vector), outliers’ detection, and the vast possibility of determining different figures
of merit that assess not only overall modeling performance, but also quantification and detection

limits, resolution, and linearity [57].

PLS establishes a quantitative correlation between a matrix X of independent data
(spectra matrix, in this case) and a vector y of dependent data (fertility attributes) so that the
maximum covariance between X and y is reached. This is done by projecting X onto orthogonal
factors, namely latent variables (LV) [27], [28], [55]. There are several algorithms used for PLS
analysis, among which the most famous is NIPALS, proposed by Wold [58]. For more detailed
descriptions of PLS modeling, see references [55]-[58].
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According to the results by Dos Santos et al. [54], Poisson scaling and mean center
were the pre-processings used in the PLS modeling. Poisson pre-processing weight the data
according to its particular uncertainty. It is suitable because, in the XRF spectra, the statistical
uncertainty in each variable is governed by Poisson statistics, where the absolute uncertainty at
any given data point is larger as the number of counts represented by that point increases [28],
[30], [59], [60]. Thus, all the dataset variables are equalized, reducing the impact of variables
that present great magnitude and mask information in the other variables with small magnitude
[28]. The optimal number of LVs was determined through 10-fold cross-validation, aiming to
minimize the root mean square error of cross-validation (RMSECV). The detection and removal
of outliers were based on data with extreme leverage and unmodeled residuals in spectral data,

as recommended by ASTM E1655-00 [57].

The model’s performance was evaluated through the root mean square error of
prediction (RMSEP), determination coefficients (R?) of prediction and the ratio of performance
to deviation (RPD). The RPD is the ratio of the conventional analysis standard deviation
(reference method results) to the RMSEP. As reported by Viscarra Rossel ef al. [61] and Chang
et al. [62]: excellent models, RPD >2.5; very good models, 2.5 > RPD >2.0; good model, 2.0
> RPD > 1.8; fair, 1.8 > RPD > 1.4; and very poor model, RPD <1.4. Quantitative analyzes are
reliable when RPD is above 1.8.

Complementarily, the following figures of merit were also determined: accuracy by
relative error in the predicted values in percentage (RE), presence of systematic errors by Bias
and tvias With a 95% confidence level (o = 5%), sensitivity (SEN), inverse of the analytical
sensitivity (y 1), limit of detection (LOD) and limit of quantification (LOQ). The definitions
used follow the recommendations of the IUPAC (International Union of Pure and Applied
Chemistry) and the standard E1655-0017 of the ASTM (American Society for Testing and
Materials) [63], [64].

The model’s linearity was assessed by Durbin-Watson (DW) test according to Ref
[65], [660]. The probability associated to the DW statistics (Eq. 30) was estimated and p-values
greater than peritic (0=5%) indicates absence of non-linearities,

Z?=_11(ei+1 - €)

—1_2
Yic €

(30)

e; is the ith residual and 7 is the number of training samples.
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The equivalence between the full training set model and the models with reduced
training sample sets was evaluated in two ways. The relative performance of the models was

assessed in percentage terms by the relative improvement (RI), calculated according to Eq. 31.

Rl = (RMSEP, — RMSEP,) x 100
B RMSEP,

(31)

the RMSEP; is the RMSEP from the 118 validation samples applied in the model taken as
reference, in this case the model with 276 training samples. RMSE P, is the error from the model

do be compared.

The models equivalence also was assessed by the Random Test with a 95%
confidence level (o = 5%). In this test, it is assumed in the null hypothesis that the predictive
accuracy of the two compared models is equivalent (RMSEP; = RMSEP,), while the alternative
hypothesis is that this predictive accuracy is not equivalent (RMSEP; # RMSEP») [65].

All pre-processing and multivariate analyses were performed using the R language
in RStudio software (R version 4.2.3). The main packages used were: dplyr (data manipulation),

mdatools (PLS modeling), and ggplot2 (graphical analysis).

3.3 Results and discussion

3.3.1 Conventional analyses

Table 17 shows the descriptive statistics of the conventional results. Only the CEC
presented low variability by the coefficient of variation (CV < 12%) in the study area. SOC,
SB, Mg?*, and Ca®" presented a medium variability (12% < CV <60%) while K* CV values are
highly variable [67]. The variation of these fertility attributes in the soil are related to several
factors, including the presence of different fractions of organic matter, such as fulvic acid,
humic acid, and humina, which may impact the soil fertility attributes. Other factors are
application of different types of fertilizers, the behavior of water and sediment losses,
differences in the fertility and acidity levels, and the gradient fertility on the Ferralsoil profile,
commonly observed in areas under no-tillage management, with higher fertility on surface

layers (0.00—0.05 m) decreasing with an increase of the depth (0.10-0.20 m) [27], [68]-[70].
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Table 17 - Descriptive statistics for the full dataset (n=394) from the conventional methods analysis

SOC CEC SB Mg?* K* Ca*
(gkg!) (cmolckg!) (cmolckg!) (cmolckg') (cmolckg!) (cmolckg™!)

Attribute

Mean+SD 20+4 13.7+1.5 83+19 20+£06 024+£0.16 6.0+1.5

CV (%) 22 11.3 22.7 28.5 66.78 25.2
Median 20 13.8 8.4 2.0 0.18 6.2
Minimum 8 93 2.1 0.7 0.05 1.4
Maximum 31 17.9 12.6 3.7 1.15 9.2
Kurtosis -0.5 0.3 -0.1 0.2 3.53 -0.5
Skewness  -0.3 0.2 -0.5 0.5 1.57 -0.4
3.3.2 pXRF analyses

Figure 24 shows the mean pXRF spectra for the full soil samples dataset. It is
notable that the X-ray tube operated at 15 kV produces photons whose energies are not
sufficient to properly excite the elements heavier than Fe (Z<26). The Rh scattering L-lines for
the tube target are clearly identified, however, they overlap the Ar ka-line (2.958 keV), caused
by the fluorescence of this element, which is present in the ambient air between the sample and

the detector.

It was possible to identify the presence of Al, Si, P, S, K, Ca, Ti, Mn, Fe, Cu and Zn
in which the Fe and Ti K-lines are the most intense (Figure 24). The Fe peak high intensity is
related to the fact that this element is the main component that forms the Red Latosol and Red
Nitosol under study [71] and to the favorable fluorescence yield for the photoelectric absorption

of this element with the experimental condition used.
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Figure 24 - Mean pXRF spectra of full soil dataset (n=394)

3.3.3 Correlations between fertility attributes and XRF spectra

Figure 25 shows Pearson’s correlogram between the soil fertility attributes by
conventional methods and pXRF spectra for the full dataset. These interrelationships aid to
understand reasons of successful indirect determination of soil attributes by only spectral
signatures in the modeling data, e.g., predictions of SOC, CEC, and SB, which do not have
emission lines in XRF spectra. Thus, the Ca emission lines is the variable most strongly
correlated with all fertility attributes simultaneously. In the SOC and Mg?* cases, the P and S
emission lines, although very less intense, also exhibited positive correlations, while the Si
emission lines exhibited negative correlations. CEC, SB and Ca®" also showed positive
correlations with the K and Mn emission lines and negative correlations with those of Al. K*
was the attribute that presented the least intense correlations. In addition to Ca, it also exhibited

positive correlations with K and P emissions and negative correlations with Al and Si.
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The higher associations are among each soil attribute. The Ca?" has the higher
correlations, mainly with CEC and SB. Mg?" is most correlated with SOC and SB. CEC, in
addition to Ca®", is close to SB. K" has the correlation coefficients closest to zero between all
the soil attributes. So, K* is the most independent fertility attribute from the other attributes and

the pXRF data.

‘1 U R -
I T T R

Figure 25 - Pearson correlogram among the soil fertility attributes by conventional methods and XRF
spectra for the full soil dataset (n=394).

3.3.4 Predictive models results

The prediction results for the fertility attributes as function of the different
calibration strategies are shown in Table 18. The results indicate that the models trained with
276 samples showed the best prediction performance for all attributes simultaneously,
succeeded by the models trained with 206, 136, and 66 samples. In each context, both

separation methods (-KS and -R) produced similar results, with a slight superiority for the
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models with randomly separated sets. Complete details of these models are presented in Table

19 and Table 20.

Table 18 — Prediction performance metrics of fertility attributes models

2 2
Attribute Pl:e d Rli\:de RPD Pl:e d Rli\;[eSdE RPD
-KS models -R models
276 training samples
SOC 0.75 2.10 1.96 0.78 1.92 2.12
CEC 0.76 0.68 2.05 0.73 0.75 1.93
SB 0.77 0.85 2.08 0.81 0.80 2.28
Mg 0.68 0.29 1.82 0.70 0.29 1.89
K* 0.75 0.06 1.95 0.73 0.08 1.97
Ca* 0.76 0.66 2.03 0.80 0.64 2.23
206 training samples
SOC 0.75 1.91 2.03 0.77 2.00 2.09
CEC 0.73 0.65 1.94 0.74 0.77 2.00
SB 0.73 0.86 1.97 0.83 0.75 2.44
Mg* 0.68 0.27 1.82 0.70 0.30 1.83
K* 0.68 0.07 1.84 0.68 0.09 1.81
Ca* 0.66 0.76 1.92 0.81 0.63 232
136 training samples
SOC 0.74 1.93 1.99 0.78 1.92 2.12
CEC 0.70 0.74 1.84 0.71 0.79 1.88
SB 0.68 0.92 1.84 0.80 0.82 2.23
Mg 0.70 0.26 1.84 0.65 0.34 1.71
K* 0.53 0.08 1.69 0.65 0.09 1.70
Ca’ 0.73 0.73 1.97 0.78 0.68 2.15
66 training samples
SOC 0.67 2.04 1.76 0.75 2.03 2.16
CEC 0.68 0.70 1.90 0.67 0.85 1.82
SB 0.68 0.89 1.81 0.77 0.84 2.10
Mg* 0.64 0.29 1.69 0.58 0.36 1.56
K* 0.33 0.10 1.58 0.59 0.10 1.57
Ca* 0.67 0.75 1.84 0.76 0.70 2.09

SOC unit, g kg!; CEC, SB, Mg, K*, Ca?" units, cmolc.kg'!; -KS, models with samples set separated by
KS; -R, models with randomly separated sample sets; Pred, prediction; KS, Kennard-Stone

The fertility attributes estimated with the higher accuracy were SOC, CEC, SB and,

Ca*". For SOC predictions, the models with 276, 206, and 136 training samples separated by
KS showed similar results, with 1.96 RPDs values (good model), 2.03 (very good model), and
1.99 (good model), respectively, considered adequate for quantitative analysis. The SOC 66-
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KS model had the highest RMSEP and the lowest R? and RPD than the others -KS SOC models,
classified as fair. Conversely, all SOC -R models showed RPD greater than 2.00, being
classified as very good models for quantitative analysis. Independent of the separation method,
all models for the CEC, SB, and Ca?" predictions presented RPD greater than 1.8 (suitable for
quantitative analysis), with the highest values for the 276-R and 206-R models. The 276-KS,
276-R, 206-KS, 206-R, and 136-KS Mg>" models presented similar results (1.8 RDP value).
The remaining Mg?" models had an RPD less than 1.8 (unsuitable for quantitative analysis)
and, together with the K™ models, they had the lowest performance. The K" models presented
the worst performance results compared to the other attributes. Only the 276 and 206 models
(independent of the separation method, which presented similar prediction results) were
considered good for predictions. These findings support establishment of the methodology,
indicating that the pXRF raw spectra data modeled with PLS generate local models capable of
predicting fertility attributes in the context of this study with good performance and confidence
in R%, RMSEP and RPD terms [61], [62]. Similar results have been reported in studies similar
methods to estimate attributes from the XRF spectrum [6], [20], [27], [28], [72].

SOC CEC SB

C aZ+

66 136 206 276 . 66 136 206 276
Split @ KS B Random

Figure 26 - RPD values for soil attribute prediction models as a function of the 276, 206, 136, and 66
calibration sets. Values higher than 1.8 line classify the model as suitable for quantitative analysis [61],
[62]

Figure 26 shows a RPD values comparison for all models. It is noted that the
models with 276, 206, and 136 training samples presented adequate performance for
quantitative analysis in most cases, independent of the split set methods. As the 276 training

sample models are the best, these results highlight a lower limit on samples number for the
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training step without significant performance loss in RPD terms, which may be between 206

and 136 samples. However, the analysis over RPD alone is not sufficient to completely evaluate

the success of modeling with reduced training sets. It is a metric for assessing modeling

accuracy. The presence of systematic errors, linearity, resolution, and detection and

quantification limits of the models still need to be verified. These figures of merit will allow

estimation of the real minimum number of training samples required to quantify each fertility

attribute.

Table 19 - Detailed results of PLS modeling of fertility attributes with sets separated by KS.

R? R? R? RMSE RMSE RMSE
Models Lv Training CV Pred Training Cv Pred RPD
276-KS
SOC 7 0.84 0.73 0.75 1.73 2.26 2.05 1.96
CEC 6 0.76 0.64 0.76 0.75 0.93 0.68 2.05
SB 6 0.85 0.8 0.77 0.72 0.83 0.85 2.08
Mg* 4 0.69 0.65 0.68 0.31 0.34 0.29 1.82
K* 8 0.86 0.58 0.75 0.05 0.09 0.06 1.95
Ca” 7 0.88 0.8 0.76 0.5 0.65 0.66 2.03
206-KS
SOC 6 0.77 0.68 0.75 2.11 2.48 1.91 2.03
CEC 6 0.73 0.61 0.73 0.78 0.93 0.65 1.94
SB 6 0.83 0.77 0.73 0.77 0.89 0.86 1.97
Mg* 5 0.75 0.66 0.68 0.28 0.33 0.27 1.82
K* 7 0.79 0.52 0.68 0.06 0.1 0.07 1.84
Ca” 6 0.8 0.74 0.73 0.67 0.77 0.73 1.92
136-KS
SOC 6 0.83 0.72 0.74 1.93 2.53 1.93 1.99
CEC 6 0.78 0.58 0.7 0.71 0.98 0.74 1.84
SB 6 0.81 0.72 0.68 0.76 0.92 0.92 1.84
Mg 5 0.75 0.62 0.7 0.29 0.36 0.26 1.84
K* 8 0.88 0.37 0.53 0.05 0.11 0.08 1.69
Ca* 6 0.79 0.69 0.66 0.67 0.81 0.76 1.97
66-KS
SOC 6 0.81 0.49 0.67 1.72 2.81 2.04 1.76
CEC 6 0.88 0.57 0.68 0.54 1.03 0.7 1.9
SB 6 0.89 0.69 0.68 0.61 1.02 0.89 1.81
Mg 5 0.86 0.62 0.64 0.22 0.37 0.29 1.69
K* 7 0.86 0.36 0.33 0.05 0.12 0.1 1.58
Ca” 6 0.87 0.63 0.67 0.54 0.91 0.75 1.84

Pred=prediction or validation; LV=latent variables; CV=cross-validation. SOC unit = g kg!, CEC, SB,
Mg?*, K*, and Ca*" units = cmol. kg™'.
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Table 20 - Detailed results of PLS modeling of fertility attributes with sets randomly separated.

R? R? R? RMSE RMSE RMSE

Models Lv Training CV Pred Training Cv Pred RPD
276-R
SOC 5 0.76 0.7 0.78 2.11 2.36 1.92 2.12
CEC 7 0.85 0.57 0.73 0.6 1 0.75 1.93
SB 6 0.78 0.73 0.81 0.85 0.94 0.8 2.28
Mg** 5 0.74 0.68 0.7 0.28 0.31 0.29 1.89
K* 8 0.83 0.55 0.73 0.06 0.1 0.08 1.97
Ca” 6 0.82 0.77 0.8 0.65 0.72 0.64 2.23
206-R
SOC 5 0.79 0.72 0.77 1.94 2.24 2 2.09
CEC 6 0.74 0.66 0.74 0.74 0.85 0.77 2
SB 6 0.85 0.8 0.83 0.75 0.85 0.75 2.44
Mg** 5 0.75 0.67 0.7 0.28 0.33 0.3 1.83
K* 7 0.74 0.43 0.67 0.07 0.1 0.08 1.82
Ca” 6 0.85 0.8 0.81 0.61 0.7 0.63 2.32
136-R
SOC 6 0.84 0.72 0.78 1.82 24 1.92 2.12
CEC 6 0.73 0.56 0.71 0.77 0.98 0.79 1.88
SB 6 0.81 0.72 0.8 0.85 1.02 0.82 2.23
Mg 4 0.62 0.54 0.65 0.36 0.4 0.34 1.71
K* 6 0.65 0.33 0.65 0.08 0.11 0.09 1.7
Ca” 6 0.8 0.71 0.78 0.71 0.87 0.68 2.15
66-R
SOC 5 0.88 0.51 0.75 1.48 2.99 2.03 2.16
CEC 3 0.69 0.59 0.67 0.74 0.85 0.85 1.82
SB 4 0.74 0.62 0.77 1.05 1.29 0.84 2.1
Mg** 3 0.72 0.66 0.58 0.34 0.38 0.36 1.56
K* 6 0.79 0.34 0.59 0.09 0.15 0.1 1.57
Ca” 6 0.83 0.53 0.76 0.64 1.07 0.7 2.09

Pred=prediction or validation; LV=latent variables; CV=cross-validation. SOC unit = g kg, CEC, SB,
Mg?*, K*, and Ca*" units = cmol. kg™'.

3.3.5 Figures of merit

The scatter plots in Figure 27 and Figure 28 show the correlations between
reference values and prediction results for the -R and -KS models, respectively. It is visually
notable that the reduction of the training sample numbers leads to a decrease in models’
performance, even if the appropriate number of LV is selected. It is more evident especially
with 66 training sample models, which do not have a robust calibration to accurately quantify

the same validation set (such as Mg?" and K*), predicting samples with values that are further
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away from the 1:1 line. In addition, both figures also show the sensitivity (SEN), the inverse of
the analytical sensitivity (y!), p-value of the Durbin-Watson test (DW p-value) and the relative
error in the predicted values in percentage (RE%). The SEN determines the fraction of the signal
responsible for adding a concentration unit of fertility attributes while y™! provides an estimate of
the minimum difference that is discernible by the model considering random experimental noise as
the only error source [57]. So, although there may be some fluctuations, the SEN and y™' values of
-R and -KS models are close when compared with respect to the same training samples number.
Since these parameters are directly related to the method resolution [57], these results indicate that
the use of both strategies to separate sample sets in modeling is similar in this terms. Besides, only
the -R models presented DW p-values lower than the peritic (0=5%) in some cases, they were: 136
training sample models for the K* and Ca*" estimations, and 66 training sample model for the K*
estimation. They presented a lack of linearity, indicating that the PLS methodology is not suitable
for quantifying these attributes with these sets of measurements. Due to the lack of linearity, the K*
models exhibited the highest RE(%) among all others, being close to 30% regardless of the sample
sets separation methods. The RE(%) values of the -R and -KS models are similar and, in most cases,
increased with the decrease in the training sample numbers. Mg?* models presented the second
highest RE values (14.5% on average). The other fertility attributes models presented lower RE(%)
values, below 12.38%.
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Figure 27 — PLS models scatter plots of reference values versus predicted values and figures of merit from the
different training sample sets. Split sets by random choice. Pred, prediction or validation samples; DW, Durbin-
Watson Test; peritic=0.05 (a=5%); RE(%), relative error in the predicted values in percentage; SEN, sensitivity, y°
!, inverse of the analytical sensitivity
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Figure 28 - PLS models scatter plots of reference values versus predicted values and figures of merit from the
different training sample sets. Split sets by Kennard-Stone. Pred, prediction or validation samples; DW, Durbin-
Watson Test; peritic=0.05 (0=5%); RE(%), relative error in the predicted values in percentage; SEN, sensitivity, y,
inverse of the analytical sensitivity
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Table 21 — Some figures of merit for all PLS models.

Pred tss LOD LOQ Pred

tBias L OD L O Q

Bias Bias
-KS models -R models
276 training samples
SOC -0.37 1.95 0.60 1.83 -0.02 0.13 1.61 4.89

CEC 0.03 0.50 0.33 0.99 0.04 050 1.65 5.00
SB 0.07 0.85 0.29 0.89 -0.03 0.38 0.56 1.71
Mg*  -0.03 093 0.38 0.13 -0.06 197 0.15 046
K* -0.01 2.46 0.40 0.13 0.01 1.83 022 0.65
Ca* 0.05 0.65 0.27 0.80 0.00 0.07 057 1.71
206 training samples
SOC 029 1.52 1.89 5.72 0.07 038 1.70 5.16
CEC -0.08 1.15 057 1.72 0.08 1.07 049 148
SB -0.16 1.86 0.57 1.73 0.09 125 057 1.72
Mg*  0.04 157 0.15 0.46 -0.01 0.39 0.17 0.50
K* -0.02 2.60 0.15 0.45 0.02 219 0.14 044
Ca* -0.11 1.52 0.59 1.80 008 129 058 1.75
136 training samples
SOC 0.23 1.19 2.03 6.14 0.00 0.02 236 7.14
CEC -0.07 1.01 0.68 2.05 0.06 0.81 055 1.67
SB -0.23 2.58 0.55 1.65 -0.06 0.80 0.61 1.85
Mg*  -0.03 095 0.15 047 -0.04 139 0.10 0.31
K* -0.04 5.85 0.19 0.57 0.01 1.09 0.10 0.30
Ca®™ -034 489 0.52 1.59 0.02 036 058 1.77
66 training samples
SOC 0.03 0.13 2.13 6.44 -0.75 4.20 2.05 6.21
CEC -0.24 3.65 0.79 2.38 0.24 3.08 0.19 0.58
SB -0.14 1.60 0.79 2.39 0.11 1.43 0.28 0.86
Mg* 0.02 0.60 021 0.64 -0.04 1.32 0.08 0.23
K* -0.06 8.30 0.12 0.37 -0.01 1.02 0.14 041

Ca*™ -0.23 3.27 0.66 1.99 0.11 1.60 0.72 2.19
teritic = 1.98 (=5%); SOC unit = g kg!, CEC, SB, Mg?*, K*, and Ca*" units = cmol. kg'; -KS, models
with samples set separated by KS; -R, models with randomly separated sample sets; Pred, prediction;
Bold values indicate the significant presence of Bias.

The remaining figures of merit are presented in Table 21. All K models exhibited
LOQ and LOD values higher than the minimum concentration obtained by the reference
analysis of 0.05 cmol. kg™ (Table 17). Considering Ca**, only the 276-KS model had a LOQ
value below the conventional analysis minimum (1.4 cmol. kg!, Table 17). However, the
difference between the LOQ and this minimum for other Ca?’" models was not large (a
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maximum of 0.80 cmol. kg'! in the 66-R model case). Apart from these attributes, all the other
models classified as good or very good for quantitative analysis (RPD>1.8 and RPD>2.0 [61],
[62], respectively) presented LOQs below the minimum value established by the reference
analysis (Table 17). Meanwhile, all models classified as suitable for qualitative analysis
(RPD<1.8 [61], [62]) had LODs below the minimum value established by the traditional wet
analysis (Table 17).

Having the worst results among the estimated fertility attributes, the K™ estimation
showed significant presence of Bias (tbias >teritic) in all -KS models plus the 206-R models (Table
21). A possible cause of these negative results may be associated with the low intensity of the
Potassium characteristic X-ray line in the pXRF spectrum (Figure 24), which is the XRF
variable that most correlated with K™ (Figure 25). As a result, the PLS regression algorithm
seeks correlations among the characteristic X-rays of other elements to estimate soil K.
However, the K Pearson coefficients exhibit the weakest correlations with the XRF data among
all the fertility attributes (Figure 25), which may underestimate or overestimate their
quantification by PLS, generating poor results. Additionally, this issue may also explain the

large RE(%) values and lack of linearity of some K* quantification models.

Except for K7, significant prediction Bias was observed only in some attributes of
the models with 136 and 66 training samples (Table 21). This result also highlights, as revealed
by the RPD, that the interval between 206 and 136 samples contains the maximum limit for
sample reduction without significant losses, now in prediction Bias terms. Thus, it remains to

define a criterion to determine the ideal reduced sample set for each attribute.

3.3.6 Equivalence between full training sample set models and reduced

training sample set models

The criteria of RPD > 1.8, tgias < teritic, and DW p-value > peritic regardless of the
separation method used (-KS or -R) were used to determine the minimum sample set for each
attribute. These criteria lead to models with adequate performance for quantitative analysis, not
biased (0=5%) and with uncorrelated residuals (a=5%). Consequently, the sets with 136
training samples were considered suitable for the soil SOC and CEC estimation, while the sets
with 206 training samples were suitable for soil SB, Mg?" and Ca** estimation (see Table 18,
Table 21, Figure 27, and Figure 28). These reduced sets were considered as the best reduced

training sample sets. Conversely, since there was a significant prediction Bias in the complete

114



training sample set separated by KS (Table 21), the sample set reduction for K* estimation was

not considered sufficiently reliable.

So, except for K, the equivalence between models with full and best reduced
training sample sets was evaluated qualitatively by box plots with the prediction results for each
model (Figure 29) and quantitatively by random test (¢=5%) and the relative improvement
taking the model with full calibration set samples as a reference (Table 22, Table 23,

respectively).

The box plots (Figure 29) presents the median symmetrically positioned between
the 3rd and 4th quartiles for most attributes, with slight fluctuations. Additionally, the average
values being close to the median, and the equal length of the tails (ignoring outliers) corroborate

the equivalence between the models evaluated.

The random test p-values comparing the models with full and best reduced training
sample sets (Table 22) provide two instances to assess their equivalence. First, all models
trained with reduced training samples are equivalent to those trained with the full samples

(a=5%), in both separation method used (KS and random).

In the second instance, the results show that the two methods used to separate the
sample sets produce results of equivalent performance (a=5%) in the context of comparing
models with the same number of training samples (Table 22). These findings provide a more
honest assessment of the positive results robustness that indicated the feasibility of quantitative
analysis of models for estimating SOC, CEC, SB, Mg?*, and Ca?" attributes, i.e., regardless of
the separation method, models with the same number of training samples showed similar
performance to estimate the same fertility attributes and were considered equivalent by the
random test.

Table 22 - Random Test p-values comparing attributes estimated by full and best reduced training
samples models. peritic = 0.05 (a=5%)

SOC CEC SB Mg Ca?
276-KS 276-KS
136-KS 0.5 0.8 206-KS 0.3 0.3 0.06
276-R 276-R
136-R 0.5 0.8 206-R 0.2 0.2 0.4
276-KS 276-KS
276-R 0.4 0.2 276-R 0.3 0.5 0.5
136-KS 206-KS
136-R 0.4 0.2 206-R 0.1 0.2 0.1
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Figure 29 - Boxplots with prediction results of models with full and best reduced training sample sets

Relative Improvement (RI) also comparing the models with full and best reduced
training sample sets varied between positive and negative values (ranging from -17.3 to 15.4%),
with no apparent trend (Table 23). This pattern was verified in comparisons between models

with the same number of training samples but with different separation methods (KS and
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Random), and in comparisons between models with full vs. best reduced training samples, using

the same method for separating the sets.

Table 23 — Relative Improvement (%) comparing attributes estimated by full and best reduced training
samples models.

SOC CEC SB Mg Ca**
276-KS (reference) 276-KS (reference)
136-KS 8.2 -8.4 206-KS  -1.4 6.4 -15.4
276-R (reference) 276-R (reference)
136-R -0.001 -5.3 206-R 6.3 -3.4 1.6
276-KS (reference) 276-KS (reference)
276-R 8.6 -10.3 276-R 6.0 -11.5 3.0
136-KS (reference) 206-KS (reference)
136-R 0.4 -7.2 206-R 13.1 -11.5 17.3

Overall, the results of this study demonstrate the feasibility of decreasing the
calibration samples number used in machine learning models maintaining equivalent
performance to predict fertility attributes of 118 samples. The study hypothesis was
corroborated by equivalence between the models with full and best reduced training sample sets
attested by the random test for all soil attributes, except K*. Employing a reduced number of
calibration (training) samples is advantageous from a financial and environmental perspectives.
This is owing to the decrease in traditional analysis-related expenses, waste, and reagent usage
associated with fewer samples. Additionally, decreasing the amount of samples may minimize
the time needed to conduct the analysis. This is significant in scenarios where fast results are

desirable.

The 206 training samples models performed as well as the models with full training
set for SB, Mg?" and Ca** estimation while the 136 training sample models for estimating SOC
and CEC. Although the performance of the reduced training samples models for some fertility
attributes was slightly lower than the full set models in terms of RI, both models showed RPD
results that classified them as suitable for quantitative estimation of this fertility attributes [61],
[62]. Therefore, this performance loss in some cases may be advantageous depending on the
level of accuracy the researcher expects from the results. The advantage of fewer samples may
outweigh the loss in performance, especially if the goal of the study is to obtain results with an

acceptable level of accuracy, but without the need for high precision.
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3.3.7 Variable influence on projection (VIP) Score

One way to evaluate the spectral variables with higher importance in the estimated
fertility attributes in PLS models are the informative vector called Variable Influence on
Projection (VIP) scores. Figure 30 presents the VIP scores for the models with full and best
reduced training sample sets. In general, the most important variables for modeling were the
same in the models for each fertility attribute, regardless of the sample separation method (-KS
or -R models) and the number of training samples. Nonetheless, slight fluctuations in the
intensity values of the variables were observed, especially for elements lighter than Ca (energies

below 3.692 keV). VIP scores for the remaining models may be found in Figure 31.

Most of the correlations between soil attributes and spectral data exhibited in the
Pearson correlogram (Figure 25) are reproduced in the VIP scores. Ca-ka characteristic X-ray
peak was the most important variable in SOC, SB, Ca**, and Mg?" estimation. CEC had Ca- ka,
Ti- ka and Mn-ka as the most important variables, with similar intensities. K™ had the Potassium
emission K lines as the most significant variables for its estimation. Apart from them, several
other variables showed similar importance for K" estimation, such as Al, Si, Ca, Ti, Fe, and
even the L line of Rh scattering, which comes from the scattering of light elements (such as C,
O, and H) with photons from the X-ray tube [30], [73]. However, the correlations between K*
and these elements showed a very poor Pearson coefficient value (Figure 25). This result

supports the discussion about the negative results of K* prediction in section 3.6.

On the other hand, the high importance of Ca XRF peaks in the estimation of most
fertility attributes evaluated may be related to its direct or indirect involvement with these soil
parameters. The Ca characteristic X-ray is proportional to its total concentration and is also
associated with the exchangeable Ca content (Ca®"). Ca®" is used in the calculations of CEC
(CEC =SB + H'+AI*" and SB = Ca?" + Mg?*" + K*) and, because CEC is related to the ability
of soil to exchange cations with the soil solution, it affects the availability of nutrients to plants,
including Mg?*. Other studies performed with different tropical Brazilian soils have also
identified Ca as the most important variable for soil fertility estimation [25], [28], [43], [53],
[741-[76].
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3.4 Conclusion

The results demonstrated that it is possible to reduce the number of training samples
while maintaining equivalent performance in PLS models with XRF spectral data. The 136-
sample set was ideal for estimating SOC and CEC, while the 206-sample set was best for
estimating SB, Mg?* and Ca?". Both reduced models were considered good or very good for

predictive quantitative analysis.

It was not possible to reduce the training set of samples for the indirect
quantification of K. Although the K model with the full data set showed an RPD > 1.8 (good
for predictive quantitative analysis), the models with samples separated by the Kennard-Stone
algorithm showed a significant Bias (a = 5%). These results highlight the challenges involved
in estimating K" from the XRF spectrum, which often presents a low Potassium
peak/background ratio and makes modeling difficult. On the other hand, the remaining
attributes showed similar performance regarding the methods used to separate the sample sets
(Kennard-Stone and Random). This allowed a more honest assessment of the reproducibility

results.

Overall, the present study provided subsidies regarding the choice of pXRF training
sample set size in soil fertility attributes PLS modeling. Although models with reduced training
sets show some performance loss compared to those with a full set in RI terms, this loss may
be advantageous depending on the required accuracy results. The fewer samples use may
outweigh this loss because the reduction in the number of samples analyzed by conventional
wet methods is advantageous from a financial, logistical, and environmental point of view.
Therefore, these findings allow bringing XRF closer to local soil fertility mapping in the
precision agriculture context. Researchers are encouraged to reduce the training sample set to
optimize the use of XRF. This method may accelerate local soil analysis by reducing

measurement time and processing power.
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FINAL REMARKS

Chapter 2 evaluated optimized instrumental conditions for soil fertility attributes
using a portable X-ray fluorescence (pXRF) spectrometer and soil samples. The study explored
different possibilities for results from a commercial pXRF routine, using four differente data
matrices in machine learning modeling. The best performance for the simultaneous
quantification of the 10 soil fertility attributes evaluated was achieved by using the single raw
spectra measured at 15 kV, 12.15 pA and 30 s without filters as experimental conditions,
modeled with partial least squares. Comparison between individual spectra and data fusion
models demonstrated that a single experimental condition is sufficient to produce accurate and
reliable results in the context of this study. Therefore, based on the established RPD ranges, the
models for SOC, CEC, SB, and Ca?" were considered very good for quantitative prediction
(RPD > 2.0), while the models for K* and Mg?" were considered good for quantitative
prediction (1.8 <RPD <2.0). The models for PM, pH, BSP, and H+Al presented fair predictions
(RPD < 1.8), useful for evaluation and correlation. These findings are valid for local
applications in the context of the soil samples evaluated and demonstrate the potential of pXRF
application combined with machine learning calibration in different contexts to extract

quantitative and qualitative information about soil fertility.

Additionally, the randomization test showed that the modeling performance with
pXRF was equivalent to benchtop EDXRF, suggesting a possible in situ application of this
method. However, a preliminary study on extrapolation from laboratory calibrated models had
negative results, indicating that their extrapolation to in situ measurements is challenging and
complex. This is not recommended in the scenario where training and validation sample sets

are collected over large time intervals.

The study of chapter 3 showed that it is possible to reduce the number of training
samples while maintaining equivalent performance in PLS models with XRF spectral data. A
set of 136 samples was optimal for estimating SOC and CEC, while a set of 206 samples was
best for estimating SB, Mg?*, and Ca?*. Both reduced models were considered good (1.8 < RPD
< 2.0) or very good (RPD > 2.0) for quantitative predictive analysis. It was not possible to

reduce the training set for indirect K™ quantification.

In conclusion, the study in Chapter 2 provided information on the best choice of
pXRF experimental condition in modeling soil fertility attributes, highlighting the viability of

this methodology for local soil analyses, accelerating results in terms of measurement time and
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capacity for processing. Chapter 3 provides information on the minimum size of the pXRF
training sample set for modeling soil fertility attributes. Although models with reduced training
sets show some performance loss, this may be advantageous depending on the accuracy
required. The reduction in the number of samples analyzed by conventional methods is
beneficial from a financial, logistical, and environmental point of view. Therefore, these
findings bring pXRF closer to rapid local soil fertility mapping in the context of precision
agriculture. The procedure enables agile decisions related to the use of fertilizers and other
products for soil correction. Researchers are encouraged to reduce the training sample set and

use pXRF optimized conditions to assess soil fertility in different contexts and purposes.
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