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Abstract: The successful use of energy-dispersive X-ray fluorescence (ED-XRF) sensors for soil
analysis requires the selection of an optimal procedure of data acquisition and a simple modelling
approach. This work aimed at assessing the performance of a portable XRF (XRF) sensor set up with
two different X-ray tube configurations (combinations of voltage and current) to predict nine key soil
fertility attributes: (clay, organic matter (OM), cation exchange capacity (CEC), pH, base saturation
(V), and extractable nutrients (P, K, Ca, and Mg). An XRF, operated at a voltage of 15 kV (and current
of 23 µA) and 35 kV (and current of 7 µA), was used for analyzing 102 soil samples collected from
two agricultural fields in Brazil. Two different XRF data analysis scenarios were used to build the
predictive models: (i) 10 emission lines of 15 keV spectra (EL-15), and (ii) 12 emission lines of 35 keV
spectra (EL-35). Multiple linear regressions (MLR) were used for model calibration, and the models’
prediction performance was evaluated using different figures of merit. The results show that although
X-ray tube configuration affected the intensity of the emission lines of the different elements detected,
it did not influence the prediction accuracy of the studied key fertility attributes, suggesting that both
X-ray tube configurations tested can be used for future analyses. Satisfactory predictions with residual
prediction deviation (RPD) ≥ 1.54 and coefficient of determination (R2) ≥ 0.61 were obtained for eight
out of the ten studied soil fertility attributes (clay, OM, CEC, V, and extractable K, Ca, and Mg).
In addition, simple MLR models with a limited number of emission lines was effective for practical
soil analysis of the key soil fertility attributes (except pH and extractable P) using XRF. The simple
and transparent methodology suggested also enables future researches that seek to optimize the XRF
scanning time in order to speed up the XRF analysis in soil samples.

Keywords: precision agriculture; proximal soil sensing; hybrid laboratory; soil testing; XRF
spectroscopy; Brazilian tropical soils
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1. Introduction

Precision agriculture (PA) approaches that seek to optimize the use of fertilizers have great potential
to boost agronomic and environmental benefits in agricultural production systems [1]. This requires a
detailed characterization of soil fertility in the field, which is fundamental to the implementation of
variable rate fertilization. However, reliable characterizations of within-field spatial variability in soil
fertility requires high sampling density, which comes at high costs related to sample acquisition and
traditional soil testing in commercial laboratories [2]. Proximal soil sensing (PSS) is considered as an
alternative approach to analyse soil in a practical and environmentally friendly way that allows an
increase in sampling density without relying exclusively on traditional soil tests [3–5].

Sensors compatible with PSS approaches can be applied in laboratory and field conditions, and
some of them can be used for on-line measurements, assembled on mobile platforms [1]. In order
to create practical alternatives for soil analysis, efforts have been made worldwide to adapt and
re-engineer sensor systems developed in other areas into soil sensing [6,7], as well as assessing different
combinations of sensors and data fusion methods [8–10]. However, there is still no consensus on an
effective technique that enables the development of a generic and robust methodology for soil fertility
analysis via proximal sensors. The development of a hybrid methodology suitable for laboratory and
field applications for the prediction of soil fertility attributes should play an important role in soil
analysis, as commented by Molin and Tavares [1].

X-ray fluorescence (XRF) spectrometry is one of the promising PSS techniques, as it allows analyses
with satisfactory performance using minimum sample preparation [11]. Its recent popularization
has made it attractive for joint implementation with other popular techniques, such as visible and
near infrared spectroscopy (visNIRS) [8,9]. XRF sensors enable measuring the total content of specific
elements in the soil (e.g., Fe, Al, Si, Ca, and K) and can be used as a proxy for indirect predictions of
other soil attributes (e.g., pH, cation exchange capacity (CEC) and texture) [12]. Some researchers
have applied XRF sensors to assess fertility attributes in soil samples and satisfactory results were
reported for soil texture [13], pH [14], CEC [15], base saturation (V) [16], total content of nutrients [17],
and extractable nutrients [18]. In Brazilian tropical soils, recent research has shown promising
performance for organic matter (OM) [19], extractable nutrients (K, Ca, and Mg) [20,21], chemical
attributes (e.g., CEC, V, and pH) [20,22,23], and texture [24]. Studies applying XRF in agricultural
soils for predicting key fertility attributes are still preliminary and further works are needed for a
comprehensive understanding of its applications particularly in tropical soils [21,25].

Most of the studies that applied XRF in the PSS context used pre-developed (pre-programmed)
measurement packages (e.g., Soil Mode, Innov-X Systems, Inc., MA, USA), which have specific
routines for spectra acquisition and processing [13–15,20–22,25–27]. These routines involve the
standardization of some parameters, such as (i) X-ray tube configurations (e.g., voltage and current),
(ii) number consecutive irradiations, (iii) scanning time (dwell time), (iv) filters and (v) types of spectral
pre-processing (e.g., Compton normalization, etc). Although these packages allow for a user-friendly
approach that contributes to the popularization and expansion of the XRF application, they are not
fully transparent and do not allow for flexibility regarding the time of analysis. Faster XRF analyses
are fundamental to increase the agility of benchtop analysis, as well as creating new perspective
for using this sensor embedded on mobile sensor platforms for on-line measurements. Therefore,
the development of clear and objective methods of operating XRF should be prioritized [28], since they
allow for an unbiased scientific evaluation and also the optimization of data acquisition and processing
routines necessary to reduce the time of analysis with XRF sensors.
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The X-ray tube voltage and current are important configurations of the energy-dispersive X-ray
fluorescence (ED-XRF) equipment. ED-XRF equipment uses a polychromatic beam (also called
continuous radiation or bremsstrahlung radiation) to excite the sample and, by changing the voltage of
the tube, the energy intensity and the amplitude of this continuous spectrum are changed [29]. In turn,
as the current is increased, the X-ray intensity (number of photons emitted from the tube filament, e.g.,
the photon flux) of the continuous spectrum also increases [30]. In other words, the voltage impacts
the energy range and intensity of the continuous spectrum used for excitation while current impacts
mostly its intensity.

Hence, the X-ray tube configuration alters the fluorescence yield of a given analyte [31] and can,
therefore, impact the performance of prediction models. Usually, lower voltages of the X-ray tube
(≤15 keV) increase the fluorescence yield of light elements (e.g., Si, Al, K, Ca, etc.), which can be a
promising setup in XRF analyses of agricultural soils. On the other hand, a spectrum acquired at such
low voltage does not contain the well-defined Kα scattering peaks, which are usually present when
using higher energies. For example, in equipment with Rh-anode tube, the elastic (Thomson) and
inelastic (Compton) scattering peaks appear between 18 and 22 keV. However, these scattered X-rays
can also be important because they can be explored as a source of soil information [32]. The intensity
of the XRF scattering energy is inversely related to the average atomic number of the sample, which
can allow inferring about soil density and its related attributes (e.g., OM and texture). An innovative
study conducted by Morona et al. [19] in Brazilian soils showed a good relationship between the XRF
scattering region and OM contents.

Since most of the works that have evaluated XRF sensors in the PSS context used pre-developed
measurement packages, the influence of X-ray tube configuration on fertility attribute predictions has
not yet been addressed in the literature. Given the need to understand the effect of the X-ray tube
configuration to establish practical and transparent methodologies for XRF data acquisition, this work
aimed to evaluate the performance of a portable ED-XRF configured with different X-ray tube voltages
(15 and 35 kV) to predict key fertility attributes in agricultural fields under tropical environment.

2. Materials and Methods

2.1. Study Sites and Soil Samples

The samples used in this study belong to the soil sample bank of the Precision Agriculture
Laboratory (LAP) from Luiz de Queiroz College of Agriculture, University of São Paulo. They were
collected from 0–20 cm depth and stored after being air-dried, ground and sieved (≤2 mm). The samples
used in this work are from two different fields (Figure 1) that have been under active agricultural
production over the years. Field 1 is located in the southeast region of Brazil, in the municipality of
Piracicaba, State of São Paulo. Its soil is classified as Lixisol [33] with a clayey texture and high nutrient
variability. Field 2 is situated in Brazil’s midwest region, in the municipality of Campo Novo do Parecis,
State of Mato Grosso. Its soil is classified as Ferralsol [33], with a texture varying between sandy loam
and sandy clay loam. A set of 102 soil samples were selected for this work—58 soil samples from Field
1 and 44 from Field 2. The chemical analysis results of the LAP’s soil sample bank were used to choose
samples with wide ranges of variability of key fertility attributes in both study fields. After dataset
selection, the samples were again subjected to laboratory chemical analyses, as described in Section 2.2,
which provided the results of the reference analyses used in this work.
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Figure 1. Location of Field 1 and Field 2 in Brazil, where the soil samples were collected.

2.2. Reference Analyses

From each sample, an aliquot of 90 g was sent to the laboratory for regular soil fertility analysis.
These analyses determined clay, OM, CEC, pH, V, and extractable nutrients (P, K, Ca, and Mg), following
the methods described by Van Raij et al. [34]. Clay content was quantified by the Bouyoucos hydrometer
method in a dispersing solution. OM concentration was determined via oxidation with potassium
dichromate solution. pH was determined via calcium chloride solution. Extractable nutrients were
determined via ion exchange resin extraction, being designated in this work as resin-extracted (re-) P
and exchangeable (ex-) K, Ca, and Mg. The soil potential acidity (H + Al) was quantified via pH in
buffer solution method (SMP) and used to calculate the CEC, which corresponds to the sum of soil
potential acidity and sum of bases (ex-Ca + ex-Mg + ex-K). Percent base saturation (V) was calculated
by the ratio between the sum of bases and CEC.

The pseudo total content (ptc) of P, K, Ca, and Mg was also analysed following the United States
Environmental Protection Agency (USEPA) Method 3051A [35]. This method comprises the chemical
dissolution of pulverized soil samples using HNO3 and HCl, with microwave-assisted digestion. Then,
the multi-element quantification is performed using inductively coupled plasma optical emission
spectrometry (ICP - OES). For the determination of elements in tropical soils, this method presents
proportional recoveries compared to more aggressive methods (e.g., EPA 3052, which uses HF) [36],
thus allowing us to understand the relationship between the total and extractable contents of the
elements of interest. Linear correlations were performed between the extractable and pseudo total
content of P, K, Ca, and Mg. A correlation matrix was calculated among fertility attributes to better
understand their interrelations.

2.3. pXRF Measurements with Different Settings

Soil samples were scanned after being air-dried and sieved at 2 mm, as suggested by
Tavares et al. [11]. Ten grams of each sample was placed in an XRF polyethylene cup of 31 mm diameter
(n. 1530, Chemplex Industries Inc., USA) sealed at the bottom with a 4-µm thick polypropylene film
(n. 3520, SPEX, USA). Each sample was scanned in triplicate and the sample cup was repositioned
between scans. The replicates were subsequently averaged for analysis.

XRF spectra were acquired using a Tracer III-SD model (Bruker AXS, Madison, EUA). This
hand-held instrument is equipped with a 4 W Rh X-ray tube and an X-Flash® Peltier-cooled Silicon
Drift Detector (Bruker AXS, Madison, USA). This detector has 2048 channels and an active area of
10 mm2. All samples were scanned using the XRF sensor, configured with two tube voltage conditions:
15 and 35 kV. For each voltage, the current was set so as not to exceed 15% of the detector deadtime,



Remote Sens. 2020, 12, 963 5 of 21

avoiding spectral distortions and artefacts; thus, the tube current was set at 23 and 7 µA for the voltages
of 15 and 35 kV, respectively. These conditions correspond to a tube working power of 0.245 and
0.345 W for higher and lower voltage, respectively. The two different XRF tube configurations provided
the two XRF data scenarios evaluated in this study.

For both voltage conditions, the fluorescence emission was measured during 90 s at atmospheric
pressure. No filter was used in order to enhance the signal of light elements. A cellulose pellet was
used as a blank sample, being scanned at the beginning of the measurements, after 50 samples, and at
the end, to ensure the contaminant-free operation of the equipment. The spectra of the blank samples
are shown in Figure A1, in the Appendix A.

The spectra were acquired using the Bruker S1PXRF® software (Bruker AXS, Madison, EUA).
The Bayesian deconvolution process was applied using Artax® (Bruker AXS, Madison, EUA) to correct
peaks overlaps (inter-elemental effects). The spectra were normalized by the detector live time; then,
they were presented in counts of photons per second (cps). The means of the spectra acquired using
both tube voltage conditions are shown in Figure 2.
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Figure 2. Mean of X-ray fluorescence (XRF) spectra obtained with an X-ray tube set at 15 and 35 kV (A).
Snapshot of the emission lines from 1.01 to 8.34 keV, which presented lower fluorescence emission in
relation to the Kα emission lines of iron (Fe) and titanium (Ti) (B). Snapshot of scattering peaks (C).
Counts of photons per second was abbreviated as cps.

The mean spectra were evaluated in order to select emission lines to be used as independent
variables. This selection was based on the following criteria: (i) the element should be commonly
found in agricultural soils; (ii) the signal-to-noise ratio (SNR) should be higher than 10 [37]; and (iii) for
elements with K and L emission lines, just K-lines was chosen due to their greater fluorescence
intensity. Following those criteria, nine fluorescence lines (Kα emission lines of Al, Si, K, Ca, Ti,
Mn, Fe, Ni, and Cu) and one scattering peak (Rh-Lα Thomson) were selected in the 15 keV spectra
(totalling 10 independent variables). For the 35 keV spectra, the same 10 lines were selected, including
the two higher scattering peaks present in the region between 18 and 23 keV (totalling 12 independent
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variables): Rh-Kα Compton and Rh-Kα Thomson. The 10 lines present in both spectra (Al-Kα,
Si-Kα, K-Kα, Ca-Kα, Ti-Kα, Mn-Kα, Fe-Kα, Ni-Kα, Cu-Kα, and Rh-Lα) were compared through
box-plot graphs.

Net intensities of the emission lines selected in the two different XRF data scenarios were used to
build the predictive models. The XRF data scenarios using the 15 and 35 keV spectra were designated
in this work as EL-15 and EL-35, respectively.

2.4. Modelling

Each one of the two XRF data scenarios (EL-15 and EL-35) was pulled in one matrix with the
key fertility attributes (clay, OM, CEC, pH, V, re-P, ex-K, ex-Ca, and ex-Mg), measured via the above
detailed commercial laboratory procedures. Calibration models were built using multiple linear
regressions (MLR), as suggested by Weindorf and Chakraborty [12], using the Unscrambler® version
10.5.1 (Camo AS, Oslo, Norway). Calibration models were developed for each of the studied soil
fertility attributes. The two-field dataset (n = 102) was divided into two subsets by means of the
Kennard Stone algorithm [38], to 70% of data used for calibration and the remaining 30% used for
validation. Descriptive statistical analyses were applied to characterize the variability of fertility
attributes of both calibration and validation datasets. The methodology applied in this work was
diagrammatically presented in Figure 3. The importance of XRF variables for the prediction of each
fertility attribute was evaluated by the standardized regression coefficients of the regression analysis.
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Figure 3. Framework of the methodology applied for the development of calibration models for clay,
organic matter (OM), cation exchange capacity (CEC), pH, base saturation (V), resin-extracted (re-) P,
and exchangeable (ex-) K, Ca, and Mg using an X-ray fluorescence (XRF) sensor configured with two
different X-ray tube voltages (15 and 35 kV). For the X-ray tube set at 15 kV, 10 XRF lines were selected,
comprising the Kα emission line of aluminium (Al), silicon (Si), potassium (K), calcium (Ca), titanium
(Ti), manganese (Mn), iron (Fe), nickel (Ni), copper (Cu), and the scattering peak Rh-Lα Thomson; this
XRF scenario was called EL-15. For the X-ray tube set at 35 kV, in addition to these 10 XRF lines, Rh-Kα

Compton and Thomson scattering peaks were included, this second scenario was called EL-35.

The quality of the developed calibration was assessed by means of the coefficient of determination
(R2), the residual prediction deviation (RPD), and the root-mean-square error (RMSE). Furthermore,
we also used the normalized RMSE calculated by dividing the RMSE values by the range of each
corresponding soil attribute. The RMSE was expressed in the units of the attribute of interest and in
percentage, in the case on the normalized RMSE. The RPD was calculated as the ratio between the
standard deviation of the laboratory measured soil property of interest and the RMSE in the prediction.
The RMSE (%) and the RPD were used to compare the prediction performance of attributes that had
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different scales and units of measurement. Four RPD classes adapted from Chang et al. [39] were used
to evaluate the quality of the model prediction performance as poor models (RPD < 1.40), reasonable
models (1.40 ≤ RPD < 2.00), good models (2.00 ≤ RPD < 3.00), and excellent models (RPD ≥ 3.00).

3. Results

3.1. Laboratory Measured Soil Properties

The descriptive statistics of the fertility attributes for the calibration and validation datasets
are shown in Table 1. The selection of the calibration and validation set should be wisely done to
avoid the influence of different range or standard deviation (SD) of the two sets on the prediction
accuracy and the introduction of greater prediction errors [40]. In this study, the range and SD for
both calibration and validation datasets are comparable. This was only not the case for re-P, whose
maximum value in the validation set (59.00 mg dm−3) is explicitly lower than that in the calibration set
(104.00 mg dm−3), with smaller SD (15.98 mg dm−3) for the calibration set compared to that of the
validation set (10.65 mg dm−3).

The kurtosis and skewness values obtained for sample distribution analysis shown in Table 1
indicate that the samples of the dataset used were not normally distributed. In the proximal soil
sensing context, data modeling using sets with uneven sample distribution is common [17,41]; however,
this will introduce the Dunne effect with potential reduction in the prediction quality, as reported by
Mouazen et al. [41].

Table 1. Descriptive statistics of fertility attributes for the calibration and validation dataset.

Clay OM 3 CEC 4
pH V 5 re-P 6 ex-K 7 ex-Ca 7 ex-Mg 7

—– g dm−3 —– mmolc
dm−3 % mg

dm−3 ——- mmolc dm−3 ——-

——————————————– Calibration set (n = 68) ——————————————–
Min 175.00 14.00 37.50 4.60 19.00 4.00 0.90 8.00 3.00

1st Qu. 251.00 19.00 60.03 5.00 43.50 12.00 1.00 16.00 7.00
Mean 352.00 24.78 81.75 5.38 64.99 22.65 3.41 35.69 18.06

3rd Qu. 431.00 30.75 98.58 5.78 84.00 31.5. 5.68 49.75 28.00
Max 511.00 37.00 148.90 6.30 92.00 104.00 10.30 78.00 54.00
SD 1 95.21 6.13 25.86 0.47 21.96 15.98 2.48 19.08 12.58

CV 2 (%) 27.05 24.72 31.63 8.67 33.80 70.55 72.73 53.44 69.65
Skewness −0.22 0.14 0.46 0.50 −0.57 2.26 0.59 0.25 0.81
Kurtosis −1.22 −1.10 −0.41 −1.02 −1.16 8.75 −0.79 −1.01 −0.14

——————————————– Validation set (n = 34) ——————————————–
Min 175.00 18.00 42.50 4.70 28.00 7.00 0.90 8.00 3.00

1st Qu. 226.00 22.00 53.08 4.90 39.00 12.00 1.18 13.00 5.00
Mean 332.12 26.62 76.50 5.21 64.15 19.09 3.36 33.32 17.50

3rd Qu. 406.25 32.00 98.90 5.50 86.25 21.00 5.50 51.25 30.00
Max 463.00 35.00 138.40 6.20 91.00 59.00 7.90 75.00 47.00
SD1 92.03 5.48 26.14 0.37 23.42 10.65 2.26 19.71 12.81

CV2 (%) 27.71 20.58 34.17 7.07 36.51 55.79 67.39 59.16 73.22
Skewness −0.45 −0.11 0.53 0.83 −0.35 2.16 0.35 0.34 0.63
Kurtosis −1.39 −1.45 −0.63 0.26 −1.62 5.78 −1.35 −1.11 −0.73

1 Standard deviation, 2 coefficient of variation, 3 organic matter, 4 cation exchange capacity, 5 base saturation, 6

resin-extracted P, and 7 exchangeable (ex-) nutrients (ex-K, ex-Ca, and ex-Mg).

In general, the soil samples were characterized by a high variability of all fertility attributes, with a
coefficient of variation (CV) larger than 23%, with the only exception being for pH (CV < 8%). Despite
the lower pH CV, a reasonable range of variation between very low and high [42] can be observed.
Clay content varied from 175.00 to 511.00 g dm−3. According to the local fertility interpretation [42],
the contents of re-P, ex-K, ex-Ca, and ex-Mg range from low to very high. We also noticed that by
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joining data from both fields, the resulting dataset has a continuum range of values for all fertility
attributes (Figure A2), which allows its modelling as a single dataset.

A significant correlation exists between the extractable and pseudo total contents of K, Ca, and
Mg (0.75 ≤ r ≤ 0.90), whereas weak correlations were observed for P (r = 0.11). These significant
correlations suggest that the exchangeable fractions of K, Ca and Mg can be assessed by XRF using the
total content values, once their emission line is detected.

Interpreting the interrelationships between different fertility attributes (shown in Table 2) aid to
understand why indirect (having no emission lines) predictions are still possible with XRF sensor data.
Strong relationships exist between ex-Ca and ex-Mg (r = 0.93), as well as between each of them with V
and CEC (r ≥ 0.84). Positive correlations of CEC, V, ex-K, ex-Ca, and ex-Mg with clay range from 0.64
to 0.81. It should also be highlighted that re-P and pH showed weak to reasonable correlations with all
the other attributes, with r ranging from −0.22 to 0.10 for re-P, and from −0.41 to 0.53 for pH. Finally,
OM content has reasonable correlations with almost all attributes (expect re-P and pH), with r ranging
from −0.65 to 0.62.

Table 2. Correlation matrix of the studied soil fertility attributes. Correlations between extractable and
pseudo total content (ptc) for the different macronutrients are also shown.

Clay OM 1 CEC 2 pH V 3 re-P 4 ex-K 5 ex-Ca 5 ex-Mg 5

Clay 1.00 0.59 ** 0.67 ** 0.38 ** 0.81 ** −0.06 0.73 ** 0.78 ** 0.64 **
OM 1.00 0.43 ** −0.01 0.62 ** 0.07 0.48 ** 0.55 ** 0.44 **
CEC 1.00 0.42 ** 0.76 ** 0.02 0.64 ** 0.93 ** 0.93 **
pH 1.00 0.53 ** −0.22 * 0.40 ** 0.46 ** 0.44 **
V 1.00 −0.12 0.71 ** 0.92 ** 0.84 **

re-P 1.00 −0.1 0.01 −0.17
ex-K 1.00 0.68 ** 0.58 **
ex-Ca 1.00 0.93 **
ex-Mg 1.00

Correlation with ptc 0.11 0.90 ** 0.75 ** 0.83 **
1 Organic matter, 2 cation exchange capacity, 3 base saturation, 4 resin-extracted P, and 5 exchangeable (ex-) nutrients
(ex-K, ex-Ca, and ex-Mg). * Significant correlation at the probability level of 0.05; ** Significant correlation at the
probability level of 0.01; the correlations were presented on grayscale highlighting the highest values, which were
evaluated ignoring the sign (module).

3.2. Effect of X-ray Tube Configuration on XRF Emission Lines

The intensity of the emission lines present in both EL-15 and EL-35 scenarios [namely, Al-Kα,
Si-Kα, Rh-Lα (Thomson), K-Kα, Ca-Kα, Ti-Kα, Mn-Kα, Fe-Kα, Ni-Kα, and Cu-Kα] are plotted in
box-plot graphs (Figure 4), allowing comparison between them, as a function of the X-ray tube
configuration. All the emission lines presented a high correlation coefficient (r > 0.90) between EL-15
and EL-35. The largest deviation was observed for Ni-Kα, with r = 0.73. This lower correlation was
influenced by the low dispersion and intensity of the Ni-Kα XRF emission in EL-15.

The X-ray tube configuration affected the intensity of the emission lines of the different elements
detected in both XRF scenarios. The Kα emission lines of the light elements Si and Al, with atomic
number (Z) of 13 and 14, respectively, presented higher intensity when using the tube configured at
15 kV (EL-15) than using that configured at 35 kV (EL-35) (Figure 4a,b, respectively). The emission lines
of K and Ca (with atomic numbers of 19 and 20, respectively) showed, in both scenarios (EL-15 and
EL-35), a very similar intensity and dispersion of XRF emission (Figure 4d,e, respectively). However,
Ti, Mn, Fe, Ni, and Cu (with atomic numbers 22, 25, 26, 28, and 29, respectively) showed higher XRF
emission in the EL-35 scenario than that of the EL-15 (Figure 4f–j, respectively).
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Figure 4. Box plot of the intensity of the lines Al-Kα, Si-Kα, Rh-Lα, K-Kα, Ca-Kα, Ti-Kα, Mn-Kα,
Fe-Kα, Ni-Kα, and Cu-Kα ((A–J), respectively) obtained using a portable X-ray fluorescence (XRF)
sensor configured with two different X-ray tube voltages (15 and 35 kV). The XRF scenario using the
X-ray tube set at 15 kV is named EL-15 and the XRF scenario using the X-ray tube set at 35 kV is named
EL-35. The Pearson correlation between the EL-15 and EL-35 is also presented (correlations followed
by * were significant at the probability level of 0.01).

3.3. Effect of X-ray Tube Configuration on pXRF Performance

The MLR prediction accuracy for the studied fertility attributes is similar between the EL-15 and
EL-35 models (Table 3). The biggest differences were obtained for OM and pH, with R2 values of 0.61
and 0.72, and 0.27 and 0.38, for EL-15 and EL-35, respectively. The prediction results for the remaining
attributes are comparable with differences in R2 values less than 0.06 between EL-15 and EL-35.

Table 3. Prediction results of the validation set (n = 34) obtained from multiple linear regressions (MLR)
models calibrated using a portable X-ray fluorescence (XRF) sensor configured with two different X-ray
tube voltages of 15 and 35 kV, designated as EL-15 and EL-35, respectively.

Clay OM 1 CEC 2 pH V 3 re-P 4 ex-K 5 ex-Ca 5 ex-Mg 5

——————————————————– R2 ———————————————————-
EL-15 0.88 0.61 0.80 0.27 0.95 0.00 0.90 0.91 0.85
EL-35 0.91 0.72 0.75 0.38 0.96 0.03 0.90 0.91 0.83

—————————————————— RMSE ——————————————————-
EL-15 34.7 3.55 10.42 0.36 4.83 13.86 0.71 5.74 4.88
EL-35 31.72 2.87 11.08 0.32 4.82 13.41 0.65 5.63 4.97

—————————————————- RMSE (%) —————————————————–
EL-15 12.05 20.87 10.86 24.15 7.66 26.65 10.16 8.56 11.09
EL-35 11.01 16.87 11.55 21.17 7.65 25.79 9.31 8.40 11.29

——————————————————- RPD ——————————————————–
EL-15 2.65 1.54 2.51 1.02 4.85 0.77 3.18 3.44 2.63
EL-35 2.90 1.91 2.36 1.16 4.86 0.79 3.47 3.50 2.58

1 Organic matter; 2 cation exchange capacity; 3 base saturation; 4 resin-extracted P; 5 exchangeable (ex-) nutrients
(ex-K, ex-Ca, and ex-Mg). The coefficient of determination (R2) and residual prediction deviation (RPD) values are
presented on grayscale, highlighting the highest values. The root-mean-square error (RMSE) was given in g dm−3

for clay and OM; in mmolc dm−3 for CEC, ex-K, ex-Ca, and ex-Mg; in % for V; and, for re-P, the RMSE was given in
mg dm−3. The scatter plots of measured versus predicted fertility attributes are included as an annex (Figure A2).
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The similarity between both XRF tube voltage data scenarios is also noted when analyzing the
importance of the independent variables (X-variables) in both XRF scenarios, since the most important
variables were always coincident in the prediction models calibrated with EL-15 and EL-35 (Table 4).
More specifically, in both scenarios, Fe-Kα was the main variable for clay prediction, Mn-Kα for
OM, K-Kα for ex-K, and Ca-Kα for CEC, V, ex-Ca, and ex-Mg. It is also observed that neither the
Rh-Kα Compton and Thomson scattering peaks—present only in EL-35—nor the Ni-Kα were the main
X-variable in any of the calibrated models (Table 4), which also contribute to the similarity between the
predictive models calibrated with both X-ray tube configurations.

Table 4. Importance of X-ray fluorescence (XRF) variables for the prediction of studied soil fertility
attributes, using the two XRF tube voltage data scenarios of EL-15 and EL-35, designated as EL-15 and
EL-35, respectively. The values presented correspond to the t-value for each standardized coefficient
obtained in the regressions calibration.

Clay OM 1 CEC 2 pH V 3 re-P 4 ex-K 5 ex-Ca 5 ex-Mg 5

——————————————————— EL-15 ———————————————————
Al-Kα −1.35 1.48 0.11 −1.48 −0.21 −1.73 −2.83 0.21 1.29
Si-Kα −2.07 −0.71 −0.37 −0.83 2.04 −0.94 −2.40 2.26 2.07
K-Kα −1.13 −1.36 1.50 2.20 −0.25 0.07 14.75 0.86 0.27
Ca-Kα −0.20 1.24 5.03 2.90 7.49 1.23 −5.95 9.35 7.10
Ti-Kα −2.31 −2.54 3.58 2.05 −0.46 −2.55 0.01 1.55 5.41

Mn-Kα −0.71 3.54 −1.79 −0.73 0.34 0.49 −0.83 −2.16 −2.48
Fe-Kα 9.22 −0.63 −0.57 −0.20 2.49 −0.40 1.98 2.60 −1.12
Ni-Kα −0.09 −0.26 −0.05 0.03 0.59 2.81 0.37 0.41 −0.80
Cu-Kα −1.77 0.44 0.26 −1.51 −1.84 3.32 −1.53 −0.09 −1.16

Rh-Lα Thomson 0.52 1.97 0.23 −3.22 1.97 0.20 −4.06 2.28 1.73
——————————————————— EL-35 ———————————————————

Al-Kα −1.14 0.93 −0.48 −0.24 −0.90 −0.55 −1.01 −1.11 −0.91
Si-Kα −2.08 0.53 −0.73 −1.17 0.23 0.29 −0.81 0.52 −0.17
K-Kα −1.20 −0.43 1.46 2.04 0.22 −0.65 18.89 0.92 0.41
Ca-Kα −0.27 1.11 4.45 3.33 7.89 1.09 −5.68 9.08 5.78
Ti-Kα −2.99 −1.91 2.73 1.30 −1.61 −1.61 −0.93 0.09 3.54

Mn-Kα −0.40 2.59 −1.77 −0.14 0.74 0.64 −1.97 −1.92 −1.96
Fe-Kα 5.09 0.50 −0.27 −1.55 0.19 0.38 −1.42 0.64 −0.34
Ni-Kα −1.12 −0.73 1.26 −0.07 0.09 1.44 −0.49 1.13 0.75
Cu-Kα −1.30 0.42 0.90 −2.00 −1.85 3.54 −0.64 0.65 −0.94

Rh-Lα Thomson −1.07 2.32 −0.88 −2.40 1.02 0.27 −4.27 0.65 −0.50
Rh-Kα Thomson 0.38 0.23 −0.25 0.90 1.78 −1.02 −1.02 1.27 0.22
Rh-Kα Compton −0.61 1.07 −0.43 −1.83 −1.79 1.13 −2.38 −1.46 −0.63

1 Organic matter; 2 cation exchange capacity; 3 base saturation; 4 resin-extracted P; 5 exchangeable (ex-) nutrients
(ex-K, ex-Ca, and ex-Mg). The emboldened values indicate a significant correlation at the probability level of 0.05;
significant values were presented on grayscale, with the most important variables having the darkest colour and
vice versa.

3.4. pXRF for Key Fertility Attributes Prediction

In general, satisfactory predictions (RPD > 1.40 and R2 ranging from 0.61 to 0.96) were observed
in the following order: V > ex-Ca ≥ ex-K > clay > ex-Mg > CEC > OM. However, predictions of pH
and re-P were rather poor (RPD < 1.4 and R2

≤ 0.38).
For clay predictions, the RPD ranges of 2.65–2.90 and the independent variables Fe-Kα, Si-Kα,

and Ti-Kα contributed significantly to both XRF scenarios (Table 4), with the Fe-Kα being the most
important one, presenting the highest standardized coefficient. Models for OM showed reasonable
prediction performances, with RPD values of 1.54 and 1.91 for EL-15 and EL-35, respectively. The most
important independent variables in OM models were Mn-Kα and Ti-Kα, for EL-15, and, Mn-Kα

and Rh-Kα Thomson, for EL-35 (Table 4), with the Mn-Kα emission line being the most significant
standardized coefficient in both scenarios.
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Models for ex-K and ex-Ca were excellent, with RPD higher than 3.00 in both scenarios. The Kα

emission line of K and Ca were the main independent variables (with the greatest standardized
coefficient) (Table 4). Therefore, the excellent predictive models for ex-K and ex-Ca is justified by the
significant correlation between the extractable and pseudo total content of K (r = 0.67) and Ca (r = 0.83)
present in this dataset (Table 1).

Models for CEC, V, and ex-Mg achieved good and excellent prediction performances, with RPD
ranging from 2.36 to 2.63, for CEC and ex-Mg, and from 4.85 and 4.86 for V. For both XRF scenarios,
the main X-variable contributing to all these properties (including pH) was the Ca-Kα. It is interesting
to note that the prediction performance of pH, CEC, V, and ex-Mg was related to the correlation of these
variables with the ex-Ca content (Figure 5). One can observe that CEC, V, and ex-Mg properties, having
satisfactory prediction performance (R2

≥ 0.75), are high correlated with ex-Ca (r > 0.90). The lower
correlation between pH and ex-Ca (r = 0.46), however, explains the poor prediction performance
(R2 < 0.40) for pH.
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Figure 5. Scatter plot of the determination coefficient (R2) obtained on the validation set of models
calibrated for cation exchange capacity (CEC), pH, base saturation (V), and exchangeable (ex-) Mg versus
the correlation coefficient (r) of each mentioned attribute with the ex-Ca content. The relationships for
the XRF data scenarios EL-15 and EL-35 are represented by circles and crosses, respectively.

4. Discussion

4.1. Performance Regarding the X-ray Tube Configuration

The X-ray tube anode emits a continuous spectrum when it is struck by accelerated electrons [43].
Essentially, when the voltage of the tube is increased, it also increases: (i) the energy range of the
continuous spectrum; (ii) the overall emission intensity of the continuous spectrum; and (iii) the energy
at maximum intensity in the continuous spectrum [29]. In parallel, when increasing the current applied
to the X-ray tube, increments only in the intensity of the continuous spectrum are observed, since the
photon flow is increased [30]. A schematic figure illustrating the behavior of the continuous spectrum
emitted by the X-ray tube when modifying its voltage and current is presented in the Appendix A
(Figure A3).

Different configurations of X-ray tube—with different combinations of voltage and current—change
the continuous spectrum emitted by the X-ray tube and, therefore, the fluorescence behavior emitted
by the elements present in the sample [29]. The results of this research show that the intensity of
XRF emission of the different elements was indeed influenced by the configuration of the X-ray tube
(Figure 4). Nevertheless, the emission lines detected in both the EL-15 and EL-35 scenarios [namely,
Al-Kα, Si-Kα, Rh-Lα (Thomson), K-Kα, Ca-Kα, Ti-Kα, Mn-Kα, Fe-Kα, Ni-Kα, and Cu-Kα] showed
significant correlation with each other (Figure 4), while Ni-Kα showed the smallest correlations between
the EL-15 and EL-35 scenarios (Figure 4I). The reduced intensity and dispersion of Ni XRF emission in
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EL-15 (Figure 4I) can be explained by the short energy range that is able to excite Ni (Kedge = 8.33 keV)
when the tube was set at 15 kV. In turn, for the EL-35, the Ni XRF emission was favored, similar to that
observed for elements with an absorption edge close to Ni (e.g., Fe and Cu). In addition to that, it is
important to highlight that part of the Ni signal is coming from the equipment itself (as can be seen in
Figure A1); hence, it is also highly affected by the tube configuration.

X-ray tube configurations that produce continuous radiation with peak intensity closer to the
absorption edge of light elements (e.g., 1.30, 1.56, 1.84, and 2.15 keV, representing the K edge of Mg, Al,
Si, and P, respectively) benefit the XRF emission of these elements [31,43]. Therefore, it is expected
that the EL-15 configuration would promote better predictions of light elements, such as ex-K and
ex-Ca. However, the results obtained in this study do not support this assumption. The performance
of the two X-ray tube configurations was very similar, even for the prediction of ex-K and ex-Ca,
whose prediction models had a great weight of the emission lines of light elements (K-Kα and Ca-Kα,
respectively). Working on tropical soils, Silva et al. [24] compared different operational modes (Trace
Mode and General Mode) of a pXRF sensor (using a Bruker, S1 Titan LE, Bruker, Madison, USA) for the
prediction of ex-Ca, observing slight variations in performance (0.77 ≤ R2

≤ 0.85) for ex-Ca prediction
when comparing both operational modes. Although the details of the X-ray tube configuration of
the operational modes evaluated are not disclosed, it is common that the instrumental conditions for
“trace” analysis use low voltage and high current, similar to the EL-15 scenario applied in this work.
Thus, this subtle oscillation of prediction performance due to changing the XRF operational mode
observed by Silva et al. [25] can be compared to the results shown in the present study.

The minimal effect of both X-ray tube configurations on the prediction of fertility attributes may
well be explained by the low importance of the X-variables Rh-KαCompton, Rh-KαThomson (scattering
peaks present in the region between 18 and 23 keV), and the Ni-Kα. If these variables had a higher
weight on the regression of some attribute, more relevant differences might be possible. The scattering
peaks can be useful independent variables for OM prediction, as observed by Morona et al. [19], and
after normalization of XRF emission lines to attenuate the matrix effect [44].

The spectra observed in this research did not present emission lines for Mg and P due to their
low XRF intrinsic sensitivity (e.g., lower fluorescence yield) and low Si-detector efficiency at this
photon energy range, which is translated in high limits of detection. In this work, the greatest ptc of
Mg and P were, respectively, 789.65 and 669.18 mg kg−1, corresponding to an extractable content of
54 mmolc dm−3 and 104 mg dm−3 for ex-Mg and re-P, respectively. X-ray tube configurations with
energy levels below 15 kV should be further investigated for the detection of Mg and P, as they can
promote more efficient excitation of these elements in soil samples [31]. By further reducing the X-ray
tube voltage setting, the intensity of the continuous spectrum in low energies is increased, as well as
the limit of detection of low Z elements being reduced. Potts et al. [31], working with an ED-XRF in
rock powder samples, observed that Mg, Si, and Ca are most efficiently excited when using the X-ray
tube configured at low energies (e.g., 6–8 kV).

In view of our results, both scenarios of X-ray tube configuration (EL-15 and EL-35) can be used for
predicting the studied fertility attributes, since their prediction results were comparable. Nevertheless,
it is important to point out that some studies suggested that the information at the scattering region
between 18 and 23 keV that is present only in spectra obtained with the Rh-tube configured at voltages
above 23 kV may be promising for the prediction of organic attributes (Morona et al. [19]) and for the
matrix effect attenuation using the Compton normalization [29].

4.2. pXRF Models Performance for the Prediction of Key Fertility Attributes

Simple linear regressions and MLR are approaches traditionally used to model XRF data for
predicting soil physicochemical attributes [12]. In this work, the net intensities of XRF emission lines,
which were previously selected (as mentioned in the Section 2.3.), were used to build the predictive
models by means of MLR. The main difference between the method used in this study and those in
the most of the studies that used XRF sensors to predict soil fertility attributes [13–15,20–22,25–27] is
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that it does not use pre-programmed measurement packages for spectra acquisition and processing.
These packages allow quantifying the total contents of different elements present in the samples,
in the form of oxides (e.g., MgO, CaO, SiO2, K2O, Al2O3, among others), which are then subjected
to calibration models for the fertility attributes prediction. As an alternative, we propose a simple
and transparent methodology for XRF data acquisition and processing, which proved in this work to
provide satisfactory prediction results (0.61 ≤ R2

≤ 0.96) for clay, OM, CEC, V, ex-K, ex-Ca, and ex-Mg
(Table 3), with the exception being for pH and re-P, which gave poor results (R2

≤ 0.38). In addition, we
confirm that the results obtained in this work are comparable to those obtained by other researchers
using pre-programmed measurement packages, which are discussed below for each fertility attribute.

Predictions of clay demonstrated good performance (0.88≤R2
≤ 0.91 and 2.65≤RPD≤ 2.90). Some

studies have already reported satisfactory predictions of texture attributes via XRF sensor [13,24,45].
In Brazilian tropical soils, Lima et al. [45] and Silva et al. [24] observed satisfactory prediction
performance for clay, with R2 ranging from 0.71 to 0.85. The successful prediction of clay content
in tropical soils is explained by its relationship with the total content of Al, Fe, and Si, which are
constituents of clay minerals, e.g., kaolinite [Al2Si2O5(OH)4], gibbsite [Al(OH)3], hematite (α-Fe2O3)
and goethite (FeOOH) [45,46]. Eventually, other cations, like microelements (Ni, Cr, Co, Cu, Zn, Ti,
etc), can also be present in the iron oxides structure as isomorphic substitutes for Fe [47]. In this work,
the main contributing X-variable for predicting the clay content was the Fe-Kα, with the Kα-lines of Ti
and Si (Table 4) being secondary contributing variables.

The reasonable prediction results for OM (0.61 ≤ R2
≤ 0.72 and 1.54 ≤ RPD ≤ 1.91) can be attributed

to OM’s significant correlation with clay, ex-Ca, and ex-K (Table 1), all predicted with good accuracy
with XRF. In tropical soils, different researchers have reported satisfactory predictions for OM, with R2

ranging from 0.48 to 0.98 [20,21,45]. Morona et al. [21] suggested using the energy range of 18–30 keV
to establish calibration models for OM. This is because the organic compounds of soil are essentially
light elements (H, C, N and O), having no emission lines to be detected by ED-XRF technique, and
the scattering peaks carry information of these elements [21]. It is well-known that the intensity of
the XRF scattering energy is inversely related to the average atomic number of the sample [44]. Thus,
increasing OM will decrease the average atomic number of the sample and will trend increase the ratio
between Rh-Kα Compton and Rh-Kα Thomson. Despite the significant relationships between OM
and scattering peaks, observed by Morona et al. [19], the results of this study do not show the same.
In the current study, the important variables for OM predictions were Mn-Kα and Ti-Kα, for EL-15,
and, Mn-Kα and Rh-Kα Thomson, for EL-35 (Table 4). Other research suggested that satisfactory
predictive models can be obtained for OM if it is correlated with texture attributes [45], which is a
common correlation found for tropical soils [42].

Excellent prediction results for ex-Ca and ex-K were observed, with R2 ranging from 0.90 to
0.91, and RPD > 3.00. The total content of Ca and K were the main X-variables for the prediction
of their exchangeable contents (Table 4). Andrade et al. [21] observed similar behaviour in tropical
soils. The correlation between extractable and total contents is the main reason to justify the use of
an XRF emission line of a given nutrient for the prediction of its respective extractable contents [48].
The sample set used in this work presented a significant correlation (r ≥ 0.75) between the pseudo total
and the exchangeable contents of Ca and K (Table 1). Satisfactory prediction results (R2 = 0.71 − 0.89)
of ex-Ca in tropical soils via XRF were observed by different authors [20–22,25]. Models of ex-K in
Brazilian tropical soils have been reported less frequently in the literature. Studies conducted by
Silva et al. [20] and Andrade et al. [21] showed satisfactory prediction performance for different soil
types, with R2 of 0.81 and 0.67, respectively. In contrast, Teixeira et al. [22] reported poor predictive
models of ex-K (0.04 ≤ R2

≤ 0.12) using tropical soil samples acquired form areas with different land
uses. This different quality of model prediction performance between ex-K and ex-Ca can be attributed
to the different degrees of correlation between the total and extractable fractions.
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Due to the weathered nature of tropical soils, their composition often shows an irrelevant presence
of primary minerals (natural source of nutrients) [49]. Consequently, the relationships between the total
and extractable contents of some nutrients (e.g., ex-Ca, ex-K, and ex-Mg) are mainly influenced by soil
agricultural management rather than natural processes [21,45]. This characteristic of tropical soils is
attractive to encourage using XRF sensors for the prediction of extractable nutrients. On the other hand,
in soils with the presence of phylosilicates integrated with other soil minerals—such as mica (natural
source of K) or calcite (natural source of Ca)—the relationship between the total and extractable content
is more unlikely to occur; hence, models involving XRF spectra may not show positive results. The soil
chemistry in tropical soils regarding P is complex and characterized by high levels of P associated with
strong bonds to Fe oxides (hematite and goethite) and Al (gibbsite). This complexity unbalances the
relationship between its total content present in the soil and the amount of P accessible to plants [46,50].
The data of the present research showed a weak correlation (r = 0.11) between the re-P and its pseudo
total content (Table 1). The prediction for re-P in this study was poor (R2

≤ 0.03 and RPD ≤ 0.79);
however, it could perform better if this attribute had good correlations with other fertility attributes
(e.g., textural attributes, ex-K, or ex-Ca), predicted successfully by XRF. In Brazilian tropical soils,
studies conducted by Andrade et al. [21] and Lima et al. [45] showed poor performance (R2 < 0.25)
for extractable P predictions. Teixeira et al. [22], evaluating soils from agricultural and native areas,
reported variable prediction results of extractable P, with R2 ranging from 0.03 to 0.90. The best models
obtained by Teixeira et al. [22] were built using soil samples collected from different agricultural fields.

Good prediction results were observed for CEC and ex-Mg (0.75 ≤ R2
≤ 0.85 and 2.36 ≤ RPD ≤ 2.63)

and excellent predictions for V (0.95 ≤ R2
≤ 0.96 and 4.85 ≤ RPD ≤ 4.86). The Ca-Kα emission line was

found as the main variable for the prediction of CEC, ex-Mg, and V (Table 4). Satisfactory prediction
performance of ex-Mg in tropical soils was also reported by Silva et al. [20] and Andrade et al. [21],
with R2 of 0.85 and 0.60, respectively; both studies reported that Ca was the most important variable.
Teixeira et al. [22] reported R2 ranging from 0.08 to 0.89 for V models in tropical soils, observing that
Ca (CaO in that work) was the main prediction variable. Silva et al. [20] obtained good results for V
and CEC, with R2 ranging from 0.81 to 0.89, and from 0.86 to 0.87, respectively, indicating that CaO
information was the main variable for CEC prediction.

It is observed that models calibrated for CEC, pH, V, and ex-Mg (all having Ca-Kα as their main
X-variable) were influenced by the degree of the correlation with ex-Ca content (Figure 5). Therefore,
the relationship between ex-Ca on one hand, and ex-Mg, CEC, pH, and V attributes on the other, can
be explained by the lime application, a common practice in Brazilian agriculture. The lime application
promotes the neutralization of part of the soil acidity (related to H+ e Al3+) that releases negative
charges on the soil exchange complex, and then these charges are occupied by nutrients, such as Ca2+,
Mg2+ and K+ [51,52]. This soil management can increase the levels and concentration of pH, CEC, V,
ex-Ca, and ex-Mg [53], hence increasing the probability of correlations between them. Both fields in
this study received lime, explaining the strong correlations among them. However, the relationships
between CEC, V, and ex-Mg are unlikely to be temporally stable, since they are altered depending on the
soil management applied and other agronomical factors (e.g., weather conditions, crop development,
etc.). Thus, the quality of XRF prediction performance of these attributes can also oscillate between
different cropping seasons, which requires future investigations to understand the temporal stability of
the XRF models.

The results presented in this work confirmed the potential of XRF to predict key fertility attributes
in tropical soils. However, comparing results reported by different research, it becomes evident that
the performance will vary according to the characteristics presented by the sample set (e.g., mineralogy
and the interrelations between fertility attributes). Although the results of this work show satisfactory
prediction performance by combining samples from two fields with contrasting texture characteristics,
it is expected that different areas will not always have compatible sample sets (e.g., similar mineralogy).
In order to better understand and control the local and temporal variability in the sample set, affecting
the XRF performance to predict fertility attributes, future research is suggested to (i) evaluate the
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stability of models over time (e.g., in different cropping seasons), and (ii) develop a methodology to
determine fields (e.g., sample set) to be used for the best XRF prediction performance.

Recent studies have proposed the use of more sophisticated methods for modelling XRF data
(e.g., partial least squares regression (PLSR), machine learning and computational models) to deal
with the matrix effect, as well as to account for and extract hidden spectral information [32,54]. These
modelling approaches can be promising for optimizing XRF data processing, especially for modelling
datasets with a large number of soil samples. Hence, we also encourage future research that aim to
optimize the XRF data modelling, using the mentioned approaches combined with transparent data
acquisition routines for predicting fertility attributes.

4.3. Perspectives for Using XRF Sensors as a PSS Tool

Pre-programmed measurement packages are practical tools for XRF data acquisition and
processing [28]; besides that, their application is associated with a pre-established scanning time
(generally between 60 to 90 s [12]). This analysis time is quite contrasting when compared to the
analysis time of other PSS techniques. For example, apparent electrical conductivity (ECa) and
visNIRS techniques both allow a data acquisition frequency of 1Hz; hence, they are used for on-the-go
applications. Another example is the ion-selective electrodes (ISE) sensor, using ISE systems adapted
to on-the-go readings, which can operate at a data acquisition frequency of one datum every 15 s,
which is limited by its stabilization time (about 10 s) [1].

The analysis time is decisive for the application of the XRF technique in on-site operations and
in hybrid laboratories [1], it being interesting that it does not exceed 15s (the time generally used by
on-the-go ISE systems). Reducing the analysis time of XRF sensors implies reducing the accuracy
of the spectrum, due to noise increase [12]. However, fast analyses are already applied using the
µ-XRF technique, which is a variant of the XRF technique, allowing for scanning the elements over
the sample surface by employing a micrometric X-ray beam, which acquires spectra in high spatial
density (e.g., about 350 spectra per mm2) [11,55]. To make this assessment within an acceptable
time, each X-ray spectrum is scanned for a very short period (e.g., 1 to 3 s per spectrum). The XRF
data acquisition applied in this research used a scanning time of 90s for both X-ray tube conditions.
However, the implementation of this methodology is independent of the scanning time, allowing its
application under different dwell times (e.g., from 5 to 120s), which can be done only by changing
the sensor configuration. Furthermore, using this data acquisition associated with the modelling
procedure applied (MLR with selected emission lines) enables the optimization of the XRF scanning
time, which should encourage future studies to evaluate the trade-off between the dwell time and the
analytical performance for the prediction of fertility attributes.

Briefly, this research has shown that it is possible to predict soil fertility attributes using an
Rh-anode X-ray tube configured at both 15 and 35 kV, since the observed performances of both
XRF data scenarios were comparable to those presented by other studies that used pre-programmed
measurement packages [20–22,25]. Nevertheless, it is also important to mention that only tubes
configured at 35 kV have the Rh-scattering region between 18 and 23 keV, demonstrating promising
relationships with fertility attributes in some cases (e.g., for OM, as reported by Morona et al. [19]).
In addition, the procedure of data acquisition and modelling applied in this research is a simple and
transparent methodology that enables further research that seeks to optimize the XRF scanning time in
soil sample analyses. Such knowledge is important to develop new XRF sensor applications in the
context of PSS (e.g., embedding XRF sensors in mobile platforms).
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5. Conclusions

The X-ray tube configuration of an X-ray fluorescence (XRF) spectrometer affected the intensity of
the emission lines of the different elements detected. By reducing the Rh-anode X-ray tube voltage
from 35 to 15 kV and incrementing the tube current from 7 to 23 µA (designated as EL-35 and EL-15
scenarios, respectively), increases in X-ray fluorescence emission intensity were observed for the Si
and Al elements. The behavior of the Kα emission lines of K and Ca elements showed no differences
in both X-ray tube configurations tested. All other emission lines detected (namely, Ti-Kα, Mn-Kα,
Fe-Kα, Ni-Kα, and Cu-Kα) were higher at 35 kV. Emission lines of P and Mg were not detected using
any of the tested configurations.

Both XRF sensor configurations performed satisfactorily (0.61 ≤ R2
≤ 0.96) to predict clay, OM,

CEC, V, and exchangeable K, Ca, and Mg, whereas the prediction results for pH and extractable P
were unsatisfactory (R2

≤ 0.38). The different XRF tube configurations (EL-15 and EL-35), applied in a
Rh-anode X-ray tube, provided similar performances to predict all key fertility attributes evaluated.
Therefore, data from this work support that both X-ray tube configurations can be used for predicting
fertility attributes. However, it is important to note that only tubes configured at 35 kV have the
Rh-scattering region between 18 and 23 keV, which may bring useful information in some datasets.

The methodology proposed in this work based on the multiple linear regression (MLR) modelling
approach showed a comparable prediction performance to other published studies that relied on
pre-programmed measurement packages for the XRF data acquisition and processing, a procedure
that is associated with long scanning time (generally between 60 and 90 s) and is not compatible
with proximal soil sensing (PSS) applications. It is suggested to use transparent and practical data
acquisition methodologies such as reducing the XRF scanning time in order to speed up the XRF
analysis in soil samples. This will be beneficial for research communities and commercial application
in precision agriculture, soil science, and soil management, among others.
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Figure A2. Scatter plots (for the calibration set, n = 34) of measured versus predicted clay, organic
matter (OM), cation exchange capacity (CEC), pH, base saturation (V), resin-extracted (re-) P, and
exchangeable (ex-) K, Ca, and Mg (A–I, respectively), which are predicted using multiple linear
regressions (MLR). The data of EL-15 and EL-35 scenarios were represented by circles and crosses,
respectively. The coefficient of determination (R2) and residual prediction deviation (RPD) values are
presented in black and red for EL-15 and EL-35 scenarios, respectively.
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Figure A3. Behavior of the continuous spectrum emitted by the X-ray tube when modifying its voltage
(keeping the current constant) and current (keeping the voltage constant) (adapted from Bertin [56]).

Based on Figure A3, and using Equation (A1), as suggested by Taggart Jr et al. [57], the energy
of the continuous spectrum’s maximum intensity (EImax) was estimated, in keV, for each X-ray
tube configuration.

EImax = Etube/1.5, (A1)

where Etube is the maximum energy, in keV, of the continuous spectrum; in other words, that is the
energy corresponding to the voltage that the X-ray tube was configured for. The calculated EImax was
10.00 and 23.33 keV for the X-ray tube configured at 15 and 35 kV, respectively.
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