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In the present work a method was proposed for the direct determination of Ca, Fe, K, and Mg and qual-
itative analysis of anthropized and cabruca soil samples from different depths (0-20 and 20-40 cm) by la-
ser-induced breakdown spectroscopy (LIBS). The LIBS instrumental parameters were evaluated using a cen-
tral composite design with a central point. The variables evaluated were as follows: delay time in five levels
(0.5, 0.7, 1.2, 1.7, and 1.9 us) and fluence at five levels (1448, 1811, 2659, 3514, and 3820 J-cm™). The best
results obtained were with a delay time of 1.2 us and fluence of 2659 J-cm™. The proposed calibration model
for Ca, Fe, K, and Mg obtained using LIBS data presented a good correlation with the reference values ob-
tained by inductively coupled plasma atomic emission spectrometry (ICP OES). In addition, multivariate
data analysis from LIBS spectra in the region of 186—1042 nm was performed using principal component
analysis (PCA). From the LIBS spectra it was possible to discriminate the different analyzed samples, show-
ing that the combination of LIBS with PCA is an excellent option for the discrimination of soils.
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IIpeonosicen memoo nenocpedcmeaennozo onpedenenus Ca, Fe, K u Mg u xauecmsennozo ananusa o06-
pasyos 08yx munog noue paziuynou enyournsvt (0-20 u 20-40 cm) memooom 1a3epHo-UHOYYUPOBAHHOU UC-
Kkposoti cnekmpockonuu (LIBS). Uncmpymenmanvuvie napamempuvt LIBS oyenenvt ¢ ucnonvsosanuem yen-
MPATLHO-KOMRO3UMHO20 NAAHA ¢ YenmpanvHot moykol. Oyenenvl credyiowue nepeMeHHble: 8peMsl 3d-
Oepoicku na namu yposusx (0.5, 0.7, 1.2, 1.7 u 1.9 mxc) u ¢puioenc na namu yposusx (1448, 1811, 2659, 3514
u 3820 [ic/cm?). Haunyuwue pesynomamot nonyyuenvl npu 6pemenu 3a0epiicku 1.2 MKC u RIomHocmu nomo-
xa 2659 Jlnc/cm?. Ipeonoacennasn karubposounas mooens ona Ca, Fe, K u Mg, nonyuennas ¢ ucnonv306a-
nuem oannvix LIBS, 0aem xopowyio xoppenayuio ¢ SmaioHHbIMU 3HAYEHUAMU, NOTYYEHHBIMU C NOMOUbIO

** Full text is published in JAS V. 87, No. 2 (http://springer.com/journal/10812) and in electronic version of ZhPS
V. 87, No. 2 (http://www.elibrary.ru/title_about.asp?id=7318; sales@elibrary.ru).
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AMOMHO-IMUCCUOHHOU CREKmpoMempuu ¢ UHOyKkmusHo-ceazannol niasmoil (ICP OES). Ilposeden muozo-
Mephblll ananus danHvix u3 cnexkmpoe LIBS 6 oonacmu 186—1042 Hm ¢ ucnonv3osanuem memooda 2naeHbix
xomnonenm (PCA). Ilo cnekmpam LIBS mooicro evidenumsv ananuzupyemvie oopasyvi. Ilokazano, umo xom-
ounayus LIBS ¢ PCA aeisemcs OmMAudHblM 8apuanmom 071 paziuyeHus noye.

Knrwouesvle cnoea: nousa, 1a3epHo-uHOYYUPOBAHHASL UCKPOBASL CNEKMPOCKONUS, XeMOMeMPULEeCKULl UH-
cmpymenm, KaueCmeeHHblIl AHAIU3, KOIUYECTNBEHHbI AHAU3.

Introduction. Soil quality and climate conditions are essential aspects for agriculture, defining charac-
teristics of the crops and the generated products. Plants and soil maintain a relationship since plants absorb
the nutrients for their development, and later, these nutrients return in the form of organic material to the
soil. The nutritional composition of the soil affects the development of the plant [1]. In this scenario, the
evaluation of nutrient concentration in soils is fundamental and can assist to ensure high productivity and the
quality of crops.

In general, analytical techniques as atomic spectrometry are used for nutrient determination in soils [2].
However, these techniques require long sample preparation in order to convert the solid material to a homo-
geneous aqueous solution [3]. In contrast to the traditional sample preparation methods, direct analysis of the
solid samples with minimal manipulation is an attractive alternative [4]. In this sense, laser-induced break-
down spectroscopy (LIBS) presents itself as an emerging analytical technique that shows great potential due
to the possibility of analysis of the sample in its original form. In addition, it permits high analytical frequen-
cy and in situ analysis, which is interesting regarding soil analysis [5].

As far assoil analysis is concerned, LIBS has been used for different purposes [6, 7]. In the study pro-
posed by Pontes et al. [8] LIBS was successfully used to classify different types of Brazilian soils (argisol,
latosol, and nitosol). Ferreira et al. [9] determined Ba, Co, Cu, Mn, Ni, V, and Zn in two types of soils for
studies related to sustainability, in which sewage sludge was applied as a fertilizer. In another study, Ferreira
et al. [10] evaluated the humification degree of soil organic matter. Nicolodelli et al. [11] determined carbon
content in soil samples from the Amazon region. On the other hand, Villas-Boas et al. [12] expanded the
application of LIBS to soil texture analysis.

In a recent study, Zaytev et al. [13] determined Pb in soils using principal component regression (PCR)
as a strategy for calibration. Ruhlmann et al. [14] quantified Ca in soils, comparing univariate and multivari-
ate calibration strategies. The multivariate approach using partial least squares regression (PLSR) showed
the best results.

Together with the LIBS applications, chemometric tools are used for the interpretation of its data [15].
Among the main chemometric tools used in LIBS, those related to multivariate optimization, as factorial
design, Doehlert design, and central composite design, are the most used [16, 17]. These tools are employed
to optimize the instrumental conditions of LIBS, such as delay time, spot size, and laser pulse fluence. An-
other chemometric tool widely used in LIBS is multivariate data analysis. This tool is increasingly applied to
extract information from the vast amount of spectral data in LIBS. In particular, principal component analy-
sis (PCA) is a multivariate exploratory data analysis most commonly employed in LIBS [15]. LIBS in com-
bination with PCA has been applied for unsupervised classification of polymers [18], sediments [19], lea-
ther [20], and fertilizers [21]. The goal of this study is to develop a simple and fast method for the direct
analysis of soil samples from different depths using LIBS for the determination of nutrients (Ca, Fe, K,
and Mg), and qualitative analysis using PCA.

Experimental. Instrumentation. LIBS spectra were obtained using a J200 LIBS system (Applied Spec-
tra, Fremont, CA, USA) controlled by Axiom 2.5 software (Applied Spectra). This instrument consists of a
1064 nm Nd:YAG laser and a 6-channel charge-coupled device (CCD) spectrometer recording spectral in-
formation from 186 to 1,042 nm. Channel 1 goes from 186 to 309 nm, channel 2 from 309 to 460 nm, chan-
nel 3 from 460 to 588 nm, channel 4 from 588 to 692 nm, channel 5 from 692 to 884 nm, and channel 6 from
884 to 1042 nm. The spectral resolution is <0.1 nm from UV to Vis and <0.12 nm from Vis to near infrared
(NIR). Axiom 2.5 software from the same manufacturer controlled the operational parameters of the equip-
ment. These parameters were the laser pulse energy, ranging from 0 to 100 mJ, the delay time, which is the
time interval between the incidence of the laser pulse and the start of signal recording by the spectrometer,
ranging from 0 to 2 s, and the spot size (diameter of the laser beam), ranging from 50 to 250 pm. Axiom
2.5 software also manages the movement of the sample, assisted by an automated XYZ stage and a
1280x1024 complementary metal-oxide semiconductor (CMOS) color camera imaging system. At 1.05 ms,
the software establishes the gate width, which is the time the spectrometer registers the emission signals.
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Inductively coupled plasma optical emission spectrometry (ICP OES) (iCAP 7000, Thermo Scientific,
Waltham, MA, USA) was used as a comparative technique for the determination of Ca, Fe, K, and Mg. Ar-
gon gas (99.996%, White Martins-Praxair, Sertdozinho, SP, Brazil) was used to generate the plasma in all
ICP OES measurements. The instrumental conditions were established as the manufacturer recommenda-
tions: power (1.2 kW), plasma gas flow (15.0 L/min), auxiliary gas flow (1.5 L/min), nebulizer gas flow
(0.7 L/min), and sample introduction flow rate (2.1 ml/min). The elements and the emission lines monitored
were Ca (317.933 nm), Fe (283.204 nm), K (766.465 nm), and Mg (280.270 nm).

Reagents and solutions. All solutions employed in the comparative ICP OES determinations were pre-
pared using ultrapure water (18.2 MQ cm resistivity) produced by a Milli-Q® Plus Total Water System
(Millipore Corp., Bedford, MA, USA). Nitric acid (HNO3), previously purified using a sub-boiling distilla-
tion system Distillacid™ BSB-939-IR (Berghof, Eningen, Germany), was used for the extractions of the
analytes. All glassware and polypropylene flasks were washed with soap, soaked in 10% v/v HNO; for 24 h,
and rinsed with deionized water prior to use. The multi-element standard solutions were prepared daily by
appropriate dilution of 1000 mg/L Ca, Fe, K, and Mg stock solutions (Qhemis, Jundiai, SP, Brazil) and used
for construction of the calibration curves.

Sampling and samples. Soil samples were obtained in two distinct areas: (i) the soils from the first area
are from the “cabruca” system, where cocoa is grown in consortium with the Atlantic Forest. (ii) the soils
from the second area are derived from an “anthropized” system, where the soil is continuously removed by
plowing. A total of sixteen samples was collected: 0-20 ¢cm and 20—40 cm. For the soils of the “cabruca”
system, four samples in depths of 0-20 cm (C1, C2, C3, and C4) and four samples in depths of 2040 cm
(C5, C6, C7, and C8) were collected. For the soils of the “anthropized system,” four samples in depths of
0-20 cm (A1, A2, A3, and A4) and four samples in depths of 2040 cm (AS, A6, A7, and A8) were also
collected.

Sample preparation for determination by ICP OES. ICP OES was used as a comparative technique to
evaluate the accuracy of the LIBS proposed method. Calcium, Fe, K, and Mg were determined in soils after
acid extraction of the samples. The analyte extractions were based on the method recommended by Brazilian
legislation that follows the protocol established by the USA environmental agency, EPA 3051 [22, 23]. Ap-
proximately 200 mg of the sample was directly weighed in Teflon-PFA digestion vessels followed by the
addition of 10 mL of 65% v/v HNOj;. The following microwave heating program was applied: (1) 5 min to
reach 120°C; (2) 5 min hold at 120°C; (3) 5 min to reach 175°C, and (4) 10 min hold at 175 °C. The temper-
ature was controlled by an infrared temperature sensor. After the extractions, the solutions were transferred
to volumetric flasks, and high-purity water was added to achieve a total volume of 50 mL. In order to evalu-
ate the accuracy of the extraction procedure, NIST CRM 2709 (San Joaquim soil) was submitted to the same
procedure.

Multivariate optimization of LIBS parameters. Four soil samples (A1, A5, C1, and C5) were used to op-
timize the instrumental conditions used in the LIBS analysis. Approximately 250 mg of each sample was
accurately weighed using an analytical balance (model AY 220, Shimadzu, Kyoto, Japan), and then pressed
for 2 min under 80 kN to form pellets with a 12 mm diameter. The LIBS instrumental parameters were eval-
uated using a central composite design [24] with a central point. Four soils samples in pellets (A1, AS, C1,
and C5) were used to optimize the instrumental conditions used in the LIBS analysis. The variables evaluat-
ed were as follows: laser pulse fluence (FL) at five levels (1448, 1811, 2659, 3514, and 3820 J/cm?) and de-
lay time (DT) in five levels (0.5, 0.7, 1.2, 1.7, and 1.9 ps). These values were selected taking into account the
experimental range that can be modified in the LIBS instrument. For each pellet, three authentic replicates
were prepared and approximately 400 spectra were obtained at different regions of the samples. These spec-
tra were obtained in 10 lines, and in each one approximately 40 laser pulses were obtained. The following
additional laser settings were used: a scan length of 8 mm, a laser repetition rate of 5.0 Hz, and a speed of
1.0 mm/s.

As a response to the central composite design, the area, height, and signal-to-background ratios (SBR)
were evaluated using the most intense emission lines for Ca, Fe, K, and Mg. Each response was converted
into values between 0 and 1 indicating an undesired and desired response, respectively. The individual desir-
ability was combined into one single response (OD, overall desirability) [25]. Moreover, twelve signal nor-
malization modes [20] were employed for data processing, and each mode was tested by an analysis of the
pure error sum of squares (PESS). After the selection of the normalization mode, the best experimental con-
dition was identified from high OD values.
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Data collection and analytical parameters for the proposed method. Matlab software version 2018a
(Mathworks, Natick, MA, USA) and two homemade routines were used for preliminary data inspection. The
first routine, libs_treat, was applied to perform a visual data inspection and verify the presence of eventual
outliers in the spectra. In this case, for each sample (rows in the data matrix), the standard deviation, area,
maximum, and Euclidean norm were calculated. After this visual inspection we observed the individual
spectrum to see what the problem was and after this confirmation, the spectrum was excluded from the orig-
inal dataset. Afterwards, 12 normalization modes were calculated. This process was required because LIBS
spectra were sensitive to several potential problems, including variations in the sample surface, the stability
of the laser, and the interaction between the laser and the sample. The second routine, libs_par, was applied
after normalization by libs_treat. LIBS par enables the calculation of signal-to-background ratio (SBR) and
both signal area and the height for a specified emission line. To use this routine, it is necessary to establish
the emission line interval that contains the background and the signal [16, 26].

The efficiency of these normalizations was assessed during the optimization of the instrumental condi-
tions of the LIBS system, observing the lowest PESS and for the proposition of calibration models using the
lowest standard error of calibration (SEC). Additionally, the LIBS spectra were used for qualitative analysis
of the soil samples. The multivariate data analysis was performed employing PCA to evaluate the relation-
ship among emission lines and the samples. To achieve this, PCA was applied to the generated data matrix
(16x12,288) with the samples organized in rows and emission lines (variables) in columns.

The limits of detection (LOD) and quantification (LOQ) were calculated according to three- and tenfold
the standard deviation of the background noise, measured in the surroundings of the selected emission lines
(Ca 1T 393.36, Fe II 259.94, K 1 766.49, and Mg II 279.55), respectively, divided by the sensitivity of the
calibration models proposed. In addition, the values of the standard of error validation (SEV) were also ob-
tained.

Results and discussion. Multivariate optimization of LIBS parameters. Due to the interaction of elec-
tromagnetic radiation with matter, several phenomena occurred when the laser beam reached the sample sur-
face. The laser sample interaction is extremely dependent on the sample matrix, surface, and analyte homo-
geneity. In addition, microplasma formation can be affected by the laser operating conditions (i.e., laser
pulse energy, fluence, and duration), and the radiation emission characteristic of the species presented in this
plasma (ions and molecules) can be influenced by instrumental parameters, such as delay time, gate width,
amplification detector gain, and emission line selection. In this context, the instrumental parameters of the
instrument must be optimized in order to minimize undesired effects during the analyzes [27].

In this sense, the instrumental conditions of the LIBS were studied in detail. Four soil samples (A1, AS,
C1, and C5) and a central composite design were employed to evaluate the data. As a response to the central
composite design, individual desirability values were obtained from the signal area, height, and SBR using
the most intense emission line. In this case, each response was coded from 0 (undesired response; the lowest
area, height, and SBR) to 1 (desired response; the highest area, height, and SBR). Therefore, the individual
desirability values were combined into a single response using the geometric mean (OD, overall desirabil-
ity). This process was repeated for each normalization, the regression models were calculated, and the first
statistical parameter inspection was performed observing the PESS. The PESS reflects the aleatory error, and
a suitable model should have a negligible error.

The normalizations evaluated were: (norm_1) the average of all the spectra; (norm_2) signal normaliza-
tion by the norm, then, the average over all the spectra; (norm_3) signal normalization by the area, then, the
average over all the spectra; (norm_4) signal normalization by the highest signal, then, the average over all
the spectra; (norm_5) the sum of all spectra; (norm_6) signal normalization by the norm, then, the sum over
all spectra; (norm_7) signal normalization by the area, then, the sum over all the spectra; (norm_8) signal
normalization by the highest signal, then, the sum over all the spectra; (norm_9) signal normalization by the
C I 193.09 nm emission line, then, the average over all the spectra; (norm_10) signal normalization
by the C I 193.09 nm emission line, then, the sum over all the spectra; (norm_11) signal normalization
by the C I 247.85 nm emission line, then, the average over all the spectra; (norm_12) signal normalization
by the C I 247.85 nm emission line, then, the sum over all the spectra [16, 26].

Figure 1 shows the PESS values obtained after the application of the 12 normalization modes. It is pos-
sible to observe that normalization 9 (norm_9) presents the lowest PESS value, being selected to identify the
best experimental conditions. When compared with normalization 1 (only average of the signals), normaliza-
tion 9 provided a 5-fold reduction of the aleatory error. These normalizations were tested to compensate for
signal variations (area or height) and the sample matrix differences during data acquisition.
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Fig. 1. Sum of Squares of pure error (SSPE) as a function of the 12 normalizations modes.

Table 1 presents the operating conditions for all the experiments performed, i.e., the eleven experiments
that correspond to the selected experimental design, including triplicate at the central point. In addition, the
responses in function of the OD using norm 9 are also shown. Subsequently a model was calculated, and
analysis of variance (ANOVA) was applied to evaluate the lack of fit of the obtained models. After ANOVA
table evaluation, six coefficients b0 (constant), bl (FL), b2 (DT), b11 (FL)?, b22 (DT)?, and b12 (DTxFL)
were calculated; the coefficients bl, b2, bl1, and b12 were not significant at the 95% confidence level. Thus,
the nonsignificant coefficients were removed, and the model was calculated again. The new model was sta-
tistically significant, by comparing the mean square of regression (MSR) and mean square of residue (MSr),
the F_calculated (30.65) being 6-fold higher than the F_tabulated (5.12) at the 95% confidence level. On the
other hand, the proposed model presented a lack of fit because the F_calculated (35.95) for the ratio between
the Mean square of the lack of fit (MSlof) and the Mean Square of the pure error (MSpe) was higher than the
value of F_tabulated (19.37) at the 95% confidence level. Although the model shows a lack of fit, this aspect
does not compromise the results.

TABLE 1. Matrix of Central Composite Design with the Variables Evaluated for LIBS
and Results Obtained from Overall Desirability (OD)

Experiment Variables OD
Fluence, FL (J/cm?) | Delay time, DT (us)
1 1811 0.7 0
2 3514 0.7 0.15
3 1811 1.7 0
4 3514 1.7 0.09
5 (CP) 2699 12 0.47
6 (CP) 2699 1.2 0.43
7 (CP) 2699 12 0.45
8 1448 1.2 0.36
9 3820 1.2 0.26
10 2699 0.5 0
11 2699 1.9 0

Equation (1) presents the obtained regression model with the significant coefficients and their confi-
dence intervals at a confidence level of 95%, calculated as a function of OD, where b0 is a constant and b22
(DT)? is the delay time:

OD = 0.445 +0.272 — 0.246 £ 0.198 (DT)*. 1)



ABSTRACTS ENGLISH-LANGUAGE ARTICLES 348-6

As b0 was 0.445, this means that when both variables (FL and DT) are fixed at the central point, 0 and 0
(experiments 5, 6, and 7 at Table 1), an OD of around 0.4 can be obtained.

Negative signals in the quadratic coefficients for (DT)? show that there is a condition where a maximum
exists. Fluency (b1) was not a significant variable, which means any condition in the experimental domain
studied is adequate. After the model calculation, it is possible to choose the conditions of commitment to the
variables studied. According to the high OD values presented in Table 1, the appropriate conditions are in
the central point, which corresponds to a delay time of 1.2 ps and fluence of 2699 J/cm?.

Calibration models. The calibration models were obtained using the reference values from ICP OES. As
mentioned in the experimental section, a reference sample (NIST CRM 2709, San Joaquim Soil) was used in
order to verify the accuracy of the proposed procedure for sample preparation and ICP OES determinations.
After comparing the certified and determined values, a statistical evaluation was performed using unpaired
Student #-test, and no significant difference between those values was observed at a 95% confidence level.

As the calibration strategy, matrix-matching calibration was used. For this strategy, a set of samples
with concentrations determined by a reference technique, or certified reference materials, is used as solid
calibration standards. One of the main advantages of the matrix-matching is that matrix effects can be mini-
mized when the physical properties of the calibration standards are similar to the characteristics of the sam-
ples [28]. In this sense, the calibration models proposed for Ca, Fe, K, and Mg were obtained from 8 samples
for the calibration set and 8 samples for the validation set.

In the case of quantitative analysis, LIBS has been criticized for producing less precise results than con-
ventional atomic spectrometry techniques. To overcome these limitations, the use of normalizations strate-
gies for the emission spectra has been reported in the literature [16—18]. In this sense, the raw spectra were
submitted to twelve different normalization modes. These normalizations modes were assessed for several
emission lines, and the best combination between the normalizations and the signals were selected according
to the lowest SEC. The monitored emission lines (nm) were, for Ca: 11 314.88, 11 316.84, 11 317.93, 1II
393.36, 11 422.67, 1 527.05, 1 643.90, 1 643.25, and 1 649.37 nm; for Fe: 11 259.94, 11 273.95, 11 274.74, 11
274.94,275.57, 11 238.20; for K: 1 766.49 and 1 769.89; and for Mg: 11 279.55, 11 280.27, 1 285.21, I 383.23,
1383.82, and I 518.36. These chosen using the Aurora software (Applied Spectra). It is necessary to evaluate
several emission lines because the spectra generated via LIBS can have different spectral interferences for
each analyte, and in addition, emission lines with lower signal intensity may give the best results [29].

After data normalizations, values of area and height were calculated for Ca, Fe, K, and Mg. The combi-
nation between the selected emission line (nm) for Ca I1 393.36, Fe I 259.94, K 1 766.49, and Mg II 279.55
using the area and height with the normalization mode that resulted in the lowest SEC are shown in Table 2.
As can be observed, the SEC values for Ca, Fe, K, and Mg are statistically similar for all normalization
modes. Thus, norm_5 (the sum of all the spectra) using the height for Ca, Fe, and Mg and the area for K was
selected. Furthermore, the proposed models developed for LIBS gave about a 5-fold lower SEC compared to
the samples with the lowest concentrations.

TABLE 2. Standard Error of Calibration (SEC) (mg/kg) using the Normalization Modes Proposed
as Functions of Area and Height for Ca, Fe, K, and Mg

Normalization Ca Fe K Mg
Area | Height | Area | Height | Area | Height | Area | Height
Norm_1 204 184 4646 4363 273 314 95 96
Norm_2 218 212 5685 5378 301 344 126 116
Norm_3 211 205 5368 5101 293 337 117 108
Norm_4 219 210 6216 5798 324 368 123 114
Norm_5 205 185 4675 4388 273 314 95 96
Norm_6 218 212 5683 5373 300 343 125 116
Norm_7 211 205 5371 5100 291 336 116 108
Norm_8§ 219 209 6204 5784 322 367 122 113
Norm_9 259 239 4652 4084 248 299 118 127
Norm_10 260 240 4701 4134 246 298 118 127
Norm_11 253 235 3773 3501 264 295 121 128
Norm 12 254 235 3790 3512 263 294 120 129
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Calibration models calculated for Ca, Fe, K, and Mg were prepared and evaluated using the validation
data set. It was not possible to use a single set of calibration and validation because the concentrations range
for elements vary greatly among the samples. Figure 2 present the reference and predicted concentrations for
the calibration and validation data sets for the Ca. A good concordance was observed between both values
obtained by ICP OES (reference values, squares) and the concentrations predicted by LIBS (circles)™ . In
addition, it is possible to observe that the trueness for the calibration and validation data sets are in the range
of 80—126%, confirming the good predictability of the proposed models (see bars). The trueness range (80-
120%) is represented by the red line in the graph bars. The good trueness obtained demonstrate that the strat-
egy of using the set of samples to propose the calibration models minimizes possible matrix effects. Several
analytical parameters including the SEC, SEV, LOD, and LOQ were obtained. The SEC values were 185,
4839, 286, 95 (mg/kg); SEV were 190, 4188, 291, and 98 (mg/kg); LOD were 14, 16, 25, and 19 (mg/kg);
and LOQ were 48, 55, 85, and 65 (mg/kg) for Ca, Fe, K, and Mg, respectively.
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Fig. 2. Reference versus predicted concentrations for (a) calibration and (b) validation models for Ca,
and trueness (%). The numbers presented inside the bars are the average and standard deviation
of the predicted concentrations.

Multivariate data analysis using LIBS spectra. Multivariate data analysis from LIBS spectra in the re-
gion of 186—1042 nm for anthropized (A) and cabruca (C) soil samples from different depths (0-20 and
20—40 cm) was performed using PCA. In the PCA, data are projected into smaller matrices from the original
data matrix by scores (samples) and loadings (variables). The scores show the distribution of the samples,
and the loadings, the importance of the variables [30]. A data matrix of 16x12.288 (samples vs variables),
after the data processing, generated four new principal components (PCs) PC1, PC2, PC3, and PC4, each
one explaining 87.7, 6.5, 3.3, and 1.4%, respectively, of the total variability of the data.

Figure 3a shows the score plot of PC1xPC4, in which it is possible to observe four distinct clusters
(Al to A4; AS to AS8; C1 to C4 and C5 to C8) among the samples. Additionally, an ellipse with a 95% confi-
dence interval was applied in PCA score plots, showing that the samples are within the 95% confidence lim-
it. Figures 3b,c show the loadings for PC1 and PC4.

The clustering formed by samples Al to A4 is dispersed in both PC1 and PC4. In PC1 two samples are
on the positive side and two on the negative side, and the same behavior can be seen in PC4. The two sam-
ples that are on the positive side of PC1 and PC4 have high correlation with K, Mg, and Na, whereas the
other two samples that are in the negative part of PC1 and PC4 have a correlation with Fe, Si and Ti. In PC1,
the clustering formed by the samples AS to A8 is influenced by K with positive loading values. In PC4,
it is possible to verify positive clustering formed by the samples C1 to C4 and negative clustering formed

stk

The results for the other analytes (K, Mg, and Na) can be obtained from authors.
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Fig. 3. Scores (a) and loadings for PC1 (b) and PC4 (c).

by the samples C5 to C8. Correlating Fig. 3a (scores) with Figs. 3b,c it is possible to observe that samples
C1 to C4 present positive loading values for K, Mg, and Na, and samples C5 to C8 present negative loading
values for Fe, Si, and Ti. From these results, it is concluded that the combination of LIBS analysis with PCA
is an excellent option for the discrimination of soils.

Conclusions. The proposed method is fast and suitable for implementation in the direct determination
of Ca, Fe, K, and Mg in soils. The normalization process of the raw data plays an important role in the quali-
ty of the results. The proposed models presented high prediction rates for the concentrations of Ca, Fe, K,
and Mg with low SEC and LOD for calibration models. One of the advantages of the calibration models de-
veloped using samples as calibration standards is its matrix-matching capability. In addition, LIBS is ade-
quate to discriminate the soil types studied. The use of PCA was fundamental for qualitative data interpreta-
tion. The analytical frequency of the proposed method is approximately 25 samples per hour, and the pro-
posed method is environmentally friendly as fewer reagents, such as acids and solvents, are used, thus reduc-
ing waste.
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