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Abstract: The matrix effect is one of the challenges to be overcome for a successful analysis of soil
samples using X-ray fluorescence (XRF) sensors. This work aimed at evaluation of a simple modeling
approach consisted of Compton normalization (CN) and multivariate regressions (e.g., multiple linear
regressions (MLR) and partial least squares regression (PLSR)) to overcome the soil matrix effect,
and subsequently improve the prediction accuracy of key soil fertility attributes. A portable XRF
was used for analyzing 102 soil samples collected from two agricultural fields with contrasting soil
matrices. Using the intensity of emission lines as input, preprocessing methods included with and
without the CN. Univariate regression models for the prediction of clay, cation exchange capacity
(CEC), and exchangeable (ex-) K and Ca were compared with the corresponding MLR models to assess
matrix effect mitigation. The MLR and PLSR models improved the prediction results of the univariate
models for both preprocessing methods, proving to be promising strategies for mitigating the matrix
effect. In turn, the CN also mitigated part of the matrix effect for ex-K, ex-Ca, and CEC predictions,
by improving the predictive performance of these elements when used in univariate and multivariate
models. The CN has not improved the prediction accuracy of clay. The prediction performances
obtained using MLR and PLSR were comparable for all evaluated attributes. The combined use of CN
with multivariate regressions (MLR or PLSR) achieved excellent prediction results for CEC (R 2 = 0.87),
ex-K (R2 ≥ 0.94), and ex-Ca (R2 ≥ 0.96), whereas clay predictions were comparable with and without
CN (0.89 ≤ R2 ≤ 0.92). We suggest using multivariate regressions (MLR or PLSR) combined with
the CN to remove the soil matrix effects and consequently result in optimal prediction results of the
studied key soil fertility attributes. The prediction performance observed for this solution showed
comparable results to the approach based on the preprogrammed measurement package tested (Geo
Exploration package, Bruker AXS, Madison, WI, USA).
Keywords: precision agriculture; proximal soil sensing; hybrid laboratories; Compton normalization;
multivariate regressions
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1. Introduction
An accurate characterization of spatiotemporal variation of soil key fertility attributes is
important for the successful implementation of precision agriculture (PA) [1]. However, the classical
mapping methods based on soil sampling followed by laboratory soil analysis is not a practical
and cost-effective approach, especially because a high spatial density sampling is required for
a reliable characterization [2,3]. The recent development of proximal soil sensing technologies enabled
a fast, cost-effective, easy-to-use, and environmentally friendly way for soil attributes mapping [4–6].
These sensing techniques overcome the disadvantage of traditional soil sampling and test methods [3,7].
X-ray fluorescence (XRF) spectrometry is a well-established bulk analytical technique to assess the
total content of several chemical elements in many different types of samples. Besides total elemental
quantification, reports demonstrated XRF as a promising sensing technology for soil fertility assessment
in the PA context [8,9]. Benchtop and portable XRF equipment are used for direct analysis of solid
samples, with minimal or no sample preparation [10]. There is an increasing interest in this technique
in recent years due to advances in engineering that have allowed the construction of robust equipment,
with reduced weight and size; hence, compatible with in situ analyses [11]. Besides, some recent works
have shown promising results for the prediction of organic matter (OM) [12], chemical attributes (base
saturation (V), cation exchange capacity (CEC), and pH) [9,13–17], exchangeable (ex-) nutrients (ex-P,
ex-K, ex-Ca, and ex-Mg) [10,16,18] and soil texture [19–21]. However, the application of XRF sensors
as a practical tool for fertility analysis on agricultural soils is still at its early stages of development and
further research are needed [18,21], particularly for developing transparent procedures and protocols
for XRF data acquisition and modeling, as discussed by Tavares et al. [22].
The majority of studies evaluating the performance of XRF sensors for practical soil analysis have
used preprogrammed measurement packages (e.g., Soil Mode (Innov-X Systems, Inc., Waltham, MA,
USA) and Geo Exploration (Bruker AXS, Madison, WI, EUA)) [13,14,16–19,23–25]. These packages
have pre-established instrumental conditions for data acquisition (e.g., X-ray tube operational settings,
scanning time, etc.) and spectral analysis (e.g., matrix effects correction, quantification based on
the fundamental parameter method, etc.), resulting in total elemental content of the soil sample.
These packages also implement solutions to mitigate the matrix effect, facilitating the use of XRF
sensors by nonexpert users [26]. However, preprogrammed measurement packages are associated
with a pre-established scanning time (e.g., generally between: 60 and 90 s) [27], which is a constraint
for the development of proximal soil sensing (PSS) applications that require rapid analysis (e.g., online
analysis using mobile platforms). In this regard, new solutions for XRF data acquisition and analysis,
avoiding the use of preprogrammed measurement packages and using the direct information of XRF
spectra, should be developed to expand the use of XRF sensors in the PSS context.
Due to the heterogeneous and complex nature, XRF analysis of soils is prone to matrix effects [26],
which refer to the influences of the different soil constituents in promoting absorptions or enhancements
of emission lines of a given analyte under consideration [28]. When the matrix effects vary significantly
between different samples that compose a dataset it must be corrected to achieve accurate predictive
models [29]. A simple and widespread method for matrix effect correction is the Compton normalization
(CN), which consists of using the Compton peak to normalize the analyte emission line [30]. As the
Compton peak intensity is inversely proportional to the average atomic mass of a sample, it may
play an important role in discriminating between different sample sets each having similar matrices.
Another alternative solution for mitigating the matrix effect is the use of multivariate statistics
approaches (e.g., multiple linear regression (MLR) or partial least squares regression (PLSR)) with
emission lines intensities and scattering peaks used as input X-variables [31]. However, models should
be established with soil samples having similar matrices to ensure the best prediction performance.
Combining CN with multivariate statistics could be the ideal transparent solution to overcome the
matrix effects and achieve the best prediction accuracy. To the best of our knowledge, no previous
studies have attempted to evaluate solutions for matrix effect mitigation by combining CN and
multivariate modeling approaches. Therefore, this work aimed at the evaluation of the combined
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effects of CN and multivariate regressions (MLR and PLSR) on the attenuation of the soil matrix effects
(using data of two fields with considerable matrix effect) and consequently improve the prediction
accuracy of key soil fertility attributes (clay, CEC, ex-K, and ex-Ca). In addition, the prediction
performance achieved with the proposed solutions was also compared to that obtained from the Geo
Exploration package (Bruker AXS, Madison, WI, EUA), a preprogrammed measurement package.
2. Materials and Methods
The different methodology steps followed in this work to fulfill the paper aim are shown by the
block diagram of Figure 1. These steps can be divided into main tasks of soil sampling, XRF and
laboratory chemical analyses, and finally spectra preprocessing and modeling. Each of these steps is
explained in detail in the following sections.

Figure 1. Framework of the methodology applied for the development of calibration models for clay,
cation exchange capacity (CEC), and exchangeable (ex-) potassium (K) calcium (Ca), and magnesium
(Mg), using portable X-ray fluorescence device (pXRF) and methods to attenuate the matrix effect.
Two scenarios of XRF data preprocessing (emission lines with (ELC) and without (EL) Compton
normalization), both using the 12 emission lines selected (Al-Kα, Si-Kα, K-Kα, Ca-Kα, Ti-Kα, Mn-Kα,
Fe-Kα, Ni-Kα, Cu-Kα, Rh-Lα Thomson, Rh-Kα Thomson, and Rh-Kα Compton), were subjected
to multiple linear regression (MLR) and partial least squares regression (PLSR) analyses. For the
ELC scenario, the fluorescence emission lines of Al-Kα, Si-Kα, K-Kα, Ca-Kα, Ti-Kα, Mn-Kα, Fe-Kα,
Ni-Kα, and Cu-Kα were normalized by the Compton peak, which was not applied for the EL scenario.
Scattering peaks were not normalized in any of the scenarios. Total contents obtained with the Geo
Exploration package (Bruker AXS, Madison, WI, USA) were also used to calibrate models for the studied
soil attributes using MLR, having their performance compared with the other calibrated models.

2.1. Soil Samples
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 in
0–20 cm depth from two different agricultural fields (Figure 2) in 2014. The fields have different soil
matrices due to considerable textural and total elemental composition dissimilarity. The samples were
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air-dried, ground, and sieved (≤2 mm). Results of laboratory fertility analysis conducted in 2014 were
used to choose samples with wide ranges of the variability of fertility attributes in both study fields
and also to evaluate its textural characteristics.

Figure 2. Location of Field 1 and Field 2 in Brazil, where the soil samples were collected.

A set of 102 soil samples were selected for this work, with 58 samples from the Field 1, having a
Lixisol [32] and located in the southeast region of Brazil, in the municipality of Piracicaba, State of
São Paulo. The remaining samples (n = 44) were from the Field 2, having a Ferralsol [32] and situated
in Brazil’s midwest region, in the municipality of Campo Novo do Parecis, State of Mato Grosso.
The samples chosen have clay and sand content varying from 175 to 511 g dm−3 and from 233 to
805 g dm−3 , respectively, a variation comprising three different textural classes of sandy loam, sand clay
loam, and clay. The selected samples for this study were again subjected to laboratory fertility analyses,
as described below in Section 2.2.
2.2. Reference Analyses
The variables clay, ex-K, ex-Ca, and CEC were determined by routine soil fertility testing conducted
in a commercial laboratory following the methods described by Van Raij et al. [33]. Clay content was
quantified by the Bouyoucos hydrometer method in dispersing solution. Exchangeable nutrients were
determined via ion exchange resin extraction. CEC was calculated as the sum of soil potential acidity
(H + Al) and the sum of bases (ex-Ca + ex-Mg + ex-K). In turn, soil potential acidity was quantified via
pH in the buffer solution method (SMP).
The pseudo total content (ptc) of K, Ca, Ti, Mn, and Fe was also analyzed following the United
States Environmental Protection Agency (USEPA) Method 3051A [34]. The ptc was used to understand
the relationship between the total and exchangeable contents of K and Ca, as well as to compare
them with their respective emission lines obtained via XRF analysis (as described in Section 2.4.).
Linear correlations were performed between exchangeable and ptc of K and Ca, as well as among
fertility attributes to better understand their interrelations.
2.3. XRF Measurements
A quantity of ten grams of soil was placed in an XRF polyethylene cup sealed on the base with
a 4 µm thick polypropylene film (n. 3520, SPEX, Metuchen, NJ, USA). Each sample was scanned in
triplicate and the sample cup was repositioned between scans; afterwards, the replicates were averaged
in one spectrum per sample for further analysis.

Agronomy 2020, 10, 787

5 of 21

A portable energy-dispersive X-ray fluorescence (ED-XRF) equipment (Tracer III-SD, Bruker AXS,
Madison, WI, EUA) was used. This instrument is equipped with a 4 W Rh X-ray tube and an X-Flash®
Peltier-cooled Silicon Drift Detector (Bruker AXS, Madison, WI, USA). The X-ray tube was configured
at 35 kV of voltage and 7 µA of current. A scanning time (dwell time) of 90 s was applied, which was
performed under atmospheric pressure and without filters. The above-mentioned XRF data acquisition
followed the procedure suggested by Tavares et al. [22]. The spectra were recorded using the Bruker
S1PXRF® software (Bruker AXS, Madison, WI, EUA). The Bayesian deconvolution process was applied
using Artax® (Bruker AXS, Madison, WI, EUA) to correct possible spectral interferences. The spectra
were evaluated and presented in counts of photons per second (cps), i.e., after being normalized by the
detector’s live time. The mean spectra of Field 1 and Field 2 are shown in Figure 3.

Figure 3. Mean of X-ray fluorescence (XRF) spectra of Field 1 and Field 2 (A). Snapshot of the emission
lines from 1.01 to 8.34 keV, focusing on the elements that presented lower XRF emission intensity
in relation to the Kα emission lines of iron (Fe) (B). Snapshot of the scattering region of Rh K-lines
(C). Counts of photons per second were abbreviated as cps.

All samples were also scanned using the Geo Exploration package (Bruker AXS, Madison, WI,
EUA). This is an empirical package calibrated with standard reference materials. The measurements
were performed in 3-phase oxide calibration which means that three different instrumental conditions
are applied, i.e., with different combinations of X-ray tube voltage and current and X-ray filters.
This package also uses a standardization tool to modify the output of a new calibration in order to
match with its type of sample matrix [35].
2.4. XRF Data Preprocessing and Related Analyses
The mean spectra of both fields were evaluated in order to select emission lines to be used as
independent variables. The selection of emission lines suggested by Tavares et al. [22] was adopted.
It consists of the following criteria: (i) the element should be commonly found in agricultural soils;
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(ii) the signal-to-noise ratio (SNR) should be higher than 10 [36], in at least one of the two fields; and (iii)
just K-lines were used, in case of elements with both K and L emission lines. Following those criteria,
12 emission lines (Al-Kα, Si-Kα, K-Kα, Ca-Kα, Ti-Kα, Mn-Kα, Fe-Kα, Ni-Kα, Cu-Kα, Rh-Lα Thomson,
Rh-Kα Thomson, and Rh-Kα Compton) were selected. Two different XRF data preprocessing methods
were applied. In the first method, designated as EL, the net intensities of the 12 emission lines were
used as X-variables, whereas in the second method, designated as ELC, the normalized intensities
of the same 12 emission lines with Compton peak were used as predictors. Scattering peaks were
not normalized in any of the two scenarios. Both preprocessing scenarios were subjected to multiple
linear regressions (MLR and PLSR), in order to assess the effectiveness of this proposed combined
solution to remove the matrix effect that exists in the current dataset and evaluate the improvement in
the prediction accuracy of the studied soil fertility attributes.
Scatter plots and regression analysis of measured pseudo total content (ptc) of K, Ca, Ti, Mn,
and Fe versus their respective Kα emission lines were presented. These five elements (namely, K,
Ca, Ti, Mn, and Fe) were analyzed since their ptc obtained via the USEPA method 3051A represent
proportional recoveries to their total contents in tropical soils [37,38]. Boxplots graphs with the intensity
of XRF lines (Al-Kα, Si-Kα, K-Kα, Ca-Kα, Ti-Kα, Mn-Kα, Fe-Kα, Ni-Kα, and Cu-Kα) with and without
CN were also shown. They were compared after being normalized by their range (e.g., the difference
between the maximum and minimum values), due to the different scales of both EL and ELC datasets.
2.5. Modeling
In order to evaluate the matrix effect on the XRF data, calibration models for the merge two-field
dataset were compared with the corresponding individual field dataset models (Field 1 dataset and
Field 2 dataset). Each of the three datasets was divided into two subsets of 70% for calibration and
30% for validation using the Kennard Stone algorithm [39]. MLR was used for the development of
calibration models for both EL and ELC scenarios of the three above-mentioned datasets. Univariate
regressions using emission lines with and without the CN were also carried out and the results were
compared with those of the MLR. Univariate calibrations were established using the emission line
that showed the greatest importance for the predictions built via MLR (presented in Table A1, in the
Appendix A). For example, for clay the Fe-Kα emission line was used; for ex-K, the K-Kα emission
line; and for both ex-Ca and CEC, the Ca-Kα emission line.
For both EL and ELC scenarios, PLSR calibration models were also developed for each of the
studied soil fertility attributes using the two-field merged dataset. The same calibration and validation
sets mentioned above were used, and the number of latent variables (nLV) was selected based on the
smallest root-mean-square error of cross-validation (RMSECV) applied by the leave-one-out technique.
The prediction performance of PLSR and MLR models calibrated with both XRF preprocessing
scenarios (EL and ELC) were compared with models calibrated using the Geo Exploration package.
The latter was calibrated for all the studied soil fertility attributes using MLR and for the contents
of Al2 O3 , SiO2 , K2 O, Ca, Ti, Mn, Fe, Ni, and Cu as input X-variables, as suggested by Weindorf
and Chakraborty [27]. The same above-mentioned calibration and validation datasets were used.
All calibrations were performed using Unscrambler® version 10.5.1 (Camo AS, Oslo, Norway).
To evaluate the performance of the calibration models developed, the coefficient of determination
(R2 ), root-mean-square error (RMSE), and the residual prediction deviation (RPD) were calculated and
compared. Four RPD classes adapted from Chang et al. [40] were used to evaluate the performance
of prediction models, namely, 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).

Agronomy 2020, 10, 787

7 of 21

3. Results
3.1. Laboratory Measured Soil Properties
Table 1 shows a summary of the descriptive statistics of fertility attributes for the calibration
and validation datasets, both having comparable ranges and SDs. This was only not the case for the
clay content of Field 1, whose clay’s SD in the validation set (24.52 g dm−3 ) is clearly lower than that
in the calibration set (44.10 g dm−3 ). It is also noteworthy that the ex-K concentration in Field 2 is
of a considerably lower range and SD than the values in Field 1, e.g., the ex-K’s SD for the Field 2
(0.43 mmolc dm−3 ) was about 4.5 times lower than that for Field 1 (1.94 mmolc dm−3 ). According to
the Brazilian soil fertility classes proposed by Van Raij [41], ex-K in Field 1 ranges from medium to
very high content, whereas it ranges from low to medium in Field 2.
Table 1. Descriptive statistics of the studied soil fertility attributes according to the calibration and
validation set used for each dataset evaluated.
Clay 1
Cal Set

Val Set

CEC 1
Cal Set

ex-K 1

Val Set

ex-Ca 1

Cal Set

Val Set

Cal Set

Val Set

1.70
5.11
10.30
1.94
37.92

2.30
5.07
7.90
1.50
29.48

27.00
49.21
78.00
12.53
25.47

28.00
47.53
75.00
13.52
28.44

0.90
1.12
2.90
0.43
38.38

0.90
1.19
2.30
0.39
33.23

8.00
17.52
43.00
7.81
44.58

8.00
15.33
38.00
7.78
50.74

0.90
3.41
10.30
2.48
72.73

0.90
3.36
7.90
2.26
67.39

8.00
35.69
78.00
19.08
53.44

8.00
33.32
75.00
19.71
59.16

2

Min
Mean
Max
SD
CV (%)

345.00
424.03
511.00
44.10
10.40

378.00
405.47
463.00
24.52
6.05

Min
Mean
Max
SD
CV (%)

175.00
255.14
328.00
45.90
17.99

175.00
239.20
328.00
51.34
21.46

Min
Mean
Max
SD
CV (%)

175.00
352.00
511.00
95.21
27.05

175.00
332.12
463.00
92.03
27.71

Field 1
62.50
93.23
138.40
21.19
22.73
Field 2 2
37.50
42.50
60.54
55.31
88.90
88.90
13.89
13.13
22.94
23.74
Two-field 2
37.50
42.50
81.75
76.50
148.90
138.40
25.86
26.14
31.63
34.17
58.90
97.52
148.90
20.93
21.46

1

The minimum (min), maximum (max), mean, and standard deviation (SD) values of clay content were given in
g dm−3 and, in mmolc dm−3 , for cation exchange capacity (CEC) and the exchangeable (ex-) contents of K and Ca.
2 The number of samples (n) used for the calibration (cal) and validation (val) sets were, respectively, 39 and 19 for
the Field 1 dataset, 29 and 15 for the Field 2 dataset, and 68 and 34 for the two-field dataset.

Pearson’s correlations between all fertility attributes, as well as between ptc and exchangeable
contents of K and Ca are shown in Table 2. For all datasets, a significant correlation exists between the
ptc and exchangeable contents of K and Ca (0.49 ≤ r ≤ 0.95). These significant correlations suggest
that all exchangeable nutrients evaluated can be inferred by their total content values assessed by XRF.
The lowest correlation was observed in Field 2 between ptc and exchangeable content of K (r = 0.49),
probably because of the low range and SD of K in this field. The highest correlation observed for all
the three datasets evaluated was between ex-Ca and CEC, with r values of 0.93, 0.70, and 0.93 for the
Field 1, Field 2, and two-field datasets, respectively. These strong correlations explain the indirect
predictions of CEC, although it has no emission lines in XRF, as reported by Tavares et al. [22].
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Table 2. Pearson’s correlation between the studied soil fertility attributes for each dataset evaluated.
Correlations between exchangeable (ex-) and pseudo total content (ptc) of potassium (K) and calcium
(Ca) are also shown.
Clay
Clay
CEC
ex-K
ex-Ca
Correl 3 with ptc

1.00

CEC 1

ex-K 2

Field 1
−0.02
−0.05
1.00
0.17
1.00
0.67 **

ex-Ca 2
0.14
0.93 **
0.03
1.00
0.83 **

Clay
1.00

CEC

ex-K

Field 2
0.31 *
0.34 *
1.00
0.01
1.00
0.49 **

ex-Ca
0.21
0.70 **
−0.01
1.00
0.95 **

Clay
1.00

CEC

ex-K

Two-field dataset
0.67 **
0.73 **
1.00
0.64**
1.00
0.90 **

ex-Ca
0.78 **
0.93 **
0.68 **
1.00
0.75 **

* 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. 1 Cation exchange capacity.
2 Exchangeables (ex-) K and Ca 3 Pearson’s coefficient of correlation (r).

3.2. Effect of Compton Normalization on XRF Data
The ptc of the elements K, Ca, Ti, Mn, and Fe were compared with their respective emission
lines in scatter plots made for two scenarios of with and without normalization by the Compton peak
(Figure 4). Only K and Ca data showed continuous values when joining both fields (Figure 4A–D).
The other elements (Ti, Mn, and Fe) presented a clear separation of data into contrasting groups,
which highlights its different soil matrices. The scatter plots also show that the dispersion of XRF
emission lines was reduced after being normalized by Compton peak, reducing its range between
the first and third quartile (Figure 5). This is true for all evaluated emission lines except for Mn-Kα,
whereas the largest rates of reductions are for the K-lines of Al, Ca, and Ni.
For both K and Ca of the two-field dataset, CN reduced dispersion, and improved the correlations
between ptc and the K-lines of K and Ca, as R2 values increased from 0.84 to 0.89 for K, and from
0.69 to 0.92, for Ca (Figure 4A–D). The contrasting ranges leading to two clear groups of data for
Ti, Mn, and Fe of the two fields resulted in an overestimation of R2 . However, for these elements,
it can be observed that CN did not lead to clear increases in the R2 values, as observed for Ca and K.
The R2 values with and without CN were similar for Fe (R2 = 0.96, shown in Figure 4I,J), and slightly
changed from 0.96 to 0.97 (Figure 4E,F) and from 0.98 to 0.97 (Figure 4G,H), for Ti and Mn, respectively.
Assessing the relationship between ptc and XRF emission lines for the Field 1 and Field 2 datasets
separately, no clear performance improvement can be observed after the CN application on K-lines
of K and Ca. Subtle performance reduction by CN for K and Ca is observed in Field 1, as R2 values
were reduced from 0.46 to 0.43, for K, and from 0.83 to 0.81, for Ca. For Field 2, the R2 values for
Ca-Kα slightly increased from 0.92 to 0.93. These results suggest a lower influence of CN on XRF data
obtained from soil samples from the same field, confirming the lower influence of the matrix effect for
individual field dataset, compared the dataset of the two fields.
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Figure 4. Scatter plots of measured pseudo total content (ptc) of potassium (K), calcium (Ca), titanium
(Ti), manganese (Mn), and iron (Fe) versus their respective K-line intensity. The scatter plots were
presented for the emission lines of both EL (on the left side, A,C,E,G,I) and ELC scenarios (on the right
side, B,D,F,H,J). The intensity of the emission lines was presented in counts per second (cps), and the
cps were normalized by Compton peak (cps*). The coefficient of determination (R2 ) of each scatter plot
was also presented. The points and R2 presented in blue, orange, and black correspond, respectively,
to the data of the Field 1, Field 2, and two-field datasets.
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Figure 5. Box plots of the K-lines intensity of aluminum (Al), silicon (Si), potassium (K), calcium (Ca),
titanium (Ti), manganese (Mn), iron (Fe), nickel (Ni), and copper (Cu; A–I, respectively) from the EL
and ELC scenarios. The counts per second were scaled (cps1 ) using their maximum and minimum
values in order to represent the intensity of both scenarios on a comparable scale.

3.3. Matrix Effect Mitigation
3.3.1. Attenuation Promoted by Compton Normalization and MLR
The scatter plots of measured versus predicted ex-K and ex-Ca are presented in Figure 6A–H for
calibrations with and without CN. For the two-field dataset, models for ex-Ca based on univariate
regressions using the Ca-Kα without CN (Figure 6E) presented poor prediction performance (RPD
= 1.39 and R2 = 0.41). This is clearly attributed to the different sample locations, confirming the
matrix effect. An explicitly better prediction performance (RPD = 3.02 and R2 = 0.89) was obtained
after CN, with points closely distributed around the 1:1 line, indicating the mitigation of part of the
matrix effect present in the two-field dataset (Figure 6F). Even better prediction performance was
observed for ex-Ca when using MLR (Figure 6G,H), with R2 and RPD values increasing from 0.91
and 3.41 for EL (Figure 6G) to 0.94 and 4.05 for ELC (Figure 6H). A similar trend with large matrix
effect can be observed for CEC (Figure 6M–P), for which the prediction results of the univariate model
improved from being of poor performance for EL (R2 = 0.35 and RPD = 1.25, Figure 6M) to reasonable
performance with ELC (R2 of 0.64 and RPD of 1.95, Figure 6N). Again MLR for CEC prediction showed
further improvement in the prediction performance of CEC (R2 ≥ 0.76 and RPD ≥ 2.07, Figure 6O,P),
with the best performance obtained after the ELC scenario (R2 = 0.82 and RPD = 2.34, Figure 6P).
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Figure 6. Scatter plots of measured versus predicted exchangeable (ex-) potassium (K; A–D) and
calcium (Ca; E–H), clay (I–L), and cation exchange capacity (CEC; M–P) obtained from univariate
regression using the K-lines without the Compton normalization (EL scenario; A,E,I,M, respectively);
univariate regression using the K-lines after the Compton normalization (ELC scenario; B,F,J,N,
respectively); multiple linear regression using all selected emission lines from the EL scenario (C,G,K,
and O, respectively); and multiple linear regression using all selected emission lines from the ELC
scenario (D,H,L,P, respectively). Models were obtained using the calibration set (n of 39, 29, and 68 for
the Field 1, Field 2, and two-field datasets) and the validation was performed by “leave-one-out” full
cross-validation. Figures of merit in blue, orange, and black correspond, respectively, to the calibrations
performed using the Field 1, Field 2, and two-field datasets.

The ex-K prediction results (R2 and RPD values of 0.89 and 3.09, respectively) with univariate
models using the K-Kα without CN did not indicate a distinguished matrix effect in the two-field
dataset (Figure 6A), which may be related to the low dispersion of ex-K in Field 2, masking the
visualization of matrix effect. However, the ex-K prediction after CN has slightly improved, with R2
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and RPD values of 0.90 and 3.26, respectively (Figure 6B). Extra performance improvement was
observed with MLR for ex-K prediction (Figure 6C,D).
Although the prediction results of clay using the univariate models were visually of good
performances (0.80 ≤ R2 ≤ 0.85 and 2.28 ≤ RPD ≤ 2.60), point dispersions far from the 1:1 line
indicating nonlinear behaviors, and consequently the clear matrix effect present in the two-field dataset
(Figure 6I,J). Even CN did not lead to overcoming the matrix effect on clay prediction, behaving
differently from the predictions for CEC, ex-K, and ex-Ca. With MLR, the clay prediction presented
a linear dispersion of points around the 1:1 line with better performance indicators (R2 = 0.92 and
RPD ≥ 3.64, Figure 6K,L). However, unlike observed for CEC, ex-K, and ex-Ca predictions, the MLR
model after ELC did not show improvement in the prediction performance of clay, compared to the
EL scenario. The observed R2 and RPD values for clay prediction using MLR were, respectively, 0.92
and 3.70, for the EL scenario (Figure 6K), and 0.92 and 3.64, for the ELC scenario (Figure 6L). Finally,
the scatter plots of measured versus predicted ex-K, ex-Ca, clay, and CEC for calibrations using PLSR
with and without CN are presented in Figure A1 (Appendix A). The PLSR models showed similar
behavior to MLR, with all models showing a linear dispersion of points around the 1:1 line, as well as
showing a slight increase in the prediction performance of ex-K, ex-Ca, and CEC for the ELC scenario
in comparison with the EL scenario.
In summary, multivariate models (MLR and PLSR) for the prediction of ex-K, ex-Ca, clay, and CEC
using both EL and ELC scenarios improved the linearity in the scatter plots, compared to the univariate
models. In turn, CN has proved to be a good solution for mitigating the matrix effect in ex-K, ex-Ca,
and CEC predictions, evidenced by increasing the predictive performance of these elements when
used in both the univariate and multivariate models. However, CN was not useful for clay prediction,
since no improvement in performance was observed in both the univariate and multivariate models.
It is also interesting to note that for predictions using individual field datasets the matrix effect
was not as perceptible as seen for the two-field dataset. For the individual field models, the predictions
with univariate regressions for EL showed a linear dispersion of points close the 1:1 line, particularly
for ex-K in Field 1 (RPD = 2.91, Figure 6A), ex-Ca prediction in Field 1 (RPD = 2.05, Figure 6E), and clay
in Field 2 (RPD = 1.43, Figure 6I).
3.3.2. Comparison Between MLR, PLSR, and the Geo Exploration Package
The results presented in Table 3 show comparable prediction performances for PLSR and MLR
for both EL and ELC scenarios, with the biggest difference observed for clay prediction with the ELC
scenario (R2 values of 0.92 and 0.89, for MLR and PLSR, respectively). Smaller differences than 0.03 of
R2 values calculated for all properties indicate that both multivariate models tested allowed correcting
the matrix effect present in the two-field dataset with comparable accuracies.
Again models developed after the CN (ELC scenario) provided subtly better prediction
performances for all soil attributes evaluated. The only exception was the PLSR model for clay,
which provided better results for the EL scenario (R2 of 0.91), compared to the ELC scenario (R2 of 0.89).
The largest improvements after ELC were observed for CEC and ex-Ca models, either with MLR or
PLSR, with an increase in R2 values for CEC of 0.04 and 0.06 and for ex-Ca of 0.04 and 0.05 for MLR and
PLSR models, respectively. All other R2 increases, when using the ELC scenario, were less than 0.04.
Finally, results achieved using the Geo Exploration package data showed R2 values comparable
to the MLR and PLSR models, with R2 values of 0.83 for CEC, 0.90 for ex-Ca, and 0.92 for clay and
ex-K. Despite that, the prediction performances achieved using the Geo Exploration package data
showed, in general, higher RMSE values. The only exception was the clay prediction, in which the
Geo Exploration package presented the best result. For the other parameters (CEC, ex-K, and ex-Ca),
the ELC models improved expressively the RMSE values. For CEC, the RMSE of PLSR-ELC model
presented 21% lower than the one achieved by the Geo Exploration package; for ex-K, the MLR-ELC
model presented a reduction of 26%; and for ex-Ca, the RMSE values of both PLSR-ELC and MLR-ELC
reduced by 33% compared to the Geo Exploration package.
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Table 3. Prediction results of the validation set (n = 34) obtained from multiple linear regressions (MLR)
and partial least squares regression (PLSR) using portable X-ray fluorescence (XRF) measured emission
lines with (ELC) and without (EL) Compton normalization. The results obtained with MLR using the
Geo Exploration package data as input X-variables were also shown.
Geo Exp. Package 3

MLR
EL

PLSR
ELC

EL

ELC

nLV 4

0.92
0.87
0.95
0.96

0.91
0.81
0.91
0.91

0.89
0.87
0.94
0.96

4
3
3
4

29.40
10.19
0.53
4.09

32.65
11.56
0.75
5.99

35.56
9.42
0.60
4.11

4
3
3
4

3.13
2.57
4.26
4.82

2.82
2.26
3.01
3.29

2.59
2.78
3.77
4.80

4
3
3
4

R2
Clay
CEC 1
ex-K 2
ex-Ca 2

0.92
0.83
0.92
0.90

Clay
CEC
ex-K
ex-Ca

27.44
11.90
0.72
6.09

Clay
CEC
ex-K
ex-Ca

3.35
2.20
3.16
3.24

0.91
0.83
0.92
0.92
RMSE
31.72
11.08
0.65
5.63
RPD
2.90
2.36
3.47
3.50

1 Cation exchange capacity; 2 exchangeable (ex-) nutrients (ex-K and ex-Ca); 3 Geo Exploration package (Bruker
AXS, Madison, WI, EUA); 4 number of latent variables used for the PLSR models calibrated for both EL and ELC
scenarios. 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 in
mmolc dm−3 for CEC, ex-K, and ex-Ca.

4. Discussion
Analyses of soil samples with heterogeneous composition using XRF sensors are subject to
the called matrix effects. The matrix effect comprises the physical and chemical properties of the
sample that influence the XRF spectra. Chemical matrix effects originate from differences in the
concentrations of the elements that compose the soil matrix (e.g., concentrations of Fe, Si, Al, etc.),
which generate interferences from absorption and/or enhancement of the fluorescence produced by the
sample [28]. The total contents of Ti, Mn, Fe, and Cu and their emission lines, are different between both
fields, confirming the matrix difference between them (Figure 4). Prediction models of the univariate
calibration using the emission lines as input without CN showed a clear nonlinear dispersion of points
around the 1:1 scatter plot line, with the samples divided into two groups according to their field
of origin, especially for clay (Figure 6I), CEC (Figure 6M), and ex-Ca (Figure 6E) models. For ex-K,
the matrix effect was less evident than the others, most probably due to the small variation range of
this element in Field 2, as above commented (Section 3.1.).
The univariate calibration of clay, ex-Ca, and ex-K, used, respectively, the emission lines of Fe-Kα,
Ca-Kα, and K-Kα; the Ca-Kα was also used for the prediction of CEC. These lines can suffer from an
absorption effect depending on the presence of elements that have an absorption edge with slightly
lower energy than their fluorescent peaks [42]. At the same time, enhancement effects may also occur
due to the presence of elements that emit XRF with slightly higher energy than the absorption edge
energy of these elements [28]. For example, Fe tends to absorb the Cu K-line, since Fe Kedge (7.11 keV)
is close in energy to the Cu-Kα (8.05 keV), enhancing the intensity of Fe-Kα (6.41 keV). At the same
time, Fe-Kα can be absorbed by the Cr, which presents Kedge at 5.99 keV, with energy slightly below
that of Fe-Kα. Regarding the K-lines of K and Ca, the same interferences may take place between
K (K-Kα = 3.31 keV and Kedge = 3.61 keV), Ar (Ar-Kα = 2.96 keV and Kedge = 3.20 keV), and Ca
(Ca-Kα = 3.69 keV and Kedge = 4.04 keV), as well as between Ca, K, and Ti (Ti-Kα = 4.51 keV and
Kedge = 4.97 keV).
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The emission lines observed in this work presented well-defined peaks (Figure 3), indicating a
low interference due to peak overlaps. However, chemical matrix effects due to spectral interferences
can occur in soil samples, especially when heavier elements (e.g., Ba, Pb, W, etc.) are present in the soil
matrix [43]. The energy of the L-lines of heavier elements occurs mainly within 0-10 keV, the region
where the K-lines of important elements for soil assessment (e.g., Ti, Cr, Fe, Co, and Ni) exist and lead
to increase the intensity of the K-lines measured by the detector [44]. Possible interference with K-Kα
(3.31 keV) is the emissions of Cd-Lβ (3.33 keV) and Ti-Kα (4.51 keV) due to fluorescence of Ba-Lα
(4.47 keV).
Solutions for matrix effect mitigation should be used to optimize the performance of prediction
models in datasets with contrasting soil matrices [45]. In this work, the use of CN combined with
multivariate regressions was tested as a potential solution to improve the prediction accuracy of
selected fertility attributes. Our results showed that CN allowed correcting part of the matrix effect
present in the two-field dataset for CEC, ex-K, and ex-Ca predictions. This is evident by comparing
the results of the univariate models using the K-lines with and without CN. Better linearity of points
scattered around the 1:1 line and greater prediction accuracy obtained after CN with RPD value
increases of 0.70 for CEC (Figure 6M,N), 0.17 for ex-K (Figure 6A,B), and 1.63 for ex-Ca (Figure 6E,F).
This was not true only for clay prediction, which may be explained by the large difference in intensity
observed for the Fe-Kα emission line of the Field 1 and Field 2 datasets (Figure 4I,J). The clay prediction
using the two-field dataset required employing MLR, which resulted in reducing the matrix effect
(Figure 6A–D) by using a multilayer of information available in XRF data and improving the prediction
accuracy of this variable. The principal variables for clay prediction were the K-lines of Fe, Ti, and Si
(Table A1, Appendix A).
It should be noted that MLR without CN was sufficient to mitigate the error caused by the matrix
effect and provide satisfactory prediction performances (R2 ≥ 0.76 and RPD ≥ 2.07) for clay, CEC, ex-K,
and ex-Ca (Figure 6). These MLR models without CN had even slightly higher prediction performances
than the corresponding univariate models after CN, with R2 value increases of 0.12 for clay (Figure 6J,K)
and CEC (Figure 6N,O), 0.06 for ex-K (Figure 6B,C), and 0.02 for ex-Ca (Figure 6F,G). This may be
explained by the fact that the multiple regressions account for emission lines of different elements
that compose the soil matrix (e.g., Si, Al, Fe, Ti, etc.), which contain more information about the
target element to be predicted than the single emission line accounted for by the univariate regression
analysis [12,46]. The MLR-ELC scenario provided the best performance for the prediction of CEC, ex-K,
and ex-Ca in the two-field dataset, reaching R2 ≥ 0.82 and RPD ≥ 2.34. The MLR-ELC outperformed
MLR-EL by increasing the R2 values by 0.06, for CEC (Figure 6O,P), 0.01, for ex-K (Figure 6C,D),
and 0.03, for ex-Ca (Figure 6G,H), while the prediction of clay remained similar in both scenarios,
achieving R2 of 0.92 (Figure 6K,L).
Multivariate models including MLR and PLSR are better solutions to exploit the hidden information
present in the spectra [31], mitigating the matrix effect while improving the prediction accuracy of
fertility attributes. Comparing the predictive performances of PLSR and MLR models, it was observed
that both performed similarly (Table 3). Panchuk et al. [31], reviewing the application of chemometric
methods to XRF data, explained that PLSR models can perform similarly to MLR models when there
are no overlaps in the emission lines selected for the models, otherwise PLSR models generally perform
better than MLR. The spectra obtained in this work presented well-resolved peaks, which explain the
similar prediction performance of MLR and PLSR models. In addition, results obtained with MLR and
PLSR models showed prediction performances comparable to the Geo Exploration package (Table 3).
These results indicate that the prediction performance of the multivariate models proposed in this
paper may achieve a similar quality to those obtained by preprogrammed measurement packages
(Table 3), and both approaches allowed the mitigation of the soil matrix effect. It is important to
emphasize that preprogrammed measurement packages generally use calibration methods capable of
correcting the matrix effect, as long as it is well-calibrated with accurate sensitivity coefficients.
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In view of our results, a simple method for matrix effect mitigation by combining CN and
multivariate models allowed a dataset of largely contrasting soil matrices, to be compatible for general
calibrations of fertility attributes using XRF sensors. In general, the different strategies evaluated in
this work can be presented in the following descending order of goodness of performance: multiple
regressions using the selected emission lines after CN (ELC scenario) ≥ multiple regressions using the
selected emission lines without CN (EC scenario) > univariate regression using emission lines after CN
> univariate regression using emission lines without CN. Therefore, for the prediction of soil fertility
attributes in datasets with the presence of matrix effect, we suggest the combined use of CN with any
of the tested multivariate models (MLR or PLSR).
Most of the works that assessed XRF for predicting soil fertility attributes have used
preprogrammed measurement packages [13,14,16–19,23–25], which use not disclosed general
algorithms to preprocess the XRF data and mitigate the matrix effect [26]. Studies use these packages
with a robust number (n ≥ 120) of soil samples reported R2 for clay prediction ranging between 0.85
and 0.97 [19,21], from 0.86 to 0.92, for CEC [14,16], from 0.67 to 0.81, for ex-K [16,18], and from 0.71
to 0.89, for ex-Ca [16,18]. The prediction accuracy for clay, CEC, ex-K, and ex-Ca observed in this
research was similar or higher (Table 3) than those reported by the above-mentioned studies. Although
preprogrammed measurement 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
flexibility regarding the XRF scanning time [22]. Furthermore, the preprogrammed measurement
packages offer total content values to be used as input for calibration models, which demand an extra
validation step to confirm that the total contents are accurately measured. In general, accuracy problems
with these routines can occur, which demands a “correction factor” that can be determined based
on the ratio of the certified concentration of standard reference material and the XRF measured
concentration [35,47,48]. In this sense, using intensity values of XRF emission lines is totally enough
for establishing the prediction models avoiding this issue, and also the nonflexible procedures related
to commercial packages (e.g., pre-established X-ray tube settings and scanning time).
Although the matrix effect presented clearly in the two-field dataset has been successfully mitigated
in this work by combining CN and multivariate regressions, more investigations are needed to confirm
that this approach can be applied for different datasets having different degrees of diversity of soil
matrices. Therefore, it is essential that future research also evaluate other types of soils with contrasting
soil characteristics that can proportionate distinct levels of chemical matrix effects, as well as evaluate
more sophisticated methods for modeling XRF data (e.g., machine learning, and computational models),
especially for calibrations involving a larger number of samples.
5. Conclusions
A portable X-ray fluorescence (XRF) sensor was used for the prediction of key soil fertility
attributes (clay, cation exchange capacity (CEC), and exchangeable (ex-) K and Ca) in soil samples
collected from two fields with contrasting soil matrices. In order to mitigate the matrix effect, solutions
using Compton normalization (CN) combined with multivariate regressions (e.g., multiple linear
regression (MLR) and partial least squares regression (PLSR)) were evaluated and compared to a
modeling approach using both univariate and multivariate regression analyses without CN. In addition,
the proposed solutions were also compared to modeling based on a preprogrammed measurement
package approach (Geo Exploration package, Bruker AXS, Madison, WI, EUA).
Results showed that models developed with emission lines without CN were clearly affected by
the matrix effect. For CEC, ex-K, and ex-Ca predictions, the matrix effect was attenuated by both CN
and multivariate regressions (PLSR or MLR). For clay prediction the matrix effect was mitigated by the
multivariate regressions only, for which CN had no effect. The prediction performances of MLR and
PLSR models were comparable for all evaluated attributes. For the two-field dataset, the combined use
of CN + multivariate regression achieved the best performances for the prediction of CEC (R2 = 0.82),
ex-K (R2 = 0.97), and ex-Ca (R2 = 0.94), whereas comparable performance was recorded for clay with
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and without CN (R2 = 0.92). Therefore, it was suggested to use multivariate regressions (MLR or PLSR)
combined with CN to predict key fertility attributes in sample sets with contrasting soil matrices.
The prediction performance observed for the solutions proposed in this work showed comparable
results to the approach based on the Geo Exploration package, as well as to previously published
works that used preprogrammed measurement packages. Moreover, the methodology applied in
this study is simple and transparent, which allows the optimization of the procedures of XRF data
acquisition, preprocessing, and modeling. Such knowledge is essential to enable more accurate and
faster XRF analysis, as well as developing new applications of XRF sensors in the context of precision
agriculture and soil science.
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Appendix A
Table A1. Importance of X-ray fluorescence (XRF) variables for the prediction of studied soil fertility
attributes on the two-field dataset, using both tested XRF scenarios, with (ELC scenario) and without
(EL scenario) applying the Compton normalization to the selected emission lines. The values presented
correspond to the t-value for each standardized coefficient obtained in the regressions calibration.
1-14
Clay
CEC 1
ex-K 2
ex-Ca 2
1

Al-Kα

Si-Kα

K-Kα

Ca-Kα

Ti-Kα

EL

−1.1

−2.4

−1.3

−0.4

−2.8

−0.5

ELC
EL
ELC
EL
ELC
EL
ELC

−0.6
−0.5
−0.3
−1.0
−0.8
−1.1
−1.3

−4.3
−0.4
−0.5
−1.0
−0.6
0.8
0.6

−1.1
1.5
1.4
19.0
22.0
1.0
1.0

−0.4
4.6
5.9
−5.8
−5.4
9.2
11.9

−2.5
2.5
3.3
−0.8
−0.1
−0.2
−0.4

−0.1
−1.6
−1.2
−2.1
−2.3
−1.8
−1.0

Ni-Kα

Cu-Kα

Rh-Lα 3

Rh-Kα 3

5.2

−1.1

−1.2

−1.2

0.1

3.1
−0.4
0.8
−1.4
−0.8
0.5
0.9

−1.2
1.3
0.9
−0.5
0.8
1.1
0.7

−1.7
−1.7
1.1
0.8
−0.8
0.0
0.9
−0.2
−0.7
−0.6
−4.4
−1.2
−0.5
−4.0
−0.9
0.6
0.8
1.5
0.5
1.3
1.5
3 Thomson scattering peaks

Mn-Kα Fe-Kα

Rh-Kα 4
−0.8
−2.5
−0.2
1.8
−2.5
−1.9
−1.3
0.1

Cation exchange capacity; 2 exchangeable (ex-) nutrients (ex-K and ex-Ca);
(Rh-Lα
and Rh-Kα); 4 Compton scattering peak (Rh-Kα). 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 color and vice versa.
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Figure A1. Scatter plots of measured versus predicted exchangeable (ex-) potassium (K; A,B),
and calcium (Ca; C,D), clay (E,F), and cation exchange capacity (CEC; G,H) obtained with partial least
squares regression (PLSR) using all selected emission lines from the EL (B,D,F,H) and ELC scenario
(A,C,E,G). Models were obtained using the calibration set (n of 39, 29, and 68 for the Field 1, Field
2, and two-field dataset) and the validation was performed by “leave-one-out” full cross-validation.
Figures of merit in blue, orange, and black correspond, respectively, to the calibrations performed using
the Field 1, Field 2, and two-field datasets.
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