Universidade

Sl Esiadual de Londrina

JOAO MARCOS FAVARO LOPES

MULTIMODAL SPECTROSCOPIC ANALYSIS FOR
EROSION ASSESSMENT IN AGRICULTURAL SOILS

LONDRINA
2026



JOAO MARCOS FAVARO LOPES

MULTIMODAL SPECTROSCOPIC ANALYSIS FOR
EROSION ASSESSMENT IN AGRICULTURAL SOILS

Thesis presented to the Postgraduate Pro-
gram in Physics at the State University of
Londrina, as a partial requirement for ob-
taining the doctor’s degree.

Supervisor:

Co-

supervisor:

LONDRINA
2026

Prof. Dr. Avacir Casanova
Andrello

Prof. Dr. Fabio  Luiz
Melquiades



Ficha de identificagdo da obra elaborada pelo autor, através do Programa de Geracéo
Automatica do Sistema de Bibliotecas da UEL

Lopes, Jodo Marcos Favaro.
Multimodal Spectroscopic Analysis for Erosion Assessment in Agricultural
Soils / Jodo Marcos Favaro Lopes. - Londrina, 2026.
146 1. :il.

Orientador: Avacir Casanova Andrello.

Coorientador: Fabio Luiz Melquiades.

Tese (Doutorado em Fisica) - Universidade Estadual de Londrina, Centro de
Ciéncias Exatas, Programa de Pés-Graduagao em Fisica, 2026.

Inclui bibliografia.

1. Fisica Nuclear Aplicada - Tese. 2. Andlise Multivariada - Tese. 3. Fuséo de
Dados - Tese. 4. Redistribuicdo de Solo - Tese. I. Andrello, Avacir Casanova. Il.
Melquiades, Fabio Luiz. Ill. Universidade Estadual de Londrina. Centro de
Ciéncias Exatas. Programa de Pés-Graduagao em Fisica. IV. Titulo.

CDhuU 53




JOAO MARCOS FAVARO LOPES

MULTIMODAL SPECTROSCOPIC ANALYSIS FOR
EROSION ASSESSMENT IN AGRICULTURAL SOILS

Thesis presented to the Postgraduate Pro-
gram in Physics at the State University of
Londrina, as a partial requirement for ob-
taining the doctor’s degree.

Examination Board

Prof. Dr. Avacir Casanova Andrello
Universidade Estadual de Londrina

Al
Prof. Dr. Eduardo Inocente Jussiani
Universidade . Estadual de Londrina

7
Prof. Dr. Paulo Sérgio Parreira
Universidade Estadual de Londrina

Prof. Dr. Felipe Rodrigues dos Santos
Universidade Estadual do Centro-Oeste

Dra. Lina Du
International Atomic Energy Agency

Londrina, 25 June 2026.


julianaamaro
Retângulo

julianaamaro
Retângulo

julianaamaro
Retângulo

julianaamaro
Retângulo

julianaamaro
Retângulo


“The most important step a man can take.
It’s not the first one, is it? It’s the next one.
Always the next step.”

- Dalinar Kholin, in Oathbringer by

Brandon Sanderson.
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RESUMO

A erosao do solo em &areas agricolas é um fendomeno natural caracterizado pela perda da
camada fértil, podendo ser agravada por atividades humanas e resultando em impactos
sociais e economicos significativos. Dada a importancia da conservagao do solo, a adogao
de praticas de manejo sustentavel e o desenvolvimento de metodologias capazes de avaliar
tais praticas de maneira rapida e precisa sao essenciais. Nos ultimos anos, técnicas de
analise espectral tém se consolidado como ferramentas capazes de fornecer informagcoes
relevantes sobre a satiide e o manejo do solo, exigindo preparacao minima de amostras e
sem a geracao de poluentes.

Nesse contexto, este trabalho apresenta dois objetivos principais: (i) desenvolver metodolo-
gias baseadas em Espectrometria de Raios Gama (GRS) que permitam o uso de detectores
de baixa resolucao na avaliagao da redistribui¢ao do solo; e (ii) empregar GRS, Fluorescén-
cia de Raios X por Dispersao de Energia (EDXRF) e Espectroscopia de Infravermelho
Médio (MIRS) para avaliar a composigao nuclear, elementar e molecular de solos e, por
meio de fusdo de dados e técnicas de aprendizado de maquina, aprimorar a compreensao
dos processos erosivos e sua relacao com a composicao do solo.

Para o primeiro objetivo, foram desenvolvidas duas metodologias: uma baseada na descon-
volugao espectral de medidas realizadas com detectores de Nal(T1) para a quantificagao de
"Be; e outra baseada na transferéncia de calibragio entre detectores de HPGe e Nal(Tl)
via Target Transformation Factor Analysis (TTFA), visando aumentar a acurdcia das
analises conduzidas com detectores de baixa resolucao.

Para o segundo objetivo, quatro abordagens foram aplicadas: (i) andlise de componentes
principais (PCA) para avaliar correlagoes entre os resultados quantitativos de GRS e
EDXRF, indicando comportamento semelhante entre a redistribuicao do solo e a con-
centragao de elementos oriundos de fertilizantes; (ii) fusdo de dados espectrais de GRS
e EDXRF utilizando Andlise de Dimensoes Comuns (ComDim), demonstrando potencial
para a determinagao da proveniéncia do solo; (iii) fusdo de dados quantitativos de GRS,
EDXREF e quimica analitica via PCA multibloco, revelando correlagdes entre marcadores
de redistribui¢do, composigao elementar e parametros de fertilidade; e (iv) fusao de dados
MIRS e EDXRF para a construcao de modelos preditivos de parametros de fertilidade,
oferecendo uma alternativa rapida aos métodos convencionais de quimica analitica.

Esta abordagem integrada demonstra que a sinergia entre diferentes técnicas espectrométri-
cas e analise multivariada amplia significativamente a capacidade de avaliagdo da dindmica
do solo e da produtividade agricola.

Palavras-chave: Redistribuicao de Solo. Fusao de Dados. Espectrometria de Raios Gama.
Fluorescéncia de Raios X. Espectroscopia do Infravermelho Médio.



LOPES, J. M. F.. Multimodal Spectroscopic Analysis for Erosion Assessment
in Agricultural Soils. 2026. 146p. PhD Thesis (PhD in Physics)Tese (Doutorado em
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ABSTRACT

Soil erosion in agricultural areas is a natural phenomenon characterized by the loss of fer-
tile soil, which can be exacerbated by human activities and result in significant social and
economic impacts. Given the importance of soil conservation, the adoption of sustainable
management practices and the development of methodologies capable of evaluating such
practices in a rapid and accurate manner are essential. In recent years, spectral analysis
techniques have become established as tools capable of providing relevant information on
soil health and management, requiring minimal sample preparation and generating no
pollutants.

In this context, this work presents two main objectives: (i) to develop methodologies based
on Gamma-Ray Spectrometry (GRS) that enable the use of low-resolution detectors for
the assessment of soil redistribution; and (ii) to employ GRS, Energy-Dispersive X-Ray
Fluorescence (EDXRF), and Mid-Infrared Spectroscopy (MIRS) to evaluate the nuclear,
elemental, and molecular composition of soils and, through data fusion and machine learn-
ing techniques, to improve the understanding of erosive processes and their relationship
with soil composition.

For the first objective, two methodologies were developed: one based on the spectral
deconvolution of measurements performed with Nal(Tl) detectors for the quantification
of "Be; and another based on calibration transfer between HPGe and Nal(T1) detectors
using Target Transformation Factor Analysis (TTFA), aiming to increase the accuracy of
analyses conducted with low-resolution detectors.

For the second objective, four distinct approaches were applied: (i) principal component
analysis (PCA) to evaluate correlations between quantitative GRS and EDXRF results,
which indicated similar behavior between soil redistribution and the concentration of
elements originating from fertilizers; (ii) fusion of GRS and EDXRF spectral data using
Common Dimensions Analysis (ComDim) for soil provenance determination; (iii) fusion
of quantitative GRS, EDXRF, and wet chemistry data via multiblock PCA to identify
correlations among erosion markers and fertility parameters; and (iv) the fusion of MIRS
and EDXRF data to build predictive models for soil fertility parameters, providing a
faster alternative to traditional wet chemistry methods.

This integrated approach demonstrates that the synergy between different spectrometric
techniques and multivariate analysis significantly enhances the assessment of soil dynamics
and agricultural productivity.

Keywords: Soil Redistribution. Data Fusion. Multisensor Integration. Gamma-ray Spec-
trometry. X-Ray Fluorescence. Mid-Infrared Spectroscopy.



Figure 1 —

Figure 2 —

Figure 3 —

Figure 4 —

Figure 5 —

Figure 6 —

Figure 7 —

Figure 8 —

Figure 9 —

Figure 10 —

Figure 11 —

Figure 12 —

LIST OF FIGURES

Photon interaction cross-sections for Pb as a function of the energy of

the photon. Both axes are logarithmic. . . . . .. .. .. .. ... ... 23
Representation of the Photoelectric Effect using Bohr’s atomic model

for a Na atom. Electrons in the K shell have the greatest probability of
absorbing an incident photon. . . . . . . .. ... 0oL 24
Representation of the Compton Effect. . . . . . . ... ... ... ... 25
Spectrum of *"Cs and °Co sources indicating their photopeaks (dots),
Compton edges (dashed lines), and backscatter peaks (dotted lines). . . 27
Representation of the pair production happening in the Coulomb field

of an atom. An incident photon (E > 1022 keV) is converted into an
electron-positron pair, and the positron undergo annihilation with an
electron producing two photons with £ =511 keV. . . . . .. .. ... 28
Schematics of a scintillation detector. The incident photon produces
scintillation inside the crystal, that strikes the photocathode, emitting
photoelectrons whose intensities are increased by the dynodes and later
converted into electronic signals. . . . . . . ... ..o 30
Schematics of an HPGe detector. The incident photon interacts with

the semiconductor crystal, generating an electron-hole pair. The charges

are separated by the electric field and collected at the contacts. . . . . 32
Schematic illustration of the operating principle of a SDD. In the side
view, incident photons interact with the silicon crystal, producing electron-
hole pairs whose drift directions are determined by the applied electric

field. The top view shows the concentric annular electrodes responsible

for shaping the electric field and directing electrons toward the central
anode, while holes drift toward the cathode. . . . . . . . ... .. ... 33
Diagram illustrating the steps for signal processing after a photon is
detected. The preamplifier is placed as close to the detector as possible,

while other components are typically connected via coaxial cables. . . . 34
Ilustration of the net area calculation for spectra obtained with HPGe

and Nal(T1) detectors. . . . . . . . . . ... ... ... .. .. ... 35
Photographs of the HPGe detector and respective lead shielding used

in the experimental measurements. . . . . . ... .. ... ... .. .. 37
Photographs of the Nal(T1) detector, digiBASE PMT, and lead shield-

ing used in the experimental measurements. . . . . . .. ... .. ... 38



Figure 13 —

Figure 14 —
Figure 15 —
Figure 16 —

Figure 17 —
Figure 18 —
Figure 19 —
Figure 20 —

Figure 21 —
Figure 22 —

Figure 23 —
Figure 24 —

Figure 25 —
Figure 26 —

Figure 27 —

Figure 28 —

Figure 29 —

Basic schematics for X-Ray fluorescence. In EDXRF, the different en-
ergies generate from the interaction between the incident beam and
sample are dispersed inside the detector. . . . . . . . . ... ... ...
Shimadzu EDX-720 EDXRF system. . . . ... ... ... ... ....
Bruker Tracer 51 pXRF system. . . . .. .. .. ... ... ... ....
Photograph of the Panalytical Epsilon 5, and schematics of the optics
inside the spectrometer. . . . . . . ... .o Lo
Basic schematics of a FTIR spectroscope. . . . . . . .. .. ... ...
Bruker Alpha II FTIR spectroscope. . . . . . . . .. ... ... ....

Vertical distribution of "Be in undisturbed, eroded and depositional soil

Global distribution of bomb-derived fallout *"Cs. . . . . . . ... ...
Vertical distribution of **"Cs in undisturbed and mechanized soil sites.
Schematics of an RFR. Each decision tree in composed by branches con-
taining different nodes. The green-colored nodes indicate step chosen
by bootstrapping. . . . . . . ...
Main steps of Target Transformation Factor Analysis. . . . . . . . . ..
Comparison between NN and IDW interpolation methods for a set of
randomly generated data points (n = 20). The black dots in the inter-
polated surfaces indicate the sampled locations. . . . . . . .. ... ..
Workflow of the employed methodology for spectral deconvolution.
Comparison of ‘Be influence in spectra obtained with HPGe and Nal(T1)
detectors at different depths. The four continuous lines represent the
Nal(Tl) spectra obtained from a sample at different depths, while the
dashed line is an HPGe spectrum. The **®Ac (463.0 keV), "Be (477.6
keV) and 2%T1 (510.7 keV) emissions are identified. . . . . . . . . ...
Violin plots displaying the measured activity concentrations (Bq-kg™!)
of 2®T1 and **®Ac across the 31 studied soil samples. The congruence
between both distributions suggests equivalency in the calibration and
efficiency calculations for the two detectors. . . . . ... ... .. ...
Resulting peak deconvolution from four depths (1-5 cm) at one sam-
pling point. Blue line: measured peak, yellow /red: estimated 280 / 208T]
contributions (911.2/968.9 keV, and 2614.5 keV), purple: estimated
positron annihilation, green dashed: calculated "Be, gray dotted: sum
ofall peaks. . . . . . . ..
Measured "Be activity concentration values, uncertainties and MDA
for all samples. The range of calculated values is the same for both

detectors, and the trends between them are similar. . . . . . . .. . ..

39
40
41

ol
52

72



Figure 30 —

Figure 31 —

Figure 32 —

Figure 33 —

Figure 34 —

Figure 35 —

Figure 36 —

Figure 37 —

Figure 38 —
Figure 39 —

Figure 40 —
Figure 41 —

Figure 42 —

Comparison of the "Be distribution profile obtained with the reference
samples for the HPGe and Nal(TI) detectors. The obtained mass re-
laxation depths, 2, are presented. . . . . . . .. ..o 74
Calculated soil redistribution based on the "Be activity for the HPGe
and Nal(T1) detectors. Both sets of results show the same behavior in
the mega parcel. . . . . . . . ... o 75
Rainfall data, in millimeters, obtained for the megaparcel region from
December /2022 to May/2023. The sampling was performed on 11th May. 76
Soil redistribution intensity over the studied agricultural area obtained
by IDW interpolation. The color scale represents the magnitude of re-
distribution. . . . . . . ..o 76
Spectra for a representative sample. The blue line represents the HPGe
spectrum, the green line the Nal(T1) spectrum, and the red dashed line
the reconstructed spectrum. The left y-axis shows counts for the HPGe
and transformed spectra, while the right y-axis shows Nal(T1) counts.
The plot is zoomed in as to provide better visualization. . . . . . . .. 80
Comparison of the activity concentrations of "Be, ‘K, 137Cs, 05T,
and *"Bi calculated using the Nal(T1) (green), HPGe (blue) and trans-
formed (red) spectra. . . . . . . ... Lo 81
Workflow of the applied methodology for the study of complementarity
of GRS and XRF for assessing soil redistribution. . . . . . .. .. ... 86
Barplot of the calculated inventories for the soil samples collected in
the agricultural plot. In 37a, the different colors indicate the sam-
pling points, while in 37b they indicate soil erosion (red) or deposition
(green). The purple line indicate the mean reference inventory, and the
shaded area its standard deviation. . . . . . . .. ... ... 89
Mean annual soil loss for the nine sampling points. . . . . . . . .. .. 90
PCA of all the studied samples. The scores and loadings are plotted
together in both cases. . . . . . . .. .. ... oL 91
Scores and loadings plots of all elements with the names of the samples. 91
Mean spectra of the measured samples (n=31) for pXRF (left) and
GRS (right). Detected peaks are indicated in both plots, and the pXRF
spectra y-axis is broken between 2.5 and 13.5 keV to facilitate the vi-
sualization of low-intensity emissions. . . . . . . . . . .. ... ... .. 95
Vertical distribution profiles of elemental concentrations (g kg~! and mg
kg™!) and radionuclide activities (Bq kg™!) for the 0-3 cm soil layers.
Data points represent the mean (n=10 per depth increment) and error
bars indicate the standard deviation. The reference sample at 5 cm is

included to illustrate the baseline for redistribution assessment. . . . . 96



Figure 43 —

Figure 44 —

Figure 45 —

Figure 46 —

Figure 47 —

Figure 48 —

Figure 49 —

Figure 50 —

Figure 51 —

Figure 52 —

(a) Individual and cumulative explained variance for the first ten com-
mon dimensions. The dashed line indicates the cumulative variance
threshold used to define the retained dimensionality. (b) Normalized
saliences (A) of the pXRF and GRS blocks for the first three CDs. The
values of n? indicate the proportion of variance explained by each CD. .
Spearman’s rank correlation coefficients (p) between the scores of the
first three common dimensions and the analytical variables from GRS
and pXRF. Statistical significance is indicated by asterisks. . . . . . . .
Scores and loadings representation of the ComDim results. On the left,
the scores plot shows the distribution of samples in the CD1xCD3 space,
where colors represent sampling locations and marker shapes indicate
sampling depths. On the right, the loadings plots for the pXRF and
GRS spectra illustrate the contribution of spectral energy variables to
each common dimension, highlighting the variables driving the observed
sample separation. . . . . . . ...
Satellite view of Cambé (left) and Toledo (right) sampling sites. Sam-
pling points and scale are indicated. . . . . . . . ... ...
Heatmap of block contributions (%) to the global principal components
obtained by MB-PCA. The color intensity reflects the relative impor-
tance of each data block in the formation of the global components. . .
Scores (samples) and loadings (variables) plots for the first two prin-
cipal components (PC1 and PC2) obtained from the MB-PCA of Wet
Chemistry, GRS, and XRF datasets. . . . ... ... ... ... ....
Scores (samples) and loadings (variables) plots for the second and the
third principal components (PC2 and PC3) obtained from the MB-PCA
of Wet Chemistry, GRS, and XRF datasets. . . . ... ... ... ...
RFR results for soil exK prediction based on XRF and MIRS. Predicted
versus measured values are shown for (a) training and (b) test datasets.
Individual variable importance for (¢) MIRS and (d) XRF. Performance
metrics for both datasets are summarized below. . . . . . . . . . . . ..
PLSR results for exP prediction fusing MIRS and XRF spectral datasets.
Predicted versus measured values are shown for the (a) training and
(b) test datasets. Individual variable importance for (¢) MIRS and (d)
XRF. Performance metrics for both datasets are summarized below. . .
PLSR results for soil pH prediction based on XRF and MIRS spectra.
Predicted versus measured values are shown for the training (left) and
test (right) datasets. Variable importance and performance metrics for

both datasets are summarized below. . . . . . . . . .. .. ... .. ..

98

106

117

119

Figure 53 — Representation of the ?*Th decay chain. . . . . . . ... ... .. ... 132



Figure 54 — Representation of the "Np decay chain. . . . . . . ... .. .. ...
Figure 55 — Representation of the ***U decay chain. . . . . .. .. ... ... ...
Figure 56 — Representation of the *°U decay chain. . . . . . . . ... ... . ...
Figure 57 — PLSR results for soil OC prediction based on MIRS spectral data. . . .
Figure 58 — PLSR results for soil exCa prediction based on MIRS spectral data. . .

Figure 59 — PLSR results for soil exK prediction based on MIRS spectral data.

Figure 60 — PLSR results for soil exMg prediction based on MIRS spectral data. . .

Figure 61 — RFR results for soil exP prediction based on MIRS spectral data.

Figure 62 — PLSR results for soil SB prediction based on MIRS spectral data. . . .
Figure 63 — PLSR results for soil CEC prediction based on MIRS spectral data. . .
Figure 64 — PLSR results for soil BS prediction based on MIRS spectral data. . . .
Figure 65 — RFR results for soil pH prediction based on MIRS spectral data. . . . .
Figure 66 — RFR results for soil OC prediction based on XRF spectral data. . . .
Figure 67 — RFR results for soil exCa prediction based on XRF spectral data. . . .
Figure 68 — RFR results for soil exK prediction based on XRF spectral data. . . . .
Figure 69 — RFR results for soil exMg prediction based on XRF spectral data. . . .
Figure 70 — RFR results for soil exP prediction based on XRF spectral data. . . . .

Figure 71 — RFR results for soil SB prediction based on XRF spectral data.
Figure 72 — RFR results for soil CEC prediction based on XRF spectral data.
Figure 73 — RFR results for soil BS prediction based on XRF spectral data.

Figure 74 — PLSR results for soil pH prediction based on XRF spectral data. . . . .



Table 1 —
Table 2 —
Table 3 —

Table 4 —

Table 5 —
Table 6 —

Table 7 —
Table 8 —

Table 9

Table 10 —
Table 11 —

Table 12 —

Table 13 —

Table 14 —

Table 15 —

Table 16 —

LIST OF TABLES

A few excited metastable states and their respective half-lives. . . . . . 22
XRF Spectrometer conditions employed to perform the measurements. . 42

Common absorption bands in the mid-infrared region and their corre-

sponding fingerprint regions. . . . . . . ... ... ... 43
A few known primordial radionuclides, with their half-lives and decay

modes. . ... 46
Main characteristics of the four natural radioactive series. . . . . . . .. 47

Reference and calculated activity concentration values, in Bq/kg, for
TAEA-312 and TAEA-444 certified samples after using the TAEA-327
certified samples to build de efficiency curve for the HPGe and Nal(T1)
detectors. . . . . . . . 78
Performance metrics for the training and test datasets. . . . . . . . . .. 81
Mean activity concentration, standard deviation (SD), median, interquar-
tile range (IQR), minimum and maximum values, mean MDA and its
SD of the five radionuclides calculated using the HPGe, transformed
(TTFA) and Nal(Tl) spectra (n = 41 samples). All values are reported

Comparison of the quantification performance for Nal(Tl) and trans-
formed spectra relative to HPGe measurements. . . . . . .. .. .. .. 83
Descriptive statistics of concentration data for all the samples (n = 27). 88
Complete descriptive statistics of soil elemental concentrations and ra-
dionuclide activities separated by depth (n = 10 per depth increment).
Elements are ordered by atomic number; minor constituents are reported
in mg kg™! for clarity. . . . . ... ... ... 97
Descriptive statistics of the fertility parameters in the measured samples
(n=158). . . . 103
Descriptive statistics of the radionuclides found in the measured samples.
All values, except Counts, are reported in Bq/kg. . . . . . .. ... ... 104
Descriptive statistics of the elements quantified in the measured samples
(n = 158). Oxides are reported in %, while elemental concentrations are
reported in ppm. . . . . ... 105
Summary of the relationships found between WetChem parameters and

elements quantified via XRF and GRS for the analyzed samples through

Standalone XRF and MIRS regression results corresponding to the test

datasets of the nine modelled fertility parameters. . . . . . . ... . .. 112



LIST OF ABBREVIATIONS AND ACRONYMS

CRM Certified Reference Material
CT Calibration Transfer

EC Electronic Capture

FRN Fallout Radionuclide

FWHM Full Width at Half Maximum

GRS Gamma-Ray Spectrometry

HPGe High-Purity Germanium

IAEA International Atomic Energy Agency

IPEN Instituto de Pesquisas Energéticas e Nucleares
LLD Lower Limit of Detection

LLQ Lower Limit of Quantification

MDA Minimum Detectable Activity

MIRS Mid-Infrared Spectroscopy

MCA Multichannel Analyzer

Nal(T1) Thallium-Activated Sodium lodide

NORM Naturally Occurring Radioactive Material
PCA Principal Component Analysis

PLSR Partial Least Squares Regression

PMT Photomultiplier Tube

RF Random Forest

ROI Region of Interest

SDD Silicon-Drift Detector

SVD Singular Value Decomposition

TTFA Target Transformation Factor Analysis

XRF X-Ray Fluorescence



2.1
2.2
221
2.2.2
2.2.3
2.3
2.3.1
2.3.2
2.3.3
2.4
2.5
25.1
2.5.2
2.6
2.6.1
2.6.2
2.6.3
2.7
2.7.1

3.1
3.1.1
3.2
3.2.1
3.2.2

4.1
4.1.1
4.1.1.1

CONTENTS

Contents . . . . v v v i e e e e e e e e e e e e e e e e e e e
INTRODUCTION AND OBJECTIVES ... ... ... ....

PRINCIPLES OF RADIATION AND DETECTION . .. ..
Radiation Physics . . . . . . . . .. ... oL
Radiation Interaction with Matter . . . . . . . .. .. ... ...
Photoelectric Effect . . . . . ... ..o
Compton Effect . . . . . . . ...
Pair Production . . . . . . . ... ...
Gamma and X-Radiation Detectors . . .. ... .. ... ... .
Thallium-Activated Sodium Iodide Detectors . . . . . . . . ... ...
High-Purity Germanium Detectors . . . . . . .. ... ... ... ...
Silicon-Drift Detectors . . . . . . . . . . .. ... ... ... ...
Electronics of Radiation Detection . . . . . . . . ... ... ...
Gamma-Ray Spectrometry . . . . . ... ... ... ... ... ..
Canberra GC6020 . . . . . . . . . . ..
Ortec 9054 . . . . . . e
X-ray Fluorescence . . . . . . . .. ... ... L.
Shimadzu EDX-720 . . . . . . . . . ... ..
Bruker Tracer 5i . . . . . . . . ...
Panalytical Epsilon 5 . . . . .. .. ... o oo
Mid-Infrared Spectroscopy . . . . . . . . .. ... ... ... ...
Bruker Alpha IT . . . . . . . . ... ... .

ENVIRONMENTAL RADIOACTIVITY .. ... .......
Primordial Radionuclides . . . . . . . ... ... ... .......
Natural Radioactive Series . . . . . . . . .. ... .. ... .. ....
Fallout Radionuclides . . . . ... ... ... ... .........
Beryllium-7. . . . . . .. .o
Caesium-137 . . . . . . .

DATA ANALYSIS AND CHEMOMETRIC TOOLS . . . ...
Exploratory Analysis. . . . . . . ... ... ... ... ... ...
Principal Component Analysis . . . . . . ... ... ... .. .....
Multi-Block PCA . . . . . . . . .



4.1.2
4.2
4.2.1
4.2.2
4.3
4.4

6.1

6.1.1
6.1.2
6.1.3
6.1.4
6.1.5
6.1.6
6.2

6.2.1
6.2.2
6.2.3
6.2.4
6.2.5
6.2.6
6.2.7

7.1

7.1.1
7.1.1.1
7.1.2
7.1.3
7.1.4
7.14.1
7.1.5
7.2

Common Dimensions Analysis . . . . . ... .. ... ... .. ....
Machine Learning Models . . . . . . ... ... ... .......
Partial Least Squares Regression . . . . . . . . ... ... .. ... ..
Random Forest Regression . . . . . ... ... ... ... .......
Calibration Transfer . . . . . . . .. .. .. ... ... ... ...

Spatial Interpolation . . . . . . . . . .. ... ... ... ... ...
LITERATURE REVIEW . . . .. ... ... ... ......

METHODOLOGICAL DEVELOPMENTS IN GAMMA-RAY
SPECTROMETRY . . . . . . . . o i et e et e e e e e e
Spectral Deconvolution for Beryllium-7 Detection . . . . . ..
Sampling and Preparation . . . . .. ... ... ... .. .......
Spectral Deconvolution . . . . . . ... ... ... ... ... . ...
Activity and Soil Redistribution Calculations . . . . . . . .. ... ..
Detectors Comparison . . . . . . . . . . . .. ...
Deconvolution and Soil Redistribution . . . . . . . .. ... ... ...
Conclusions . . . . . . . . e
Calibration Transfer for Radionuclide Quantification . . . . . .
Methodology . . . . . . . . . ..
Experimental Setup . . . . . .. ... oo
Data Management . . . . . . . . . . .. ... ...
Calibration Transfer . . . . . . . . . .. ... .. ... .. ... ...,
Activity Concentration . . . . . . . . . . ... ... ... ... .. ..
Results Evaluation . . . . . . ... .. .. ... ... ... ......

Conclusions . . . . . . .

MULTITECHNIQUE APPROACHES FOR SOIL REDISTRI-
BUTION STUDIES . . . . . . . . ittt ittt et e e
Gamma and X-Ray Spectrometries Applied to Evaluate Soil
Redistribution . . . . . . . ...
Methodology . . . . . . . . . .
Sampling and Preparation . . . . . . . . . ... 0oL
Experimental Setup . . . . . .. ..o
Quantified Elements . . . . . . . .. ..o o
Soil Redistribution . . . . . . . . . ... o
Multivariate Analysis . . . . . . . . . . ...
Conclusions . . . . . . . . . e
Data Fusion of Gamma and X-ray Spectra via ComDim for

Soil Characterization . . . . . . . . . . . .. ... ...

85
86
86
86
87
38
90
92



7.2.1
7.2.2
7.2.3
7.2.4
7.3

7.3.1
7.3.1.1
7.3.1.2
7.3.1.3
7.3.2
7.3.3
7.4
74.1
7.4.2
7.4.3
7.4.3.1
7.4.3.2
7.4.4
7.4.5

Al
A.2
A.3
A4

B.1
B.2

Data Fusion . . . . . . . . 93

XRF and GRS results . . . . .. .. ... .. ... ... ... 94
ComDim Analysis . . . . . . . . . ... 98
Conclusions . . . . . . . . . 101
Exploratory Analysis of GRS, XRF, and Wet Chemistry Quan-

titative Data for Soil Analysis . . . . . . .. ... ... ... ... 101
Sampling and Measurements . . . . . . . . . ... ... ... ... 102
Wet Chemistry . . . . . . . . . . e 103
GRS . . . e e 104
XRE . . e e 104
MB-PCA . . . . 105
Conclusions . . . . . . . . . 110
Data Fusion for Predicting Soil Fertility Parameters . . . . . . 110
Standalone Models . . . . . . . . ... oo 111
Data Fusion Strategy . . . . . . . . . .. ... L. 114
Soil Macronutrients Prediction . . . . . . ... ... ... ... ... 114
exK . L e 114
exP e 116
Soil pH Prediction . . . . . ... ... 118
Conclusions . . . . . . . . . 120
FINAL CONCLUSIONS . . . . . . it ittt e e 121
BIBLIOGRAPHY . ... . ... . i it 123
DECAY CHAINS . . . . e e i i e e e e 132
Thorium-232 . . . . . . . . . ... 132
Neptunium-237 . . . . . . .. ... 132
Uranium-238 . . . . . . . ... 133
Uranium-235 . . . . . . . . .. 133

RESULTS FOR SOIL FERTILITY PARAMETERS WITH

STANDALONE MODELS . ... . . . . . .. 134
MIRS Models . . . . . . . . 134
XRF Models . . . . . . . s 139
Published Work . . . . . . . . . o o i e e e e e e e e e 144

Scientific Events . . . . . . . . . . i e e e e e e e e e 146



19

1 INTRODUCTION AND OBJECTIVES

Erosion is a naturally occurring degradation agent that involves three types of
processes: detachment, movement, and deposition of soil particles [1,2]. Albeit natural,
erosive processes might be accelerated by human activities that leads to negative impacts
on agricultural production [3,4]. The dislodgment of fertile topsoil in agricultural areas is
associated with irretrievable loss of nutrients that plants require to grow, leading to the

decrease of quality and quantity of food production.

Different types of land degradation affects over 1.5 billion people, specially in devel-
oping countries [5]. Unsustainable human activities, such as overgrazing and deforestation,
have accelerated soil erosion for over a thousand times [6]. Soil is the source of 95 percent
of all agricultural production [6] and approximately a quarter of the world’s population
relies on food produced at already degraded lands and this rate increases every year [5].
As of now, soil is degrading faster than it can be replenished. Overall, soil erosion is more

common on steep, slopping land [5].

This way, soil erosion is considered to be one of the major threats to soil stability
and productivity. Despite the seriousness of this problem, erosion monitoring remains a
challenge [7]. For the past six decades, fallout radionuclides (FRN) have been studied as
tracers to evaluate soil erosion in different times frames and different types of soil [4,7-12].
FRN are radionuclides that are found in the Earth’s atmosphere for a given period and
eventually are deposited on the ground, where they are adsorbed by clay particles thats

constitutes soil.

Gamma-Ray Spectrometry (GRS) is an analytical non-destructive technique that
may be employed to detect and quantify radionuclides present in the environment and,
therefore, evaluate soil redistribution based on the FRN concentrations. In the context of
the cosmogenic radioactive isotope that is formed in the stratosphere and troposphere by
the spallation of Nitrogen and Oxygen [4]; and Caesium-137, a anthropogenic radionuclide
released in the atmosphere due to nuclear explosions [1]. The main objectives of this work

were:

» to optimize the soil erosion estimation procedure using GRS coupled with multi-

variate analysis;

« to develop a methodology that allows for soil erosion estimation using 'Be as a

tracer employing Thallium-Activated Sodium Iodide (Nal(T1)) detectors; and

» to evaluate the short-term soil redistribution for three agricultural areas.
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Additionally, the GRS results were combined with data from X-ray Fluorescence
(XRF) and Mid-Infrared Spectroscopy (MIRS) to:

 investigate correlations between radioactive, elemental, and molecular properties in

eroded soils;

o employ multivariate and machine learning methods to predict soil fertility parame-

ters; and

o assess the complementarity of these spectrometric techniques in evaluating soil re-

distribution processes.

The results of the present study are organized in two major branches: (1) Method-
ological developments in Gamma-Ray Spectrometry (Chapter 6), addressing de-
tector calibration, spectral deconvolution, and data transfer between detection systems;
and (2) Multitechnique approaches for soil redistribution studies (Chapter 7),
where GRS, XRF, and MIRS data are jointly analyzed to enhance the understanding
of soil redistribution and its relationship with soil composition. Each Section within the
respective Chapters describes a self-contained work, with its methodologies, results, and

conclusions discussed independently.

By integrating nuclear and X-ray spectrometric techniques with modern multi-
variate tools, this work contributes to advancing soil erosion assessment, offering both
methodological innovations and an interdisciplinary perspective on soil redistribution dy-

namics.
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2 PRINCIPLES OF RADIATION AND DETECTION

2.1 Radiation Physics

Radioactivity is a nuclear phenomenon that arises when a atomic species has an
unstable nucleus. This instability may be caused by an uneven distribution between the
protons and neutrons that compose the nucleus, or by interactions with incident parti-
cles or sufficiently energetic waves [13]. For lighter elements, the amount of protons and
neutrons necessary to achieve stability is somewhat similar, while for heavier elements
these quantities mays differ greatly. This behavior leads to an abundance of radioactive

isotopes of heavy elements in comparison with lighter ones.

Unstable nuclei must undergo radioactive decay to achieve stability, which might
happen as the emission of particles («, 3) or electromagnetic waves (7, X-rays). Corpus-
cular emissions leads to nuclear transmutation since the amount of protons within the
nuclear species will change and, for energy to be conserved, the final state’s energy has
to be lower than the initial [13].

The alpha decay («) consists in the emission of 2 protons and 2 neutrons (a He
nucleus) from the nucleus. The o emission reaction is described in Equation (2.1). This
type of decay is particularly common in nuclei with A > 200, where the electrostatic

repulsion between the protons is stronger [14].

X = 53Y +a (2.1)

The beta decay () might be positive or negative. In the 5~ decay a neutron is con-
verted into a proton, an electron and an antineutrino. The electron and the antineutrino
are then emitted from the nucleus. Analogously, the 5 decay consists in the conversion
of a proton into a neutron, a positron and a neutrino, where the last two are emitted.

Both processes are shown in Equation 2.2.

X =, AY + B+ 0

N N . (2.2)
X =, Y+8T+v

Unlike « or v emission, the § decay has a continuos energy spectrum. Alternatively
to the 5% decay, another mechanism that might happen inside a unstable nucleus is the
electron capture (EC). In this process, a nuclear proton “captures” an electron from the
K electronic shell and is then converted into a neutron and a neutrino. The EC process

is shown in Equation 2.3.
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X4e =, 0Y+v (2.3)

The v emission frequently happens after one of the corpuscular decays, since the
daughter nucleus is often found in an excited state and needs to release the energy excess
before reaching stability. This energy is released as an electromagnetic wave know as

gamma radiation. The process is described in Equation (2.4).

AX* 5 AX 4y (2.4)

The * indicates that the nucleus is in an excited state. And, unlike o, 5 or EC, the
~ emission is not associated with nuclear transmutation. Each ~ transition is characterized
by a well-defined energy, commonly ranging from 10 keV to several MeV. The half-lives of
the excited states are usually very short, ranging from 107'2 to 107 seconds [14]. A few
exceptions might occur, and some isotopes may have unusually long half-lives for their
excited states, ranging from milliseconds to years, in extraordinary cases. These cases are

called metastable states, and a few states, alongside their half-lives, are shown in Table 1.

Table 1 — A few excited metastable states and their respective half-lives.

Metastable State Half-Life

24mNa 20.20 ms
60mcg 10.47 min
99m, 60.2 h
131mR, 2.52 min
242mAm 141y

Source: [14], adapted.

Analogously to EC, electrons from the K shell might also aid in the energy re-
lease from excited nuclei. Sometimes the dissipated energy from the nucleus might be
transferred to an atomic electron, which leads to the phenomenon of internal conversion
(IC). Internal conversion is a radioactive decay process where an unstable, excited nu-
cleus transfers its excess energy directly to an orbital electron. This causes the electron
to be ejected from the atom rather than emitting a gamma-ray photon. Nonetheless, 1C
is followed by the emission of X-Rays. Since the electron that absorbs the released en-
ergy leaves a vacancy in the atom’s electronic shell that shall be filled by another atomic

electron.

Despite being an atomic process, X-Rays are also a type of radiation and its dis-
covery is entangled with the discovery of radioactive decays. In fact, detected X-Rays and
Gamma-Rays in the same energy range are indistinguishable from one another, the only

differences are their origin. X-Rays originate from the deexcitation of atomic electrons,
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oftenly caused by the necessity of filling a vacancy in inner atomic shells. Besides IC,
the photoelectric effect (Section 2.2.1) also causes atoms to emit X-Rays. This type of
radiation has a narrower range of energy when compared with gamma radiation, ranging
from a few eV to hundreds of keV [15].

2.2 Radiation Interaction with Matter

Ionizing radiation interacts with matter in different ways. The relative probability
of each interaction occurring depends on the energy of the incident photon and the atomic
number of the material with whom radiation is interacting [14]. Figure 1 illustrates how
the probability of each interaction changes as the energy increases when interacting with
lead. The Photoelectric Effect is dominant up to approximately 500 keV (E < 50 keV
in light elements). Compton Scattering is the dominant effect in the region between 100
keV and 10 MeV. At last, Pair Production is the dominant interaction for energies above
5 MeV. It is worth noting that Pair Production has a minimum energy of 1.022 MeV to
happen. More details in how each interaction happens will be discussed in the following
Subsections. Other types of interactions, such as Rayleigh scattering, nuclear reactions,
and photonuclear interactions, may also occur but are generally less significant in the

energy range relevant to this work and the employed detectors [14].

Figure 1 — Photon interaction cross-sections for Pb as a function of the energy of the
photon. Both axes are logarithmic.

Photon Interaction Cross-Sections in Pb
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Source: self-elaboration with data sourced from the NIST XCOM database [16].
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2.2.1 Photoelectric Effect

The photoelectric effect is a low-energy phenomenon that consists in the absorption
of an incident photon by an atomic electron, followed by the ejection of this electron
from the atomic shell [17], as illustrated in Figure 2. The interaction can not occur in
free electrons since a third body is necessary to absorb the recoil momentum from the
collision [14]. This effect might occur through the interaction of both ionizing and non-
ionizing radiation with matter, the only requirement is that the incident photon has an

energy greater than the electron’s binding energy.

Figure 2 — Representation of the Photoelectric Effect using Bohr’s atomic model for a Na
atom. Electrons in the K shell have the greatest probability of absorbing an
incident photon.
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o °
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Source: self-elaboration.

The photoelectric effect was first observed by Heinrich Rudolf Hertz in 1887, who
reported that illuminating two electrodes with a potential difference using ultraviolet light
resulted in a change in the measured voltage. In 1902, this effect was explained in further
details by Philipp Lenard, who reported that the cause of such changes is the emission of

electrons.

The kinetic energy of the ejected electron (K) is defined as the difference between
the kinetic energy of the incident photon (E = hv) and the electron’s binding energy
(Ebina), as shown in Equation (2.5).

K=hv— Ebind (25)

Electrons from different atomic shells may absorb the incident photon and be
ejected. The probability of photoelectric absorption depends on the electron binding en-
ergy and orbital, with inner-shell electrons (particularly from the K and L shells) being
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much more likely to interact. This occurs because these electrons are more strongly bound
and have a greater overlap with the atomic nucleus. After the ejection of an inner-shell
electron, the resulting vacancy is filled by an electron from a higher shell, leading to the

emission of characteristic X-rays or Auger electrons.

2.2.2 Compton Effect

The classical electromagnetic interpretation dictates that electromagnetic radia-
tion can be elastically dispersed by atomic electrons [14]. When electromagnetic radiation
interacts with atomic electrons, these will emit a secondary radiation with the same en-
ergy as the incident radiation. This phenomenon is known as the Thomson effect, and
it is dominant for low-energy photons (E, < 100 keV) since different effects will happen

when the radiation energy is similar of the electrons rest mass (mgc? = 511 keV/c?) [14].

The Compton effect consists of the inelastic scattering of photons by atomic elec-
trons that are weakly bounded [18], and is a mid-energy phenomenon. The effect was first
observed by Arthur Holly Compton in 1923 while researching the scattering of X-rays. An
incident photon hits a weakly bound electron (Epnoton > Ebind), scattering the electron

and changing its original direction, as shown in Figure 3.

Figure 3 — Representation of the Compton Effect.
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Source: self-elaboration.

During the collision, the photon loses part of its energy, which is transferred to
the electron. The energies of the two bodies after the collision can be calculated as a
function of the photon’s initial energy (E.) and its scattering angle (). These functions

are displayed in Equation (2.6), where @ = E. /moc?.
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/ — E’Y
7 14 a(l —cosb)
E2(1 — cos0)

T moc® + E. (1 —cosb)

(2.6)

E. and E, takes continuous energy values according to the scattering angle, which
ranges between 0 and m. When the energy of the incident photon is sufficiently high, its
dependence on E! becomes negligible. In that case, the energy of the scattered photon

can be rewritten as Equation (2.7).

2
E —

_— 2.
v 1 —cos® (2.7)

This result is particularly interesting for 7/2 < 6 < m, since this will lead to
Equation (2.8). This result is useful for interpreting the response of gamma radiation
detectors [19].

moc?
2

< B, < moc® (2.8)

To fully understand this result, it is important to look at the Klein-Nishina equa-
tion for the Compton cross-section (Equation (2.9)) that was first derived by Klein-Nishina
in 1929 [20,21]. The equation describes the probability of a photon with energy of E. being
scattered through an angle between 6 and 6 + d6.

(2.9)

do(E,,0) 1§ 1 + cos® 6 a?(1 — cos 0)*
d<2 2

211+ a(l —cosh))? * 14 a1 —cosf)]3

At low energies, a — 0, the distribution corresponds to that expected for the
Thomson effect [14]. For low energies, the probability of forward (0 < 6 < 7/2) and
backwards (/2 < 6 < 7) scattering are similar. As the energy of the incident photon
increases, the probability of backscatter diminishes. By integrating Equation (2.9) for
all possible angles, it is possible to obtain the Compton scattering excitation function
(Equation (2.10)).

l+al2(1+a) 1 1 1+ 3«

.= 2712 — —In(1+2 — In(l+2a) — ——— 2.10

7 WTO{ a? [1—1—20& an( +20) +204 a1+ 2a) (1+2a)2} (2.10)
Equation (2.10) shows that the scattering cross-section decreases as the energy

increases. The maximum energy transfer from the photon to the electron happens when

0 = m. This condition defines the upper limit of the continuous region in the gamma-

ray spectrum known as the Compton continuum, and the endpoint is referred to as the
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Compton edge. The energy at this edge can be derived from Equation (2.6) by setting the

backscatter condition, leading to:

1
Fomax = E (1 — 2.11
’ ”( 1+2a> (2.10)

Despite this being the maximum possible energy transferred to the electron, the
Klein-Nishina distribution indicates that back scattering events are statistically less prob-
able as « increases. Therefore, although the Compton edge marks a clear energy limit
in the spectrum, most scattered photons will interact at smaller angles, leading to the

characteristic declining shape of the Compton continuum.

Additionally, photons that are scattered externally and reenter the detector can
contribute to a backscatter peak. These photons have lost energy due to scattering at

angles near 8 = 7w before being detected, and their energy is given by:

E
=1 2.12
T 142« ( )

This feature appears as a distinct, lower-energy peak in the gamma spectrum,
particularly in detectors surrounded by high-Z materials. Figure 4 illustrates the gamma
ray spectrum of a *"Cs (E, = 661.7 keV) and a “°Co sources (E, = 1173 and E, = 1332
keV), obtained with a HPGe detector, indicating the position of the Compton edges
(Equation (2.11)) and backscatter peaks (Equation (2.12)).

Figure 4 — Spectrum of **’Cs and °Co sources indicating their photopeaks (dots), Comp-
ton edges (dashed lines), and backscatter peaks (dotted lines).
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Source: self-elaboration.

The Compton edge appears in the spectrum as a sharp drop in the Compton con-

tinuum, which is the region between 0 and the edge, near the photopeak being scattered.
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The Compton continuum is composed of the energies deposited by photons who undergo
Compton scattering at small- and mid-angles, since the Klein-Nishina equation favors
forward scattering. The backscatter peak, on the other hand, always appears with small

energies, leading to an accumulation of counts in this region of the spectrum.

For compounds or materials emitting multiple gamma lines, the resulting spectrum
shows overlapping Compton continua and edges, which can make feature identification
and energy quantification more challenging. This is particularly relevant when interpreting
environmental or mixed-source spectra, where multiple gamma emissions contribute to a

complex continuum.

In Figure 4 a small peak can be seen in one of “°Co emissions. This happens due
to summed "*"Cs emissions, cause by the source’s high activity. More on this effect will

be discussed in Section 2.3.

2.2.3 Pair Production

While both photoelectric and Compton effects describes the interaction between
photos and electrons, the effect of pair production consists in the interaction between a
photon and the atomic nucleus [19]. When a photon with sufficiently high energy passes
through the Coulomb field of an atom, this photon is converted into an electron-positron

pair. The processes in illustrated in Figure 5.

Figure 5 — Representation of the pair production happening in the Coulomb field of an
atom. An incident photon (E > 1022 keV) is converted into an electron-
positron pair, and the positron undergo annihilation with an electron pro-
ducing two photons with £/ = 511 keV.

Electron.ﬂ

4
/

Positron

Incident photon / AT TEE==m————w_ Two photons
" (511 keV)

Source: self-elaboration.

For the conversion to take place, it is necessary that the energy of the incident
photon is equal or greater than twice the rest mass of an electron, 511 keV, making 1022
keV the threshold for this phenomenon to happen. The Coulomb field of an electron can
also cause a photon to experience pair production, but the threshold for this interaction
is equal to four times the rest mass of an electron, which deems the probability of this

event happening negligible for common gamma ray spectrometry (0 to 3 MeV) [14,19].
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After the conversion, the positron forms a positronium with a free electron from
the medium [20]. When the positronium collapses, two photons with energies E ~ 511
keV are produced and collinearly emitted in exactly opposed directions, to conserve mo-
mentum [19,20]. The peak produced in a gamma ray spectrum by these photons is char-
acteristically broader than regular decay-produced peaks due to Doppler broadening. In
the moment of the annihilation, the resulting momentum from the positronium’s orbit
net momentum causes the energy of the produced photons to oscillate around 511 keV,

increasing statistical uncertainty and widening the peak [19].

2.3 Gamma and X-Radiation Detectors

Despite the different types of detectors developed in the past decade and available
nowadays, they all function under the same principle: an incident photon interacts with the
detector mass, and its kinetic energy is partially or totally converted into a signal [17].
Before dabbing into the specificities of the detector types relevant to this work, it is

important to discuss the general properties of radiation detectors.

A radiation detector must be able to produce usable signals for a given type of
radiation and energy, therefore detectors are built to be sensitive to certain types of
radiation in a given energy range [17]. The sensitivity of a detector is dependent of its
mass and cross-section, since these will determine the probability of an incident photon
producing ionization. Since the cross-section is proportional to the atomic number of
the medium, overall detectors are built with elements or compounds with high atomic

number [19].

Beyond detecting the presence of radiation, a detector must produce a response
that provides information on the incident photon’s energy [17]. Moreover, each type of
detector has its energy resolution, which is the measurement of how well a detector can
distinguish emission with close energy values. Ideally, every photon would produce a
response similar to a delta function but, in reality, a Gaussian-shaped peak with finite
width is produced [17]. A detector’s resolution for a given energy is measured in terms
of the peak’s full width at half maximum (FWHM), as shown in Equation (2.13), and is

measured as a percentage.

FWHM
Resolution = FWHM (2.13)

Energy

During a measurement, not all photons emitted by the source will interact with
the detector’s sensitive volume. Furthermore, the fraction of emitted photons that are
detected depends on the energy of the emitted radiation [17,19]. The ratio between the
number of detected and emitted photons defines the efficiency (&) of the detector for a
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given energy, as shown in Equation (2.14). For detectors used to measure a broad range
of photon energies, efficiency values are calculated at multiple energies to construct an

efficiency curve encompassing the entire energy range.

_detected photons

= 2.14
emitted photons ( )

During a radiation measurement, the detection system requires a finite time to
process each event, a period known as dead time, during which the detector is unable to
process incident photons. At high count rates, dead time losses become more significant
and can distort the observed spectrum. On the other hand, the live time corresponds to

the interval in which the system is active and capable of recording data [17].

When two or more photons are detected at the same time, these incidences might
be mistakenly interpreted as a single photon with greater energy. This is known as pile-up
and might lead to the appearance of extra peaks in a spectrum. This can create false
peaks in the spectrum at energies corresponding to the sum of two or more gamma lines,

which can complicate the analysis and interpretation of the data [19].

2.3.1 Thallium-Activated Sodium lIodide Detectors

Sodium Iodide (Nal) detectors belong to a class of material called scintillation
detectors, which receives this name due to its behavior when being excited. After radiation
interacts with the detection medium by temporarily exciting and electron that de-excites
by emitting electromagnetic radiation in, or near, optical wavelengths [19]. The schematics

of a scintillation detector are displayed in Figure 6.

Figure 6 — Schematics of a scintillation detector. The incident photon produces scintilla-
tion inside the crystal, that strikes the photocathode, emitting photoelectrons
whose intensities are increased by the dynodes and later converted into elec-
tronic signals.
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Source: self-elaboration.
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The produced wavelengths are absorbed by a photocathode and gives rise to photo-
electrons, which are augmented by a photomultiplier tube (PMT). The intensity-enhanced
photoelectrons are then converted into a weak electric pulse proportional to the incident

radiation energy [17].

Normally, the de-excitation of secondary electrons in the Nal crystal are below the
visible range. Moreover, the bulk of the crystal may absorb the produced photons before
they reach the photomultiplier. The solution to this problem lies in the introduction of an
activator when manufacturing the crystal. The addition of 1072 mol fraction of Thallium
changes the energy levels of the crystal, giving rise to a Nal(Tl) detector. In this new
configuration, the de-excited electrons emit photons with lower energies — and, therefore,
smaller wavelengths — than in the pure crystal. This emission will no longer match the
absorption characteristics of the detector and more light will reach the photomultiplier.
Not all the energy absorbed from the incident photon is re-emited as scintillation; Nal(T1)
detectors convert only 12% of the total energy [19].

The processes inside the PMT are as follows: () the scintillation photon strikes the
photocathode, producing photoelectrons; (i7) the photoelectrons are focused onto a series
of dynodes, structures that emit more electrons than they receive, increasing the input
signal at each stage; and (iii) the amplified signal is collected at the anode and converted
into electronic signals [19]. Most PMT’s contains 10 to 14 dynode stages, leading to gains
in intensity up to 107 [17].

One of the main limitations of Nal(T1) detectors is their relatively poor energy
resolution. This is primarily due to the multiple statistical processes involved in signal
formation: from the production of scintillation photons, to their collection and conversion
into photoelectrons in the PMT. The small number of photoelectrons generated per unit of
deposited energy leads to significant pulse height fluctuations for monoenergetic radiation,
resulting in broader peaks in the measured spectra [17,19]. Although various scintillating
materials are available, Nal(T1) remains one of the most widely used in gamma-ray spec-
trometry due to its high detection efficiency, relatively low cost, and ease of operation. Its
performance characteristics, however, make it more suitable for applications where high

energy resolution is not essential.

2.3.2 High-Purity Germanium Detectors

High-Purity Germanium (HPGe) detectors are solid-state detectors widely used
in gamma-ray spectrometry due to their excellent energy resolution. Unlike scintillation
detectors, HPGe detectors produce an electrical signal directly from the ionization of the
detection medium. When an incident photon interacts with the germanium crystal, it

transfers energy to the lattice, generating electron-hole pairs [17].
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The germanium crystal is biased with a strong electric field. After interaction,
electrons drift toward the positive contact, while holes drift toward the negative. The
movement of charge carriers induces a current pulse proportional to the energy deposited.
Because germanium has a narrow band gap (0.67 V), thermal excitation can create noise
at room temperature. For this reason, the crystal must be cooled to 77 K using a cold

finger connected to a liquid nitrogen dewar [19].

Modern HPGe detectors also include a preamplifier close to the crystal to minimize
signal loss and electronic noise. Figure 7 shows the schematic operation of the system.
The incoming photon generates an electron-hole pair in the crystal, which is collected

under the influence of the electric field. The signal is then amplified and processed.

Figure 7 — Schematics of an HPGe detector. The incident photon interacts with the semi-
conductor crystal, generating an electron-hole pair. The charges are separated
by the electric field and collected at the contacts.
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Source: self-elaboration.

The main advantage of HPGe detectors is their superior energy resolution, typically
around 0.2% at 1.33 MeV [19]. This makes them suitable for applications requiring precise
identification of gamma emitters, especially in complex spectra. However, they are more
expensive, require continuous cooling, and have lower efficiency for high-energy photons

compared to scintillators of similar volume.

2.3.3 Silicon-Drift Detectors

Silicon Drift Detectors (SDDs) are semiconductor devices used for detecting low- to
medium-energy photons, especially in X-ray fluorescence applications. Their design allows
for fast signal processing, low electronic noise, and excellent energy resolution, making

them well-suited for energy-dispersive X-ray fluorescence (EDXRF) measurements.

When an X-ray photon enters the sensitive volume of the silicon crystal, it in-
teracts with the material and generates an electron-hole pair. The number of pairs is

proportional to the energy deposited [17]. Unlike planar detectors, SDDs use a circular
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drift-ring structure that guides electrons to a small, central anode. This geometry reduces
the detector’s capacitance and allows for fast signal rise times and low noise. The schemat-
ics of a SDD detector are displayed in Figure 8, indicating its top and side view and how

the electron-hole pairs formed by incident radiation are moved inside the crystal.

Figure 8 — Schematic illustration of the operating principle of a SDD. In the side view,
incident photons interact with the silicon crystal, producing electron-hole pairs
whose drift directions are determined by the applied electric field. The top view
shows the concentric annular electrodes responsible for shaping the electric field
and directing electrons toward the central anode, while holes drift toward the

cathode.
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Source: self-elaboration.

SDDs are equipped with a thermoelectric (Peltier) cooler to maintain a low op-
erating temperature, minimizing thermal noise without the need for cryogenic cooling.
The low capacitance, combined with integrated field-effect transistors (FETS), allows for
excellent resolution at high count rates, often below 150 eV FWHM at 5.9 keV, the char-
acteristic X-ray of Mn [19].

Due to their resolution and speed, SDDs are commonly used in portable or bench
top EDXRF systems. While not suitable for high-energy gamma-ray detection, their per-
formance in the X-ray range makes them ideal for qualitative and quantitative elemental

analysis.

2.4 Electronics of Radiation Detection

The signal generated by radiation detectors is not immediately suitable for anal-
ysis. It must first undergo a series of steps to extract meaningful information about the
radiation source. The output from a detector is a small amount of electrical charge pro-
portional to the energy of the incident photon [19]. The typical signal processing path is

shown in Figure 9.



34

Figure 9 — Diagram illustrating the steps for signal processing after a photon is detected.
The preamplifier is placed as close to the detector as possible, while other
components are typically connected via coaxial cables.
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The electronics used in a spectrometry system are designed to transfer and process
the signal with minimal distortion. However, some amount of electrical noise is unavoid-
able, leading to fluctuations in the shape and amplitude of the signal. When these pulses

are collected to form a spectrum, such fluctuations contribute to peak broadening.

A high-voltage power supply is connected to the detector to create an electric field
strong enough to drive the generated charges toward the electrodes. The preamplifier,
positioned as close as possible to the detector, amplifies the signal before it becomes
degraded by external noise. In Nal(T1) detectors, additional fluctuations can arise in the
PMT, before the preamplifier.

After the initial amplification, the signal goes through the main amplifier. This
component not only enhances the pulse intensity but also reshapes the signal — typically
into a semi-Gaussian form — to suppress long tails, reducing the likelihood of pile-up,

and optimize the signal-to-noise ratio.

The final stage is the Multichannel Analyzer (MCA), which digitizes the shaped
pulses. The MCA measures the height of each pulse, bins them by amplitude (i.e., energy),
and counts the number of events within each bin. Since the pulse height is proportional
to the energy of the incident photon, the resulting histogram — which is the spectrum

itself — reflects both the energy and intensity distribution of the detected radiation.

2.5 Gamma-Ray Spectrometry

Gamma-ray spectrometry (GRS) is a non-destructive technique that allows the
simultaneous detection and quantification of multiple radionuclides in a sample, with
minimal sample preparation and no production of waste materials. Various sample carriers
with different geometries and sizes may be used, as long as good detection efficiency is
maintained for the photon energies of interest. The choice of detector — such as HPGe

or Nal(Tl) — depends on the radionuclides under investigation and the required energy
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resolution.

Before routine measurements, the detector must be calibrated in energy to correlate
the MCA channels with the photon energy. This is done by placing standard sources with
known emission energies near the detector and calculating a function — usually linear —
that relates the centroid channel number to the corresponding gamma energy. At least
two known emissions are required for this procedure, but three or more are preferable,

ideally spanning the detector’s sensitive range.

Radionuclide activity concentrations are determined from the net area under the
photopeaks — defined as the total counts in the region of interest (ROI) minus the
estimated background. The Covell method is typically applied to low-resolution detectors,
while the total peak area method is more suitable for high-resolution detectors [19]. Both

are illustrated in Figure 10.

Figure 10 — Illustration of the net area calculation for spectra obtained with HPGe and
Nal(T1) detectors.
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Unlike the total peak area method, the Covell method excludes the area beneath
the baseline, reducing uncertainty in cases of poor resolution. In both approaches, the
background is estimated using channels adjacent to the ROI, defined by a lower limit (L)
and an upper limit (U). The gross area (G) is computed by summing the counts in all
channels ¢; between L and U. The background (B) is approximated by averaging counts

in m channels on both sides of the ROI. The net area is then calculated as:

Net Area =G — B

U n [ L1 Utm (2.15)
IR () R 3
=L

i=L—m i=U+1

Here, n is the number of channels in the ROI, and m is typically between 2 and 5.
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The variance of the net peak area is given by the sum of variances from both terms, with

the uncertainty of the net area obtained by taking the square root:

U n2 L-1 U+m
var(Net Area) = Z C; + s Z C; + Z C;

i=L i=L—m i=U+1

Oarea — \/net area + B(l + TL>
2m

(2.16)

The lower limit of detection (LLD) is defined by Equation (2.17), and is used to

calculate the minimum detectable activity (MDA):

LLD = 2.76 + 4.660 sea (2.17)

The activity concentration of a radionuclide, in Bqkg™!, is then obtained from the

net area using:

A - net area (2.18)
exXmxtxp,

In Equation (2.18), m is the sample mass (kg), ¢ is the live measurement time (s),
p~ is the emission probability of the gamma ray, and ¢ is the detector efficiency for that
energy. The efficiency can be determined from spectra of reference materials with known
activity. The minimum detectable activity (MDA) is calculated by substituting the net
area with the LLD [22].

For the development of the present work, two GRS detectors were employed, and
all measurements were performed inside lead shielding. The details of each measurement
system are described in the following subsections. Both measurements systems are located
at the Laboratério de Fisica Nuclear Aplicada (LFNA) from the State University of Lon-
drina (UEL). In both cases, the energy calibration was accomplished using IPEN certified

calibration sources. Namely, a *"Cs and a *°Co sources were employed.

2.5.1 Canberra GC6020

The first detector was a HPGe detector manufactured by Canberra (model GC6020),
featuring a relative efficiency of 60.0% and an energy resolution of 0.3% at 661.7 keV (Fig-

ure 11a).

The detector was housed inside a Canberra 747 lead shield (Figure 11b) in order
to reduce the contribution of ambient background radiation. Signal acquisition was per-
formed using an Inspector 2000 multichannel analyzer, which provided spectral processing

and data storage during the measurements.
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Figure 11 — Photographs of the HPGe detector and respective lead shielding used in the
experimental measurements.

(a) Canberra HPGe GC6020
detector. (b) Canberra 747 lead shield.

Source: self-elaboration.

As shown in Figure 11a, the detector is connected to a liquid nitrogen reservoir
through a cold finger, which is responsible for maintaining the germanium crystal at
cryogenic temperatures during operation. This cooling is essential to suppress thermal

noise and ensure optimal energy resolution throughout the measurement period.

2.5.2 Ortec 9054

The second detector was a Nal(Tl) scintillation detector manufactured by Ortec
(model 905-4), with an energy resolution of 7.1% at 661.7 keV (Figure 12a). The detector
was coupled to a digiBASE photomultiplier tube, which integrates the PMT, high-voltage
supply, and multichannel analyzer into a single compact unit for signal acquisition and
spectral processing. To reduce the contribution of ambient background radiation, the
detector was installed inside an Ortec HPLBS1 top-loading lead shield (Figure 12b).

Unlike HPGe detectors, Nal(Tl) scintillation detectors operate at room tempera-
ture and therefore do not require cryogenic cooling. Incident gamma rays interact with
the scintillation crystal, producing flashes of visible light that are converted into electri-
cal pulses by the photomultiplier tube. Although this detection principle results in lower
energy resolution than semiconductor detectors, it provides a robust and cost-effective

alternative for environmental gamma-ray spectrometry.
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Figure 12 — Photographs of the Nal(Tl) detector, digiBASE PMT, and lead shielding used

in the experimental measurements.

(a) Ortec NalI(T1) 9054 detec-  (b) Ortec HPLBS1 Top Load-
tor ing Shield

.

Source: self-elaboration.

2.6 X-ray Fluorescence

X-ray fluorescence (XRF) is a versatile technique used for elemental analysis based
on the interaction between X-rays and matter and, unlike GRS, relies on the excitation
of the sample being analyzed. Given the non-destructive nature of this methodology,
the technique may be employed in mineral, environmental, biological, and archeological
contexts [23].

The excitation source in XRF systems is typically an X-ray tube, where high-
energy electrons strike a metallic anode (e.g., Rh, Mo, or Ag), producing continuous
and characteristic radiation. The geometry between the source, sample, and detector is
carefully chosen to optimize excitation and minimize background scattering. Collimators
and filters may be employed to improve spectral purity, and helium purging may be used

for low-Z element detection.

XRF analysis consists of four basic stages: (i) excitation of the analyte by incident
radiation from a source, resulting in the emission of one or more sets of characteristic
X-rays; (i7) selection of characteristic emissions by energy or wavelength dispersion; (ii7)
detection of the selected emissions and measurement of their intensity; and (iv) conversion
of emission intensity into elemental concentration [24]. The basic XRF schematics are

displayed in Figure 13.
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Figure 13 — Basic schematics for X-Ray fluorescence. In EDXRF, the different energies
generate from the interaction between the incident beam and sample are
dispersed inside the detector.
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Elements from Na to U are routinely measured using energy-dispersive X-ray flu-
orescence (EDXRF). Although direct measurements may be performed, adequate sample

preparation generally yields results of higher quality and accuracy [23].

Quantitative X-ray analysis requires the application of suitable empirical or the-
oretical methods to produce satisfactory results. The measured X-ray intensity depends
not only on the elemental concentration, but also on the matrix composition, sample
geometry (shape, thickness), and preparation procedure, as well as on the measurement
conditions — including, but not limited to, system geometry and detector efficiency [23].
Equation (2.19) expresses the relationship between radiation intensity, I;, and the weight

fraction of an element, W;, in its simplest form.

b; corresponds to the spectral intensity when the analyte concentration is equal
to zero, and the constant k; corresponds to the sensitivity of the spectrometer, and is
expressed in counts per second per unit of concentrations. Both these constants are de-
termined by least-squares fit when calibrating the spectrometer, and their formulas are
displayed in Equations (2.20a) and (2.20b). n corresponds to the amount of standards
used for the calibration of the element ¢, W;; is the weight fraction of the element 7 in the
standard j, and I;; is the intensity of the the element 7 in the standard j [23].
n 328 Wiy — 320 Wiy 323 1

n 33 W35 — (S Wiy)®
_ Xy — KWy

n

ki =

(2.20a)

b (2.20D)

If calibration is performed using standards with elemental composition and concentra-

tions similar to those of the analyzed matrix — employing the same sample preparation
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procedure and measurement conditions — the system-related factors will be incorporated
into k;. In other words, matrix effects will be automatically accounted for. When cal-
ibration standards are unavailable, matrix effects can be corrected using fundamental

parameter models or internal ratios such as the Compton peak intensity. [23].

The quantitative evaluation of emission peaks generally requires spectral deconvo-
lution, especially in multi-element matrices where line overlaps are frequent (e.g., Ka—Kf
or L-series lines). Gaussian profiles are commonly fitted to isolate individual contributions

and obtain net intensities [23,24].

The energy of each emitted photon is characteristic of a specific element, whereas
the emission intensity is proportional to its concentration. The resulting X-ray spectrum
thus consists of a series of sharp peaks, each corresponding to characteristic electronic
transitions of the elements present in the sample. In most EDXREF systems, these emissions
are detected by a SDD, which measures both the energy and intensity of the incoming
photons with high resolution [15].

The concentration LLD in XRF depends on the background noise, counting statis-
tics, and excitation conditions, and is often expressed as three times the standard deviation

of the background counts divided by the sensitivity, as show in Equation (2.21) [22].

30'(,
LLD =
k

(2.21)

2.6.1 Shimadzu EDX-720

The first EDXRF system employed in this work was a Shimadzu EDX-720 bench-
top spectrometer [25], located at the Laboratério de Analises por Raio X (LARX) of UEL.

This system is shown in Figure 14.

Figure 14 — Shimadzu EDX-720 EDXRF system.
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Source: [25].

The Shimadzu EDX-720 is a laboratory-scale spectrometer designed for routine

elemental analysis of solid and powdered samples. It operates over an elemental range
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extending from sodium (*'Na) to uranium (**U), allowing the detection of both light and

heavy elements.

The system is equipped with a rhodium (Rh) X-ray tube as the excitation source
and a silicon lithium-drifted semiconductor detector, Si(Li), for photon detection. This
configuration provides adequate energy resolution for qualitative and quantitative elemen-
tal analysis in a wide range of matrices. Two measurement conditions were employed for
the soil measurements performed with this system, one at 15 kV with a 100 s analysis time,
suitable for Al-Ca elements; and another at 50 kV for 100 s, optimized for quantifying

elements heavier than Ti [15].

2.6.2 Bruker Tracer 5i

The second XRF spectrometer employed in this work was a Bruker Tracer 5i, a
portable XRF (pXRF) [26], located at LENA-UEL. The system is shown in Figure 15.

Figure 15 — Bruker Tracer 51 pXRF system.

Source: [26].

The Tracer 5i is a handheld spectrometer designed for routine elemental analysis of
solid and powdered samples. It operates over an elemental range extending from sodium

(*'Na) to uranium (??U), allowing the detection of both light and heavy elements.

The system is equipped with a rthodium (Rh) X-ray tube as the excitation source
and a SDD detector. The device is also equipped with a set of internal calibrations that
allow for direct qualitative and quantitative analysis. The measurements were performed
in the GeoExploration mode, which encompasses three measurement conditions: (i) 30
kV and 13 pA applied to the tube with 25 pm Ti and 300 pm Al filters; (i) 50 kV and
22.85 pA applied to the tube, with the two previously mentioned filters and a 75 um Cu
filter; and (7iz) 15 kV and 12.14 pA applied to the tube without filters.
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2.6.3 Panalytical Epsilon 5

The third XRF system employed is this work was a Panalytical Epsilon 5, from the
Nuclear Sciences and Instrumentation Laboratory (NSIL) at the IAEA Laboratories. The
Epsilon 5 is designed for elemental analysis in solids, powders, and liquids, from sodium
(*'Na) to uranium (*?U). The spectrometer is displayed in Figure 16a, and is equipped
with a Sc/W tube, and Ge solid-state detector.

The optical path inside the Epsilon 5 is designed to polarize the X-rays, so that
the scattered radiation from the tube does not reach the detectors. As a consequence,
the background is reduced and the LLD becomes lower. Moreover, the spectrometer is
equipped with up to 15 secondary targets that are excited by the tube’s radiation, and
whose fluorescence excites the sample. The Epsilon 5 schematics are displaced in Fig-
ure 16b.

Figure 16 — Photograph of the Panalytical Epsilon 5, and schematics of the optics inside
the spectrometer.
(a) Panalytical Epsilon 5 Spec- (b) XRF schematics for secondary targets
trometer. inside the Epsilon 5.
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(a) Source: [27]. (b) Source: self-elaboration.

The calibration focused on the detection and quantification of light metals in soil
matrices, as these are key indicators of soil fertility and nutrient availability. Therefore,

only four measurement conditions were employed, and are described in Table 2.

Table 2 — XRF Spectrometer conditions employed to perform the measurements.

Target Detected Elements Current (mA) Tension (kV) Live time (s)

Al Na, Mg 24 25 300
CaF, Al Si, P, K 15 40 300
Fe Ca, Ti, V, Cr 8 75 300

Ge Mn, Fe, Ni, Cu, Zn 5 75 600




43

2.7 Mid-Infrared Spectroscopy

Unlike GRS and XRF, which rely on the interaction of ionizing radiation with
matter, the basic principle of mid-infrared spectroscopy (MIRS) lies in the interaction of
infrared radiation with the molecular bonds present in the sample. When the frequency
of the incident radiation matches the natural vibrational frequency of a bond, energy
absorption occurs, producing characteristic spectral features that reflect the molecular
composition of the material. The technique is particularly useful for identifying functional
groups and organic or mineral components containing hydroxyl, carbonate, or silicate

structures [28].

In the mid-infrared region (approximately 4000-400 cm~!), absorption bands cor-
respond mainly to fundamental stretching and bending vibrations. The MIR spectrum
can be divided into four regions: (i) the X—H stretching region (4000-2500 cm™'); (i7)
the triple-bond region (2500-2000 cm™'); (744) the double-bond region (2000-1500 cm™!);
and (iv) the fingerprint region (1500-600 cm™!'). Table 3 summarizes some of the main

bands typically observed in MIRS spectra and their corresponding fingerprint regions.

Table 3 — Common absorption bands in the mid-infrared region and their corresponding
fingerprint regions.

Bond Region (cm™') Note

O—H 3700-3600 Broad

N—-H 3400-3300 Narrow

C—H  3000-2850

C=C 2300-2050 Very weak

C=N  2300-2200 Medium intensity
C=0 1830-1650 Most intense
C=C  Around 1650 Weak

C=N  Around 1650 Strong

The resulting spectrum yields a unique chemical fingerprint of the sample, contain-
ing information on both organic and inorganic constituents. Because MIRS measurements
are rapid, non-destructive, and require little or no sample preparation, the technique is

widely applied in soil, mineral, and environmental analyses [28].

Since HoO and CO, are constantly present in the atmosphere, their absorption
features must be taken into account when designing the spectrometer. These contributions
are compensated for by using a beam splitter, in which one of the split beams interacts
with the sample, while the other passes through a reference path. In Fourier-transform
infrared (FTIR) spectroscopy, the difference in optical path length between the two beams
produces an interferogram, which contains the spectral information of the sample as a

function of the wavenumber [28,29].
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FTIR spectrometers are commonly equipped with a Globar! or Nersnt? source to
emit radiation in the mid-infrared region. For the detection, usually a deuterated triglycine
sulfate (DTGS) operating at room temperature is employed. Depending on the mod-
ule configuration, radiation-sample interaction may occur by attenuated total reflectance
(ATR) or by diffuse reflectance (DRIFTS), both suitable for solid and powdered materi-
als. These reflection-based approaches are advantageous because they minimize alignment
requirements and allow direct analysis of heterogeneous or rough surfaces. Figure 17 il-

lustrates the basic schematics of a FTIR spectroscope.

Figure 17 — Basic schematics of a FTIR spectroscope.
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The relationship between absorbance and concentration of a compound in MIRS

spectra is dictated by the Beer—Lambert law:
A=¢eCl (2.22)

where A is the absorbance, ¢ is the molar absorptivity, C'is the concentration, and [ is the
effective optical path length. The absorbance corresponds to the logarithmic difference

between the incident and transmitted intensities.

In complex matrices, such as soils, where spectral features of different components
strongly overlap, multivariate calibration methods are applied to extract compositional
information. Techniques such as PCR and PLSR are commonly used to relate spectral
data to reference concentrations [30]. These empirical calibrations implicitly account for
matrix effects, path-length variations, and other system-specific factors, analogous to the

sensitivity constants obtained in XRF and GRS calibrations.

The analytical performance of MIRS depends on the detector sensitivity, optical

configuration, and surface homogeneity of the sample. Although the technique is less

Silicon carbide (SiC) rod, heated to temperatures between 1000-1650°C.

2 Ceramic rod heated to incandescence.
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element-specific than XRF or GRS, it provides complementary information on chemical
bonding, organic matter composition, and mineralogical structure, offering a valuable

framework for the integrated characterization of complex materials.

2.7.1 Bruker Alpha II

The FTIR spectroscope employed in this work was a Bruker Alpha II, from the
Soil and Water Management and Crop Nutrition Laboratory (SWMCNL) at the IAEA
Laboratories, and is shown in Figure 18. This compact spectrometer is suitable for study-
ing the chemical composition of polymeric, forensic, cultural heritage, pharmacological,

and environmental samples [31].

Figure 18 — Bruker Alpha II FTIR spectroscope.

Source: [31]

The system is equipped with a set of sampling modules that may be changed
depending on the matrix to be analyzed. These modules allow for measurements of trans-

mission, external, diffuse reflectance or attenuated total reflection.
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3 ENVIRONMENTAL RADIOACTIVITY

Despite popular belief, that radiation is harmful and should be avoided, life has
coexisted with exposure to radiation since the first unicellular organism came to existence.
Although large doses are indeed harmful and may cause unhealthy and undesired effects,
some amounts of radiation are harmless. In fact, the main sources of natural radioactivity

are the radionuclides from the ***U and ***Th decay chains, as well as *"K [32].

Part of the radiation all living things are constantly exposed to stem from nat-
ural radionuclides, that may also be called Naturally Occurring Radioactive Materials
(NORMs). Those may be divided into two categories: primordial and cosmogenic ra-
dionuclides. Primordial radionuclides will be discussed in details in the following section,
but the only cosmogenic radionuclide that presents relevance to this work, "Be, will be

addressed alongside fallout radionuclides.

3.1 Primordial Radionuclides

The so-called primordial radionuclides are those whose half-lives surpasses or are
comparable to the age of the Earth (4.7 x 10° years) [14]. This characteristic indicates
that these elements might have been created during, or even prior to, the formation of

the solar system itself [33].

Primordial radionuclides may be single, isolated elements or might be part of
a decay chain whose father’s half-life is sufficiently long. Table 4 shows a few known
primordial radionuclides that are not a part of decay chain, alongside their half-lives and

decay mode.

Table 4 — A few known primordial radionuclides, with their half-lives and decay modes.

Radionuclide Half-Life (years) Decay mode

0K 1.25 x 10° 5=, EC
8Rb 4.97 x 10 B~
1237 > 9.2 x 106 EC
14Nq 2.29 x 1015 a
1479m 1.06 x 10" a

Trpe 2 x 1015 a
76y 3.76 x 100 B~
¥7Re 4.33 x 10 B~
190py, 6.5 x 10" a

Source: [14], adapted.
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Although only a few examples are shown here, the list goes on. The long half-lives
may lead to difficulties in identifying these isotopes as radioactive instead of stable [14].
Primordial radionuclides may be found in association with specific geological systems,
which makes them efficient chronological tools. Rock and mineral dating may be performed

by evaluating the concentrations of ‘YK, 8Rb, '™Hf, and "Lu, for example [34].

3.1.1 Natural Radioactive Series

Among the primordial radionuclides, ***U, #*°U and **Th are particularly inter-
esting. Not only their half-lives are long enough to be comparable with Earth’s age, but
they originate long decay chains whose daughter elements have variable half-lives. The
three of them undergo several decays until reaching a stable Pb isotope. There is also a
fourth natural radioactive series, the one from *"Np, but this one is a special case which
will be discussed later. Radioactive series are defined by the mass number of their com-
ponents. For example, the ?**U family is called the 4n + 2 series because the mass of all
isotopes in the chain are divisible by 4 with a remainder of 2. The main characteristic of
the four decay series are summarized in Table 5. For detailed information on the daughter

nuclides and transitions experienced in each decay chain see Appendix A.

Table 5 — Main characteristics of the four natural radioactive series.

Mass  Series Parent Half-life (years) Stable isotope
dn Thorium *2Th 141 x 10%° 208ph
4n +1 Neptunium ZINp  2.14 x 108 205ph
4n+2 Uranium-Radium  **U  4.51 x 10° 206ph
4n 43 Uranium-Actinium *°U 7.18 x 108 207ph
Source: [14].

As can be seen in Table 5, 2*"Np has a half-life that is 3 orders of magnitude
smaller than the age of the Earth. This means that the only isotope from the 4n+ 1 series

found in nature is 2°°Pb, the stable element at the end of the series.

All daughter radionuclides from the other three series may be found in nature.
Despite their short half-lives in comparison with the Earth’s age, the decay from the
parent radionuclide allows for the continuos production of the other isotopes. In isolated
systems, secular equilibrium may be reached, leading to all elements in the decay chain

having equal activities at some point.

3.2 Fallout Radionuclides

Both natural and artificial radionuclides may be classified as fallout radionuclides

(FRNs). This name is attributed to radioactive isotopes that, after some time in the
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atmosphere, fall to the ground by wet or dry deposition where they are rapidly and
strongly adsorbed by fine soil particles.

The basis of the FRN method is to consider that the spatial deposition is uniformly
distributed — at least over a small area — and compare the vertical distribution at
determined points. The differences in concentration and distribution of a given FRN
between eroded and undisturbed regions are what allow to evaluate soil erosion using

radionuclides.

The differences between half-lives and penetration in soil makes different FRN
suitable for soil erosion evaluation in different timescales and situations. These details

and differences will be addressed in the following sections.

3.2.1 Beryllium-7

Beryllium (Be) is the 4th element of the periodic table. The most notable unstable
isotopes of this element are ‘Be and '°Be, both of cosmogenic origin. Particularly, "Be has
a half-life of 53.12 days and is continuously produced in the stratosphere and troposphere
by nitrogen and oxygen spallation [35]. The processes that might lead to the creation of

this radionuclide are shown in Equation 3.1 [36].

"C+p — Be+SLi C+n — [Be+ SHe

N +p — IBe +23He N 4+n — "Be + 5Li )
7 10 7 10 '
Be+ ;B Be + ",Be

YO+p— ! ° YO +n— ! !
"Be + iLi + 5He "Be + SHe + 5He

The production of this isotope is related to solar activity, since cosmic rays origi-
nated from the Sun are the precursors of this reaction [4]. Moreover, the "Be production is
influenced by the latitude showing higher concentrations near the poles due to radiation

deflections towards these regions. The decay of "Be is described in Equation (3.2).

"Be =% TLi™ 2 TLi (3.2)

The photon emitted by this decay has a well-defined energy of 477.6 keV and may

be resolved by most gamma-ray detectors available today.

After formation, ‘Be becomes associated with aerosols and get subjected to at-
mospheric transport processes. The fallout is mainly wet, i.e., associated with rain, with
approximately 10% of the total deposition happening via dry fallout. After the fallout,
the ionic form of this isotope is ‘Be*™ which causes it to be quickly and strongly adsorbed

by soil particles [4,35].
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Given the double positive charge of the ion, ‘Be is able to penetrate only a few
centimeters in soil showing a decreasing exponential profile as the depth increases [37].
Moreover, given its short half-live there is little opportunity for further downward trans-
fer [4]. Figure 19 shows the typical vertical distribution of ‘Be in soil for undisturbed,

eroded and depositional sites.

Figure 19 — Vertical distribution of “Be in undisturbed, eroded and depositional soil sites.

Commonly, the maximum reached depths are no more than 30 mm. Assuming the three
sites are nearby, all experienced the same amount of fallout, indicate by the black hori-
zontal line. As soil redistribution happened, eroded sites lose the first few millimeters of
soil, as well as the "Be bound to these soil particles. On the other hand, depositional sites
gain soil and "Be from other places.
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Source: [4], adapted.

"Be short half-life and shallow penetration in soil allows this radionuclide to be
suitable for short-term erosion assessment. This way, this type of analysis may be employed
to evaluate the effectiveness of recent soil conservation measures or the impacts of land

use change [38].

The TAEA recommends that the Profile Distribution model is employed to quantify
soil losses using the “Be approach [38]. The exponential depth distribution of the tracer
in soil is described as:

C(x) = ce®/% (3.3)

where C(z) (Bq kg™!) is the "Be activity at mass depth = (kg m~2), ¢ is a constant value
and z( is the relaxation mass depth. This last parameter is particularly important as it
indicates the depth in which 63.2% of the "Be inventory is found.

The erosion rates (kg m™2) experienced in a particular site can be estimated by
comparing the local’s "Be inventory, I (Bq m™?), with the inventory measured at the

reference site, [or. The relationship between these variables is displayed in Equation (3.4).

I = /Oo C(z)dx = Lge™ (3.4)

—Zz
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The erosion rate, z, can, therefore, be calculated as:

I
z=2ln (] f) (3.5)

and since z represents soil [oss in a given point, its value is necessarily negative.

In case of inventory values greater than the reference, Equation (3.6) is employed

to estimate the deposition rate, 2’ (kg m=2).

o I — ]ref
= Cd

n (3.6)
The deposited concentration of Be, Cy (Bq kg™1), is calculated employing Equa-

tion (3.7), where S represents the sampling area.

1

Ca= Jg 2dS

/S C,2dS (3.7)

Finally, C, represents the concentration of eroded "Be and is calculated from the

loss of inventory divided by the mass of the soil loss, as shown in Equation (3.8).

Iref(l - e_Z/Z())
z

C, = (3.8)

3.2.2 Caesium-137

The most commonly employed FRN to evaluate soil erosion rates is *"Cs [1].
Caesium (Cs) is the 55th atomic element of the periodic table and its only stable isotope is
133Cs. 137Cs is an artificial radionuclide, a sub-product of ?**U as shown in Equation (3.9).
The main sources of ¥"Cs in the environment originate from the nuclear weapons tests
carried during 1950 and 1970, with a maximum release occurring in 1963 in the northern

hemisphere, and slightly later for the southern hemisphere [1].

235U +n N 236U y 1371 + X
5 5 5 (3.9)
1371 N 137Xe N 137CS 137Bam Y 137Ba

The photon emitted by *"Ba™ has a well-defined energy of 661.66 keV and may
be resolved by most gamma-ray detectors available today. With its half-life of 30.17 years,

37Cs is a suitable tracer for soil redistribution between 1963 and nowadays.

Bomb-derived *"Cs was released into the stratosphere, where it circulated globally
before reaching the surface by fallout [1,39]. Globally, most of the fallout happened due
to precipitation, but locally, dry fallout was also significant [1,8]. The spatial distribu-

tion of "Cs fallout was determined by the local of the weapons testing, the patterns of
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stratospheric circulation and the annual precipitation following the explosions. The global
distribution of *"Cs is strongly correlated with the latitudinal rainfall distribution [1,40]
and, overall, the depositions in the northern hemisphere are more significant than in the

southern hemisphere, as shown in Figure 20.

Figure 20 — Global distribution of bomb-derived fallout **"Cs.
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Source: [1], adapted.

This way, '*Cs is more easily detected in the northern hemisphere. Low-resolution
radiation detectors are not suitable for '*’Cs monitoring in the southern hemisphere due
to the lower concentrations, that are normally below the lower limit of detection (LLD)
and the emission can not be resolved from the background. In order to quantify '3"Cs
in the southern hemisphere it is necessary to use high-resolution detectors with long

measurement times.

In undisturbed soils, ¥7Cs vertical distribution in soil is similar to ‘Be, with the
main difference being the reached depth. *"Cs may reach up to 30 cm in agricultural
areas [1]. Due to continuous plowing, the *"Cs concentration in mechanized soils is dis-
solved almost uniformly, leading to a profile different than what is observed in undisturbed

regions, as represented in Figure 21.

The use of the ¥"Cs technique to evaluate soil redistribution offers several advan-

tages when compared with traditional techniques [1], such as:

1. The methodology allows for retrospective evaluation;

2. The results obtained with the technique encompasses not only erosion caused by

land use, but also by climatic effects;



o2

3. The technique provides information on both erosion and deposition;

4. The estimates are based on individual samplings points distributed across the stud-

ied area, and can be extrapolated to generate patterns of redistribution;

5. The sampling is simple and not costly. Moreover, it is not necessary to perform long-
term monitoring, a single visit to the study site is enough to provide the desired

results;

6. The on-site disturbance while sampling is minimal and will not interfere with culti-

vation operations.

Figure 21 — Vertical distribution of *"Cs in undisturbed and mechanized soil sites.
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On the other hand, the technique also has some disadvantages and limitations [1],
such as:

1. In some area, the '3"Cs inventories are low, therefore the measurements require

longer counting times;

2. In some regions, the additional fallout caused by the Chernobyl accident must be

taken into account;

3. The technique is suitable for evaluation medium-term average erosion rates and can

not be adjusted for short-term analysis;

4. Tt is necessary to take into account the necessity of representativeness and variability
of the sampled points. Therefore, it is necessary to collect multiple or replicate

samples to determine the inventory values.

Several mathematical models have been developed to convert '*’Cs concentrations
in soils into quantitative estimates of erosion and deposition rates [9,41,42]. The simplest,

and one of the most applied models, is the Proportional Model. The key consideration of
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this model is that the fallout **Cs inputted in soil is completely mixed within the plow or
cultivation layer and, therefore, any soil gain or loss is directly proportional to the fraction
of the original **’Cs inventory moved from the soil profile since the first deposition. The
model provides either the mean annual loss or gain since the beginning of the *’Cs fallout,
and these values can be obtained with Equation (3.10) [1].

(3.10)

L. year™!), d is the cultivation

Y is the mean annual soil loss since 1963 (ton- ha™
depth (m), B is the soil bulk density (kg-m™3), I is the reference inventory (Bq-m™2), I
is the inventory of a given site (Bq:m™2), T is the time elapsed since 1963 (years), and p
is the particle size corrections factor. By inverting I and I, in the fraction, it is possible

to obtain the mean annual soil gain.

The particle size correction factor must be introduced to account the potential
particle size selectivity of erosion and deposition processes. Overall, erosion favors the

removal of finer soil particles while deposition favors the movement of coarser particles.

The main advantage of the Proportional Model relies on its simplicity, and in the
little amount of information it requires. But, as a consequence, the assumptions of this

model oversimplifies the behavior of **"Cs in soil and often leads to inaccurate results.
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4 DATA ANALYSIS AND CHEMOMETRIC TOOLS

Performing the measurements described in Sections 2.5 to 2.7 yields a set of spec-
tral results with number of variables (energy, wavelength, or detector channel) ranging
from 1024 to 8192. Moreover, the activity and elemental concentration calculations, de-
scribed in Sections 2.5 and 2.6, yields a set of quantitative results. In such cases, it is
necessary to use multivariate data analysis methods to simultaneously analyze the vari-

ables contained in the datasets and their relationships [43,44].

In the field of multivariate analysis, two classes of methods were employed in this
work: exploratory analysis and machine learning calibration. For exploratory methods,
Principal Component Analysis (PCA) and Common Dimensions Analysis (ComDim) were
employed. Regarding machine learning, Partial Least Squares Regression (PLSR) and
Random Forest (RF) were performed to predict soil fertility attributes based on spectral
data. At last, calibration transfer (CT) was also employed to transform spectral data.

More specifically, Target Transformation Factor Analysis (TTFA) was applied.

When working with georeferenced data, it is useful to combine the analytical data
with the coordinates of the sampling to create maps displaying the spatial distribution of
a quantity of interest. From this perspective, Inverse Distance Weighting (IDW), a spatial

interpolation method, was employed.

4.1 Exploratory Analysis

Exploratory analysis is the first step to be performed when analyzing a dataset.
Essentially, it consist of the examination and characterization of data in order to find

hidden patterns and relationships, possible outliers, and underlying characteristics.

4.1.1 Principal Component Analysis

PCA is one of the most established and extensively employed multivariate analysis
techniques [43,44]. Originally proposed by Karl Pearson in 1901 [45] and later formalized
by Hotelling [46], PCA is an unsupervised method that aims to reduce the dimensionality
of a dataset while retaining most of its original variance. This dimensionality reduc-
tion facilitates the visualization and interpretation of latent relationships within complex
datasets. The decomposition of matrices in PCA is conventionally performed through
Singular Value Decomposition (SVD) [44].

In PCA, the original correlated variables are transformed into a reduced set of

uncorrelated latent variables, known as principal components (PCs), which represent the
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directions of maximum variability in the data. The transformation from the original vari-
able space to the principal component space is achieved by decomposing the data matrix
X,uxn into three matrices: the scores V,,«x, the loadings Pr«,, and the residuals E,,«,,
where m denotes the number of samples, n the number of variables, and k& the number
of retained components. The value of k is defined a priori by the user, typically based on
criteria such as the explained variance, interpretability of the components, or application-
specific requirements. The relationships among these matrices are expressed in linear and

matrix forms in Equations (4.1a) and (4.1b).

men = mek X PZXn + men (413)
X X ... Xin Vii ... Vi
11 12 1 11 1 Pll P12 o Pln
Xo Xmoo Xao| Ve Va| [T |
S Pu Peo ... P
X Xz oo Xow| |V oo Vi MR . 1b)
Ell E12 Eln
E21 E22 E2n
+ .
Eml EmZ Emn

Each principal component possesses an associated value that quantifies its contri-
bution to the total variance of the dataset, referred to as the explained variance ratio.
The explained variance decreases progressively with each subsequent component, and the

cumulative contribution of all components equals 100%.

The loadings matrix indicates the contribution of each original variable to the
formation of the PCs, whereas the scores matrix contains the coordinates of the samples in
the reduced-dimensional space. The residuals matrix represents the portion of information

not captured by the selected PCs and becomes a null matrix when k = m.

In spectrometric applications, PCA is frequently employed to investigate how dif-
ferent spectral features contribute to the discrimination and characterization of samples.
The analysis can be conducted using spectra-derived variables or directly from the raw
spectra, enabling the identification of the most relevant energies (for XRF and GRS) or
wavelengths (for IR-based techniques) in describing the system under study. In this work,
PCA was performed in Python using the PCA function from the scikit-learn library,
version 1.4.2 [47].

When the same set of samples is analyzed by two distinct techniques, the relation-

ship between the resulting variables can be examined by concatenating the corresponding
2)

mx1» where n and [ denote the number of variables in each

data matrices, XSL)XR and X
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block. The resulting joint matrix may then be subjected to PCA to explore the covariance
structure across both measurement domains. This approach, in which raw variables are

merged prior to modeling, constitutes a low-level data fusion strategy.

4.1.1.1 Multi-Block PCA

Multi-Block Principal Component Analysis (MB-PCA) is an unsupervised multi-
variate technique conceptually analogous to standard PCA, but specifically designed to
handle datasets composed of multiple blocks of variables. In addition to revealing the
relationships among samples and variables, MB-PCA also quantifies the relative contri-
bution of each data block to the formation of the principal components, analogous to the

explained variance ratio in conventional PCA.

The method involves performing dimensionality reduction (e.g., via SVD) inde-
pendently on each of the K data blocks. The resulting latent matrices are subsequently
concatenated into a global matrix, which is then decomposed again through SVD to ex-
tract shared components. This procedure enables the investigation of the complementarity
or synergy between different datasets, such as spectra-derived quantities or raw spectra

obtained from multiple analytical techniques.

The number of block components, &, retained from each data block and the num-
ber of global components, kg, extracted from the concatenated latent matrix are defined a
priori by the user. MB-PCA is categorized as a mid-level data fusion technique, as it relies
on the extraction of latent features from individual data blocks prior to their integration
into a common low-dimensional representation. Since there is no native Python package
to perform MB-PCA, a custom pipeline was built based upon the PCA function from the

scikit-learn library, version 1.4.2 [47].

4.1.2 Common Dimensions Analysis

Common Dimensions Analysis (ComDim) aims to identify a shared latent space
that best represents all blocks within a multivariate dataset [48,49]. In this space, the
method extracts the so-called common dimensions (CDs), which enable the simultaneous

recognition of patterns across all measurement domains.

The multi-block dataset is composed of K data blocks, denoted as X, X, ..., Xk.
Each block corresponds to one analytical technique or data source. The decomposition

defining each common dimension is expressed in Equation (4.2).

W, = X, X[ =Y Mjgq (4.2)

J=1

In this formulation, W), (k = 1,2,..., K) represents the cross-product matrix of
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the kth data block, while \; ; denotes the specific weight (or salience) assigned to block k
for the jth common dimension. The vector g; contains the global scores corresponding to
the jth CD. Prior to decomposition, each covariance-variance matrix X, X/ is column-

centered and normalized by its Frobenius norm [50, 51].

The estimation of common components and their associated saliences is achieved
by minimizing the threshold function T, defined in Equation (4.3) [52]. The algorithm
proceeds sequentially: the first CD and its corresponding weights are extracted, followed
by the second CD, and so forth. Components are ordered according to their importance,
defined as the proportion of variance jointly explained by all blocks. This ordering enables
the extraction process to be terminated once subsequent CDs represent only statistical

noise or fluctuations [52,53].

n

Wi — > \eja;q;

Jj=1

2

(4.3)

K
T=>.
k=1

The extraction of the first common dimension involves finding a unit-length vector

q: that minimizes the threshold function for j = 1. The procedure follows these main steps:

(i) initialize all A1 (B =1,2,..., K) as unity;

(ii) determine the optimal vector g; by computing the standardized eigenvector of

Zszl M1 X X kT associated with the largest eigenvalue;
(iii) update the block-specific weights as A1 = qf Wyqy; and

(iv) compute a measure of fit as T} = S0, || \e1qiq! ||

Steps (ii)—(iv) are repeated iteratively until T reaches a predefined convergence crite-
rion [52, 53]. Once the first CD is obtained, each data block is deflated according to
Equation (4.4), where X} denotes the deflated matrix and I is the identity matrix. The
algorithm is then restarted to determine the subsequent CDs. This iterative deflation

continues until the desired number of common dimensions is extracted [49,51,53,54].

Xi = (I- qqi) Xy (4.4)

The salience Ay ; indicates the proportion of variance from block X} that is rep-
resented in the jth CD, and can thus be interpreted as the relative importance of each
block for a given common dimension [51]. The global scores describe the projection of the
samples within the CD space, while the block-specific loadings quantify the contribution
of individual variables to each dimension [50,51], analogously to the interpretation of

PCA.
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Consequently, by analyzing the scores, loadings, and saliences obtained for each
common dimension, it becomes possible to assess the extent to which the different analyt-
ical techniques contribute to the overall characterization of the samples. These results can
be visualized through two- or three-dimensional representations, facilitating the identifi-
cation of latent relationships across the combined dataset while preserving the variance

structure among samples and variables [55].

From a methodological perspective, ComDim shares conceptual similarities with
MB-PCA, as both seek to identify common structures across several data blocks. How-
ever, a key distinction lies in the optimization criterion: MB-PCA maximizes the total ex-
plained variance of concatenated block scores subject to block scaling constraints, whereas
ComDim explicitly identifies a set of common dimensions by optimizing shared variance
across all blocks through salience weighting. Consequently, ComDim provides a more di-
rect quantification of each block’s contribution to the common latent structure, offering
enhanced interpretability when the analytical sources exhibit different variances or mea-
surement scales [55]. In this work, ComDim was performed in the Julia programming

language, employing the Jchemo package [56].

4.2 Machine Learning Models

Machine learning (ML) models are commonly employed when a dataset of mea-
surements, X,,x,, and a corresponding set of outcomes, Y,,, are available, with the goal
of estimating a function F that maps each input sample X; to its corresponding outcome
Y;, such that

F(Xonxn) = Yo (4.5)

These ML models are classified as supervised learning models, since the target outcomes
Y,, associated with X,,,«, are known a priori. Different models assume different relation-
ships between both datasets — i.e. linear or non-linear — and employ different strategies

to determine F.

4.2.1 Partial Least Squares Regression

Partial Least Squares Regression (PLSR) is a supervised multivariate regression
technique widely used when the goal is to model linear relationships between two datasets
measured on the same set of samples. In contrast to PCA, PLSR simultaneously analyzes
the input matrix and a corresponding target matrix in order to maximize the covariance
between their latent variables [57]. Depending on the dimensionality of the response ma-
trix, PLSR can be implemented as Partial Least Squares 1 (PLS1), in which a separate
model is constructed for each response variable, or Partial Least Squares 2 (PLS2), in

which multiple response variables are modeled simultaneously within a single framework.
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In this study, the PLS1 approach was adopted, as individual models were developed for

each soil fertility parameter.

Analogously to PCA, PLSR relies on the decomposition of the input matrix; how-
ever, in PLSR both the input matrix X,,«, and the target matrix Y,,«, are decomposed

using different optimization criteria!. These decompositions are expressed as

Xm><n = TmeP?Xn + EXan (46&)
Ym><r = UmeQ?xr + EYer (46b)

where m denotes the number of samples, n and r the number of variables in the input
and target matrices, respectively, and f the number of retained latent components. The
matrices T and U contain the score vectors associated with X and Y, while P and
Q contain the corresponding loadings. The residual matrices Ex and Ey represent the

portions of the data not explained by the selected components [57].

Unlike PCA, the latent components in PLSR are obtained by maximizing the co-
variance between the scores of X and Y. As a result, the extracted components are directly
related to the predictive relationship between both datasets, making PLSR particularly

suitable for regression problems involving multicollinear or high-dimensional data.

When applying a PLSR model for prediction, the score matrix T associated with
an unknown input matrix X must first be estimated using the previously determined
loading matrix P. The predicted values of the target matrix are then obtained from the
regression relationship between the scores of X and Y. In this context, the predicted

target values for an unknown sample can be expressed as

Yunknown - TunknownBQT7 (4 7)

where B is the regression coefficient matrix [57].

In practical implementations of PLSR, matrix decomposition and regression are
performed simultaneously. Unlike PCA, in which the principal components are extracted
solely by maximizing the variance of the input data, PLSR determines latent components
by iteratively exchanging the score vectors of X and Y. This procedure ensures that the
extracted components of X are directly related to the target variables. Consequently, the
PLSR algorithm seeks a balance between maximizing the variance captured by each latent
component and maximizing its correlation with the target matrix. The former allows the
extraction of the most relevant information from the spectral data, while the latter ensures
optimal exploitation of the linear relationship between spectral variables and the target

concentrations [57].

1" PCA maximizes the explained variance in X, while PLSR maximizes the covariance between X and

Y.
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In the context of this study, PLSR was performed computationally using the
Python library scikit-learn version 1.4.2 [47]. The main argument to be defined when

using the PLSRegression is the number of components.

4.2.2 Random Forest Regression

Random Forest Regression (RFR) is a non-parametric, ensemble-based machine
learning method widely used for regression problems involving complex and potentially
non-linear relationships between variables. The method is based on the construction of
numerous decision trees, each trained on a different subset of the original dataset generated

through bootstrap sampling [58].

In RFR, each decision tree provides an independent prediction of the target vari-
able, and the final model output is obtained by averaging the predictions of all trees in
the ensemble, as illustrated in Figure 22. This aggregation process reduces variance and
improves generalization, making the method robust against overfitting, particularly in

high-dimensional or noisy datasets.

Figure 22 — Schematics of an RFR. Each decision tree in composed by branches containing
different nodes. The green-colored nodes indicate step chosen by bootstrap-
n-th tree
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Source: self-elaboration.

The parameters that define a RFR are the number of trees, the maximum depth
at which each tree can grow, the minimum splits in each a node, the amount of features

to consider while splitting, and the bootstrapping employed in the branches selection.

Unlike linear regression-based methods, such as PLSR, RFR does not assume a
predefined functional relationship between the input variables and the target values. As a

result, RFR is well suited for modeling non-linear dependencies and complex interactions
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among variables, which are commonly encountered in spectrometric and environmental

datasets.

Additionally, RFR provides an estimate of variable importance based on the con-
tribution of each input variable to the reduction of prediction error across the ensemble,
allowing the identification of the most relevant spectral features influencing the regres-
sion results. In the context of this work, RFR was performed computationally using the

Python library scikit-learn version 1.4.2 [47].

4.3 Calibration Transfer

A common occurrence when performing spectral analysis is that each spectrometer
must have its own calibration to provide quantitative results. Calibration in GRS and
XRF mostly relies on the availability of Certified Reference Materials (CRMs), which
are often scarce, expensive, and limited in matrix compatibility. Moreover, differences
in instrument response, detector resolution, or environmental conditions may prevent a
calibration built on one instrument from being directly applied to another. Consequently,
transferring calibration models between instruments becomes a relevant issue in analytical

spectrometry.

To deal with this matter, an increasing field of chemometrics is Calibration Trans-
fer (CT). By definition, these methods consist of analytical strategies or mathematical
techniques used to apply the calibration model developed for one instrument (primary) to
other instruments (secondary), while maintaining statistical accuracy and precision [59].

CT methods are generally grouped into three main methodologies [57]:

Transfer in spectra: this approach establishes a functional relationship between the
target and source instruments by means of a mathematical transformation applied
directly to the spectra, so that the converted spectra from the target instrument

(secondary) mimic those of the source (primary);

Regression coefficient conversion: in this case, regression models are built indepen-
dently on both devices, and a transfer function is determined to transform the
regression coefficients from the target (secondary) model into those of the source

(primary); and

Robust calibration: this strategy involves advanced preprocessing, variable selection or
wavelength screening algorithms, or the deliberate expansion of the calibration set by

including spectra collected under different conditions or from multiple instruments.

The most commonly employed methodologies are transfer in spectra and robust

calibration. In this work, the method adopted is Target Transformation Factor Analysis
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(TTFA), which belongs to the first group. TTFA is a PCA-based technique that reduces
the dimensionality of the source and target datasets and determines the correlation matrix
that maps one latent space onto the other [60]. The main steps of the TTFA procedure

are presented in Figure 23.

Figure 23 — Main steps of Target Transformation Factor Analysis.

Transfer
Input Data PCA Matrix
Vigpinininininininii ~ II’— """"" . l,"_ """""""""" N
Primary Instrument  Feer B GRES VP! — Vi= MV,
1
1

Secondary Instrument l—i X =V, P2t E—>i M=V VQt(VQVQt)_l

_____________________

Source: self-elaboration.

In this method, the data from both instruments are decomposed into score and
loading matrices through PCA and then combined to obtain the transfer matrix (M),
which relates the scores from both inputs. Once M is determined, the spectra from the
primary instrument can be converted into the secondary domain using Equation (4.8) [60].
In this expression, V; and P; denote the scores and loadings obtained from the input ma-
trix X;, while the subscripts 1 and 2 correspond to the primary and secondary instruments,

respectively.
X! =X,P M"P}, (4.8)

4.4 Spatial Interpolation

In agricultural and environmental studies, situations often arise where spatially
continuous data are required for management and decision-making. Field-obtained data
— whether collected for laboratory analysis or measured directly in situ — originate
from discrete sampling points and therefore do not provide a clear and continuous spa-
tial distribution [61]. To overcome this limitation, geostatistical and spatial interpolation

techniques are commonly employed [61-63].

Spatial interpolation involves predicting the values of an attribute at non-sampled
locations based on measurements performed at sampled points within the same area. The
point-based results are transformed into continuous surfaces, allowing the spatial distri-
bution of different quantities to be compared, interpreted, and used to support decision-
making [62]. The core assumption underlying spatial interpolation is that, on average, the
value of a quantity at a given location is more similar to values at nearby locations than
to those farther away [61,62].
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The simplest spatial interpolation technique is the Nearest Neighbor (NN) method,
in which the value of an un-sampled location is assigned as that of the nearest sampled
point within the domain. This approach disregards the influence of surrounding observa-
tions, typically resulting in a blocky or pixelated appearance of the interpolated surface.
Despite its simplicity, the NN method is still occasionally employed due to its computa-
tional efficiency and its suitability for categorical or discrete variables, where intermediate

values have no physical meaning [64].

The Inverse Distance Weighting (IDW) method is among the most widely used
techniques for spatial interpolation [65]. It assumes that the value of a variable, z, at an
un-sampled location is a weighted average of the values at surrounding sampled points,
with weights inversely proportional to their distances from the target location [62,65]. The

estimated value, 2(sp), at the un-sampled point s is obtained according to Equation (4.9).

2(so) = éwiz(si) (4.9)

Here, n denotes the number of sampled points within the interpolation domain, and
1; represents the weight assigned to each neighboring observation z(s;). These weights are
determined using Equation (4.10), where d;q is the distance between the sampled location
s; and the prediction point sy, and p is a user-defined power parameter that controls the

influence of distance on the interpolation.

—-p
diO

Vi= (4.10)
=1 diop

Larger values of p assign greater importance to closer observations, resulting in
smoother yet less generalized surfaces, while smaller p values allow distant points to exert
more influence [62]. Figure 24 illustrates the differences between the interpolated surfaces
obtained using the NN and IDW methods for a set of randomly generated data points
(n = 20). While the NN yields a blocky, discontinuous surface due to the absence of
smoothing, the IDW method produces a continuous gradient where nearby points exert
greater influence on the estimated values. For this reason, IDW was adopted in this
work to generate spatially continuous surfaces. In this work, spatial interpolation was
performed using the function interpolate.griddata from the Python library scipy,
version 1.10.1 [66].
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Figure 24 — Comparison between NN and IDW interpolation methods for a set of ran-

domly generated data points (n = 20). The black dots in the interpolated
surfaces indicate the sampled locations.
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5 LITERATURE REVIEW

Soil erosion and sedimentation occur naturally as a result of environmental pro-
cesses such as rainfall and wind, and they play an important role in landscape formation.
However, the intensity of these processes can be substantially amplified by human activ-
ities [11,67,68]. Soil health and maintenance are fundamental for preserving ecosystem
biodiversity, regulating climate, sustaining food production, and ensuring water quality.
Recently, the United Nations Educational, Scientific and Cultural Organization (UN-
ESCO) warned that 75% of the Earth’s soils are degraded, affecting 3.2 billion people and
potentially rising to 90% by 2050 [69]. At the same time, global agricultural production
is projected to increase by 50% from 2012 to 2050 in response to growing population
demands [70].

In the early 2000s, the global economic costs of soil erosion impacts on agricultural
lands - both on-site and off-site - were estimated at approximately US$ 400 billion per
year [68,71]. These economic and social consequences emphasized the need for reliable
quantitative data on soil loss worldwide [8,68]. Since the 1960s, nuclear techniques have
been increasingly applied to evaluate, quantify, and model soil degradation over different
timescales by tracing gamma-emitting radionuclides naturally present or deposited in
soils, including cosmogenic "Be, fallout *’Cs and #*%"2%Pu, and natural *'°Pb, among
others [4,68,72].

Pioneering work conducted in 1965 by Rogowski and Tamura [73] demonstrated
the feasibility of using ®*"Cs as a tracer for soil redistribution. Since then, the *7Cs fall-
out technique has been widely employed across diverse climatic, geomorphological, and
land-use contexts. By the early 2000s, Zapata [68] reported more than 2,500 publications
utilizing '*"Cs for soil-erosion and sedimentation studies, and subsequent bibliometric
assessments indicate that applications of this technique have continued to expand signif-

icantly.

In 1999, Blake and Walling [74] demonstrated the potential of using ‘Be as a
tracer for short-term soil redistribution, highlighting its main advantage relative to *"Cs:
its ability to capture processes occurring over timescales of weeks to months. Mabit et
al. [4] further emphasized the usefulness of "Be for evaluating the effectiveness of recent
soil-conservation practices [38]. They also noted two practical limitations: the technique
is often restricted to bare soil surfaces due to the spatial heterogeneity introduced by
vegetation cover, and the characteristic gamma emission of "Be requires high-resolution

detectors for reliable quantification.

Schuller and Walling [75] demonstrated that '*"Cs measurements can be used effec-
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tively to quantify changes in soil-redistribution rates following a transition from conven-
tional mechanized tillage to no-tillage systems, employing both standard and simplified
approaches. Complementary investigations by the same authors showed that "Be is an ap-
propriate tracer for documenting short-term soil redistribution associated with extreme
rainfall events and residue-burning practices in no-till systems, and is also suitable for as-
sessing immediate post-harvest soil loss in forest environments. Together, "Be and *"Cs
provide complementary temporal windows—weeks to months for "‘Be and decades for

137Cs—allowing a more integrated characterization of soil-redistribution processes.

In alpine environments, Meusburger et al. [76] demonstrated that '*’Cs serves as
a robust long-term integrator of soil-erosion processes. Their study further showed that
stable carbon and oxygen isotopes provide valuable complementary indicators, capable of
distinguishing long- from short-term erosive processes and revealing soil organic carbon

(SOC) degradation during detachment and transport.

Findings from Schuller and Walling [75] and Meusburger et al. [76] collectively
indicate that combining radionuclide-derived erosion estimates with information obtained
from complementary analytical methods yields a more comprehensive assessment of soil
condition and management. In this direction, Castilhos et al. [77] combined XRF and
GRS measurements for topographic assessments in agricultural soils and demonstrated
that the integration of these techniques can provide valuable insights into spatial soil

properties and site characteristics.

Hancock et al. [78] examined soil redistribution in Australia between 2006 and 2014
using *"Cs and identified a positive relationship between SOC content and redistribution
patterns. Their results indicated that variations in SOC were influenced by both elevation
and redistribution processes. The authors also emphasized the need for expanding similar

investigations using "‘Be and 2!°Pb to enhance temporal and methodological coverage.

Beyond radionuclide tracing, spectroscopic techniques such as MIRS and XRF
have been widely applied to characterize soil fertility parameters, aiming to streamline soil-
health evaluation and support agricultural management [50,79-84]. Lelago and Bibiso [85]
showed that MIR spectra combined with PLSR models can accurately predict a range of
soil properties, including exchangeable Ca, CEC, OC, and pH. More recently, Santos
et al. [51] integrated XRF and vis-NIR data using p-ComDim and reported improved

predictive performance relative to models developed with single-technique datasets.

In summary, previous studies demonstrate that fallout radionuclides and comple-
mentary spectrometric methods provide distinct yet synergistic insights into soil erosion,
redistribution dynamics, and soil property variation. Important gaps remain, however, re-
garding the optimization of GRS-based approaches, the broader application of ‘Be using

low-resolution detectors, and the integration of distinct spectroscopic datasets. Motivated
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by these gaps, the present work focuses on improving GRS-derived erosion estimates
through multivariate analysis, establishing a practical methodology for short-term assess-
ments using ‘Be, and evaluating soil redistribution across agricultural areas. Additionally,
by combining data from GRS, XRF, and MIRS, this study seeks to enhance predictions
of soil fertility parameters and to better understand how these complementary techniques

can jointly support soil-erosion assessment and land-management strategies.
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6 METHODOLOGICAL DEVELOPMENTS IN GAMMA-
RAY SPECTROMETRY

6.1 Spectral Deconvolution for Beryllium-7 Detection

As discussed in Section 3.2.1, "Be is a cosmogenic radionuclide continuously pro-
duced in the stratosphere and troposphere, with a half-life of approximately 53 days. It
decays to the ground state of “Li through EC, followed by the emission of a photon with
energy of 477.6 keV. Most semiconductor detectors have sufficient energy resolution to

readily detect this emission and determine the activity concentration of the radionuclide.

As mentioned in Sections 2.3.1 and 2.3.2, detector resolution is closely associated
with its manufacturing technology and cost, which may represent a limitation for routine
or large-scale environmental studies. HPGe detectors, despite their excellent resolution
and efficiency, require cryogenic cooling and involve elevated acquisition and maintenance
costs. In contrast, Nal(T1) scintillation detectors are considerably more affordable, robust,
and easier to operate, yet present a lower energy resolution, which complicates the analysis

of spectra with overlapping peaks or high background levels.

When measuring topsoil samples with low-resolution detectors, the photon emis-
sion from "Be at 477.6 keV may overlap with nearby peaks originating from natural
radionuclides and background processes. Among the naturally occurring radionuclides
present in soils, **Ac (463.0 keV) and ***TI1 (510.7 keV), both daughters of the ***Th
decay chain (Appendix A.1), emit gamma rays with energies close to that of "Be. In
addition, photons with energies above 1.022 MeV can undergo pair production in the
detector or surrounding materials, resulting in the emission of annihilation photons at
511.0 keV [19]. The combined presence of these emissions complicates the identification

and quantification of "Be in environmental samples when using low-resolution detectors.

To overcome these limitations, this study proposed a spectral deconvolution method-
ology for Nal(T1) spectra aimed at quantifying radionuclides with closely spaced emission
lines, and compared the obtained results with those measured using a HPGe detector.
In addition, the short-term soil redistribution estimates derived from ‘Be inventories ob-
tained with both detector systems were evaluated and compared. The methodology and
results of this study were published in the peer-reviewed journal Radiation Physics and
Chemistry [86].

6.1.1 Sampling and Preparation

The workflow of this study, from sample collections to data analysis is presented

in Figure 25. A detailed description of each step is described in the following subsections.
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Figure 25 — Workflow of the employed methodology for spectral deconvolution.
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The soil samples were collected following the recommendations outlined by IAEA [1,
87]. The study site was situated on a hillside within an agricultural zone located in
the Ribeirdo Vermelho basin, Cambé municipality, Parand State, Brazil. This area falls
within the latitudinal range of 23°9'59.70” to 23°9’50.14” S and the longitudinal range of
51°14’42.27" to 51°14’56.87" W. The soil types correspond to “Latossolo Vermelho Eu-
troférrico Tipico” (Rhodic Ferralsol) and “Nitossolo Vermelho Eutroférrico Latossélico”
(Rhodic Nitosol) as classified by the Brazilian Agricultural Research Corporation (Em-
brapa) and the Food and Agriculture Organization (FAO) [88,89].

Nine sampling points were selected following the multiple transect approach [1].
These points were equally divided into three sections in the parcel: upper, middle, and bot-
tom. At each sampling point, three samples were collected following a depth-incremental
technique. The samples ranged from 0 to 3 cm in depth with a 1 cm step. Thus, the method
allows the evaluation of soil redistribution effects over a few months on the hill slope. A
reference sampling point was also chosen near the mega-parcel, in a plain non-eroded area,
where four samples were collected. The fourth sample was collected at approximately 5

cm depth to obtain a sample with no "Be presence and was used as a blank sample.

After collection, all samples were dried out for a minimum of 48 hours and subse-
quently sieved through a 2 mm mesh. The sieved portion of the samples was deposited
into plastic cups and stored until the measurements could be performed. The measure-
ments were performed for 86400 seconds of live time, employing the detectors described
in Subsections 2.3.1 and 2.3.2.

6.1.2 Spectral Deconvolution

The 477.6 keV "Be peak is contained in a broad peak with contributions of sec-
ondary lines from ***Ac (463.0 keV) and **TI (510.7 keV). To circumvent this situation,
spectral deconvolution was performed to calculate "Be activity in the spectra obtained

with the Nal(T1) detectors. The concentration activities were calculated using the 911.2
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and 968.9 keV emissions from ***Ac, and 2614.5 keV emissions for *®*T1. Afterward, the
corresponding area for the emissions of 463.0 and 510.7 keV were estimated using the

obtained activity value and isolating the net area in Equation (2.15).

The positron annihilation contribution is caused by every photon emission with
energies of 1.022 MeV and above. In soil samples, this is mainly due to ?**Bi, %K, and
28T, Since higher energies are more likely to interact with matter by pair production, the
intensity of the effect was estimated using 2**T1 emissions. In all measurements performed
with the HPGe detector, the calculated 2**T1 activity using the 510.7 keV peak was 1.93

times greater than the ones calculated by other emissions.

Based on these results, it was assumed that a similar behavior would happen in
the Nal(T1) detector volume. The area corresponding to 'Be emission was then calcu-
lated using Equation (6.1) and varying the proportionality constant, &, until the best
correspondence with the activity obtained using the HPGe detector was achieved. In the
Equation, each A corresponds to a peak’s area, indicated as the subindex, and & = 1.70

is the proportionality constant to account for the effects of pair production.

A7Be — Apeak - AZ?SAC - §A208Tl (61)

6.1.3 Activity and Soil Redistribution Calculations

The detected isotopes activity concentration and respective MDAs were calculated
using Equation (2.18). Given the long measurement times and amount of samples, 'Be
activity was corrected for the decay using the radioactive decay equation between the
collection and measurement dates. The activity values below the MDA were not corrected.

Soil redistribution was calculated using Equations (3.3) through (3.8).

6.1.4 Detectors Comparison

When comparing spectra obtained from the same sample using both detectors, it
is observed that the "Be peak is unresolved with signals from ?*®Ac, 2**T1, and positron
annihilation effects. This is depicted in Figure 26. The four continuous lines in the figure
represent Nal(T1)-obtained spectra for samples collected at different depths. The changes
in the shape of the peak at the center follow the collection depth. The dashed purple
line represents a spectrum obtained for a soil sample using an HPGe detector, and the
radionuclides responsible for each emission in the peak of interest are indicated. Through
the spectrum comparison, it becomes evident that "Be plays a significant role in deter-
mining the shape of the combined peak. Moreover, "Be is the only radionuclide among

these three that has significant concentration variation for such shallow depths.
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Figure 26 — Comparison of ‘Be influence in spectra obtained with HPGe and Nal(TI)
detectors at different depths. The four continuous lines represent the Nal(T1)
spectra obtained from a sample at different depths, while the dashed line is
an HPGe spectrum. The ***Ac (463.0 keV), "Be (477.6 keV) and ***T1 (510.7
keV) emissions are identified.
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The concentration activities, in Bq-kg™', of 2**T1 and ?*®Ac were calculated for the

31 samples measured with both detectors and the results are shown in Figure 27. The

violin plot allows the examination of the calculated activity distribution. Each row indi-

cates a radionuclide, while the X-axis is scaled according to the measured concentration

activities and the different colors correspond to the employed detector. The similarity be-

tween concentration ranges and the shape of the distribution indicates that the performed

calibration and efficiency calculations for the two detectors are equivalent.

Figure 27 — Violin plots displaying the measured activity concentrations (Bq-kg™') of
2871 and **®*Ac across the 31 studied soil samples. The congruence between
both distributions suggests equivalency in the calibration and efficiency cal-
culations for the two detectors.
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The slight changes verified in Figure 27 are caused mainly by the different effi-
ciencies and resolution of the employed detectors. Given its better resolution, the HPGe
detector yields more precise measurements. Nonetheless, the equivalence between the de-
tectors ensures the suitability of performing the proposed deconvolution methodology to

evaluate the "Be activity concentrations in soil samples.

6.1.5 Deconvolution and Soil Redistribution

Performing the spectral deconvolution with the described methodology provided
good results, as shown in Figure 28. The four selected samples correspond to the refer-
ence sampling point. In the four spectra, the blue line represents the original peak after
performing smoothing and background subtraction; the yellow line is the ***Ac peak; the
green dashed line is the calculated “Be peak; the red line is the 2°*T1 peak; the purple line
is the estimated positron annihilation contribution; and the gray dotted line is the sum of
the four calculated peaks. The peaks were plotted assuming Gaussian distributions and

using the FWHM for each emission as verified in the detector resolution curve.

Figure 28 — Resulting peak deconvolution from four depths (1-5 cm) at one sampling
point. Blue line: measured peak, yellow /red: estimated ***Ac/***T1 contribu-
tions (911.2/968.9 keV, and 2614.5 keV), purple: estimated positron annihi-
lation, green dashed: calculated "Be, gray dotted: sum of all peaks.
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The compared “Be concentration activities for both detectors are in Figure 29,
along with their respective uncertainties and MDA values. While there are discrepancies
in the calculated values between the detectors, the observed trends among the samples
in each dataset remain consistent. These variances primarily stem from disparities in
detector resolution and the positron annihilation contribution in the Nal(Tl) detector.

The smaller MDA for the HPGe detector evidences its superior resolution.

Figure 29 — Measured "Be activity concentration values, uncertainties and MDA for all
samples. The range of calculated values is the same for both detectors, and
the trends between them are similar.
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Applying Equation 6.1 to the blank sample (collected at 5 cm depth) yields a
non-zero area value. This area was converted into activity concentration and treated as
a “virtual” "Be activity (5.94 Bq-kg™!), which was subtracted from the other calculated
activities. This adjustment aimed to mitigate noise and unwanted contributions caused
by other nuclear phenomena within the convoluted peak. The decision to employ the
virtual activity approach instead of directly subtracting the areas was made to account
for various factors influencing the spectra, including variations caused by differing sample

masses, spectral overlaps, and background contributions.

Figure 30 illustrates the vertical distribution profile of "Be at the reference sam-
pling point for both detectors. The obtained zy values, calculated using Equation (3.4), for
the HPGe and Nal(T1) detectors were 10.31 £0.20 and 15.47 4-0.10 Bq-m~2, respectively.
The zj calculated for the Nal(T1) was estimated after subtracting the virtual activity con-

centration derived from the blank sample analysis. The discrepancy in the calculated z
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values is attributed to the differences in the obtained "Be activity concentrations, which
are influenced by the detector resolution and the positron annihilation contribution in the
Nal(T1) spectra.

Figure 30 — Comparison of the "Be distribution profile obtained with the reference samples
for the HPGe and Nal(T1) detectors. The obtained mass relaxation depths,
Zp, are presented.
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With the activity concentrations of ‘Be calculated for the two detectors, the
soil redistribution calculated in the mega parcel was determined using Equations (3.3)
through (3.8). The redistribution results are displayed in Figure 31, and the calculated
net deposition was 36.45+18.95 kg-m~2 for the NaI(T1) detector and 26.40+22.35 kg-m 2
for the HPGe detector during the evaluated period. The analysis of soil redistribution
within the hill slope agricultural mega parcel, employing HPGe and Nal(T1) detectors,
reveals a consistent trend across all sampling points. Mostly, changes in intensity are

observed and are due to the differences in resolution and efficiency.

The depth of soil redistribution calculated for the Nal(Tl) results lack precision
when compared to the HPGe results, as evidenced by the homogenous results (Figure 31).
This is mainly due to the lower resolution of the Nal(T1) detector, which leads to a less
accurate estimation of "Be activity and consequently, soil redistribution. However, the
overall trend of soil deposition across the sampling points is consistent between both
detectors, indicating that the Nal(T1) can still provide valuable insights into soil redistri-

bution patterns, albeit with less precision than the HPGe detector.

Soil deposition was verified for almost the entire length of the area, except at the
sampling point P2 7, where erosion was detected. Positive values of soil redistribution
depth (2) observed in the uppermost points suggest contributions from regions above the

parcel, likely due to sediment deposition or lateral soil movement. As depicted in Figure 25
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the parcel is located on a hill slope below a dirt road, this position makes the sampling

region prone to sediment deposition originating from the road and upper areas.

Figure 31 — Calculated soil redistribution based on the "Be activity for the HPGe and
Nal(T1) detectors. Both sets of results show the same behavior in the mega
parcel.
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The propagated uncertainty from sampling points P2 1 and P2 7 in Figure 31a
makes the calculated z for these points statistically unreliable. Such large uncertainties
arise from the measured spectra, and as depicted in Figure 29, these two points have one

or more sub-samples whose concentration activity value is near or below the MDA.

Overall, these results points toward a net soil deposition in the evaluated area
during the six months prior to the sampling date, with the exception of one sampling
point where erosion was detected. The observed soil redistribution patterns are consistent
with the expected behavior for a hill slope agricultural area, where sediment deposition is
likely to occur in lower regions due to runoff, soil movement from upper areas, and from

external sources.

The soil movement observed aligns closely with the rainfall patterns recorded in
the six months leading up to the sampling date, as depicted in Figure 32. Rainfall data,
collected by IDR-Parana at 15-minute intervals, were aggregated to provide a compre-
hensive view of daily precipitation trends, as illustrated in the figure. The six-month
period was chosen based on the IAEA guidelines to evaluate soil redistribution using 'Be.
The semester before the sampling date encompasses the wet season in southern Brazil,
characterized by substantial rainfall, particularly notable in February and March. These
periods of intense precipitation are likely significant contributors to the soil redistribution

dynamics observed through Beryllium-7 detection.
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Figure 32 — Rainfall data, in millimeters, obtained for the megaparcel region from De-
cember /2022 to May/2023. The sampling was performed on 11th May.

50 December | January . February March ) April ) May

B
o

w
o

N
o

Precipitation (mm)

=
o

YRS

Source: self-elaboration.

.

o

To facilitate the visualization of the spatial patterns of soil redistribution within
the studied area, a spatial interpolation procedure was applied to the calculated redistri-
bution values. The interpolation was performed using the IDW method, as described in
Section 4.4, which estimates values at unsampled locations based on the proximity and
magnitude of neighboring measurements. Figure 33 presents the resulting interpolated
map for the agricultural plot, where the white markers indicate the sampling points and

the color scale represents the intensity of soil redistribution across the area.

Figure 33 — Soil redistribution intensity over the studied agricultural area obtained by
IDW interpolation. The color scale represents the magnitude of redistribution.
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6.1.6 Conclusions

These findings confirm the possibility of utilizing Nal(T1) detectors as a substitute
for HPGe detectors in assessing ‘Be in soil samples. Employing mathematical techniques
such as Savitzky-Golay smoothing and spectral deconvolution significantly improved the
results with the scintillation detector, approaching the quality of those achieved with the
more precise HPGe detector. This substitution offers the advantage of greater durability
and lower maintenance costs associated with the Nal(Tl) detectors when compared to
HPGe detectors. Moreover, this procedure facilitates the dissemination of GRS applied to
evaluate short-term soil erosion, which may lead to a more robust and thorough evaluation

of soil management techniques.

6.2 Calibration Transfer for Radionuclide Quantification

Despite the differences in detectors construction and overall properties, HPGe and
Nal(T1) detect and measure the same kind of radiation. In the field of chemometrics,
several C'T techniques have been developed to improve the comparability of spectral data
from different instruments [57]. These methods, widely applied in Infrared Spectrometry
(IRS), include TTFA, which uses PCA to reduce spectral dimensionality and derive a

transfer matrix that correlates the responses between different detectors [90].

To date, no studies have investigated the application of chemometric methodologies
of calibration transfer between different types of detectors for GRS measurements. This
gap is significant as it presents a challenge for laboratories relying on different detector

types to achieve consistent and accurate radionuclide quantification.

In this context, this research hypothesis is that a reliable conversion between the
two detector responses can be achieved. Such a conversion would significantly improve
the accuracy of measurements obtained with Nal(T1) detectors, offering a more accessi-
ble alternative to HPGe systems for a variety of environmental applications and further
promoting the use of GRS as a soil evaluation technique. Accordingly, the present study
applies the TTFA method to a soil dataset measured with both HPGe and Nal(Tl) detec-
tors, with the following objectives: (i) calculating a transfer matrix that links the spectral
response; and (i7) comparing the concentration results of some radionuclides calculated
from HPGe detector measurements with those obtained with the transformed Nal(T1)
spectra. The methodology and results of this study were published in the peer-reviewed

Journal of Environmental Radioactivity [91].

6.2.1 Methodology

The soil samples employed in this study were obtained in two different locations:

() on a hillside within an agricultural area in the Ribeirao Vermelho basin, situated in the
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municipality of Cambé, Parana State, Brazil (n = 31); and (i7) at the State University of
Central West, at Guarapuava, Parana State, Brazil (n = 10). All samples were superficial,
with a maximum depth of 3 cm, to allow ‘Be quantification [87]. Frequent rain events
occurred at the second site in the weeks prior to the sampling, which lead to higher "Be
concentrations. Both datasets were combined to enhance the variability of the detected

radionuclides and, therefore, improve the model robustness.

After sampling, the soil samples were air-dried for at least 48 hours before being
sieved through a 2 mm mesh and sealed into plastic cups with a total volume of 300 ml.

The mean mass of the sieved samples was of 320+70 g.

6.2.2 Experimental Setup

The measurements were performed employing HPGe (Subsection 2.3.2) and Nal(T1)
(Subsection 2.3.1) detectors, and conducted by positioning the samples directly on top of

the detectors for a live time of 86400 seconds.

Both detectors were energy-calibrated using point-like calibrated sources of *"Cs
and ®°Co manufacture by IPEN. The calibration curve for soil samples was built using the
TAEA-327 [92] certified sample and validated using TAEA-312 [93] and IAEA-444 [94] cer-
tified samples. The reference and calculated activity concentrations for validation samples

are displayed in Table 6.

Table 6 — Reference and calculated activity concentration values, in Bq/kg, for [AEA-312
and IAEA-444 certified samples after using the IAEA-327 certified samples to
build de efficiency curve for the HPGe and Nal(T1) detectors.

TAEA-312 TAEA-444
Ra-226 (Bq/kg) Co-60* (Bq/kg) Cs-137* (Bg/kg)
Reference Calculated Reference Calculated Reference Calculated
Value Value Value Value Value Value
HPGe 275 8.62 55.74
Nal(T1) 269 + 19 9263 10.07 £+ 3.18 7 60 48.95 £+ 6.95 855

*The activity concentration and uncertainties of this radionuclide were corrected for the
time elapsed since the reference material was issued.

6.2.3 Data Management

To perform TTFA with the obtained spectra, each result was converted from their
original extension (“CNF’ for the HPGe detector and “CHN’ for the Nal(Tl)) into “TXT’
files using Python 3.10, and all measurements from each detector were combined into a
“CSV’ file to facilitate data handling.
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Both sets of spectra consisted of 41 files containing 2-columns: energy values and
the number of photons measured with the corresponding energy. Given the instrument’s
characteristics, all “CNF’ files contained 8192 rows, while the “CHN’ files had 1024, corre-
sponding to the channels of the detectors. Therefore, the first step in the data treatment
was to interpolate the photon counts in the “CHN’ files to match the energy resolution
of the “CNF" files. This was achieved using a linear interpolation approach, implemented
through the interpid function from the SciPy library, version 1.10.1 [66]. The energy
values from the “CNF’ files were used as the reference points for the interpolation, ensur-
ing that the photon counts from the “CNF" files were accurately mapped onto the lower

resolution energy grid of the “CHN" files.

After interpolating the Nal(Tl) spectra to match the HPGe’s dimensionality, the
Kennard-Stone algorithm was applied to separate the target and source spectra into train-
ing and testing dataset (24 and 17 samples, respectively). This was made to create the

transfer matrix using the training dataset and validating it with the test dataset.

PCA was then performed using the PCA function from the scikit-learn library,
version 1.4.2 [47]. After splitting the data into training and test sets, PCA was conducted
with n = 24 PCs. By evaluating the cumulative explained variance for both sets of
spectra, it was found that a plateau close to 100% explained variance was reached with
n = 5 PCs. Therefore, this number of PCs was chosen for the CT calculations, minimizing

the influence of spectroscopic noise in the model.

The transformation matrix calculation was performed using the linalg.lstsq
function from the NumPy library, version 1.23.5 [95]. This function receives as input the
scores from the source and the target instruments, respectively. By using the least-squares
method, it finds the matrix that maps the scores from the source instrument to the target

instrument. The result in a n X n matrix.

After calculating the transfer matrix M, the transformation was performed by
multiplying the PCA scores from the Nal(Tl) detector by M and performing the inverse
PCA transformation (using PCA.inverse_transform from scikit-learn) to reconstruct the
spectra. The performance of the calibration transfer was evaluated by calculating its root
mean-squared error (RMSE), Mean Absolute Error (MAE) and the Pearson correlation
coefficient (p).

To further study the CT method suitability in GRS analysis, the concentration
activities, in Bq/kg, for Be, *’K, *"Cs, ?**Th, and ***U were calculated using the original

HPGe and the Nal(Tl)-transformed spectra and the results were compared.
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6.2.4 Calibration Transfer

Figure 34 shows an example of the transformation. Both HPGe and Nal(T1) spectra
obtained for a sample are displayed in blue and green, respectively. The resulting spectrum
after performing the transformation is displayed as the red dashed line. In the plot, the

region between 300 keV and 700 keV is zoomed in to provide better visualization.

Figure 34 — Spectra for a representative sample. The blue line represents the HPGe spec-
trum, the green line the Nal(T1) spectrum, and the red dashed line the recon-
structed spectrum. The left y-axis shows counts for the HPGe and trans-
formed spectra, while the right y-axis shows Nal(Tl) counts. The plot is
zoomed in as to provide better visualization.
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Source: self-elaboration.

To perform the calibration transfer, both spectral datasets were divided into train-
ing and test sets to calculate and validate the transfer matrix. Table 7 summarizes the
evaluation metrics for the transformation in both datasets. RMSE provides an overall
measure of the difference between the original and transformed spectra. The low RMSE
values (10.83 for the training set and 15.57 for the test set) indicate strong performance

of the transformation, with minimal errors.

MAE provides an average measure of the errors between the HPGe-measured and
Nal(T1)-transformed spectra. These values are reported in the same units as the spectra,
with MAE values of 4.44 for the training set and 5.58 for the test set. This metric indicates

that the transfer produces minimal deviations from the target spectra.

Pearson’s correlation coefficient measures the linear relationship between the origi-
nal and transformed spectra, indicating how well the transformation captures the structure
of the target spectra. The coefficient ranges from 0 to 1 indicating the strength of the
correlation. Since both datasets resulted in p = 0.99, this suggests an strong correlation,

implying that the transformation preserved the essential characteristics of the original
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spectra, allowing for a highly accurate reconstruction.

Table 7 — Performance metrics for the training and test datasets.

Dataset RMSE MAE »p
Training Dataset  10.83 4.44  0.99
Test Dataset 15.57 2.58  0.99

RMSE: Root Mean Squared Error; MAE: Mean Absolute Error; p: Pearson correlation
coefficient.

6.2.5 Activity Concentration

Prior to performing the transformation, emissions of “°K, #**Th, and ?**U were eas-
ily identified in both the HPGe and Nal(Tl) spectra. 'Be, albeit identified in the Nal(T1)
spectra, is convoluted with other emissions and its quantification is not so straightfor-
ward. *Cs, on the other hand, is only detectable by the HPGe detector due to the low

concentration found in the Southern Hemisphere [1] and the detector’s resolution.

The activity concentration of Be, *°K, and '*"Cs were calculated by their charac-
teristic emissions (477.6 keV, 1460.8 keV, and 661.6 keV, respectively), when possible, and
the concentrations of ***Th and ***U are reported as those of their daughters ***T1 (2614.7
keV) and *'Bi (609.31 keV), respectively. Since ‘Be is one of the radionuclides of interest,
its short half-life (53 days) makes it impossible to wait for the equilibrium of the Th and
U series to be achieved while also obtaining precise measurements for ‘Be. Figure 35 il-
lustrates the activity concentration distribution of the five radionuclides calculated using
the Nal(T1), HPGe, and transformed spectra.

Figure 35 — Comparison of the activity concentrations of "Be, K, 37Cs, 2°°T1, and **Bi
calculated using the Nal(Tl) (green), HPGe (blue) and transformed (red)

spectra.
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Source: self-elaboration.

The concentrations range for all radionuclides, except 37Cs, is similar for the three
types of quantification with Nal(T1) providing slightly broader ranges than HPGe and
TTFA. The descriptive statistics of these results are displayed in Table 8. Results obtained
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with the HPGe spectra provides the most precise measurements, as seen by the lowest
SD values. On the other hand, Nal(Tl) generally shows the highest variability (largest SD
and IQR), indicating that this detector is less reliable for precise quantification. Finally,
TTFA consistently yields values very close to HPGe, with slightly higher dispersion but

improved accuracy over Nal(Tl).

Table 8 — Mean activity concentration, standard deviation (SD), median, interquartile
range (IQR), minimum and maximum values, mean MDA and its SD of the
five radionuclides calculated using the HPGe, transformed (TTFA) and Nal(T1)
spectra (n = 41 samples). All values are reported in Bq/kg.

MDA
Mean SD

HPGe 4752 87.05  11.35 8.64 6.40 450.49 3.33 2.69
"Be TTFA 4771 89.49  11.64 7.60 759 47872 3.33 2.72
NaI(TI) 60.18 110.12 21.93 10.42 5.09 639.87 6.64 3.11

HPGe 63.73 19.96 53.97 15.23 4736 118.99 4.74 1.48
B TTFA 64.50 19.30 56.42 12.87 48.62 118.82 4.78 1.50
Nal(Tl) 56.83 36.74  37.10 20.04 29.64 14533 9.41 3.60

HPGe 0.50 0.12 0.45 0.13 0.25 0.76 0.21 0.05
TTFA 0.49 0.06 0.30 0.48 0.10 0.64 0.21 0.05

HPGe 16.36  3.47 15.30 1.87 13.56 30.72  1.53 0.40
20811 TTFA 16.26  3.46 14.97 1.80 13.14 3094 1.53 0.40
NaI(T1) 1593  5.09 13.90 275 11.64 3331 2.05 0.68

HPGe 10.45  3.55 8.76 260 7.45 2251  0.86 0.25
2141Bj TTFA 10.59  3.45 9.21 225 8.05 23.74 0.86 0.25
Nal(Tl) 13.87 3.54 12.90 1.93  10.34 2846 1.96 0.64

Dataset Mean SD Median IQR Min Max

137Cs

For "Be, the results obtained with the HPGe and the transformed spectra produces
nearly identical means. Meanwhile, Nal(Tl) provides a higher median value, indicating
overestimation, and higher SD and IQR values, which suggests high measurement disper-
sion. This might be due to the necessity of performing peak deconvolution in the Nal(T1)

spectra to quantify this radionuclide, causing the results to be less accurate.

Overall, Nal(T1) underestimates the “’K activity concentration values when com-
pared to the HPGe and the transformed spectra. The lower mean and median suggests a
systematic bias in this radionuclide detection for the Nal(T1) system. Similar behavior is
observed for **Bi, but the results obtained with the Nal(T1) spectra are overestimated in
comparison with the other two. In both cases, the application of TTFA brings the results
closer to the ones obtained with the HPGe spectra.

Despite producing skewed results, the application of TTFA over Nal(T1) spectra
is capable of producing '*7Cs results very similar to the HPGe spectra. For such low con-

centrations *’Cs can not be detected by Nal(T1) detectors, indicating a clear advantage
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of employing this technique in GRS measurements.

2871 is the radionuclide whose results are the most consistent between the three
spectra types. Nonetheless, Nal(T1) shows greater measurement variation, as indicated by
the larger SD and IQR. Overall, by employing TTFA over the Nal(T1) spectra to transform
it and later on calculate the activity concentrations of the five selected radionuclides

provides more accurate results than the direct calculation.

6.2.6 Results Evaluation

To further evaluate the performance of TTFA over the Nal(T1) spectra, the activ-
ity concentration results were compared to the values obtained with the HPGe spectra
by calculating the mean difference, p-value, MAE and Mean Bias Error (MBE). The

comparisons, in terms of deviation from the HPGe results are summarized in Table 9.

Table 9 — Comparison of the quantification performance for Nal(T1) and transformed
spectra relative to HPGe measurements.

7Be 4OK 137CS 208T1 214Bi
NaI(Tl) TTFA NaI(Tl) TTFA TTFA Nal(Tl) TTFA NaI(Tl) TTFA
Mean Diff. 12.66 0.19 -6.89 0.78 -0.01 -0.43 -0.10 3.42 0.14

p-value 0.8224 1.0000 0.4712 0.9904 0.6521 0.8806 0.9936 0.0001 0.9827
MAE 42.21 3.75 21.28 3.87 0.07 2.14 0.42 3.75 0.45
MBE 12.65 0.19 -6.89 0.78  -0.01 -0.43 -0.09 3.42 0.14

The mean differences between the Nal(Tl) and TTFA-transformed spectra were
generally low, with values close to zero for most radionuclides, indicating minimal devia-
tion between the original and transformed spectra. For instance, the mean difference for
"Be was 12.66 for NaI(T1) and 0.19 for TTFA, while *"Cs showed a negligible difference
of -0.01 for TTFA.

P-values for most of the comparisons were above the significance threshold (0.05),
suggesting that the differences between the Nal(T1) and TTFA spectra were not statisti-
cally significant. The only exception is '*Bi, who presented a p-value of 0.0001, indicating
a strong statistical difference between Nal(T1) and TTFA. But, as seen in Table 8, the
quantification of this radionuclide using the Nal(T1) detector was significantly overesti-

mated in comparison with the HPGe.

The MAE and MBE values for each detector also support the effectiveness of
the CT method. While Nal(T1) spectra showed larger MAE values, particularly for "Be,
the TTFA-transformed spectra demonstrated significantly lower MAE values across all
radionuclides. Notably, the MAE for "Be decreased from 42.21 in Nal(Tl) to 3.75 in the

TTFA-transformed spectra. The MBE values, which indicate systematic bias, were also
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reduced after transformation. These improvements suggest that TTFA provides a robust

transformation method for improving GRS results employing Nal(Tl) detectors.

Overall, the TTFA method shows strong potential for improving the quantification
accuracy of radionuclides in gamma-ray spectrometry, particularly when using Nal(T1)
detectors. The comparison of results between the two methods demonstrates that TTFA

offers a feasible solution for enhancing Nal(Tl) measurements.

6.2.7 Conclusions

The study demonstrated that TTFA is an effective methodology for performing
calibration transfer between HPGe and Nal(Tl) detectors for GRS. The low root-mean
squared error and mean absolute error indicate that the transformed spectra from the
Nal(T1) detector closely match the original spectra obtained from the HPGe detector. In
conclusion the calibration transfer was successful, capturing the essential characteristics

of the spectra.

The activity concentration of "Be, K, *"Cs, 2*®*T1 and *"*Bi were calculated using
the HPGe, Nal(T1) and the transformed spectra for comparison. In all cases the mean,
standard deviation and median values calculated for the transformed spectra are more
alike the results obtained with the HPGe spectra than the ones obtained by directly
employing the Nal(Tl) spectra. Overall, the use of TTFA also provided results with lower
MDA'’s, indicating that the use of TTFA may enhance the detection capacity of Nal(T1)

measurements. Which is proven by the satisfactory quantification of *"Cs.

Most comparisons presented a p-value > 0.05, indicating that the differences be-
tween the values were not statistically significant. Moreover, the Pearson correlation co-
efficient showed very strong positive correlation for all the measured radionuclides, with

the exception of ¥"Cs.

These results imply that target transformation factor analysis provide accurate
and reliable results for radionuclide quantification using Nal(T1) detectors. Consequently,
this method could enhance the accessibility and accuracy of gamma-ray spectrometry
measurements, particularly in settings where HPGe detectors are not available, thereby

broadening the applicability of this technique.
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7 MULTITECHNIQUE APPROACHES FOR SOIL REDIS-
TRIBUTION STUDIES

7.1 Gamma and X-Ray Spectrometries Applied to Evaluate Soil
Redistribution

As discussed in Section 3.2.2, the *’Cs methodology is commonly employed for soil
erosion evaluation. Soil erosion is characterized by loss of fertile topsoil containing nutri-
ents that are necessary for plants to grow and ensure agricultural productivity. A technique
often applied as a quick alternative to the traditional soil analysis is EDXRF [79-82,84].

f 137Cs inventories, measured

In this work, the novelty relies on the combination o
using GRS, with elemental composition results obtained with EDXRF. Combining data
from EDXRF and GRS offers a more detailed perspective on soil physical and chemical
characterization [77]. While EDXRF provides information on the soil’s elemental compo-
sition (such as mineralogy, geochemical and anthropogenic signatures, etc.), GRS comple-
ments this knowledge by analyzing and quantifying radioactive isotopes. This integrated
approach enables a deeper assessment of erosion dynamics. The multivariate statistical

tool employed to perform a simultaneous analysis of EDXRF and GRS was PCA.

The complementary nature of these datasets also introduces a challenge, as both
techniques generate multiple correlated variables that cannot be readily interpreted us-
ing conventional univariate approaches. Relationships between radionuclide inventories
and elemental composition are often indirect and may involve several interacting factors,
making multivariate statistical methods particularly suitable for their joint evaluation.
Among these methods, PCA provides an efficient framework for identifying the dominant
sources of variability and revealing correlations between the variables measured by both

spectroscopic techniques.

Considering the GRS and EDXRF properties, and the PCA capability to facilitate
the analysis of several variables, the hypothesis elaborated in this study were: (i) the
combination of the two spectroscopic techniques could be performed by PCA to better
understand the correlations among *’Cs and the macro and micro-nutrients found in
soil; and (éi) by studying the correlations between GRS and EDXRF results using PCA
it would be possible to determine if EDXRF can be used as a complementary technique
to better understand soil redistribution. The methodology and results of this study were

published in the peer-reviewed Journal of Environmental Radioactivity [96].
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7.1.1 Methodology

Figure 36 summarizes the study process, from sample collection to data analysis.

A detailed description of each step of the workflow is given in the following subsections.

Figure 36 — Workflow of the applied methodology for the study of complementarity of
GRS and XRF for assessing soil redistribution.
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7.1.1.1 Sampling and Preparation

The soil samples employed in this work were collected in the region described
in Section 6.1. Nine sampling points were selected within the agricultural plot area, as
shown in Figure 36, distributed in a way that the soil redistribution inside the plot could
be evaluated. The agricultural plot was occupied by two rotary cultures for the past 50
years, soybean ( Glycine max) and corn (Zea mays). A reference sample was also collected

nearby in an undisturbed area for inventory comparison.

A depth-incremental technique was employed in the sampling. At each point, a
motorized cylinder auger was used to collect three samples, each with a 10 cm increment.
Consequently, every sampling point yielded three samples: one from 0 to 10 cm in depth,
another from 10 to 20 cm, and a third from 20 to 30 cm. This method enables the

evaluation of soil redistribution effects over time on the hillslope.

Following the collections, the samples were allowed to air dry for a minimum of 48
hours and subsequently sieved through a 2 mm mesh to separate the finer soil particles
from the larger rock fragments. The sieving process was conducted to achieve the optimal

ratio between sample mass and the *"Cs concentration.

7.1.2 Experimental Setup

The measurements were performed employing the detectors described in Subsec-
tions 2.3.2 and 2.6.1.
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For the measurements, approximately 300 grams of sieved soil samples were de-
posited inside the plastic recipients shown in Figure 36 and positioned directly on top of
the detector for 86400 seconds of live time. '*’Cs activity and concentration were calcu-
lated with the spectra net peak area and the Proportional Model for soil loss was employed

to estimate soil redistribution, as described in Subsection 3.2.2.

After completing the GRS measurements, approximately 10 g of each soil sample
were dedicated to subsequent EDXRF analysis. The soil samples were placed in polyethy-
lene XRF cups (No. 1530, Chemplex Industries Inc., USA) and sealed with Mylar film.
The EDXRF measurements were conducted using the Shimadzu EDX 720 equipment.

XRF calibration was carried out by measuring various CRMs for soils, resulting
in empirically derived calibration curves. These CRMs were manufactured by the Inter-
national Atomic Energy Agency and are constituted of clay soils (PTXRF-IAEA04 and
PTXRF-TAEA13), river clay sediment (PTXRF-IAEA09), plastic clay (IPT32) and Sao
Simao clay (IPT42).

7.1.3 Quantified Elements

The descriptive statistics with data from GRS and EDXRF spectrometry are
shown in Table 10. Higher Fe, Al and Si concentrations were identified, what may be
attributed to soil characteristics, including the soil profile and mineral fraction. On the
other hand, soils that are in an advanced state of weathering show intense loss of silica
(composed mainly of SiO), with a resulting accumulation of insoluble iron and aluminum
oxides [97], the most frequent being goethite (FeOOH), hematite (FeoO3) and gibbsite
(A1(OH)3) [97,98]. In lower orders, Ti, Mn, Ca and K contents were also quantified in
larger quantities than the remaining elements. Although K, Ca and Mn may be naturally
found in soil, fertilizers are rich in these minerals and their application increases their
concentration in agricultural soil [99]. It is worth noting that fertilizers are commonly

applied up to 20 cm in depth.

Beyond the quantification of "*"Cs, GRS allowed for the simultaneous quantifica-
tion of YK, ?*Bi and ?*®Ac in the soil samples. Regarding C'V values, most elements were
below 30%. Nonetheless, the ¥7Cs concentration had a 62% variation, which is attributed
to the natural vertical distribution of the radionuclide and the soil redistribution experi-
enced in the agricultural plot, as described in Section 3.2.2. The MDA of *"Cs in the soil
samples was 0.043£0.016 Bq-kg™!.
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Table 10 — Descriptive statistics of concentration data for all the samples (n = 27).

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

Al (g kg™!) 110£17 103 16% 141 61 97 110 1.22 -0.66
Si (g kg!) 107414 109 13% 127 71 102 115 0.60 -0.95
P (g kg!) 0.90+0.17 091 19% 119 038 081 1.01 118 -0.84

S (mg kg ) 434485 460 20% 540 170 415 482 3.64 -1.96
K (mg kg™) 5434165 503 30% 1097 350 425 613 250 1.50
Ca (g kg™) 26405 27 21% 40 17 22 30 -035 0.52
Ti (g kg ™) 253417 253 7% 285 216 249 263 -0.28 -0.39
Mn (g kg 1) 24403 24 12% 31 17 22 26 020 0.13
Fe (g kg ') 161£7 163 5% 169 140 161 165 1.83 -1.67
Cu (mg kg !) 6646 70 9% 73 50 62 70 026 -0.88
Zn (mg kg™!) 8244 80 5% 90 73 80 8 -0.71 0.28
Sr (mg kg !) 1243 10 28% 20 7 10 13 -0.50 0.40
Zr (mg kg™ 411420 407 5% 493 383 402 417 770 2.33
OK (kBqm~2)  3.67£050 3.65 13% 4.65 190 350 3.95 461 -1.38
137Cs (Bq m~2) 27417 29 62% 56 <LOQ 12 56 -1.13 -0.22

211Bi (kBq m™?) 14.2+0.2 151 14% 175 0.8 142 157 2.01 -1.44
228 Ac (kBq m™?) 25.31+0.3 25.7 12% 294 13.8 244 271 456 -1.80

SD = Standard Deviation, Med = Median, CV = Coefficient of Variation, Max = Maxi-
mum, Min = Minimum, Q25 = First Quartile, Q75 = Third Quartile, Kurt = Kurtosis,
Skew = Skewness, LOQ = Limit of Quantification.

7.1.4 Soil Redistribution

The measured *"Cs inventory values are displayed in Figure 37. In Figure 37a,
individual inventory values for each sample collected are shown. Figure 37b illustrates the
summed inventory values for the increments in each sampling point. It also displays the
mean reference value calculated in a set of undisturbed soil samples, which was 95 Bq
m~2, calculated from three different reference samples and is depicted as the purple line.

The shaded area represents its standard deviation.

Overall, the points from P1_1 to P1_ 8 show the expected behavior for mechanized
soils. By comparing the inventory for each sample with the mean undisturbed calculated
inventory, it becomes clear that point P1_6 experienced deposition, points P1_1, P1_4,
P1_7, and P1_8 experienced erosion, and points P1_2, P1_3, P1_5, and P1_9 are

seemed to be mechanically stabilized.

The points whose third increment showed *7Cs activities below the detection
limit, P1_1, P1_2, and P1_4, suffered so much erosion that the soil profile shifted from
organic to mineral, given that the uppermost soil layer has been moved completely. Even
so, the point labeled P1_ 2 still shows an inventory higher than the reference one, which

could indicate that this point experienced soil deposition in the past, but the current
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soil redistribution is intense enough to cause a net soil loss, or might indicate heavy soil

mechanization in the past.

Figure 37 — Barplot of the calculated inventories for the soil samples collected in the
agricultural plot. In 37a, the different colors indicate the sampling points,
while in 37b they indicate soil erosion (red) or deposition (green). The purple
line indicate the mean reference inventory, and the shaded area its standard

deviation.
(a) Individual inventory per increment. (b) Total inventory per sampling point.
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Source: self-elaboration.

Point P1_9 does not show the normal behavior of homogenized soil. Instead, its
profile is similar to undisturbed soil. Given this behavior and the fact that the total inven-
tory is similar to the reference one, it is possible to assume that point P1_9 experienced
soil accumulation of topsoil originated from within the agricultural plot. Both sampling
points P1_7 and P1_ 8 experienced topsoil loss and are aligned with point P1_ 9, follow-
ing the cultivation direction. This row of the agricultural plot seems to have experienced

topsoil loss and, currently, the moved soil from the first two points is accumulated in point
P1 9.

Equation 3.10 was applied to the results in Figure 37b in order to calculate the
mean annual soil loss for each sampling site. The results are displayed in Figure 38,
which shows the regions of the agricultural plot that have suffered the most intense soil

redistribution in the past 60 years. The proportional model estimated a gross erosion rate

1

of 28.2 ton ha™! year~! and a net soil deposition of 6.6 ton ha~! year!, hence, a net soil

loss of 21.6 ton ha=! year—!.
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Figure 38 — Mean annual soil loss for the nine sampling points.
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7.1.4.1 Multivariate Analysis

Once all the data regarding elemental concentration in the soil samples was gath-
ered, they were organized into a single matrix to study the correlations between the
detected elements and *"Cs. With the aim of understanding how the quantified elements
influence the soil redistribution, the PCA with the data from both techniques was per-
formed and the results are shown in Figure 39. Two PCAs were performed in this case,
the first one with all the detected elements and the second one without the influence of
137Cs. Upon inspecting the plots, two conclusions can be immediately drawn. The first
one is that the PCA shows a tendency to separate the samples according to their sampling
depth. And, the second one is that *"Cs influence is not enough to, on its own, cause t0o

much change in the visualization of the samples in the scores plot.

The PC2 positive axis is responsible for making the depth separation. According
to the loadings in Figure 39, the elements associated with this direction are, in order of
magnitude, Zn, K, P, Mn, Ca, ®*"Cs and S. Most of these elements can be associated with
the use of fertilizers [99] and, according to Table 10, all of these elements, except Zn, have
a coefficient of variation equal or greater than 20%. Therefore, the higher concentration

of these elements in topsoil can be attributed to the use of fertilizers.

The vertical distribution of "Cs coincides with the distribution of these elements,
which is expected since they are more concentrated in the topsoil and deposited from
above. The fact that '*Cs is associated with the same direction as these elements in
the PCA plot indicates that this radionuclide behaves similarly to fertilizers, which sup-
ports the hypothesis that combining the two spectroscopic techniques provides a better

understanding of soil dynamics.
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Figure 39 — PCA of all the studied samples. The scores and loadings are plotted together

PC2 (24.57%)

in both cases.

(a) PCA without "*"Cs. (b) PCA with "37Cs.
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Figure 40 — Scores and loadings plots of all elements with the names of the samples.
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Upon inspection of the PCA plots, it is possible to attest that some samples from

the depth range of 0 — 10 cm are mixed with the deeper ones. Figure 40 shows the PCA

of all elements with their respective names added to the scores plot, to become evident

which samples are behaving differently.

As stated before, the GRS analysis provided the information that point P1_9

experienced intense soil redistribution in the past 60 years. The effects of this fact can
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also be verified in Figure 40 since the three samples from this particular point are further
apart from the others. Samples P1_1C, P1_2C and P1_4C, that were shown to have
137Cs concentrations below the detection limit in Figure 37a are displayed at the bottom

of the distribution, in the opposite direction of this element’s contribution.

Another result that can be compared to what has been seen in Subsection 7.1.4
is the score of sample P1_3B in Figure 40. The fact that this sample is closer related to
samples from profile 0 — 10 cm than to 10 — 20 cm indicates that this particular region
of the agricultural plot experienced enough redistribution to change the soil’s original

profile, shifting this increment from mineral to organic horizon.

In counterpart, the effects of soil redistribution over samples P1_ 1A and P1_6A
shifted their profiles from organic to mineral. This behavior can be noted in Figure 40
since these samples are displayed among the deeper ones. These results are in accordance
with the conclusions gathered from Figure 37a. The points P1 1 and P16 have a sim-
ilar behavior between the first two increments that differ only by the magnitude of the
measured inventories. This behavior can be attributed to the loss of topsoil in the former,

while the latter experienced soil accumulation originating from deeper horizons.

Overall, Figures 39 and 40 corroborate the two previously made hypotheses, that
the combination of both techniques allows for a better understanding regarding the cor-
relations between '3"Cs and the macro and micro-nutrients present in the soil; and the

feasibility of using EDXRF to complement GRS measurements.

7.1.5 Conclusions

The GRS performance in soil samples from an agricultural plot allowed the esti-
mation of soil redistribution within such an agricultural plot in the past six decades. A
gross erosion rate of 28.2 ton ha™! year~! and a net soil deposition of 6.6 ton ha™! year™!
were calculated. These results may be used to evaluate the quality of soil management

practices applied in the agricultural area.

The results indicate that EDXRF may be used as a complementary technique to
GRS since it was possible to detect shifts in soil profiles ranging from 0 to 30 cm in depth
and correlate *Cs vertical distribution with elements introduced into the soil due to the
application of fertilizers. Moreover, the use of PCA combining the results obtained with
EDXRF and '®*"Cs quantification corroborated that this radionuclide behaves similarly to

fertilizers. However, further investigation is required.
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7.2 Data Fusion of Gamma and X-ray Spectra via ComDim for

Soil Characterization

This study aimed to integrate pXRF and GRS data through the ComDim ap-
proach (Subsection 4.1.2) using soil samples collected from an agricultural field, and to
compare the performance of this methodology with that of more conventional single-
block exploratory analyses. This integrated strategy seeks to improve the assessment of
soil redistribution processes in agricultural environments, as well as the monitoring of
sediment-associated nutrient transport. Specifically, the ComDim results were compared

with short-term soil redistribution estimates derived from "Be inventories in soil.

The samples employed in this work are the same as those described in Section 6.1.
Gamma-ray spectrometry measurements were carried out using the detector described in
Subsection 2.3.1, with a live time of 86400 s. Subsequently, approximately 5 g of each sam-
ple was repurposed for the pXRF measurements. The powdered material was transferred
to polyethylene XRF sample cups (No. 153, Chemplex Industries Inc., USA), sealed with
Ultralene film, and manually compacted into packed-powder form, resulting in sample
heights of approximately 10 mm, which is considered infinitely thick for the X-ray en-
ergy range employed [15]. The pXRF measurements were performed, in duplicate, using a
Bruker Tracer 5i (Subsection 2.6.2), with a live time of 30 s. The spectra used for ComDim
were those obtained with the 15 kV condition, since this excitation corresponds to the
optimal condition for modelling spectral data obtained with this spectrometer [50]. The
methodology and results of this study were published in the peer-reviewed Soil Science

Society of America Journal [100].

7.2.1 Data Fusion

Prior to the ComDim analysis, both spectral datasets were trimmed to reduce the
influence of noise and electronic fluctuations. The pXRF spectra were restricted to the
energy range between 0.98 and 15.00 keV (750 channels), while the final GRS spectra
covered the interval from 238 to 2800 keV (640 channels).

The fused dataset was constructed using the raw spectra obtained for each sample
from both analytical techniques after applying the previously described spectral trimming
procedures. Prior to fusion, each block was normalized by its maximum intensity variable,
namely the Fe Ko emission at 6.4 keV for pXRF and the 2!2Pb emission at 238.6 keV for
GRS. The number of Common Dimensions (CDs) retained in the model was determined
based on the cumulative explained variance, excluding components dominated primarily
by statistical fluctuations and spectral noise. All analyses were carried out in the Julia

programming language using the Jchemo. j1 package [56].

The use of raw spectra aimed to preserve the intrinsic spectral structure while
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avoiding excessive preprocessing assumptions. By operating directly on spectral channels,
information related to peak morphology, spectral overlap, continuum contributions, and
covariance between neighboring variables is retained, allowing multiblock methods such as
ComDim to more effectively capture shared latent structures between the GRS and pXRF
datasets. Conversely, transforming spectra into peak areas or elemental concentrations in-
troduces additional processing stages, such as background correction, peak deconvolution,
and calibration, each of which depends on modelling assumptions capable of altering the
original error structure and propagating uncertainty [101,102]. Since the objective of this
study was the exploratory investigation of coupled spectral patterns associated with soil
redistribution processes, rather than the construction of predictive calibrated models,
maintaining the spectral-domain representation was considered more suitable. To reduce
the influence of noise-related artifacts while preserving relative spectral contrasts, long
GRS acquisition times, replicate pXRF measurements followed by averaging, exclusion of

noisy spectral regions, and block normalization procedures were employed.

The projections of the samples onto the CD score space were subsequently com-
pared with the short-term soil redistribution patterns inferred from the presence of "Be
in the GRS spectra. In addition, the loadings and saliences obtained from the ComDim
model were used to evaluate the relative contribution of variables from each analytical
technique, providing an estimate of the degree of synergism between pXRF and GRS in

the characterization of soil redistribution processes.

7.2.2 XRF and GRS results

Figure 41 presents the average pXRF and GRS spectra obtained for the analyzed
dataset. Due to the 15 kV operating voltage of the X-ray tube, the excitation efficiency
for elements heavier than Fe (Z > 26) is considerably reduced, restricting the detectable
XRF signal predominantly to the K-lines of lighter elements [15]. For this reason, the
XRF spectrum is displayed only within the 0.0-8.0 keV interval to improve visualization.

From the fluorescent emissions observed in the 15 kV pXRF spectra, the presence
of Al, Si, P, S, K, Ca, Ti, Mn, Fe, Cu, and Zn could be confirmed in the samples. In
addition to the influence of the pXRF operating conditions, the comparatively higher
intensities of the Fe and Ti peaks are likely associated with the mineralogical composition
of the Rhodic Ferralsol and Nitisol soils. These soils are typically characterized by elevated
concentrations of hematite (Fe,O3), goethite (FeOOH), and gibbsite (Al(OH)3), while Ti

may occur within iron oxide structures as an isomorphic substitute for Fe [103].
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Figure 41 — Mean spectra of the measured samples (n=31) for pXRF (left) and GRS
(right). Detected peaks are indicated in both plots, and the pXRF spectra
y-axis is broken between 2.5 and 13.5 keV to facilitate the visualization of
low-intensity emissions.
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The mean GRS spectrum was restricted to the 0.0-2800 keV energy range to
emphasize the naturally occurring radionuclide emissions. Spectral regions below 238 keV
are more difficult to interpret because part of the detected signal may originate from
electronic noise and instrumental fluctuations. Characteristic emissions associated with
the ?**U decay series (*'*Pb and ?'Bi) and the #**Th series (***TI1, ?'*Pb, and ***Ac)
were identified, together with emissions from “°K and “Be. Although the "Be signal is less
pronounced than those of the naturally occurring radionuclides, variations in activity can

still be observed in the region around 500 keV.

After the qualitative identification of the spectral features, the quantified elemental
concentrations and radionuclide activities were used to construct vertical distribution
profiles (Figure 42). These profiles provide an overview of the geochemical stability of
the soil matrix across the analyzed depth intervals, as well as the characteristic depth-

dependent behavior of "Be.

The elemental profiles shown in Figure 42 remain relatively stable throughout the
0-3 cm depth interval, exhibiting only minor fluctuations that may reflect natural het-
erogeneity and sampling variability. In contrast, the "Be profile displays a pronounced
exponential decrease with depth, consistent with the expected behavior of a cosmogenic
radionuclide characterized by rapid adsorption onto soil particles and a relatively short
half-life [4]. The reference sample collected at 5 cm depth presented "Be activity below
the detection limit, confirming its suitability as an undisturbed reference for soil redistri-
bution assessment. While Figure 42 shows the mean trends (n = 10 per depth increment),
a complete summary of the descriptive statistics for each variable, including quartiles,

skewness, and kurtosis, is presented in Table 11.



Figure 42 — Vertical distribution profiles of elemental concentrations (g kg™! and mg kg™?)
and radionuclide activities (Bq kg™!) for the 0-3 c¢m soil layers. Data points
represent the mean (n=10 per depth increment) and error bars indicate the
standard deviation. The reference sample at 5 cm is included to illustrate the
baseline for redistribution assessment.
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Table 11 — Complete descriptive statistics of soil elemental concentrations and radionu-
clide activities separated by depth (n = 10 per depth increment). Elements
are ordered by atomic number; minor constituents are reported in mg kg=! for

clarity.
Depth  Var. Unit Mean SD Min Q25 Q50 Q75 Max Kurt Skew
0-1cm Al gkeg™? 73 0.7 6.5 6.8 7.3 77 88  -0.03 0.82
Si gkg™? 8.9 0.6 8.1 8.4 8.8 9.3 10.0 -0.82 0.33
P mg kg=!  63.6 10.0 475 563 63.7 714 800 -0.91 0.12
K mg kg=! 727 174 558 630 675 750 1144 142 145
Ca  mgkg ! 3872 2042 169.4 283.1 3084 453.1 845.1 0.52 1.21
Ti gkg™! 1.9 0.2 1.7 1.9 1.9 2.1 22  -091 0.07
Mn mgkeg ! 2394 293 2065 214.6 2355 2553 296.6 -0.63 0.64
Fe gkg™!  16.6 0.9 152 158 166 17.1 18.0 -1.13 0.13
"‘Be Bqkg' 164 4.7 8.2 13.7 163 193 235 -0.76 -0.13
WK Bqkg ' 306 9.4 21.1 278 291 306 553 3.15 1.93
20871 Bqkg ! 11.4 1.4 9.1 107 112 121 13.7 -0.58 0.11
214Bi Bqkg™' 11.0 2.4 8.1 8.8 11.0 134 13.7 -1.79 -0.01
1-2 cm Al gkg™? 7.2 0.7 6.1 6.9 7.3 7.5 86  -0.14 0.14
Si gkg™t 87 0.7 77 83 8.9 9.1 9.8  -0.96 -0.34
P mg kg=!  60.8 10.5 37.7 574 60.8 67.0 750 055 -0.84
K mg kg=!  73.2 19.0 505 626 684 814 1175 098  1.20
Ca  mgkeg™! 3390 77.7 2059 317.6 321.2 4049 437.0 -0.98 -0.32
Ti gkg™! 1.9 0.2 1.6 1.7 1.8 2.0 2.4  -0.07 0.65
Mn mgkg ! 2397 298 2069 218.6 227.9 257.8 3029 -0.12 0.92
Fe gkg™! 165 1.1 146 161 164 174 181 -0.87 -0.19
"Be Bqkg' 96 3.5 5.5 7.8 8.9 10.3 159 -049 0.78
UK Bqkg™' 29.9 6.4 23.9 269 280 302 455 1.73 1.60
20871 Bqkg™' 11.1 0.7 9.9 106 11.3 11.6 119 -0.96 -0.71
24Bi Bqkg! 9.7 1.0 8.7 9.1 9.4 9.9 12.1 1.80  1.55
2-3cm Al gkg7! 7.0 0.7 6.0 6.7 6.8 7.7 8.0 -1.20  0.11
Si gkg? 85 0.8 7.6 7.9 8.4 9.0 9.9  -0.94 0.40
P mg kg=!  57.3 11.7 349 51.1 577 616 768 -0.11 -0.21
K mg kg=!  68.3 17.1  46.7 584 626 79.7 99.0 -0.93 0.44
Ca  mgkeg™! 3291 138.8 156.3 260.0 2944 367.7 625.7 0.18 0.95
Ti gkg™! 1.9 0.3 1.3 1.7 1.9 2.1 23  -0.81 -0.04
Mn mgkg™! 2340 305 206.4 2094 221.9 257.4 287.2 -1.09 0.70
Fe gkg™! 163 1.4 140 156 162 173 183 -1.00 -0.07
Be Bqkg ! 6.4 3.1 0.0 4.9 7.2 8.1 11.4  0.17  -0.56
WK Bqkg ! 29.0 5.8 21.0 253 289 308 413 0.15 0.64
2871 Bqkg! 105 1.0 9.3 9.7 10.5 10.8 126 -0.02 0.77
214Bi Bqkg™! 104 1.6 8.0 9.3 10.5 11.6 13.0 -1.07 -0.01

SD = Standard deviation, Min = Minimum, Q25 = First quartile, Q50 = Second quartile,
Q75 = Third quartile, Max = Maximum, Kurt = Kurtosis, Skew = Skewness.
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7.2.3 ComDim Analysis

To evaluate the synergistic information contained in pXRF and GRS datasets for
the assessment of soil redistribution processes, ten common dimensions (CDs) were com-
puted using the ComDim framework. The individual and cumulative explained variance
associated with each component are shown in Figure 43(a). The first common dimension
alone accounts for approximately 50% of the total variance, indicating a strong shared

structure between the two analytical blocks.

Figure 43 — (a) Individual and cumulative explained variance for the first ten common
dimensions. The dashed line indicates the cumulative variance threshold used
to define the retained dimensionality. (b) Normalized saliences (\) of the
pXRF and GRS blocks for the first three CDs. The values of n? indicate the
proportion of variance explained by each CD.
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Based on the cumulative explained variance, the first three CDs were retained
for further analysis. Together, they explain approximately 68% of the total variance,
while higher-order components contribute only marginal additional information and are

therefore not considered in the interpretation.

The relative contribution of each analytical technique to the retained dimensions
is shown through the saliences in Figure 43(b). CD1 is strongly dominated by the pXRF
block, whereas CD2 and CD3 are primarily associated with the GRS block. This pattern
indicates that CD1 captures variability mainly driven by elemental composition, while
CD2 and CD3 reflect variability more closely related to radionuclide activity. This sepa-

ration highlights the complementary nature of the two datasets within a shared multiblock

representation.

To further interpret these latent structures, Spearman’s rank correlation coeffi-
cients (p) were computed between CD scores and the independently quantified elemental

concentrations and radionuclide activities (Figure 44). CD1 shows strong and statistically
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significant correlations with major elemental variables measured by pXRF, particularly
Fe, Ti, K, Ca, and P (p > 0.65, p < 0.01 and p < 0.001), confirming its association with
geochemical variability of the soil matrix.

Figure 44 — Spearman’s rank correlation coefficients (p) between the scores of the first

three common dimensions and the analytical variables from GRS and pXRF.
Statistical significance is indicated by asterisks.
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In contrast, CD3 is primarily correlated with “Be activity (p = 0.79, p < 0.001),
with a secondary significant contribution from ***T1 (p = 0.48, p < 0.01). This result
indicates that CD3 captures variability related to radionuclide redistribution processes,

which are typically associated with recent surface dynamics.

The strong influence of XRF variables on CD1 reflects the dominant role of the soil
mineral matrix in structuring the multiblock space. The studied Rhodic Ferralsols and
Nitisols are characterized by high clay contents and abundant Fe- and Al-oxyhydroxides,
which provide a relatively stable geochemical background. Variability along CD1 is there-
fore interpreted as reflecting differences in mineralogical composition and spatial redistri-

bution of these phases across the landscape.

In contrast, CD3 is strongly linked to “Be activity, which is consistent with its rapid
adsorption onto fine soil particles after deposition. As a consequence, CD3 scores can be
interpreted as a proxy for recent surface processes affecting soil particle redistribution.
This suggests that the ComDim framework is sensitive to processes involving the transport
and reworking of fine particles, which simultaneously carry radionuclides and geochemical

tracers.

The interpretation of the common dimensions is further supported by the score
and loading structures (Figure 45). CD1 separates samples primarily according to sam-
pling location, consistent with its dominance by the pXRF block (A =~ 90%), while CD3
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separates samples according to depth, consistent with its dominance by the GRS block
(A =~ 95%). Accordingly, CD1 is interpreted as a descriptor of spatial geochemical vari-
ability, while CD3 reflects depth-dependent radionuclide behavior, particularly associated
with “Be.

Figure 45 — Scores and loadings representation of the ComDim results. On the left, the
scores plot shows the distribution of samples in the CD1xCD3 space, where
colors represent sampling locations and marker shapes indicate sampling
depths. On the right, the loadings plots for the pXRF and GRS spectra
illustrate the contribution of spectral energy variables to each common di-
mension, highlighting the variables driving the observed sample separation.
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Variability along CD1 is primarily associated with differences in soil composition,
whereas CD3 captures depth-dependent variations related to radionuclide redistribution.
Samples from the same location show limited dispersion along CD1, indicating relatively
consistent elemental composition within soil profiles, while variations along CD3 follow

the expected vertical behavior of "Be.

It is important to emphasize that proximity between samples in the ComDim space
reflects similarity in multivariate geochemical and radiometric signatures, rather than a
direct measure of soil stability. Therefore, interpretation of soil redistribution must be
made relative to a reference condition. In this study, the reference sample represents an
undisturbed baseline, and deviations from it are interpreted as potential indicators of

erosion or deposition processes.

Spatially, samples from the upper part of the study area, including the refer-
ence condition, exhibit relatively limited compositional variability, whereas samples from
other locations show greater dispersion along CD1. However, no clear monotonic trend
is observed along the hillslope, suggesting that soil redistribution processes are spatially
heterogeneous and likely influenced by local factors such as microtopography, vegetation

cover, and land management practices.

These findings are consistent with the relatively low and spatially variable soil
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redistribution rates estimated for the area (Figure 33), which indicate a combination of

minor erosion and deposition rather than systematic downslope transport.

7.2.4 Conclusions

ComDim demonstrated its effectiveness as a powerful multiblock algorithm for
evaluating the underlying influences of variables originating from complementary spectro-
scopic techniques. The fusion of pXRF and GRS raw spectra allowed for the identifica-
tion of joint patterns that distinguished sampling locations and depths. Specifically, CD1
(strongly correlated with pXRF') separated samples by geochemical signature, while CD3
(strongly correlated with GRS) successfully described samples according to their sampling
depth.

Statistical validation through Spearman’s correlation confirmed that the common
dimension scores serve as reliable proxies for 'Be activity and elemental concentrations,
providing a quantitative link between the multiblock output and established soil redis-
tribution tracers. However, the current study is limited by a small sample size (n = 31)
and focus on specific soil classes (Ferralsols and Nitisols). Further research with larger,
more diverse datasets is required to assess the method’s transferability and its sensitivity

to environmental factors such as soil moisture.

While these results indicate that raw spectral signatures can effectively capture
redistribution-related variability, the use of these signatures to classify regions as disturbed
or undisturbed remains unclear. This integrated approach enhances the monitoring of soil
redistribution and sediment-bound nutrient transport by studying the synergy between

nuclear and atomic spectroscopic data.

7.3 Exploratory Analysis of GRS, XRF, and Wet Chemistry
Quantitative Data for Soil Analysis

The continuous monitoring of soil health and fertility is of the utmost importance
to ensure quality and quantity of food production [104]. Access to high-density information
on the soil fertility attributes spatial variability is vital in the decision-making process
to promote better nutrition conditions for plants [50]. The determination of soil fertility
parameters is commonly performed through wet chemistry processes, which are expensive,
time demanding, and waste-producing [105,106]. In recent years, XRF has emerged as a
rapid alternative to wet chemistry for soil fertility analysis, targeting key nutrients like P,
K, Ca, Mg, and Fe [50,80,107-110].

Moreover, some studies have combined data from GRS and XRF to model and
predict soil fertility parameters [111,112], perform topographic studies [113], and study soil
erosion [96]. Motivated by the synergy between GRS and XRF analytical results for soil



102

studies, this part of the present work focused on the exploratory analysis of quantitative
data obtained from GRS, XRF, and wet chemistry measurements, using a multiblock

approach to jointly evaluate the information provided by each analytical technique.

7.3.1 Sampling and Measurements

For this part of the work, soil samples originated from two distinct sites and were
collected by the Instituto de Desenvolvimento Rural do Parand (IDR-Parand). One of
the sampling regions corresponds to the area described in Section 6.1, while the second
was located within an agricultural area in the municipality of Toledo, Parana State,
Brazil, approximately between the latitudes 24°41" and 24°46" S and the longitudes 53°41’
and 53°48 W. The inclusion of two independent agricultural sites allowed the proposed
methodology to be evaluated under different environmental and pedological conditions,

increasing the representativeness of the analyzed dataset.

At each study site, a total of 160 soil samples were collected from two depth
intervals, namely 0-10 cm and 10-20 cm, hereafter referred to as horizons A and B,
respectively. This sampling strategy was designed to capture both the spatial variability
across the agricultural fields and the vertical variability associated with soil redistribution
processes and nutrient distribution. Although all samples were available for analysis, only
a subset corresponding to half of the samples from each region was selected for GRS
measurements. This reduction was primarily motivated by the long acquisition times
required for gamma-ray spectrometry, together with the relatively large sample mass
necessary to ensure adequate counting statistics, making the analysis of the complete
dataset impractical. Figure 46 presents a satellite view of both study areas together with

the corresponding sampling locations.

Figure 46 — Satellite view of Cambé (left) and Toledo (right) sampling sites. Sampling
points and scale are indicated.

Cambé
Toledo

Source: self-elaboration.
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7.3.1.1 Wet Chemistry

Soil chemical analysis is based on the determination of the levels at which nutrients
are available to plants. This procedure is usually composed of two main steps: extraction
and quantification. The extraction step is performed by adding chemical solutions to
the analyzed sample in order to simulate root activity in the soil. Subsequently, the
extracted nutrients are quantified using analytical techniques such as atomic absorption

spectrophotometry and UV-Vis spectrophotometry [114-116].

The soil fertility parameters for the dataset were determined at the Soils Depart-

ment of IDR-Parand, and the results are summarized in Table 12.

Table 12 — Descriptive statistics of the fertility parameters in the measured samples (n =

158).
Parameter Unit Mean SD Median IQR Min Max
Soil chemical properties
pH - 5.3 0.6 5.2 0.9 4.1 6.6
ocC gkg! 20.5 55 205 7.5 6.5 36.8
H-+Al cmol kg™t 5.53 1.72 5.34 241 235 10.40
CEC cmol. kg™t 13.9 1.7 139 2.1 9.4 20.5
BS % 59.3 14.5 60.0 20.3 19.7 86.7
FEzxchangeable elements and fertility parameters
exCa cmol kg™t 5.60 1.80 5.60 2.70  1.60 11.40
exMg cmol kg™t 2.36 1.04 2.24 1.12  0.57 6.66
exK cmol. kg™t 0.44 0.27 0.41 0.38 0.05 1.15
exAl cmol. kg™t 0.12 0.27 0.00 0.12  0.00 1.30
exP mg kg ! 24.3 22.1 19.1 22.1 0.7 114.4
SB cmol kg™t 8.43 2.77 8.31 4.04 239 17.78
SAL cmol kg™t 2.49 5.89 0.00 2.11  0.00 34.69
Particle size distribution
Clay gkg™! 706 23 706 3.33 600 770
Silt gkg™! 133 14 133 3.20 100 190
Sand gkg™! 160 17 160 0.13 110 220

SD = Standard deviation, IQR = Interquartile range, Min = Minimum, Max = Maximum.

The parameters presented in Table 12 describe the chemical and textural attributes
of the soil that directly influence nutrient availability and plant development. Exchange-
able bases, such as Ca, Mg, and K (exCa, exMg, and exK), contribute to the soil base sum
(SB), which reflects the availability of essential cations. Exchangeable aluminum (exAl)
and potential acidity (H+Al) are indicators of soil acidity and aluminum toxicity, partic-
ularly relevant in highly weathered tropical soils. The cation exchange capacity (CEC)
represents the soil’s ability to retain and exchange nutrients, while base saturation (BS)

expresses the proportion of exchange sites occupied by basic cations, serving as an im-
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portant fertility index. Available phosphorus (exP) is a key macronutrient often limiting
in tropical soils due to strong fixation processes. Soil organic carbon (OC) plays a funda-
mental role in nutrient cycling, aggregation, and chemical buffering. Finally, the textural
fractions (sand, silt, and clay) provide information on soil physical structure and strongly
influence water retention, nutrient dynamics, and sorption processes, while pH integrates

several chemical properties affecting nutrient solubility and biological activity.

7.3.1.2 GRS

The GRS samples were prepared by sieving the soil through a 2 mm mesh and
storing the material in sealed Petri dishes until secular equilibrium was achieved. This
preparation ensured sample homogeneity while allowing the uranium and thorium decay
series to reach radioactive equilibrium before the measurements. The samples were mea-
sured by placing the Petri dishes directly on top of an HPGe detector (Section 2.5.1) with
a live time of 14,400 s. Following the measurements, the activity concentrations of *°K,
137Cs, 22Th, and ***U were determined and are summarized in Table 13. As expected
for soils from the Southern Hemisphere, '*"Cs was not detected in all samples, as several

activity concentrations were below the MDA for this radionuclide.

Table 13 — Descriptive statistics of the radionuclides found in the measured samples. All
values, except Counts, are reported in Bq/kg.

Radionuclide Counts Mean SD Mean IQR Min Max

K 158 60 28.80 5340 16.84 21.53 287.01
137Cg 33 0.5 0.11  0.50 0.0 031 0.80
232Th 158 29.93 17.65 2553 16.01 8.68 125.81
B8y 158 26.79 16.12 21.13 13.13 9.66 116.97

SD = Standard deviation, IQR = Interquartile range, Min = Minimum, Max = Maximum.

7.3.1.3 XRF

The XRF measurements were performed using pelletized samples. Approximately
5 g of soil from each sample were milled in a ball mill to obtain a particle size smaller
than 10 pm. An aliquot of 2.5 g of the milled material was then mixed with 0.25 g (10%)
of a binder (Cereox) and pressed into pellets under a load of 10 tons for 90 s. Pelletization
provides a flat and mechanically stable sample geometry, reducing the influence of particle-
size effects and improving measurement repeatability. The measurements were carried
out using the Panalytical Epsilon 5 spectrometer (Section 2.6.3). The resulting elemental

concentrations obtained by quantitative XRF analysis are summarized in Table 14.
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Table 14 — Descriptive statistics of the elements quantified in the measured samples (n =
158). Oxides are reported in %, while elemental concentrations are reported
in ppm.

Analyte Mean SD Mean IQR Min Max

Na,O 0.38 0.01 0.37 0.01 037  0.42
Al, O3 2418 1.37 2396 213 21.15 27.34

SiOq 29.15  1.20 29.50 140 2490 32.60
P,05 0.14 0.04 0.14 0.04 0.05 024
SO3 0.06 0.01 0.06 0.01 0.03 0.11
K50 0.11 0.03 0.11 0.056 0.06 0.21
Ti 28650 2585 28770 3670 20590 34690
\Y 760 130 760 210 550 1010
Cr 217 38 224 59 138 320
Mn 1690 645 1690 1255 810 2835
Fe,04 30.50  2.05 31.10 3.90 27.00 34.30
Ni 45 9 49 14 23 29
Cu 397 77 414 127 228 524
Zn 175 36 175 64 102 237

SD = Standard deviation, IQR = Interquartile range, Min = Minimum, Max = Maximum.

7.3.2 MB-PCA

While each analytical technique individually provides valuable information, their
combined interpretation requires multivariate approaches capable of handling heteroge-
neous yet complementary datasets. In this work, the three analytical blocks comprise
measurements obtained from distinct physical principles and are expressed in different
units and numerical ranges. Consequently, direct comparison between variables is not
straightforward, and conventional univariate analyses are unable to fully exploit the rela-
tionships among the datasets. MB-PCA (Subsection 4.1.1.1) was therefore employed as an
exploratory framework to investigate the shared and block-specific sources of variability

while preserving the individual structure of each analytical block.

Within this framework, MB-PCA was used to explore the relationships between el-
emental information obtained from GRS and XRF measurements and fertility parameters
derived from conventional wet chemistry analyses. The objective was to identify common
trends, complementarities, and potential redundancies among the three analytical tech-
niques, thereby evaluating the extent to which spectroscopic measurements reproduce or

complement the information provided by laboratory-based soil fertility analyses.

Each individual block (GRS, XRF, and WetChem) was preprocessed using au-
toscaling, which centers each variable by subtracting its mean and scales it to unit vari-
ance. This preprocessing step minimizes the influence of differences in variable magnitude

and measurement units, ensuring that all variables contribute equally to the analysis re-
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gardless of their absolute concentration ranges. Autoscaling is particularly useful for mod-
eling low-concentration components because it assigns the same weight to all variables in
the dataset [57]. Subsequently, PCA was applied independently to each block (k, = 3),
and the resulting score matrices were concatenated into a global matrix on which a second

PCA (k, = 3) was performed to obtain the final multiblock representation.

Figure 47 — Heatmap of block contributions (%) to the global principal components ob-
tained by MB-PCA. The color intensity reflects the relative importance of
each data block in the formation of the global components.
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Source: self-elaboration.

The heatmap in Figure 47 summarizes the relative contribution of each data block
to the global principal components obtained by MB-PCA. The first global component
receives contributions from all three datasets, although XRF represents the dominant
source of variability, followed by WetChem and GRS. A similar trend is observed for the
second component, where XRF remains the main contributor while the relative contri-
bution of GRS decreases to approximately 16%. In contrast, the third global component
is almost entirely explained by the WetChem and XRF blocks, each contributing close
to 50%, whereas GRS plays only a marginal role. Overall, these results suggest that ele-
mental composition measured by XRF consistently explains a substantial fraction of the
shared variance, while GRS primarily contributes to the dominant component and has a
more limited influence on higher-order variability. The distribution of the samples in the
reduced multivariate space is presented in Figures 48 and 49, which show the PC1 versus

PC2 and PC2 versus PC3 score plots, respectively.
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Figure 48 — Scores (samples) and loadings (variables) plots for the first two principal
components (PC1 and PC2) obtained from the MB-PCA of Wet Chemistry,
GRS, and XRF datasets.

(a) Scores plot of PC1 versus PC2. Colors indicate sampling depth, while marker shapes
denote the sampling site (C: Cambé; T: Toledo).
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(b) Loadings plot of PC1 versus PC2. Marker colors indicate the data block from which
each variable originates (Wet Chemistry, GRS, or XRF).
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Figure 49 — Scores (samples) and loadings (variables) plots for the second and the third
principal components (PC2 and PC3) obtained from the MB-PCA of Wet

Chemistry, GRS, and XRF datasets.

(a) Scores plot of PC2 versus PC3. Colors indicate sampling depth, while marker shapes
denote the sampling site (C: Cambé; T: Toledo).
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(b) Loadings plot of PC2 versus PC3. Marker colors indicate the data block from which
each variable originates (Wet Chemistry, GRS, or XRF).

Block Loadings Plot
0.8

238-U ; Technique
i ¢ WetChem
0.6 S di 583 GRS
?Jt ¢ XRF
0.4 P205
A203 &
S 021 . v
3 v | |
) ) C
S 00-%&? BH‘J‘ """ 5%?_" """"""""" 40K ]
3 T K20
o 1
~0.2 1 i Ngo
i Si82
7903,
y ibe
T 1 : 1 I I T
-0.4 -0.2 0.0 0.2 0.4 0.6 0.8

PC2 (26.50%)

Source: self-elaboration.



109

The first two principal components capture the largest fraction of the shared vari-
ance across the data blocks and provide a suitable low-dimensional representation for
evaluating sample relationships. Since it was possible to quantify *’Cs in approximately

21% of the samples, it’s contribution was not considered in the MB-PCA.

Upon inspection of Figure 48a, it is noticeable that two clusters are formed, dis-
tributed along PC1, separating the samples based on their sampling site. By comparing
the distribution in the scores plot with the influence of each variable in the loadings plot,
Figure 48b, the samples from Toledo (7"), on the positive region of PC1, are characterized
by high values of radioisotopes (*’K, ***Th, and ***U), and minerals like Al,O3 and CaO.
In counterpart, the samples from Cambé (C') are characterized by higher concentration
of heavy metals and transition elements (Cr, Ni, Mn, Zn, Fe, and V), from both WetChem
and XRF blocks.

Moreover, a depth separation is noticeable along the PC2 axis. The most superfi-
cial samples (A), are associated with higher amounts of Al;O3 and heavier radionuclides,
232Th, and 2*®U. On the other hand, deeper samples (B) are associated with higher con-
tents of Organic Carbon, MgO, and *°K.

The relationships between soil fertility parameters (WetChem) and the elements
from the GRS and XRF blocks may be inferred from the proximity of variables in both
loading plots. Variables that cluster together are positively correlated, while those on
opposite sides are negatively related. PC1 shows a strong correlation between basic fertility
indicators, and the transition metals quantified by XRF. Indicators of soil base status,
such as pH, BS, SB, exCa, and exMg, are directly associated with higher concentrations of
Mn, Zn, Fe;O3, Cu, V, Ti, Cr, and Ni. This correlation indicates that the more neutral-pH

soils are also the ones with the highest concentration of naturally occurring heavy metals.

PC2 indicates that soils with higher organic matter also show higher MgO and SiO,
content, likely reflecting the soil mineralogical composition. Figure 48b also indicates that
samples with high acidity-related parameters are typically those with higher amounts of

Al;O3 and higher presence of radioisotopes.

The PC2 versus PC3 scores plot, illustrated in Figure 49a, also tends to separate
the samples based on their sampling depth. Samples from depth A are clustered in the
negative region of PC3, while depth B is clustered in the positive region. The loadings plot,
in Figure 49b, indicates that this separation is driven by textural properties and specific
elements signatures. Depth B is mostly associated with coarser particles, as indicated by
the contributions from Sand and Silt, and higher concentrations of **®*U. In counterpart,
depth A is characterized by the higher presence of Clay, PoOs, SO3, and **Th. This way,
PC3 represents mostly the textural gradient of the samples. Table 15 summarizes the
relationships between the variables found with the MB-PCA.
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Table 15 — Summary of the relationships found between WetChem parameters and ele-
ments quantified via XRF and GRS for the analyzed samples through MB-
PCA.

WetChem Parameter Highly Correlated With Characteristic
pH, BS, SB, exCa, exMg Fe;O3, MnO, TiO, V, Cr,Ni  Soil fertility / Basicity

OC, CEC, exP, exK P>0s5, 505 Organic matter & Nutrients
Sand, Silt Si0s, ?*U, NayO, MgO Coarse fraction

Clay 282 Th Fine fraction / Weathering
exAl, H + Al, SAL AL O3, K50, K Acidity / Aluminosilicates

7.3.3 Conclusions

The joint analysis of wet chemistry, GRS, and XRF analytical data shed light
on underlying relationships between soil fertility parameters and spectra-derived quanti-
ties. By performing MB-PCA with k, = 3, the resulting principal components were able
to differentiate the samples according to their source (PC1), depth of collection (PC2),
and texture (PC3). The synergy between the different analytical techniques was assessed
through the correlation of variable weights in the sample characterization process. In this
context, soil fertility parameters exhibited strong correlations with the concentrations of
transition metals observed in the analyzed samples, while organic matter content was

highly correlated with magnesium, silica, and *°K.

Regarding soil texture, sand and silt contents showed strong associations with **U
and silica, whereas clay content was correlated with 2**Th, phosphorus, and sulfur. These
relationships are particularly relevant in the context of soil erosion, as erosive processes
tend to preferentially remove finer particles and organic matter, leading to measurable
changes in both elemental composition and natural radionuclide signatures. Consequently,
the observed multivariate patterns reflect not only intrinsic soil properties but also the
effects of particle-size redistribution and nutrient depletion associated with erosion. Data-
fusion approaches such as MB-PCA therefore provide a powerful framework for identifying
erosion-related signatures by integrating complementary chemical, mineralogical, and ra-

diometric information.

7.4 Data Fusion for Predicting Soil Fertility Parameters

Soil erosion is characterized by the loss of fertile soil that plants require to grow,
leading to the irretrievable loss of nutrients [3,5]. Therefore, the continuous monitoring
of erosion and nutrient availability is essential for ensuring plant and soil health [78].
The determination of plant-available nutrients in soil is often performed by wet chemistry
methods, as described in Subsection 7.3.1.1; however, spectra-based techniques coupled

with machine learning models may also be employed to build predictive models of such
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nutrients, yielding fast, accurate, and reliable results [50,107]. As discussed in Chapter 5,
several studies have explored the use of IR-based techniques, XRF, or their combination
to predict soil fertility attributes. Based on this premise, the present work investigates
the predictive power of MIRS and XRF for modelling the soil fertility parameters from

the soil samples employed in Section 7.3.

In cases where standalone models did not provide satisfactory results, a fusion
strategy was employed to combine atomic and molecular fingerprints and, through the
synergy between XRF and MIRS measurements, yield robust models. Samples were ana-
lyzed using a Panalytical Epsilon 5 for XRF (Subsection 2.6.3), a Bruker Alpha II (Sub-
section 2.7.1) for MIRS, and the fertility parameters were measured by the IDR-Parand
using different wet chemistry techniques (Subsection 7.3.1.1). The ML models employed
were PLSR (Subsection 4.2.1) and RFR (Subsection 4.2.2.)

7.4.1 Standalone Models

Standalone models for the thirteen soil fertility parameters listed in Table 12 were
built and their performances were evaluated through their R?, generalization gap (AR?),
MAE, RMSE, and ratio of performance deviation (RPD). The test results of the best

model obtained for nine! parameters are listed in Table 16.

On both cases, the modelling steps consisted of splitting the dataset into training
(70%) and testing (30%) sets using the Kennard-Stone algorithm, which ensures that
both datasets are representative of the overall variability of the samples. The training set
was used for model calibration and hyperparameter optimization, while the test set was

reserved for evaluating the predictive performance of the final model on unseen data.

The preprocessing of the spectra consisted of: (i) trimming and feature selection
(for XRF, this consisted in choosing the measurement condition that provided optimal
quantification of the target element, as well as on the correlated parameters identified
in Table 15); (iz) application of a Savitzky-Golay (SG) filter, with optimized parameters
for each case; and (7i7) autoscaling. The regression models were optimized by iterating
through different hyperparameter configurations and selecting the one that minimized
the RMSE?. For PLSR, this involved varying the number of latent components, while for
RFR, the number of trees (50 < ngees < 300), maximum tree depth (10, 15,20, 25, 30, 00?),
minimum number of samples required for a split (2,5,11), and the number of features

considered when searching for the best split (n, /n,log, n).

L The results for clay, silt, sand, exAl, H+Al, and SAL are not listed because: (i) The physical fractions
exhibited a highly homogeneous distribution; and (iz) the datasets exhibited a high frequency of null
or near-zero values for Al-related parameters.

2 Mean computational time per model: 20 s for PLSR, and 5 min for RFR on an Intel Core i5-10300H

CPU @ 2.3 GHz with 16 GB RAM.

Unconstrained, i.e. no predefined maximum depth.
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To quantify the model’s predictive utility, the RPD was calculated. The RPD is a
statistical parameter often evaluated in soil sensor calibration, as it relates the standard
deviation of the measured values to the standard error of the prediction. According to the
classification proposed by Rossel et al. [117], RPD values below 1.4 indicate models that
are very poor for prediction, values below 1.8 indicates models that are suitable primarily
for screening purposes, whereas values above 2.0 reflect reliable quantitative predictions,

and values above 2.5 indicates excellent modelling performance.

Model robustness was assessed through the generalization gap, defined here as the
difference between calibration and test R? values (AR?). This metric provides insight into
the stability of the regression model and its susceptibility to overfitting. In chemometric
applications, AR? values below approximately 0.10 are generally considered indicative of
acceptable generalization, whereas gaps exceeding 0.15 suggest that the model may be
capturing dataset-specific noise rather than physically meaningful relationships. Larger
discrepancies (AR? > 0.20) are commonly associated with severe overfitting and reduced

predictive transferability to independent datasets [118].

Table 16 — Standalone XRF and MIRS regression results corresponding to the test
datasets of the nine modelled fertility parameters.

Parameter Data Reg. R? MAE RMSE RPD AR? Fusion?

oC MIRS PLS 094 0.93 1.26 4.02  0.02 No
XRF REF 037 2.62 3.35 1.26  0.46

c MIRS PLS 091 038 049 342 007 N
exioa XRF RF 089 043 053  3.11 0.04 ©

oxK MIRS PLS 0.26 0.17 0.19 1.16  0.08 Yes
* XRF RF 049 0.13 0.16 1.41  0.30

oxM MIRS PLS 084 0.30 0.38 249  0.05 No
& XRF REF 045 0.54 0.69 1.34  0.35

b MIRS RF 014 944 1210 108 061
ox XRF RF 046 0.22 027 135 042 ©s

SB MIRS PLS 094 0.48 0.60 4.31  0.02 No
XRF RF 083 0.67 0.84 242  0.13

CEC MIRS PLS 0.74 0.67 0.79 1.98 0.14 No
XRF REF 041 0.90 1.06 1.29 045

BS MIRS PLS 085 3.68 460 206 0.05 N
XRF RF 081 419 527 233 0.13 ©

q MIRS RF 0.62 0.29 0.36 1.62  0.27 Yes
P XRF PLS 0.65 0.22 0.27 1.69  0.22

RPD = Ratio of Performance Deviation, AR? = Generalization gap. These results are
further detailed in Appendix B.
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MIRS yielded strong predictive accuracy for parameters such as OC, SB, BS, and
exchangeable Mg, with high R? values and RPD values exceeding 2, indicating satisfactory
to excellent model performance. In contrast, parameters including exchangeable Ca, K,
and P, as well as pH and CEC, exhibited limited predictive capability, characterized
by low R? values (< 0.6), RPD values below 1.8, and large generalization gaps (AR?).
The elevated AR? values indicate reduced generalization performance and suggest that
the spectral information provided by MIRS alone is insufficient to robustly capture the
variability of these attributes, which motivates the use of data fusion strategies to improve
both predictive accuracy and model stability for the affected parameters. Data fusion was
considered justified for parameters exhibiting either insufficient predictive accuracy (RPD
< 1.8) or unstable generalization performance (AR? > 0.15), as these conditions indicate

limited reliability of the standalone model.

The standalone XRF models exhibited strong predictive performance for inorganic
soil fertility parameters, particularly exchangeable Ca, SB, and BS, with R? values above
0.80 and satisfactory generalization behavior, as indicated by comparatively low AR?
values (Table 16). Exchangeable Ca and SB were accurately predicted, likely due to the
strong contribution of Ca-bearing minerals and related geochemical associations to the
XRF signal. Exchangeable P, in particular, showed improvement when modelled using
XRF, which reflects the direct sensitivity of XRF to elemental composition but is heavily
overfitted, as indicated by the high AR? value.

Nevertheless, XRF performance remained limited for attributes more strongly as-
sociated with organic composition or indirect physicochemical processes, such as OC,
exchangeable Mg, CEC, and pH. These parameters presented either low predictive ac-
curacy (RPD < 1.8) or elevated generalization gaps (AR? > 0.15), indicating unstable
model behavior and reduced robustness when relying solely on XRF-derived information.
Organic carbon, for example, yielded poor predictive performance (R? = 0.37), which is
consistent with the inability of XRF to directly detect low atomic number elements such
as C under typical soil measurement conditions. Similarly, pH and CEC are indirectly
related to elemental composition and depend on complex interactions involving mineral-
ogy, organic matter, and surface chemistry, which may not be fully represented by XRF

spectra alone.

Data fusion was therefore considered for exK, exP, and pH, as these parameters
exhibited either insufficient standalone predictive capability or unstable generalization
performance in both of the individual spectroscopic approaches. In these cases, combining
molecular information from MIRS with elemental information from XRF was expected
to improve both predictive accuracy and model robustness by integrating complementary

sources of soil chemical and mineralogical information.
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7.4.2 Data Fusion Strategy

The adopted data fusion approach consisted of a low-level fusion, by concatenating
the preprocessed spectral data from MIRS and XRF. The last step prior to data fusion was
scaling spectral blocks by their respective maximum values to ensure comparable signal
amplitudes and prevent dominance of one technique over the other. In both strategies,
the resulting fused matrix was split into training (70%) and testing (30%) datasets using
the Kennard-Stone algorithm to ensure homogeneity between both datasets, based on the
values obtained for the soil fertility parameters (Table 12). The regression models were
optimized following the same procedure described for the standalone models, with the

same hyperparameter search space.

7.4.3 Soil Macronutrients Prediction

The determination of soil macronutrient levels is important for increased crop
and plant production. The measurement of such parameters allow decision-makers to
optimize fertilizer input in soil, leading to lower production costs [119,120]. The mean
R? values reported in the literature for exK and exP employing MIRS measurements are
0.37, and 0.35, respectively [121]. Comparing these values with the ones obtained during
for standalone MIRS, detailed in Table 16, it is noticeable that exP modeling results are

in general accordance with the literature, while the ones obtained for exK are well below.

7.4.3.1 exK

Potassium is an essential macronutrient for plants nutrition, whose modelling based
on MIRS measurements usually yields poor results [121]. Despite the fact that K depends
on soil mineralogical composition, the exchangeable fraction of K is influenced by factors
that are not visible through in the mid-infrared range. Moreover, K is often externally
added to agricultural sites as fertilizer, and is leached with more ease than Ca [121,
122]. These factors contribute to the limited predictive performance of MIRS for exK,
as reflected by the low R? value and high generalization gap (Table 16). The fusion
strategy for exK consisted of integrating: (i) XRF-CaFy spectra, trimmed at 4.3 keV
and preprocessed with a first-derivative SG filter; and (i7) MIRS spectra, trimmed to the
1100-3500 cm~! range and preprocessed with a first-derivative SG filter. The regression
results, employing RFR, are displayed in Figure 50.

These features and preprocessing choices were designed to incorporate geochemi-
cally meaningful elemental information from XRF and exclude uninformative regions of
the MIRS spectra while preserving diagnostically relevant O—H stretching bands and

silicate lattice vibrations to which K is structurally or chemically associated.
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Figure 50 — RFR results for soil exK prediction based on XRF and MIRS. Predicted versus
measured values are shown for (a) training and (b) test datasets. Individual
variable importance for (¢) MIRS and (d) XRF. Performance metrics for both
datasets are summarized below.
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Compared to the standalone models (Table 16), the fused model achieved a sub-
stantial improvement in both accuracy and robustness. The RFR model yielded R? values
of 0.862 and 0.608 for the training and testing sets, respectively, accompanied by reduced
prediction errors and increased RPD values, indicating a transition from unreliable to

screening-level performance.

Feature importance analysis indicated that the fused model leveraged complemen-
tary information from both techniques. The MIRS importance plot revealed contribu-
tions from spectral regions associated with kaolinite C—O stretching (3600-3200 cm™)
and CaCOj3 bending (1650-1500 cm™!) vibrations, which are consistent with the known
association of exchangeable K with clay minerals. The XRF importance plot highlighted
the relevance of the K Ka emission line at approximately 3.31 keV, confirming that to-
tal K content contributes significantly to the predictive model. The intrinsic correlation
between K and Ca in the studied soils, as indicated by the correlation analysis in Ta-
ble 15, may also explain the importance of the Ca Ka line at approximately 3.69 keV,
as it likely provides indirect information related to K availability through geochemical
associations. The integration of these complementary sources of information enabled the
model to capture both the elemental abundance and the mineralogical context influencing
exchangeable K levels, overcoming the limitations observed when standalone MIRS- and

XRF-based models were employed 16.

7.4.3.2 exP

Phosphorus is required in substantial quantities to sustain adequate plant growth
and development [121, 123, 124]. However, the predictive performance of spectra-based
models for exchangeable P was consistently poor, as reflected by low or unreliable R?
values. This limitation is likely associated with the weak and non-specific mid-infrared
absorption features of phosphorus-bearing species, whose vibrational bands often overlap
with dominant signals from other soil components [125]. Such spectral interference reduces

the sensitivity of MIRS to variations in exchangeable P content.

The fusion approach for modelling exP consisted of: (i) XRF-CaF; spectra, trimmed
at 4.3 keV and a first-derivative SG filter; and (ii) MIRS spectra, trimmed to the finger-
print region (2200-800 cm™!), with a first-derivative SG filter. The regression results,
employing PLSR, are displayed in Figure 51.

While the standalone MIRS approach yielded a highly overfitted model (AR? =
0.61), the fused PLSR model achieved substantially improved performance, with a test
R? of 0.70 and an RPD of 1.83, which is considered suitable for screening purposes.
The reduced generalization gap (AR? = 0.14) further indicates improved model stability,
suggesting that the integration of complementary sensor information contributes to a

more robust prediction of exP.
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Figure 51 — PLSR results for exP prediction fusing MIRS and XRF spectral datasets.
Predicted versus measured values are shown for the (a) training and (b) test
datasets. Individual variable importance for (¢) MIRS and (d) XRF. Perfor-
mance metrics for both datasets are summarized below.
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Source: self-elaboration.

The MIRS importance plot indicates strong contributions from spectral regions
associated with C=0, C=C, and P -0 vibrational modes, particularly around 1720-1600

em ™! and 1200-900 cm ™. The bands in the 1720-1600 cm™! region are commonly associ-

ated with carbonyl and aromatic functional groups linked to soil organic matter, whereas

the 1200-900 cm~! region includes phosphate-related vibrations and overlapping Si-O

stretching modes from clay minerals. These regions may therefore reflect interactions be-

tween phosphorus and soil organic constituents, as well as adsorption processes involving

organo-mineral complexes. Although the direct spectral response of exchangeable P is gen-
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erally weak, these associated soil components likely provide indirect information linked to

P availability.

In contrast, the XRF importance plot indicates the relevance of the P Ka emis-
sion line at approximately 2.01 keV, indicating that total phosphorus content contributes
significantly to the predictive model. This behavior suggests that, although XRF primar-
ily reflects total elemental concentrations, the total P pool still retains some relationship
with the exchangeable fraction within the studied soils. Consequently, the fused approach
appears to benefit from the complementary nature of the techniques: while XRF captures
elemental abundance, MIRS provides information related to the molecular and mineralog-

ical environment influencing phosphorus retention and availability.

7.4.4 Soil pH Prediction

The estimation of soil pH through infrared spectroscopy is a recognized challenge
in soil science, often yielding R? values below 0.70 in the literature. Despite these values,
models are frequently considered acceptable for practical soil assessment if the RMSE
remains below 0.31 [121]. The standalone MIRS model developed in this work, utilizing
RFR, achieved performance metrics consistent with these established studies, as described
in Table 16.

Since soil pH is intrinsically linked to the presence and mobility of transition
metals and oxide phases, as evidenced by the correlation analysis in Table 15, the XRF
data obtained using the Fe secondary target were selected for the fusion process. The
resulting integrated model (Figure 52) was designed to jointly evaluate the organic and
mineralogical signatures captured by MIRS and the elemental sensitivity of XRF, thereby

integrating complementary physical perspectives of soil acidity.

The fused data blocks and preprocessing steps were as follows: (i) XRF-Fe spec-
tra, trimmed at 7.2 keV and preprocessed using a first-derivative SG filter; and (i) MIRS
spectra, also preprocessed with a first-derivative SG filter. This consistent derivative treat-
ment enhances subtle spectral variations associated with mineralogical differences while

minimizing baseline effects prior to modelling.

Compared to the standalone MIRS model (Table 16), the fused model exhibited an
improvement in predictive performance. The PLSR model yielded R? values of 0.908 and
0.839 for the training and testing sets, respectively, accompanied by low prediction errors
(RMSE of 0.185 and 0.223) and RPD values of 3.299 and 2.494. These results indicate
excellent calibration performance and robust predictive capability in the independent test
set, reaching analytical-quality standards. The low generalization gap further suggests

stable model behavior and limited overfitting.
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Figure 52 — PLSR results for soil pH prediction based on XRF and MIRS spectra. Pre-
dicted versus measured values are shown for the training (left) and test (right)
datasets. Variable importance and performance metrics for both datasets are
summarized below.
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The feature contribution profile indicates that both XRF-Fe and MIRS variables
contributed substantially to model performance, reinforcing the complementary nature
of elemental and spectroscopic information. While MIRS captures vibrational signatures
associated with clay minerals, hydroxyl groups, and organic matter, XRF provides direct
sensitivity to the elemental composition of oxides. The fusion strategy therefore enhances

the model’s capacity to represent both mineralogical structure and geochemical controls

on soil acidity.
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Overall, these results demonstrate that data fusion significantly improves pH pre-
diction compared to standalone approaches, yielding a model with high accuracy, strong

generalization capacity, and physicochemical interpretability.

7.4.5 Conclusions

The results presented in this section demonstrate that data fusion effectively over-
comes the limitations observed in standalone spectroscopic modelling. Parameters such
as exP, exK, and pH showed substantial improvements under the fused framework. In the
case of exP, the validation R? increased from 0.14 to 0.70, representing a transition from
non-predictive to screening-level performance. For soil pH, the integrated model achieved

analytical-quality performance, with a validation R? of 0.839.

The observed gains were not simply a consequence of increasing the volume of input
variables, but rather resulted from the integration of geochemically meaningful informa-
tion. The inclusion of raw spectral data from atomic and molecular sensors provided the
contextual framework necessary to capture nutrient dynamics in highly weathered soils
by giving context to the elemental composition through mineralogical and organic matter

associations.

Fusion strategies also led to improvements in model robustness. While standalone
XRF and MIRS models for exP exhibited severe overfitting (AR? = 0.61 and AR? = .42,
respectively), the fused PLSR model reduced the generalization gap to 0.144, indicating
improved stability and transferability to independent datasets. This reduction highlights
the role of complementary data sources in constraining model variance and mitigating
noise-driven calibration. The feature importance analysis further supports the notion
that the fused models leverage synergistic information from both techniques, with MIRS
capturing mineralogical and organic matter signatures and XRF providing elemental sen-
sitivity.

Overall, these findings highlight the value of data fusion in soil spectroscopy,
demonstrating that the integration of complementary sensor information can yield sub-
stantial improvements in both predictive accuracy and model robustness for key soil fer-

tility parameters.
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8 FINAL CONCLUSIONS

This thesis demonstrated that the integration of Gamma-Ray Spectrometry (GRS),
X-ray Fluorescence (XRF), and Mid-Infrared Spectroscopy (MIRS), supported by multi-
variate analysis, provides a comprehensive framework for soil erosion assessment and soil
fertility characterization. By combining nuclear, atomic, and molecular-level techniques,
this work progressed from methodological optimization in radiation detection to the de-
velopment of predictive models capable of assessing the agronomic consequences of soil

redistribution.

The first stage of this research focused on improving the accessibility and practical-
ity of radionuclide-based soil erosion monitoring. Although HPGe detectors offer superior
spectral resolution, their high cost and operational complexity limit their broader appli-
cation. It was demonstrated that mathematical signal-processing approaches, particularly
Savitzky-Golay smoothing and spectral deconvolution, enable Nal(T1) scintillation detec-
tors to quantify ‘Be with performance comparable to HPGe systems [86]. Furthermore,
the application of Target Transformation Factor Analysis (TTFA) significantly improved
calibration transfer between detectors and reduced the Minimum Detectable Activity
(MDA) for radionuclides such as '*"Cs [91]. These findings establish that reliable radionu-
clide quantification can be achieved using more affordable and operationally accessible
instrumentation, expanding the feasibility of large-scale erosion monitoring. While these
results are specific to the employed detector configurations and soil profiles, they provide
a foundation for future research to evaluate the generalizability of these mathematical

approaches across different environmental conditions.

The second stage of the thesis explored the integration of multiple spectromet-
ric techniques to enhance the physical interpretation of soil redistribution processes. By
applying multivariate analysis to fused datasets, it was possible to identify patterns and
associations that were not evident when analyzing GRS and XRF data separately. Three
approaches were employed: (i) Principal Component Analysis (PCA) was performed on
analytical datasets from GRS and XRF to identify common patterns in radionuclide and
elemental distributions, which indicated similar behavior between the vertical distribu-
tion of '*’Cs and elements commonly introduced through fertilization, such as P, K, and
Ca,; (i1) Common Dimensions (ComDim) analysis was used to extract shared components
across fused pXRF and GRS raw spectra, allowing for the identification of joint patterns
in the spectrometric signatures that can effectively capture redistribution-related variabil-
ity; and (7i7) Multi-Block PCA (MB-PCA) was applied to fused datasets of GRS, XRF,
and wet chemistry data to explore the relationship between radionuclide inventories, ele-

mental composition, and soil properties, which revealed strong relationships between soil
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texture, fertility indicators, and radionuclide distribution. However, because these specific
associations are tied to the soil types and management practices of the study area, further
research is required to evaluate their stability across different contexts and to uncover the

mechanisms driving these underlying signatures.

The final stage of this research addressed the consequences of erosion by focusing
on soil fertility prediction. Through the fusion of MIRS and XRF raw spectra, predictive
models were developed that substantially outperformed standalone approaches. Param-
eters that originally exhibited limited performance, displayed significant improvement
within the fused framework. For exchangeable phosphorus, the validation R? increased
from 0.14 and 0.46 for standalone XRF and MIRS models, respectively, to 0.701, rep-
resenting a transition from non-predictive behavior to screening-level applicability. Soil
pH achieved analytical-quality performance, with a validation R? of 0.839 and strong
model stability. These improvements were accompanied by a significant reduction in gen-
eralization gaps, demonstrating enhanced robustness and transferability. Despite these
promising results, the models were developed and validated using a specific dataset from
a highly weathered tropical soil. Future research should evaluate the performance of these
fused models across different soil types and environmental conditions to confirm their

generalizability and to further refine the modeling approaches for broader applicability.

Overall, this thesis demonstrates that the strategic integration of complementary
spectrometric techniques, combined with multivariate analysis, enhances both the physical
interpretation and predictive capability of soil studies. By reducing reliance on high-cost
instrumentation and labor-intensive wet chemistry, this work demonstrates that integrated
spectrometric approaches can provide reliable and scalable alternatives for assessing soil
erosion and nutrient redistribution. The progression from detector optimization to mul-
tisensor data fusion and fertility prediction highlights the potential of integrated spec-
trometric approaches to support more sustainable soil management in highly weathered

tropical landscapes.

To build upon the conclusions drafted from this thesis, the next step involves shift-
ing from localized point-source characterization to continuous landscape-scale assessment.
Future research should leverage the nature of the optimized GRS-XRF-MIRS models to
explore the spatial structure and directional dependencies of soil redistribution and fer-
tility parameters. By coupling these spectrometric datasets with geographic information
systems, topographic attributes, and geostatistical interpolation, it will be possible to
model the spatial vulnerability of agricultural areas. Classifying erosion-prone regions
and identifying areas susceptible to severe nutrient loss will provide land managers with
the precise spatial intelligence required to implement targeted, site-specific conservation

practices.
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A DECAY CHAINS

A.1 Thorium-232

Figure 53 — Representation of the ***Th decay chain.
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Figure 54 — Representation of the **’Np decay chain.
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A.3 Uranium-238

Mass Number (A)

Figure 55 — Representation of the #*®*U decay chain.
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Figure 56 — Representation of the ***U decay chain.
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B RESULTS FOR SOIL FERTILITY PARAMETERS WITH
STANDALONE MODELS

B.1 MIRS Models

Figure 57 — PLSR results for soil OC prediction based on MIRS spectral data.
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Figure 58 — PLSR results for soil exCa prediction based on MIRS spectral data.
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Figure 59 — PLSR results for soil exK prediction based on MIRS spectral data.
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Figure 60 — PLSR results for soil exMg prediction based on MIRS spectral data.
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Figure 61 — RFR results for soil exP prediction based on MIRS spectral data.
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Figure 62 — PLSR results for soil SB prediction based on MIRS spectral data.
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Figure 63 — PLSR results for soil CEC prediction based on MIRS spectral data.
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Figure 64 — PLSR results for soil BS prediction based on MIRS spectral data.
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Figure 65 — RFR results for soil pH prediction based on MIRS spectral data.
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B.2 XRF Models

Figure 66 — RFR results for soil OC prediction based on XRF spectral data.
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Figure 67 — RFR results for soil exCa prediction based on XRF spectral data.
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Figure 68 — RFR results for soil exK prediction based on XRF spectral data.
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Figure
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69 — RFR results for soil exMg prediction based on XRF spectral data.
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Figure 70 — RFR results for soil exP prediction based on XRF spectral data.
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Figure 71 — RFR results for soil SB prediction based on XRF spectral data.
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Figure 72 — RFR results for soil CEC prediction based on XRF spectral data.
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Figure 73 — RFR results for soil BS prediction based on XRF spectral data.

Figure 74 — PLSR results for soil pH prediction based on XRF spectral data.
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