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1. Introduction

Assessing the performance of handheld LIBS for
predicting soil organic carbon and texture in
European soilst

Alex Wangeci, @ *2 Maria Knadel, ©° Olga De Pascale,® Mogens H. Greve?
and Giorgio S. Senesi @ *<

Laser-induced breakdown spectroscopy (LIBS) has contributed to the advanced and rapid determination of
soil properties including soil organic carbon (SOC) and texture. Recent developments of commercial
handheld LIBS (hLIBS) have allowed the use of the technique directly in the field. However, to date, the
performance of hLIBS on different types of soils covering wide geographical distributions has not been
evaluated. In this study, a total of 305 soil samples covering a continental scale were used to assess the
repeatability and reproducibility of LIBS data acquired using a commercially available hLIBS instrument.
Furthermore, the performance of the prediction models for SOC and texture was evaluated based on the
prediction error. The repeatability and reproducibility of LIBS data were evaluated based on the relative
standard deviation (RSD) for measurements performed under similar and different environmental
conditions (temperature and humidity). First, the RSD of the signal ratios and the predicted values for soil
properties under investigation were calculated. Then, the prediction accuracy of the various soil
properties was compared based on the standardized root mean error of prediction (SRMSEP) and the
ratio of performance to interquartile distance (RPIQ). The signal ratios assessed using the C, Si, Ca, and K
LIBS emission lines achieved a repeatability of 4-9% and a reproducibility of 7-10%, whereas the
repeatability and reproducibility for predicting SOC and texture were <25%. The prediction of sand
content exhibited the lowest error (SRMSEP = 0.14) followed by clay and silt (SRMSEP = 0.15), and then
SOC (SRMSEP = 0.16). The results of this work underscore the promising potential of hLIBS for large-
scale SOC and texture determination, with the opportunity to enhance the prediction accuracy by
integrating soil mineralogy information for soil classification before applying the modeling process.

soil management, such as fertilizer application, tillage, irriga-
tion, and other agronomic interventions.* Unlike texture, which

Soil organic carbon (SOC) and texture are important soil prop-
erties exerting a critical influence on sustainability and soil
management for improved crop productivity. On a global scale,
approximately 1.5 x 10" kg of organic C is stored in the top
meter of the soil layer, representing approximately three times
the C in the aboveground biomass and two times atmospheric C
(as CO,)."* The SOC content in the upper 10 to 20 cm is often
used as an indicator of soil quality and productivity for fertil-
ization and soil management recommendations.® Soil texture is
an important physical parameter that has direct implications in
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is a relatively stable soil property i.e., it does not change over
time, SOC has been shown to fluctuate especially depending on
human activities.®* Due to the increasing need of accurate
agronomic interventions and related fundamental research,
these critical soil quality indicators are continually tested
involving field sampling and laboratory analyses that are costly,
lengthy, and unfriendly to the environment. Moreover, due to
the increased demand for spatially resolved soil information, it
is challenging to scale laboratory tests to achieve a reasonable
turn-around-time.

Nowadays, various spectroscopic techniques showing the
potential to bridge the gap between cost, accuracy, and speed
are used for soil analyses.*” Advances of digital soil mapping
have led to increased demand for remote and adaptable field
sensors to monitor multiple soil properties, including SOC and
texture at local, regional, national, continental, and even global
scales.® Furthermore, the commercial availability of portable,
mobile, and handheld analytical instruments has made it
possible to perform field measurements directly in the field by
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“taking the laboratory to the sample”. Although laboratory
analytical methods are more accurate as compared to proximal
on-site analysis, they often cannot fully respond to the growing
demand for soil analysis, especially at national and continental
scales.

Among various spectroscopic techniques available nowa-
days, laser-induced breakdown spectroscopy (LIBS) has shown
to be a very promising analytical technique for the measure-
ment of the elemental composition, nutrients, and heavy metal
contaminants in agricultural samples, including fertilizers,
plants, and soils.”'® Furthermore, in recent years, the
commercial availability of handheld (h) LIBS has offered greater
flexibility and widened the range of LIBS applications also for
soil analysis.' Although the accuracy of the hLIBS is subject to
various instrumental and sample factors, and may not match
that of laboratory or benchtop LIBS," its portability allows
direct field and rapid acquisition of preliminary data that can
then be used as a pre-screening step before an in-depth and
detailed laboratory analysis.'* However, several studies have
reported comparable performance of portable and laboratory
LIBS setups. For instance, Wainner et al.'* reported that the
analysis of lead was similar regardless of the instrument used
(portable or laboratory LIBS setup). Several studies have
assessed the quantification of soil carbon™™® using portable
LIBS systems while others have focused on soil nutrients and
heavy metals.’***** To the best of our knowledge, hLIBS has
been used in only one study' to investigate texture and other
properties of a local dataset of soil samples in a field in
Germany.

The major well-known challenge in the quantification of soil
properties by LIBS is ascribed to the so-called matrix effects,
which consist in changes of the intensity of emission lines of
specific elements in the analyzed samples due to the variation of
physical properties, e.g., surface roughness due to different
particle sizes, and/or chemical composition,”® so that the
sensitivity, repeatability and precision of the analysis are
negatively affected.* Although most matrix effects related to the
sample can be controlled by optimized preparation steps such
as drying, sieving, milling, and pelletizing, environmental
factors (e.g., temperature and humidity) are difficult to control,
but can be monitored. The stability of LIBS analysis, which is
mostly evaluated by its repeatability, is critical as it influences
data accuracy and precision.** Generally, the precision of soil
analysis is impacted by the complex interaction between the soil
and the laser, which is related to both laser features and the
physical and chemical properties of the analyzed soil.*® In
particular, the largest contributor to the low repeatability of the
LIBS signal is ascribed to the inherent soil heterogeneity."

To enhance the performance of hLIBS analysis, it is essential
to improve its ruggedness, stability, and reliability for different
soil types.'™ However, the repeatability and reproducibility of
LIBS, in terms of the variation of predicted values for soil
properties, have not been extensively studied, as most previous
studies have only focused on the signal intensity and variability
for selected emission lines.'***?® In particular, Ebinger et al.*®
investigated the reproducibility of the calibration curve for
measurements carried out over 30 days using the ratio between
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the C 193.09 nm emission line and the sum of Al 199.05 nm and
Si 212.41 nm emission lines. The authors achieved a coefficient
of determination (R®) (calibration) of 0.99 and concluded that
there was no significant difference between the slopes of the
calibration curves during the 30 day period. Cunat et al.> re-
ported a precision and accuracy of respectively 8% and 14% for
the analysis of Pb in homogeneous soils using a portable LIBS.
Xu et al.”® used selected emission lines from C, N, K, Ca, Mg, and
Si to investigate the effect of the shot layer and number of shots
on LIBS data quality based on the relative standard deviation
(RSD) of the selected spectral lines, which ranged from 30% to
45%. To improve the overall robustness and accuracy of LIBS
analysis, normalization of the spectra coupled with calibration
and prediction modeling, commonly referred to as multivariate
data analysis, should be applied. In particular, partial least
squares regression (PLSR)* is a widely applied multivariate data
analysis approach for treating LIBS spectral data, especially in
investigations where large datasets are involved.**** This
method considers the whole spectrum of a heterogeneous
material such as soil; thus it takes into account matrix effects,
thus improving the accuracy and repeatability of quantitative
analysis.”” In general, the influence of matrix effects on the
quantification of soil properties by LIBS is more apparent when
a wide range of different soil types are analyzed, which is due to
the corresponding complexity of their physical and chemical
properties.***

Based on the issues considered above, this work aimed to
evaluate the performance and robustness of the hLIBS tech-
nique in addressing the existing lack of large-scale studies on
the prediction of key soil properties. In particular, the main
objectives of this study were to: (a) assess the repeatability and
reproducibility of the LIBS data achieved using a commercial
hLIBS instrument in predicting the SOC content and texture of
a wide range of soil types sampled at a continental scale from 21
European countries, and covering a wide geographical and
textural distribution under similar and variable environmental
conditions; and (b) develop and evaluate the performance of
prediction models on the basis of the prediction accuracy ach-
ieved for SOC and texture.

2. Materials and methods

2.1. Soil samples and analysis

The topsoil samples (0-20 cm) used in this work were provided
from the Land Use/Cover Area frame Survey (LUCAS) database
that consists of a large collection of soils sampled from 21
European countries during the 2015 sampling campaign
(Fig. S17). A selection of 896 samples used in a previous study**®
was implemented by a conditioned Latin hypercube sampling
(cLHS) optimized-stratified strategy (in R) that uses the texture,
the coordinates, and the number of points per country as
criteria to assign a chance of selection to each sample.’” Then,
the 305 samples used in this work were selected based on
criteria that excluded samples featuring a P concentration
(extractable P) below the reference method detection limit
(<10 mg kg™"), a pH > 6.2, and a SOC > 20% or below the
reference method detection limit (<0.2%).

This journal is © The Royal Society of Chemistry 2024
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A detailed description of the sampling methodology can be
found in the study by Orgiazzi et al.*® and Jones et al.*® The list of
countries and the number of samples selected per country are
reported in Table S1.f To ensure uniformity in terms of
geographical coverage between the calibration and validation
sample sets, the 305 samples were first sorted according to the
country of origin, and then every third sample, one was selected
for inclusion in the validation set so that it comprised 102
samples, whereas the 203 remaining samples were used for
calibration.

All samples were air-dried, sieved to <2 mm, and stored away
from light to avoid any physical or chemical changes over time.
The soil texture (clay, silt, and sand percentages) was determined
by laser diffraction according to the International Organization
for Standardization (ISO) procedure number 13320:2009.* The
total carbon content was determined using the dry combustion
method and an elemental analyzer.* The inorganic carbon
(carbonates) was determined by acid washing and titration.** For
soils with no carbonates, the total carbon measured is equal to
SOC. For soil samples where carbonates were present, the inor-
ganic C (carbonates) content was subtracted from the total C
content to ensure that only SOC was considered.*

2.2. Handheld LIBS analysis

The hLIBS analysis was conducted on pelletized samples ob-
tained by pressing about 1 g of each sample placed in a 14 mm
diameter cup using an automatic press (FOSS Analytical A/S,
Denmark) at 1948 kg ecm™? for 30 s. A commercial hLIBS
instrument (SciAps, Z-903 Woburn, MA, USA) consisting of
a neodymium-doped yttrium aluminum garnet (Nd:YAG) oper-
ating at a wavelength of 1064 nm and a repetition rate of 50 Hz
was used. The laser pulse delivered 5-6 mJ of 1 ns pulse dura-
tion with a nominal 100 um beam size. The delay time was fixed
at 650 ns over a 3 ms integration time. The spectrometer
covered a wavelength range between 187 nm and 950 nm, with
an approximate spectral resolution of 0.1 nm (187-400 nm) and
0.3 nm (400-950 nm), resulting in 5039 measured data points.
The unit was equipped with an XYZ stage that enabled beam-
rastering, i.e., a better averaging for heterogeneous materials
such as soil. Two cleaning pulses prior to each laser pulse/shot
were applied (two laser shots on the soil pellet before spectra
acquisition) for the removal of surface contaminants. During
measurement, continuous argon purging at a pressure of
approximately 12 psi was used for signal enhancement.

To reduce the possible effects of sample inhomogeneity,
three points were analyzed on each sample. On each point, 12
locations in a 3 x 4 rectangle were measured in less than 10 s,
i.e., in approximately 30 s for each sample (Fig. S2). At each
location of the rectangle, four spectra were acquired, resulting
in a total of 48 spectra per point analysis (three per sample) and
144 spectra per each sample. These spectra were then averaged,
yielding 36 spectra for each sample.

2.3. Handheld LIBS soil maps

Soil maps can be a quick way to determine the relative concen-
tration and distribution of specific elements and, indirectly, of soil
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properties. For instance, the relative distribution of SOC can be
determined based on the abundance of related emission lines,
such as carbon and calcium (which is associated with inorganic C).
This can potentially be applied as a fast way to distinguish between
organic and mineral soils. The emission lines of C at 193.09 nm
and Ca at 422.67 nm were selected to develop the soil maps of two
representative and arbitrarily selected soil samples based on the
measured SOC content, i.e., a soil sample that had a SOC content <
0.5%, classified as a low SOC sample, and a soil sample that had
a SOC content > 15%, classified as a high SOC sample. The
microscale mapping of the C and Ca elemental distribution on the
soil pellet surface was achieved using the Geochem Pro application
mounted on the hLIBS instrument. A single laser shot at a fixed
laser firing rate of 10 Hz was used on a 16 x 16 grid (256 locations)
that covered an area of approximately 2 mm? at 12.5 um steps. The
maps were developed by integrating the peak area of the specific
element for each physical location measured. The normalized
peak area was color-coded from low concentration (blue) to high
concentration (red). This procedure allowed the development of
“heat maps” that represent the distributions of C and Ca
concentrations in the form of relative abundance.

2.4. Data analysis/modeling

The SciAps proprietary Profile Builder software was used for the
initial data processing prior to spectra exportation for data
analysis. The analysis of all multivariate data was carried out
using MatLab R2021a (MathWorks, Inc., Natick, MA, USA) and
PLS Toolbox 8.7 software (Eigenvector Research Inc.).

Different preprocessing methods including standard normal
variate (SNV),** automatic Whittaker filter baseline correction,*
and multiplicative scatter correction (MSC)* were applied. The
assessment of the various preprocessing combinations was
implemented in PLS Toolbox using the model builder function
which allows simultaneous comparison of performance of
different preprocessing methods e.g., using the RMSECV. The
preprocessing that resulted in the lowest RMSECV was selected
for the prediction models. In this case, SNV and mean-centering
preprocessing were applied for all the investigated soil proper-
ties. This was followed by partial least squares regression (PLSR)
to correlate LIBS data with clay, silt, sand, and SOC reference
data.”” Additionally, feature selection using a variable selection
algorithm implemented by applying interval partial least
squares regression (iPLSR) was used for the prediction of soil
properties. Finally, we compared the linear methods with
a nonlinear modelling approach applied through an artificial
neural network (ANN). For simplicity, a feedforward neural
network architecture with 2 nodes in the first layer was applied
for all the soil properties under investigation.

2.5. Repeatability and reproducibility assessment

A total of 101 samples, selected in terms of geographical
distribution, were used to evaluate the repeatability of
measurements and the robustness and accuracy of the model,
the RSD of the signal ratio of each measured element and R*
and root mean square error of cross-validation (RMSECV) were
determined.

J. Anal. At. Spectrom., 2024, 39, 2903-2916 | 2905
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First, the signal ratio variation for C, Si, Ca, and K was
determined by calculating the RSD of measurements performed
on the same day and on different days. The four emission lines
were selected based on the relationship with the soil properties
under investigation (soil texture and SOC). For instance, there is
a direct relationship between the C emission line and SOC while
Si and Ca are indirectly related to soil texture since clay
mineralogy is mainly composed of phyllosilicates (Al,Si,Os) and
sand is mainly composed of quartz (SiO,) and limestone
(CaCOs3). The K emission line was selected due to its relative
abundance in the soil and well-resolved emission lines in the
soil spectrum.

The ratios were calculated by selecting two emission lines of
each element and dividing the higher intensity line by the lower
intensity one (Table 1). Then, cross-validation models were
compared for different measurements conducted on the same
day and on different days. The procedure also involved the
calculation of the RSD of the predicted value of each soil
property for all the samples (eqn (1)).

RSD = 2 X
mean

100 (1)
where SD is the standard deviation of the signal ratio or pre-
dicted values for three measurements performed on each of the
samples (on the same day and on three different days).

The repeatability was evaluated by performing three
measurements on the same pellet under the same conditions
on the same day. The average spectrum of each measurement
for all samples was used to calculate the signal ratios. The
spectra from individual measurements were also used to
develop cross-validation models.

The reproducibility was assessed by conducting measure-
ments at specified intervals over five days under varying envi-
ronmental conditions of temperature and humidity (Table S27).
The first three measurements (days 1, 14, and 22) were performed
on the same pellet while the last two were performed on
a different pellet of the same sample (days 40 and 54). Further-
more, the effect of soil surface heterogeneity on the prediction
accuracy was assessed by using different pellets of the same
sample on days 40 and 54. Finally, a test for statistically signifi-
cant difference (ANOVA) was performed for all achieved predic-
tions of both same-day and different-day measurements.

2.6. Prediction models

The entire dataset of 305 samples was used for developing
prediction models for clay, silt, sand, and SOC. The dataset was

Table 1 Emission lines of C, Si, Ca, and K used for calculating signal
ratios

Higher intensity Lower intensity

Element emission line (nm) emission line (nm)
Carbon (C) 247.82 193.01
Silicon (Si) 288.16 212.36
Calcium (Ca) 393.41 422.67
Potassium (K) 766.62 770.12
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divided into 203 calibration and 102 validation samples. Cross-
validation models were used for the assessment of repeatability
by applying venetian blinds (20 samples per blind). On the other
hand, the manual split of the samples into calibration and
validation samples was applied for the prediction models
(independent validation) of the soil properties under
investigation.

The prediction accuracy was assessed using the root mean
square error of prediction (RMSEP) (eqn (2)), followed by the
calculated standardized root mean square error of prediction (S)
RMSEP (eqn (3)), which was used to compare the accuracy
across the soil properties. The SRMSEP value provides a scale-
less measure for comparing different models across different
soil properties. In particular, the lower the SRMSEP is, the more
accurate the model is. Additionally, we used the ratio of
performance to interquartile distance (RPIQ). The RPIQ
considers the interquartile range enabling a comparison of
performance across soil properties and between studies where
samples with different concentration ranges are used. It repre-
sents the population spread better, regardless of the distribu-
tion.** The higher the RPIQ, the better the prediction model

(eqn (4).

(2)

SRMSEP — "MSEP 3)
range
0 -0

RPIQ = RMSEP )

where y; and j; are, respectively, the iy, measured value and the
corresponding predicted value of the soil properties, N is the
total number of samples; and range is the difference between
the minimum and maximum content of the soil properties
considered, and Q; and Q3 are the first and third quartiles. The
difference between the two represents the interquartile range.

3. Results and discussion

3.1. Exploratory data analysis

The descriptive statistics for clay, silt, sand, and SOC in % are
shown in Table 2. As the variability in the dataset has an
implication on model performance,*” the coefficient of variation
(CV) was used to verify that the variability of soil properties was
covered in both the calibration and validation datasets. Silt had
the lowest variability (CV = 35%) in the validation set, followed
by sand and clay, while the highest variability (CV = 75.22%)
was shown by SOC.

As expected, a strong negative correlation was exhibited
between silt and sand and clay and sand, whereas a moderate
positive correlation between clay and silt and a weak negative
correlation were shown between SOC and clay and SOC and
sand, and a weak positive correlation was observed between
SOC and silt (Fig. 1). We expected a moderate to strong positive
correlation between SOC and clay due to the feasible association

This journal is © The Royal Society of Chemistry 2024
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Table 2 Descriptive statistics for clay, silt, sand, and SOC in %
Soil property Dataset Average Min Max. SD* cv? Qs Qi
Clay Full (n = 305) 14 1 42 7 52 8 18
Cal.” (n = 203) 14 3 42 7 51 9 19
val.? (n = 102) 13 1 31 7 53 8 17
Silt Full 44 3 69 14 31 35 56
Cal. 45 15 69 13 29 36 57
Val. 43 3 68 15 35 31 53
Sand Full 42 7 96 19 45 27 57
Cal. 40 7 82 18 45 26 55
Val. 45 9 96 20 44 31 62
SOC Full 5.39 0.26 17.90 3.84 71.09 2.59 7.08
Cal. 5.20 0.29 17.44 3.54 68.14 2.79 6.79
Val. 5.79 0.26 17.90 4.35 75.22 2.32 8.10

“ Calibration data set. ? Validation data set. ¢ Standard deviation. ¢ Coefficient of variation (SD/mean). ¢ First quartile.” Third quartile.

0.8
Clay

06
0.4

Silt
0.2

Sand

socC
1-0.8

Clay Silt

Sand socC

Fig. 1 Matrix of Pearson's correlation coefficients of investigated soil
properties (clay, silt, sand, and SOC). Significant values are presented
by a color gradient, ranging from light blue (negative correlations) to
dark blue (positive correlations).

of organic matter with clay,”® and/or between SOC and sand, as
sandy soils frequently receive high amounts of organic fertil-
izers that increase the content of SOC.** A possible explanation
of the discrepancy between our data and literature data might
be ascribed to the vast geographical distribution of the soil
samples examined that included land uses other than agricul-
tural use.

Fig. 2 shows a representative soil LIBS spectrum covering the
187 nm to 950 nm wavelength range. The spectrum was char-
acterized by several emission lines typical of soil, including
those of Fe, Al, Ca, Mg, Si, Na, K, Li, Ti, and C. Some emission
lines could be identified univocally, but peak overlap often
occurred, thus making difficult the identification of emission
lines at specific wavelengths.

3.2. Soil maps

Soil maps can distinguish soils based on the distribution of the
intensity of specific LIBS emission lines, e.g., soils containing

This journal is © The Royal Society of Chemistry 2024

higher SOC contents showed a higher intensity of C and Ca
emission lines compared to that of soils with lower SOC
contents (Fig. 3). These results suggested that it would be
possible to rapidly classify soil samples based on the emission
intensity of selected elements. In the case studied, the rela-
tionship between SOC content and C and Ca LIBS emission
lines could be used to roughly differentiate between mineral
and organic soils.

3.3. Repeatability and reproducibility assessment

3.3.1. Variation of signal ratios. The median RSD of C, Si,
Ca, and K signal ratios evaluated for three measurements per-
formed on the same day and on three different days for each
sample was used as an indicator of the stability, ie., repeat-
ability and reproducibility of the measurements (Fig. 4).

The median signal ratio RSD for measurements performed
on the same day was approximately 9% for C, 6% for Si and Ca,
and 4% for K. For measurements performed on three different
days, the approximate median signal ratio RSD was 10% for C
and Si, and 7% for Ca and K. Although potential outliers were
present for the calculated Si and K signal ratios, which could be
partly attributed to sample heterogeneity especially for the
larger sand particles, a 4-9% variation in signal ratio was ach-
ieved for measurements performed on the same day (repeat-
ability) and a 7-10% variation for measurement performed on
three different days (reproducibility).

In a study by Xu et al.,”® the emission lines of C, N, K, Ca, Mg,
and Si were used to evaluate the effect of the shot layer and the
number of shots on the quality of LIBS measurements. The
approximate median RSD values referred to the shot layer were
35% for C, 30% for N, and 45% for K, Ca, Mg and Si, and the
signal intensity variability was found to decrease with an
increasing number of shots. Thus, even the median repeat-
ability and reproducibility up to 10% in signal intensity ratio
achieved in the present study could be considered satisfactory,
i.e., the measurements could be considered quite stable, espe-
cially because very different soils covering a wide geographical
distribution were used, and the measurements were performed

J. Anal. At. Spectrom., 2024, 39, 2903-2916 | 2907
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Fig. 2 A representative soil LIBS spectrum in the 187 to 950 nm range with the relevant emission lines identified.

Soil classification

C 193.09 nm
L]

Ca 422.67 nm
m

.h_r'. "1

Low SOC (< 0.5%)

High SOC (> 15%)

Fig. 3 Distribution of emission line intensity of C and Ca on the pellet
surface (16 x 16 grid) of two soils classified as low and high SOC
content. The emission intensity for C and Ca is shown in a color
gradient that varies from blue (low relative abundance) to red (high
relative abundance).

on three different days under different environmental condi-
tions (Table S21).

3.3.2. Comparing signal ratios for different-day measure-
ments. The signal ratios of C, Si, Ca, and K were also evaluated
for measurements performed on five different days that
included three measurements performed on three different
days on one set of sample pellets (set A) and two measurements
performed on two different days on a different set of the same
sample (set B) (Fig. 5).

2908 | J Anal At. Spectrom., 2024, 39, 2903-2916

The median signal ratio ranged from 1.7 to 1.9 for C, from
4.8 to 5.3 for Si, and from 1.3 to 1.4 for Ca and K. The highest
variation in the signal ratio was observed for Si, while Ca and K
showed the lowest variation (Fig. 5). The relatively higher vari-
ation of the Si signal ratio might be attributed to interferences
caused by the nonuniform distribution of Si in the samples
which might also be related to the large sand particles that are
not uniformly distributed on the sample pellet.

In this work, the signal ratio variability was used as
a measure of the shot-to-shot repeatability and reproducibility
of the LIBS signal. The signal variability is influenced by several
factors including the physical and chemical properties of the
sample. Physical properties include surface homogeneity/
heterogeneity, which in the case of soil, largely depends on
texture.®® As soils are highly heterogeneous, the difference in
particle sizes, even after pelletization, influences plasma
formation and, in turn, signal intensity.”* Increasing the
number of shots has been suggested as a strategy to improve the
robustness of the mean LIBS spectrum and thus increase the
prediction accuracy.”® Although in this study the influence of
the shot layer has not been evaluated as such, soil samples of
different texture are expected to exhibit differences in shot layer
depth due to differences in ablation characteristics.***> These
effects might thus result in a nonstoichiometric ablation of the
sample thus increasing signal variability.*® It is therefore real-
istic to assume that for LIBS soil measurements on pelletized
samples, the spectra acquired from different soils would
simulate those acquired at varying depths from the soil pellet
surface.

This journal is © The Royal Society of Chemistry 2024
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3.3.3. Prediction of soil properties. The variation of the
predicted values for clay, silt, sand, and SOC for three
measurements performed on the same day and on three
different days was evaluated using the distribution of RSD for
the measured 101 samples (Fig. 6). The prediction variability
evaluated by the median RSD of three measurements per
sample showed the same trend for measurements performed
either on the same day or on three different days. In both cases,
the median RSD of predicted values ranged from 10% to 25%
for all the investigated soil properties. In particular, the SOC
content showed the highest median RSD followed by clay, sand,
and silt. These results appeared satisfactory if considering the
wide range of geographical and soil properties distribution of
the samples used.

A mean RSD of 2.04% was achieved for LIBS quantification of
Ag in four different soil types using back-propagation neural
network (BPNN).** In another study where a portable LIBS
system and univariate method of prediction were used, RSD
values of 7.69% and 12.98% were achieved in the analysis of
total Cr and Cr v1 in soil.*® The higher median RSD of predicted
values achieved for SOC and texture in this study, however,
would be ascribed to the involvement of several emission lines

contributing to the variation of the soil properties. For instance,
in clay the variation is influenced by elements associated with
its mineralogy (e.g., Al, Si, Mg, and Fe), thus its prediction must
consider more than one element emission line to account for
the “matrix effect”. Differently, when predicting the content of
a single element such as Ag or Cr, the model needs to consider
only the Ag or Cr emission lines, so that the negative impact of
matrix effects on the model performance is strongly reduced.

3.3.4. Cross-validation models for same-day measure-
ments. To evaluate the repeatability of the analytical method,
the average spectrum of each of the three measurements per-
formed on the same day was used to develop cross-validation
models for each investigated soil properties, and the root
mean square of cross validation (RMSECV) and R® of cross
validation (cv) values were used to compare the individual
measurements (Table 3).

Although the RMSECV values of the individual measure-
ments 1, 2, and 3 differed among each property in model
accuracy achieved for the same day, no statistically significant
difference (p > 0.05) existed among the corresponding indi-
vidual measurements for each investigated soil property.
Measurement 3, however, exhibited a slight underperformance

Table 3 Cross validation results developed from the individual spectrum of three measurements and their average spectrum acquired on the

same day
Average

Measurement 1 Measurement 2 Measurement 3 (3 measurements)
Property RMSECV* (%) R ov? RMSECV (%) R*cv RMSECV (%) R*cv RMSECV (%) R®cv
Clay 5 0.54 5 0.55 5 0.36 5 0.51
Silt 10 0.53 9 0.61 11 0.47 10 0.58
Sand 13 0.58 12 0.62 14 0.47 12 0.6
SOC 2.63 0.64 2.28 0.73 3.18 0.48 2.22 0.74

“ Root mean square error of cross-validation. b R? of cross-validation.
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Table 4 Cross validation results for measurements performed on five different days for set A and set B sample pellets

Sample set A day 1 Sample set A day 14

Sample set A day 22

Sample set B day 40 Sample set B day 54

Property ~ RMSECV” (%) R*cv’  RMSECV (%) R?*cv RMSECV (%) R?*cv RMSECV (%) R*cv RMSECV (%) Rcv
Clay 5 0.53 5 0.42 5 0.54 5 0.53 5 0.49
Silt 11 0.46 11 0.47 10 0.53 0.6 10 0.56
Sand 13 0.53 14 0.52 13 0.58 12 0.62 12 0.62
SOC 2.52 0.66 2.85 0.59 2.63 0.64 2.61 0.65 2.64 0.64

“ Root mean square error of cross-validation. ? R? of cross-validation.

compared to measurements 1 and 2, as shown by the lower R
for all investigated soil properties and the higher RMSECV for
silt, sand, and SOC. These results might be attributed to the
surface heterogeneity of the sample pellet analyzed as only
a relatively small area of it (approximately 2 mm?) compared to
the entire pellet surface (approximately 154 mm?) was ablated
during each measurement (Fig. S2+).

Furthermore, the slight reduction of RMSECV and SOC and
the slight increase of R*> achieved for sand and SOC if the
average spectrum from the three measurements was used to
develop the cross-validation models might be attributed to the
increased number of shots, which has been shown to better
account for matrix effects, thus improving predictions.?®

3.3.5. Cross-validation models for different-day measure-
ments. To evaluate the reproducibility of the analytical method,
cross-validation models for measurements performed on five
different days were developed and compared based on RMSECV
and R” (Table 4).

Also in this experiment, although the RMSECV values of the
individual measurements 1, 2, and 3 performed on sample sets
A and B differed among each property in model accuracy ach-
ieved on different days, no statistically significant difference (p >
0.05) existed among the corresponding individual measure-
ments for each investigated soil property. The slight under-
performance of day 14 measurements for silt and sand might be
attributed to the higher moisture recorded on that day as
compared to other days (Table S21). Moisture is known to affect
LIBS signal intensity depending on soil types.*® This effect was
also slightly visible for the Si signal ratio, which was higher on
day 14, as compared to the other days (Fig. 5b). This effect on
day 14, however, was not observed for the other selected emis-
sion lines.

In a study by Ebinger et al.,*® the reproducibility of C quan-
tification in soil was assessed based on the ratio of the C
193.09 nm emission line to the sum of Al 199 nm and Si 212 nm

lines using 6 samples for 30 different days to develop the cali-
bration curve, and 12 validation samples. The correlation ach-
ieved for the validation set was 0.95 and no significant
difference of the calibration slopes was measured for each of
the 30 days. The lower performance achieved in this study
might be due to the much higher number and distribution of
samples used and the highly variable SOC contents. Further-
more, Ebinger et al.** used dry combustion as the reference
method, but it is not clear if they have discussed total C or
organic C.

In particular, the model accuracy achieved for clay was rela-
tively similar for all measurement days, which suggested a stable
clay model that might be ascribed to the homogeneity of the fine
clay particles, as compared to that of the larger silt and sand
particles that are unevenly distributed on the pellet surface.

3.4. Prediction and performance of LIBS modeling

To assess the overall performance of hLIBS, prediction models
were developed for clay, silt, sand, and SOC. The PLSR results
are shown in Table 5 while the iPLSR and ANN results are shown
in the ESI (Table S3).}

PLSR is the most applied data analysis method for spectral
data analysis.’”*® We therefore focused the discussion of the
performance of the prediction models on the PLSR models.
Furthermore, there was not a remarkable improvement, in
terms of accuracy, when iPLSR or ANN was applied.

The sand prediction model showed the lowest prediction
error (SRMSEP = 0.14), followed by clay and silt (SRMSEP =
0.15), and SOC (SRMSEP = 0.16). All the prediction models of
investigated soil properties featured an approximate R* pred. of
0.6, which indicated a moderate correlation between the pre-
dicted and measured value of the corresponding property. In
this work, the risk of overfitting was reduced by using a rela-
tively small number of latent variables (3 to 5 latent variables/

Table 5 Cross-validation and prediction results for clay, silt, sand, and SOC in %

Property RMSECV? (%) R oV’ RMSEP* (%) R? pred.? LV* SRMSEP RPIQ?
Clay 6 0.36 4 0.58 3 0.15 2.0
silt 9 0.55 10 0.55 5 0.15 2.2
Sand 12 0.55 12 0.62 5 0.14 2.5
SOC 2.17 0.62 2.77 0.63 4 0.16 2.1

4 Root mean square error of cross-validation. ? R? of cross-validation. ¢ Root mean square error of prediction. ¢ R of prediction. * Number of factors
(latent variables) applied in the model. Standardized root mean square error of prediction. ¢ Ratio of performance to interquartile distance.

This journal is © The Royal Society of Chemistry 2024

J. Anal. At. Spectrom., 2024, 39, 2903-2916 | 2911


http://creativecommons.org/licenses/by/3.0/
http://creativecommons.org/licenses/by/3.0/
https://doi.org/10.1039/d4ja00292j

Open Access Article. Published on 17 October 2024. Downloaded on 6/13/2026 4:39:04 AM.

Thisarticleislicensed under a Creative Commons Attribution 3.0 Unported Licence.

(cc)

JAAS

components) in the model of each investigated soil property.
Similar to the SRMSEP results, the assessment of model
performance using the RPIQ showed the prediction of sand to
be superior (higher RPIQ) compared to other investigated soil
properties.

The lowest number of latent variables was used for the clay
model, which achieved an RMSEP of 4% and R* pred. of 0.58.
The slight underprediction of samples featuring a clay content >
20% (Fig. 7a) might be due a possible nonlinearity in the
dataset. The clay results of this study are worse than those
achieved by Erler et al.,> who obtained an R” (prediction) of 0.9
and RMSEP of 3.09, for clay content with a range of 28.84%,
thus an SRMSEP of 0.11, using a hLIBS and PLSR (variable
selection) for predicting the clay content in soils from a field in
Germany. The different prediction performance might be
reasonably attributed to the different dataset scale used in
terms of geographical distribution and soil properties investi-
gated. To improve the prediction accuracy, information on soil
types and geological similarities (e.g., clay mineralogy) should

View Article Online

Paper

be used to classify samples before modeling® and ensure that
soils of similar geological origin are considered in the calibra-
tion and validation datasets.

The prediction models for silt and sand, which were quite
similar in terms of dominant mineralogy (quartz), were compa-
rable, in terms of SRMSEP. The prediction accuracy of silt in this
work was lower (SRMSEP = 0.15) than that achieved by
Erler et al."* (SRMSEP = 0.11), which confirmed the findings of
previous studies performed using benchtop and laboratory LIBS
setups that have reported a poor silt prediction model compared
to those achieved for clay and sand.**** Silt and sand textural
fractions are characterized by large soil-grain sizes, thus a means
to improve their prediction using LIBS would be the milling of the
soil sample before pelletization and measurement, which would
promote sample homogeneity and reduce physical and chemical
matrix effects. However, the inclusion of a milling step would
affect seriously the accurate distinct quantification of textural
fractions, and limit the benefits of using hLIBS as a faster analysis
technique in the field.
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The high prediction error of the SOC model might be
ascribed to the higher variation of the validation set (CV = 75%)
compared to that of the calibration set (CV = 68%) (Table 2). In
particular, a substantial underprediction was found for samples
with a SOC content > 10% (Fig. 7d), which indicated a possible
nonlinearity in the corresponding dataset. For example, Knadel
et al.® reported a high prediction error for silt that was attrib-
uted to a higher variability of the silt content in the validation
dataset compared to that of the calibration dataset.

Approximately 40% of the samples used in this study con-
tained carbonates; thus another factor that might impact the
prediction of SOC is the accuracy of reference SOC values, which
depend on the accurate extraction of carbonates from the soil
sample (especially alkaline soils) by acid treatment and their
subsequent determination by titration. As the value of SOC
measured by the dry combustion method should be corrected
by subtracting inorganic C (i.e., carbonates) from total C to
ensure that only SOC content is considered,* any error-prone
step, such as carbonate extraction and titration, would
increase the uncertainty of the SOC reference values so dimin-
ishing SOC prediction accuracy.

Several previous studies have dealt with the application of
handheld LIBS for C analysis in soils. For instance, da
Silva et al.*® predicted the total C content in six Brazilian soils
achieving a cross-validation correlation coefficient of 0.91.
Glumac et al.* used a portable LIBS system to predict the SOC
content in six soils from US agricultural farms achieving an R
of 0.94. In a comparison of three field-based methods, Izaur-
ralde et al.'’ achieved an R> of 0.92 for predictions of the C
content in soils from two fields in USA and Mexico using
a portable LIBS system. The three studies mentioned above
used the C emission line intensity to develop calibrations for
predicting C in soil, whereas a different approach was used in
this study, which involved the selection of various emission
lines explanatory for the variation of the investigated soil
properties and the subsequent use of PLSR as a multivariate
data analysis method.

Overall, the prediction accuracy evaluated from the calcu-
lated SRMSEP was comparable for both textural fractions and
SOC. For clay, silt and sand, this result might be explained by
the obvious relationship existing between the various textural
fractions, e.g., the more the clay content, the less the sand
content in a soil. Although a weak correlation was found
between texture, especially clay, and SOC, the regression vector
plots for the individual models suggested that the same emis-
sion lines could explain the variability of each soil property
studied (Fig. 8). In particular, results of previous studies,®* the
LIBS database embedded in the SciAps proprietary Profile
Builder software and the NIST database, suggest that the
emission lines of the elements C, Al, Fe, Si, Ti, Ca, Na, Li and K
are able to explain the variability and influence the prediction
models of clay, silt, sand and SOC (Fig. 8).

3.5. Regression vector analysis

The prediction of clay was mainly influenced by the highly
negative regression vector score of Na 588.96 nm, and the highly

This journal is © The Royal Society of Chemistry 2024
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positive scores of Ca 422.67, Li 670.99 nm, and K 766.81 nm,
and 770.12 nm and the less-prominent negative scores of C
193.09 and 247.82 nm. The slight influence of C emission lines
might be due to the clay complexation with SOC, while the effect

J. Anal. At. Spectrom., 2024, 39, 2903-2916 | 2913


http://creativecommons.org/licenses/by/3.0/
http://creativecommons.org/licenses/by/3.0/
https://doi.org/10.1039/d4ja00292j

Open Access Article. Published on 17 October 2024. Downloaded on 6/13/2026 4:39:04 AM.

Thisarticleislicensed under a Creative Commons Attribution 3.0 Unported Licence.

(cc)

JAAS

of Ca and K emission lines might be associated with clay
mineralogy, and that of Na and Li emissions with the parent
rock material.

The silt variability was characterized by the highly positive
regression vector scores of Si 288, Al 309.29 nm, Ti 334.9 nm
and K 766.81 nm and 770.12, the highly negative scores of Ca
396.19 nm and 422.67 nm, and Li 670.99 nm, and the less-
prominent positive regression vector score of C 193.09 nm.

The variability of sand was influenced by the highly negative
regression vector scores of Ti 334.9 nm and K 766.81 nm and
770.12 nm, and the prominent positive scores of Ca 396.19 nm
and 422.67 nm, and Li 670.99 nm, the negative scores of Si
288 nm and Ca 558.82 nm, the positive scores of Fe 251.58 nm
and Na 588.82 nm and the less-prominent scores of C
193.09 nm and Si 212 nm. Apparently, the sand regression
vector plot included the most identifiable emission lines that
influence the variability of sand, i.e., the model was more effi-
cient in relating the elements influencing sand variability, thus
resulting in a more accurate sand prediction.

Finally, SOC variability was influenced by the highly positive
regression vector scores of C 193.09 nm and 247.82, Ca
558.82 nm, Na 588.82 nm and Fe 900.37 nm, the highly negative
scores associated with Ca 396.19 nm and K 766.81 nm and K
770.12 nm, and the negative scores of Fe, Mg, and Li and the
less-prominent positive scores associated with Al, Ca, and Ti.
Apparently, Ca explained most of SOC variability, which might
be ascribed to the influence of carbonates. In a previous study,
SOC was reported to have a minor correlation with rock-forming
elements such as Al, Fe, Ca, Ti and Si, and a major correlation
with Mg.* Differently, the results of this study showed that
most emission lines in the SOC regression vector plot were
associated with rock-forming elements as compared to Mg
emission lines, which suggested that the variability of SOC was
largely influenced by inorganic C.

4. Conclusion

The performance of handheld LIBS for predicting soil texture
components, i.e., clay, sit and sand and SOC in a wide range of
soils covering a continental scale was assessed based on the
repeatability and reproducibility of the LIBS signal from
selected elemental emission lines. Furthermore, the prediction
accuracy of the models used was compared for the soil prop-
erties investigated.

Overall, the repeatability achieved by handheld LIBS for
predicting soil texture and SOC, as assessed by the median RSD
of the signal ratios ranged from 4 to 9%, while the reproduc-
ibility ranged from 7 to 10%, whereas the repeatability and
reproducibility for predicting soil texture and SOC were <25%.
Furthermore, handheld LIBS exhibited a relatively stable
performance even under changing environmental conditions
such as temperature and humidity, as shown by the minimal
(between 0.1 and 0.5) signal ratio variations of the selected C, Si,
Ca, and K emission lines for measurements conducted over five
days. The higher prediction error and signal ratio measured
during a high-humidity day suggested that moisture is an
important environmental factor affecting LIBS analysis. Of the
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investigated soil properties, the sand prediction model exhibi-
ted the lowest error followed by clay and silt models, which were
comparable, and SOC. The higher prediction error for SOC
might be attributed to the high variability of SOC content and
the different land use practices.

To improve the prediction accuracy of handheld LIBS, future
studies should focus on the classification of samples by inte-
grating information about soil mineralogy before modeling.
Incorporating soil maps could potentially enable rapid soil
classifications, or prescreening of samples before detailed
analysis, based on the relative abundance of elements related to
the soil properties of interest. In conclusion, the results of this
study confirm the promising potential of handheld LIBS as
a tool for large-scale applications to determine agronomically
related soil properties that would enable timely farm
interventions.
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