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Phosphorus is essential for global food security as an irreplaceable component of fertilizers, and it also finds
widespread application across numerous industrial and technological fields. Because of its critical role and
the significant risk of supply shortages, the European Commission has designated phosphorus as a critical
raw material. Consequently, there is a growing need for fast, robust, and adaptable analytical techniques
capable of accurately determining phosphorus in environmental, agricultural, industrial, and recycling
contexts. Among these, Laser-Induced Breakdown Spectroscopy (LIBS) has gained prominence, offering
multi-element capability, minimal sample preparation requirements, and the ability to perform in situ and
real-time analyses. This review provides a comprehensive overview of the experimental methodologies
and analytical strategies for LIBS-based phosphorus quantification across a wide range of matrices,
including soils, rocks, fertilizers, biological samples, industrial materials, and secondary resources.
Particular emphasis is placed on the current challenges associated with phosphorus analysis by LIBS,
including matrix effects, calibration transferability, and the reliability of advanced chemometric and
machine-learning approaches. The review also discusses recent progress in calibration methods, signal-
enhancement techniques, handheld instrumentation, and strategies aimed at improving analytical
robustness and reducing matrix-related effects. By critically assessing both recent advances and
persisting limitations, the review highlights the growing relevance of LIBS as a powerful analytical tool for
sustainable phosphorus management and the development of circular-economy initiatives, while also
providing critical perspectives on the future evolution of the technique for reliable phosphorus
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1. Introduction

Phosphorus and its compounds play a central role in numerous
scientific, technological, and socio-economic fields, represent-
ing a strategic resource for the sustainable development of our
society.™” Fig. 1 schematically represents the major fields in
which phosphorus is used, with the relevant approximate
percentages.

In the industrial sector, phosphorus is used in the produc-
tion of metal alloys, additives for polymeric materials,
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Fig. 1 Main applications of phosphorus in agriculture and industry.
Approximate distribution based on USGS Mineral Commodity
Summaries (2025)? and International Fertilizer Association statistics.®
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detergents, flame retardants, and numerous chemical
processes, where phosphates and other phosphorus derivatives
help to improve the performance of the final products by
enhancing properties such as flame resistance, corrosion
protection, thermal stability, wear resistance, catalytic activity,
buffering capacity, and metal surface passivation.*

In the agricultural sector, phosphorus is of primary impor-
tance: together with nitrogen and potassium, it is one of the
essential macronutrients for plant growth and is therefore a key
component of mineral fertilizers. The availability and rational
use of phosphorus are closely linked to global food security,
while an excess of phosphorus can cause significant environ-
mental problems, such as eutrophication of surface waters.*>*

The size of the phosphorus and derivatives market is esti-
mated at 70 billion USD in 2024 and is expected to reach 100
billion USD by 2032.”

From the point of view of the resources, it is expected that
the deposits of phosphate rock currently available would cover
the world's needs for about one century.™ Despite that, the
European Commission has included phosphate rock in the list
of Critical Raw Materials (CRM) since 2014; elemental phos-
phorus was added to the list in 2017 because its availability
might be critically affected by the unstable geopolitical situa-
tion that characterizes the major global phosphorus suppliers.*

At present, phosphate rock reserves are largely concentrated
in Morocco (about 77%), followed by China with less than 6% of
the global total Fig. 2.”

The quantification of phosphorus and its compounds is
crucial in many sectors: from the quality control of fertilizers
and industrial products to the environmental assessment of
soils and waters, up to applications in the biomedical and
livestock fields. It is therefore necessary to have fast, reliable,
and cost-effective analytical methods capable of providing
timely information even directly in the field. At the same time,
such methods should have a low environmental impact,
reducing the use of chemical reagents, waste generation, and
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Fig. 2 Global distribution of phosphate rock reserves. Data derived
from the U.S. Geological Survey (USGS) Mineral Commodity Summa-
ries 2025.2
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sample preparation times, in line with the principles of green
chemistry.

Traditional chemical techniques for phosphorus determi-
nation, such as colorimetric methods or acid digestion-based
analysis followed by spectroscopy, often offer good accuracy
and sensitivity but require laborious procedures, time-
consuming processes, specialized personnel, and the use of
potentially hazardous reagents. Moreover, such approaches are
difficult to apply in situ and are poorly suited to contexts where
frequent and large-scale monitoring is required.®

In this context, Laser-Induced Breakdown Spectroscopy
(LIBS)® is emerging as an extremely promising analytical tech-
nique for the analysis of phosphorus and its compounds. LIBS
is based on the generation of a micro-plasma by means of
a laser pulse focused on the surface of the sample. The analysis
of the light emitted by the plasma makes it possible to identify
and quantify the elements present. Among the main advantages
of LIBS are the speed of analysis, which can take place in
seconds; the ability to perform near-non-destructive measure-
ments; no or minimal sample preparation; and the ability to
analyze solids, liquids, and gases. In addition, the technique
does not require the use of chemical reagents, helping to reduce
operating costs and environmental impact.

A further strength of LIBS is its suitability for the develop-
ment of portable instrumentation for field analysis.’ Compared
to well-established portable techniques such as X-ray fluores-
cence (XRF), LIBS has specific advantages for phosphorus
analysis. Firstly, it does not use ionizing radiation, eliminating
the safety issues associated with the use of X-rays. Second, LIBS
is more sensitive to light elements, such as phosphorus, which
are often difficult to detect by XRF due to the low energy of the
characteristic lines and the strong attenuation in materials and
air. This makes LIBS particularly suitable for applications on
soils, fertilizers, and biological materials, where phosphorus is
present at varying concentrations.

The interest in the use of LIBS for the analysis of phosphorus
and its compounds is demonstrated by the fact that the two
papers in which the LIBS acronym was first introduced, pub-
lished in 1981 by Loree and Radziemski,"»"* mentioned as an
example of a useful application of the technique the detection
of phosphorus in DIMP (diisopropylmethyl phosphonate,
(C3H,)CH;3PO3), a surrogate for the chemical warfare gas sarin,
as a marker for the identification of this molecule in gases.

Over the following decades, the interest in LIBS for phos-
phorus analysis progressively expanded from proof-of-concept
studies to a broad range of applications involving environ-
mental, agricultural, geological, industrial and biological
matrices. This rapid evolution has been accompanied by the
development of increasingly sophisticated experimental
approaches and data-analysis strategies aimed at overcoming
the analytical challenges associated with phosphorus
determination.

In this review, we will discuss the most relevant contribu-
tions to the LIBS scientific literature on the applications of the
technique to the analysis of phosphorus, with specific attention
to the experimental approaches and the analytical methods
developed in the last decade for overcoming or, at least,

This journal is © The Royal Society of Chemistry 2026



Critical Review

reducing the negative effects of matrix variations on phos-
phorus quantitative analysis.

2. Materials and methods

The information about the literature on LIBS applications to
phosphorus analysis has been retrieved from Scopus® search-
ing for (“laser-induced breakdown spectroscopy” or “laser-
induced plasma spectroscopy”) and phosph* in the article
title, abstract, and keywords. The search was limited to papers
published before 31st December, 2025.

The search returned results related to applications of laser-
induced breakdown spectroscopy (or laser-induced plasma
spectroscopy, as the technique was often referred to in earlier
literature) to phosphorus, phosphates, phosphate rocks, and
related materials. The search reported 255 results, divided into
209 articles, 28 conference papers, 14 reviews, 3 book chapters,
and 1 data paper.

The temporal evolution of the total number of publications,
shown in Fig. 3, evidences a remarkable gap from the first 1981
Loree and Radziemski papers*** and the one published in 1998
by the Laserna group in Malaga, Spain,™ which is also the first
paper published outside the USA on LIBS analysis of
phosphorus.

The growth evidenced in the graph after 2000 reflects the
expansion that the LIBS literature experienced after the first
international LIBS Conference, held in Pisa, Italy, in October
2000.** The number of papers published in the literature
demonstrates the consistent interest of the LIBS community in
phosphorus analysis, particularly in fertilizers, soil, and plants,
which align with the primary applications of this element.

A recent review" discussed advances in soil nutrient moni-
toring using various analytical techniques, including LIBS. The
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authors highlighted that one of the major challenges of using
LIBS in complex matrices, such as soil, is the technique’s high
sensitivity to matrix variations, which can negatively affect its
analytical capabilities.’® The authors also noted significant
improvements in LIBS analytical capabilities following the
integration of chemometric, machine learning, and deep
learning methods to support spectral analysis.

LIBS has greatly benefited from these techniques, perhaps
more than other analytical methods, due to the intrinsic
complexity of the relationship between measured line intensi-
ties and the concentration of the corresponding emitting
elements. In LIBS, the relationship between intensity and
concentration depends on factors such as the ablated mass,
electron temperature, and electron number density."” These are
global parameters of the plasma that depend not only on ana-
lyte concentration but also on the overall composition of the
sample. For most LIBS applications in complex matrices, such
as geological materials, biological samples, and soils, there is
a consensus within the LIBS community that analytical
approaches based on conventional calibration curves should
be replaced by multivariate methods.*

In the following sections, we therefore focus on recent
advances in phosphorus analysis that exploit chemometric,
machine learning, and deep learning approaches to overcome
the limitations of conventional calibration strategies.

3. LIBS for phosphorus analysis
3.1 Analytical parameters for the detection of P

Phosphorus (Z = 15) belongs to the pnictogen group and has
a single stable isotope, *'P. Its electronic configuration
(1s*25°2p°3s°3p?) and its relatively high first ionization energy
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Fig. 3 Number per year (line and points, left scale) and total number (bars, right scale) of LIBS publications on phosphorus, from 1981 to 2025.
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(10.5 eV) strongly influence its spectroscopic behavior in LIBS
plasmas.

The main phosphorus lines in the LIBS spectrum are in the
UV, corresponding to the emission of neutral phosphorus,
whereas ionized phosphorus lines are visible between 440 and
560 nm, but they are considerably weaker than the neutral ones
(Fig. 4).

It should be noted that the simulated spectra shown in Fig. 4
represent only the intrinsic atomic emission of phosphorus and
do not account for the wavelength-dependent spectral response
of the experimental detection system. In LIBS instruments, the
overall detection efficiency, determined by the wavelength-
dependent transmission of the optical components and the
quantum efficiency of the detector, generally decreases signifi-
cantly in the deep-UV region. Consequently, although the
strongest P 1 spectral feature corresponds to the transition at
213.62 nm, this line may be less advantageous in practical
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applications than transitions at longer wavelengths, which
benefit from higher overall detection efficiency and improved
signal-to-noise ratios. The most intense P emission lines are
reported in Table 1, together with their spectroscopic
parameters.

Among the factors of merit used for measuring the quality of
the results of an analytical technique, particularly important is
the limit of detection (LOD), which corresponds to the
minimum concentration of the analyte that can be detected
using the technique with a reasonable probability. The formula
usually applied for the LOD is given by the relation:

LOD = %" (1)

where ¢ is the standard deviation of the signal measured on
a blank (i.e., at zero analyte concentration) and b is the slope of
the calibration curve. It should be emphasized that eqn (1),
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Fig. 4 Top: Grotrian diagram for neutral phosphorus (PI) (left) and for ionized phosphorus (PIl) (right); in red, the ionization energies. Bottom:
Simulated spectra for neutral phosphorus (left) and for ionized phosphorus (right). The figures were generated using data from the NIST Atomic
Spectra Database® and the NIST LIBS Database.?* Simulated spectra correspond to electron temperature T =1 eV and electron number density

ne=1x10Yecm™>.
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Table 1 The most intense phosphorus emission lines and their
spectroscopic parameters.2°

Wavelength
(nm) E(eV)  Ec(eV) & g Au(sT)
P 213.55 1.41 7.21 4 4 2.11 x 107
213.62 1.41 7.21 6 4 2.83 x 108
214.91 1.41 7.18 4 2 3.18 x 10°
215.29 2.32 8.08 2 4 4.85 x 10’
215.41 2.32 8.08 4 6 5.8 x 107
223.57 1.41 6.95 6 4 6.2 x 10°
253.40 2.32 7.17 2 4 2.0 x 107
253.56 2.32 7.21 4 4 9.5 x 10’
255.32 2.32 7.17 2 2 7.1 x 107
255.49 2.32 7.17 2 2 3.0 x 107

which follows the operational definition of the LOD recom-
mended by the International Union of Pure and Applied
Chemistry (IUPAC),** generally provides an optimistic estimate
of the actual detection capability under typical LIBS operating
conditions. As discussed in our previous work,” a rigorous
formulation of the problem can provide a more realistic esti-
mate of the achievable detection limit. Nevertheless, eqn (1) has
been retained in this review because it is by far the most widely
adopted expression in the LIBS literature, including the great
majority of publications dealing with phosphorus determina-
tion, thus allowing a consistent comparison among the re-
ported analytical performances.

An important analytical indicator is the root mean square
error (of prediction) (RMSE), which is associated with the
analytical precision of the technique, and is defined as:

RMSE = 2

where n is the number of samples, p; are the predictions ob-
tained from the experiment and r; are the corresponding
reference values.

Other figures of merit include the slope b of the predicted-
versus-reference calibration and the correlation coefficient R?,
defined as:

Zn:(l’f—ri)z
R=1-5— 3)
l;(pf—ﬁ)z

where n is the number of samples, p; are the predictions ob-
tained from the experiment, r; are the corresponding reference
values and p is the mean of the experimental predictions.

The slope (b) of the predicted-versus-reference calibration
curve provides an estimate of the accuracy of the quantitative
method. Ideally, » = 1 indicates perfect agreement between
predicted and reference concentrations, whereas deviations
from unity may reveal a systematic bias in the predicted values.

Other parameters that are often used** are the mean absolute
error (MAE):

This journal is © The Royal Society of Chemistry 2026
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> 1(pi — 1)
MAE = :IT (4)

The mean absolute percentage error (MAPE):

(pi — 1)

100 &
MAPE = — 5
p ; o (5)
And the mean squared error (MSE):
MSE = RMSE? (6)

Due to its intrinsic versatility, LIBS has been applied to
phosphorus analysis in many different contexts; most of the
papers dealt with the use of phosphorus in agriculture,
measuring its concentration in fertilizers, soils, and plants.
Other studies also focused on the use of organic materials as
alternatives to phosphate rock or analyzed phosphorus from
a geological perspective. In the following sections the most
recent advances in these fields are presented, evidencing the
experimental and analytical strategies used and the main
results obtained.

3.2 Agricultural matrices: opportunities and matrix-related
limitations

Agricultural matrices represent one of the most important
application areas for LIBS phosphorus analysis, but they also
highlight many of the intrinsic limitations of the technique,
particularly those related to matrix variability and calibration
transferability.

The use of LIBS for the analysis of agricultural materials and
food has been the subject of an extensive review, in two parts, by
Nicolodelli et al.*®* and Senesi et al.,*® in which the authors di-
scussed several papers dealing with phosphorus analysis in the
2010-2019 decade.

3.2.1. Fertilizers: one of the most favorable matrices for
LIBS quantification. Compared with soils or biological samples,
fertilizers often represent a relatively favorable class of matrices
for LIBS quantification, although matrix-related effects still play
a significant role in analytical robustness. One of the first
applications of chemometric techniques to the LIBS analysis of
phosphorus is reported in a study on fertilizers published in
2010 by Li et al.*” The authors used a multivariate linear method
called Partial Least Square (PLS) analysis to build a robust
calibration model for the determination of phosphorus and
potassium in fertilizers, after verifying that a conventional
univariate calibration curve approach based on the intensity of
the P1line at 213.55 nm was not yielding acceptable results. In
PLS, a multivariate (linear) calibration model is built by
considering a linear combination of several spectral features,
including spectral lines not belonging to the analyte under
study, to consider, although only linearly, the effect that
changes in the sample matrix would have on the analytical line
emission. In particular, the authors verified that Mg, Ca, and N
lines (and thus, concentration) affected both P and K emission

J. Anal. At. Spectrom.
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lines, while the correlation between phosphorus and potassium
emission was negligible. The authors finally estimated an
absolute error on P concentration (converted to P,05 oxide) of
the order of 0.3 wt% for P,O5; concentrations around 10 wt%,
with a relative standard deviation (RSD), calculated on 3 inde-
pendent measures of less than 5%.

Marangoni et al.*® used a different strategy for overcoming
matrix effects in the analysis of fertilizers. They normalized the
intensity of the phosphorus line at 213.62 nm with the contin-
uous background signal under the curve to reduce the effect of
the ablated mass variations (physical matrix effect). The
chemical matrix effects'*** due to changes in electron temper-
ature and number density were not corrected; however, the re-
ported overall precision of the method, with a relative RMSE <
15% and a LOD of 0.5 wt% P, was considered satisfactory.

Nicolodelli et al.** explored the possibility of using double-
pulse LIBS (DP-LIBS) analysis for determining macro- and
micro-nutrients in organic fertilizers. DP-LIBS is a variation of
the conventional LIBS technique in which the laser pulse is
divided into two suitably retarded pulses. Different DP geome-
tries have been studied in LIBS literature (collinear or parallel
pulses, pre-ablation or reheating orthogonal pulses).’* The
authors used a collinear configuration, which is the most
effective in terms of signal enhancement, and is due to the
creation of a reduced density environment inside the shock
wave produced by the first pulse, so increasing the ablation rate
of the second laser pulse.** The authors observed a large
enhancement of most of the LIBS emission lines, whereas the
best LOD obtained for phosphorus was achieved by building
a conventional univariate calibration curve using the P 1 line at
213.81 nm (about 900 ppm versus about 2400 ppm determined
in single pulse mode).

Senesi et al.** used multivariate methods such as principal
component analysis and PLS regression to discriminate fertil-
izers of different nature, obtaining their classification at a 95%
confidence level.

In 2019, Zhang et al.** compared the analytical capabilities of
the univariate calibration curve using the 213.62 nm P 1 emis-
sion line with 212.41 nm Si 1 normalization versus a multivariate
approach (PLS) for measuring phosphorus concentration in
fertilizers. They found that PLS provided better analytical
results than the univariate approach, with RMSE < 0.15% and
RSD slightly higher than 5%.

In the same year, Sha et al.** used a support vector machine
(SVM) regression model for quantitative analysis of nutrients in
58 fertilizer samples. SVM*® is a nonlinear machine learning
technique that operates a projection of the input data (the LIBS
spectral features) in high-dimensional feature space, where
a hyperplane with minimum predictive error is found. When
compared with conventional univariate calibration curve anal-
ysis based on the intensity of the P 1 line at 213.62 nm, the
authors evidenced that SVM regression had a better determi-
nation coefficient (R* = 0.993 with respect to R> = 0.909 of the
univariate calibration curve) with an RMSE of the predicted
concentration equal to 0.026 wt%.

Vieira et al® and Dib et al®® analyzed the phosphorus
content in conventional and biochar-based fertilizers using

J. Anal. At. Spectrom.
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a combination of LIBS and spark discharge, suitably delayed
with respect to the laser pulse to reheat the plasma and,
consequently, to enhance the LIBS signal. The authors used
a conventional univariate approach, using either the intensity of
the P1214.91 nm emission line,*” or the total intensity of the P1
unresolved lines at 253.40 and 253.55 nm® in a linear range of
phosphorus concentration from 0.71 wt% to 11.73 wt% with R*
= 0.9957 and a LOD of 0.21 wt%. The results obtained on three
biochar-based fertilizers using this calibration curve showed no
statistical difference from the reference values determined by
conventional chemical methods, at a 99% confidence level.

Babos et al.* proposed the use of LIBS and digital image data
fusion for the determination of Al, Ca, Fe, Mg, and P contents in
mineral fertilizer. These authors observed a marked reduction,
around 20%, of the prediction errors when using data fusion
with respect to multivariate linear analysis using LIBS data only.

More recently, Zhong et al.*® used a handheld LIBS instru-
mentation for the characterization of fertilizers based on the
main nutrient content. The authors used a Euclidean distance
prediction algorithm with PLS regression, obtaining for the
analysis of phosphorus a determination coefficient R = 0.9541
with RMSE = 1.02 g kg™ and an RSD = 4.64%.

Overall, the studies discussed in this section demonstrate
that LIBS is capable of providing reliable phosphorus quantifi-
cation in relatively homogeneous solid matrices when appro-
priate calibration strategies are adopted. However, matrix-
dependent effects remain the principal source of uncertainty,
limiting the transferability of calibration models and empha-
sizing the need for robust correction procedures.

3.2.2. Soils and water: quantitative phosphorus analysis in
complex matrices. Soils probably represent the most chal-
lenging matrices for phosphorus quantification by LIBS
because of their strong physical and chemical heterogeneity.
For this reason, this field has become one of the main testing
grounds for multivariate and machine-learning approaches.

In 2013, Lu et al.** used LIBS in conjunction with suitable
calibration models to ascertain the total phosphorus (TP)
content in seven soil samples and the total nitrogen (TN)
content in ten soil samples. The TN and TP contents ascer-
tained by conventional chemical analysis techniques had a high
linear correlation with the LIBS data. As a result, when cali-
bration and validation samples with comparable matrix
compositions were examined, LIBS proved to be an effective
method for identifying N and P in soils.

In 2019, Xu et al.*> used PLS regression for evaluating many
important parameters in soil analysis, including TP and avail-
able phosphorus (AP), from the LIBS spectra. As expected, the
evaluation of AP was poor, since LIBS is an elemental technique
not suitable for the speciation. On the contrary, TP was evalu-
ated satisfactorily, together with other parameters such as soil
organic matter (SOM), TN, and total potassium (TK). The
authors noted that a PLS approach using only the spectral data
belonging to P lines was less accurate than the model built
using the full spectrum. They also noted a correlation between P
concentration and the intensity of the emission lines of
elements such as K, Ca, Al, Fe, C, N, and O, with which

This journal is © The Royal Society of Chemistry 2026
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phosphorus is linked in soil (inorganic phosphorus linked to K,
Ca, Al, Fe and organic phosphorus to C, N and O).

In 2022, Xu et al.®® used a deep learning end-to-end soil
analysis based on Convolutional Neural Networks (CNN) which
are an evolution of conventional Artificial Neural Networks
(ANN), sharing with them the possibility of modelling non-
linear multivariate relations between LIBS spectral features
and elemental concentrations, but characterized by a better
generalization capability. The authors determined from the
LIBS spectrum the values of pH, SOM, TN, TP, and TK in the
soil. In comparison with PLS analysis, the RMSE of these
parameters was consistently lower, with the TP RMSE being the
highest (10%) among all the parameters considered. Moreover,
the authors noted that there was no visible phosphorus line in
the LIBS spectra; however, other elements' spectral lines
showed a correlation with phosphorus concentration, this
because the same correlation might exist between the elements’
concentrations in the samples used for training. This indirect
relationship between different elements concentrations is often
interpreted as a strong point in favor of the use of multi-
elemental algorithms in the analysis of complex matrices. On
the contrary, the apparent ‘determination’ of an element
concentration solely from the emission lines of other elements
may largely reflect correlations embedded in the training
dataset rather than true spectroscopic sensitivity to the analyte.
If the reference samples are not fully representative of the
unknowns, the results obtained can be completely wrong. In
other words, matrix changes between reference and unknown
samples would not be compensated even if the multielemental
algorithm had potentially the capability to do so.

Soni et al*»** measured the TP concentration in 12 soil
samples of different matrix composition using LIBS and Laser-
Induced Fluorescence (LIF). The authors used a conventional
LIBS setup for creating the plasma, together with a tunable laser
to selectively stimulate the 253.56 nm P 1 transition. The
resulting fluorescence signal at the 213.62 nm wavelength was
strongly enhanced and free from spectral interferences.
Although this method did not directly compensate for matrix
effects, the resulting calibration curves for clay soils (>30% clay
particles) and silt loam/loam soils (<30% clay) were character-
ized by better determination coefficients and much lower LODs
(<0.3 mg kg, about 40 times lower with respect to LIBS alone).

Sanchez-Esteva et al. (2020)*° used LIBS, visible near-infrared
spectroscopy (vis-NIRS), and their combination to quantify
various soil P pools, including TP, water-extractable P, Olsen P,
and oxalate-extractable P (Pox). Partial least squares regression
(PLSR) modeling was used by testing and comparing the two
variable selection techniques, interval partial least squares
(iPLS) and competitive adaptive reweighted sampling (CARS).
LIBS was shown to outperform vis-NIRS in nearly every model
and soil P pool. Furthermore, the variable selection improved
significantly the model for both spectroscopic methods and
their combination. Besides picking, on average, five times fewer
variables and exhibiting quicker computing time, the CARS
variable selection method greatly outperformed iPLS, leading to
a generally improved model performance. In comparison to
iPLS, the modeling process and model complexity were

This journal is © The Royal Society of Chemistry 2026
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significantly decreased by the CARS variable selection method.
The characteristic P 1 emission lines at 213.62, 214.91, and
215.41 nm, as well as the regions between 400 and 600 nm,
which are linked to Fe-oxides and various functional groups of
SOM, and between 2300 and 2400 nm, which are linked to O-H
bonds, seemed to be the most pertinent spectral regions for P
modeling. With the exception of oxalate-extractable P, which
yielded results comparable to LIBS models with CARS, the
combined LIBS and vis-NIRS models with variable selection
yielded the best results for all four P pools. In comparison to all
the other P pools, Pox was also found to achieve the lowest
standard RMSE. Overall, the combination of LIBS and vis-NIRS
with variable selection proved to be very promising for
improving soil P measurements.

Al-Juboori et al.*” investigated the influence of organic and
inorganic fertilizers, including phosphorus, triple superphos-
phate, compost, or compost + triple superphosphate, on the
availability and distribution of phosphorus in soil. The authors
tried to determine the phosphorus concentration in the
samples using the intensity of the P 1 line at 253.56 nm.
However, the results obtained were not conclusive, with the
highest phosphorus line intensity observed in the untreated
soil. However, the authors also noticed that the intensity ratio
between the two neutral phosphorus lines at 253.56 nm and
255.32 nm was varying from sample to sample. Since these lines
have different upper energies (see Table 1), the variation of the
intensity ratio is the result of changes in the plasma electron
temperature due to the different matrices of the samples and/or
laser intensity fluctuations. In this case, a calibration-free
approach on spectra acquired in a proper narrow time
window would probably improve the interpretability of results.

Erler et al. (2020)*® determined the major (N, Mg, P, K, and
Ca) and minor (Mn and Fe) nutrient element concentrations, TP
and TA abundances, humus content, and pH of 137 topsoil
samples taken from two agricultural fields in Germany using
a commercial handheld LIBS device. Three different multivar-
iate regression methods, i.e., PLSR, least absolute shrinkage
(Lasso) and Gaussian process regression (GPR) were character-
ized and compared for measuring soil parameters. Further-
more, several methods of data pretreatment, namely variance
reduction, background correction and normalization, were
tested. The latter method in particular showed the potential of
yielding improved multivariate regression results. The qualita-
tive correlation between predicted and observed P values ach-
ieved with Lasso was R* = 0.21, and similar values, i.e., R* = 0.14
and R* = 0.28, were achieved with PLSR and GPR.

In a recent paper, Zhang et al.*® analyzed the presence of
phosphorus in water using a strategy based on the conversion of
the liquid sample into a solid one. Direct analysis of liquids by
LIBS is problematic because of the occurrence of surface ripples
and splashing in the interaction of the laser beam with the
liquid surface. Through liquid-to-solid conversion, the analysis
is reduced to a conventional LIBS measurement on a solid
sample. A conventional calibration approach, using the P1lines
at 213.62 nm and 214.91 nm and the carbon line at 247.86 nm
for normalization, allowed the authors to obtain R* values of
0.981 and 0.993 and LOD values of 0.09 mg L™ "and 0.23 mgL ",
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respectively. Furthermore, the authors compared the calibra-
tion curve results with the prediction of a combined PLS-SVM
model. Using the multivariate approach, the average error on
phosphorus concentration prediction was reduced from about
12% to less than 4% on the test samples.

Another promising approach for the analysis of phosphorus
in water has been proposed by Yang and co-workers, who
introduced a plasma amplification LIBS (PA-LIBS) method.*
They achieved a substantial improvement in analytical sensi-
tivity through plasma enhancement. The same research group
subsequently refined the technique by optimizing the aerosol
temperature.*® With increasing the liquid aerosol temperature,
the emission intensity of P increased and the LOD of P
decreased from 5.22 to 1.81 ppm. Furthermore, the R* the
average relative error (ARE), and the root mean square error of
cross validation (RMSECV) were improved from 0.9926 to
0.9964, 8.93 to 5.95%, and 4.85 to 2.91 ppm, respectively. More
recently, by introducing spatially resolved detection and
improved plasma-generation conditions, the authors further
extended the analytical performance of the method.”*** These
developments demonstrate the rapid evolution of source-
assisted plasma enhancement strategies for LIBS analysis of
aqueous samples.

These investigations that increasing matrix
complexity generally leads to a progressive deterioration of
analytical performance. Consequently, calibration approaches
specifically designed to compensate for matrix-dependent
effects become essential for obtaining reliable quantitative
results.

3.2.3. Biological matrices and indirect correlations in
multivariate models. Biological matrices further complicate
LIBS phosphorus analysis because spectral variations may
reflect both elemental composition and complex biochemical
correlations within the samples.

In 2014, Ma and Dong* used chemometric methods (PCA)
for detecting traces of the chlorpyrifos pesticide residues on
apples. They used the intensity of the phosphorus (213.62 and
214.91 nm), sulfur (393.33 and 396.89 nm), and chlorine (837.59
nm) emission lines for discriminating between treated and
untreated apples. The authors found that the phosphorus lines
could be detected even after spraying the apples with a pesticide
diluted down to a 1:100 ratio, although they were not able to
obtain any reliable quantitative results.

Devey et al.®® in 2015 analyzed pasture-based plants for
several nutrient elements, including phosphorus, obtaining
LODs of the order of a few mg kg™, with relative errors for
phosphorus < 0.02%.

In the same year, Arantes de Carvalho et al.>* determined the
nutrient profile of 31 plant samples, covering a wide range of
matrices using nanosecond (ns) and femtosecond (fs) LIBS. The
LOD for P resulted lower when using ns-LIBS, ie., 0.1 g kg™"
versus 0.7 g kg~ " achieved by fs-LIBS, due to the more intense
signals obtained. However, for ns-LIBS a conventional univar-
iate calibration curve analysis, which used the 213.62 nm line
for phosphorus quantification, was not yielding acceptable
results. However, when treated with chemometric methods (PLS
analysis) ns-LIBS spectra provided results comparable to fs-LIBS

confirm
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only. The authors concluded that fs-LIBS provides marginally
better results because the decoupling between laser irradiation
and plasma formation results in a reduced sensitivity to matrix
effects. On the other hand, the use of multivariate analysis
allowed to achieve results similar to those achieved by ns-LIBS.
This result, together with the better LOD observed, would
suggest that ns-LIBS is preferable to fs-LIBS for the determina-
tion of nutrient profile in plants.

In 2019, with the intent to overcome the matrix effect, Babos
et al> proposed two different strategies for the analysis of
phosphorus in solid mineral supplements for cattle, based on
multi energy calibration (MEC) technique® and one-point
gravimetric standard addition (OP GSA).”® In theory, the MEC
method requires only a single reference material with a known
composition together with a “blank” sample, that is, a material
containing no analyte, to quantify phosphorus in samples of
unknown concentration. The procedure consists of preparing
two blends: the first obtained by combining the standard and
the blank in equal mass proportions (50/50), while the second
produced by mixing the same standard with the unknown
sample in the same ratio. Depending on the application, other
mixing proportions may also be adopted. Both mixtures are
then analyzed under identical experimental conditions, and the
LIBS emission intensities of two or more phosphorus spectral
lines are measured. For each selected line, the intensity
measured for the “standard + blank” mixture is plotted along
the horizontal axis (as a function of line energy), whereas the
corresponding intensity from the “standard + unknown”
mixture is plotted on the vertical axis. If the LIBS response
varies linearly with analyte concentration, the resulting points
should align on a straight line whose slope, S, can be used to
calculate the phosphorus content of the unknown sample (Cyni)
from the content of the standard (Cs) according to eqn (7).

S

Cunk = m

Cs )

From eqn (7) it appears that this strategy is essentially
a lengthier and more elaborate version of the conventional
single-standard calibration approach. Consequently, possible
matrix effects are not compensated, since the derivation of eqn
(7) assumes that the proportionality between the LIBS signal
and analyte concentration is identical for both the standard and
the unknown matrix.

Similar drawback characterizes the second approach
proposed by the authors and referred to as one-point gravi-
metric standard addition. In this case as well, two mixtures are
prepared by combining the standard in equal mass fraction
(50%) with either the blank or the unknown sample. The
analysis is restricted to a single emission line of the analyte.
Denoting by Is:p) the measured intensity for the standard-
blank mixture and by I(siunk) the intensity for the standard-
unknown mixture, the analyte concentration in the unknown is
calculated using:

Cone = (ﬁ*—k - 1) Cs (8)

S+B
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Like the MEC approach, eqn (8) is derived under the
assumption of a linear dependence of the LIBS signal on analyte
concentration. As a result, this method cannot be regarded as
an effective strategy for compensation of matrix effects.

It is worth emphasizing that the above conclusion should
not be interpreted as a limitation of the standard addition
method itself, which has long been recognized as one of the
most powerful and reliable approaches for compensating
matrix effects in analytical chemistry. The limitation concerns
only the simplified MEC and one-point gravimetric procedures
discussed above, whose derivation still assumes an identical
proportionality between analyte concentration and LIBS signal
in both the reference and unknown samples. In contrast, the
classical standard addition method does not rely on this
assumption and has proven highly effective in minimizing
matrix-dependent biases. Although its application to phos-
phorus determination by LIBS is still relatively limited,
a comprehensive review by Yang and co-workers® has high-
lighted the growing interest in adapting standard addition
strategies to LIBS for improving quantitative accuracy in
complex matrices.

In the same year, in an effort to improve LIBS performance,
Zhao et al (2019)* employed the recently developed
nanoparticle-enhanced (NE) LIBS system to measure chlorpyr-
ifos residues on apple and chive fruit surfaces, and Cd in
lettuce. Samples were chopped into pieces, dropped with
chlorpyrifos solution at different concentrations, covered with
an 80 nm Ag nanoparticle solution, and then dried in order to
get the NE LIBS and standard LIBS spectra. Compared to chive
samples, the P signals of apple samples achieved by NE LIBS
were more enhanced and more intense than those obtained by
normal LIBS. On the other hand, the P signals on the surfaces of
chives were about twice as strong as those on the surfaces of
apples, suggesting that chlorpyrifos was easier to detect on
chives than on apples. The plot of the intensity of the distinctive
P peaks at 213.62, 214.91, 253.56, and 255.33 nm versus the
concentration of chlorpyrifos yielded calibration curves that
showed a strong positive correlation, with the most stable P line
at 214.91 nm producing the strongest correlation. Using the
four P lines, NE LIBS achieved chlorpyrifos LODs of 0.019,
0.015, 0.009, and 0.029 wt%, which were two orders of magni-
tude lower than those achieved by normal LIBS.

Gamela et al.** combined LIBS and Wavelength-Dispersive X-
ray fluorescence (WD-XRF) to determine the concentration of
potassium, magnesium, and phosphorus in bean seeds. The
authors demonstrated that a multivariate approach that uses
the combined information of the two techniques yielded better
results than single LIBS or XRF analysis. The authors reported
an average error of 0.10% and a recovery ranging between 73
and 128% for phosphorus in bean seeds of different species,
where P concentration ranged from 0.27% to 0.82%.

Aldakheel et al.®® used LIBS together with X-ray photoelec-
tron spectroscopy (XPS) and inductively coupled plasma-optical
emission spectroscopy (ICP-OES) for the analysis of major and
minor components of Moringa oleifera (drumstick tree) leaves.
The leaves of Moringa oleifera are used in traditional Asian
medicine for diabetes treatment and are also reputed to be

This journal is © The Royal Society of Chemistry 2026

JAAS

effective for antimicrobial and pharmacological applications as
supplements and growth promoters. The authors used
Calibration-Free LIBS (CF-LIBS) for determining the leaves'
elemental composition, and compared the results obtained
with that of XPS and ICP-OES analysis. The electron tempera-
ture was evaluated from the Boltzmann plot* of Ca 1 emission
and also used the Ca 1 emission line at 442.50 nm was used for
determining the electron number density from the measure-
ment of the Stark broadening® of the line. Despite the appar-
ently good agreement of the P concentration calculated by CF-
LIBS and the one determined by ICP-OES (2.7 g L ' and 2.8 g
L', respectively), it should be remarked that the application of
CF-LIBS to time-integrated spectra, as done by the authors, is
not possible,®® since CF-LIBS is based on the hypothesis of
having the plasma in Local Thermal Equilibrium (LTE) condi-
tions®” and these conditions are typically valid only in a narrow
time interval during plasma evolution. Moreover, the plasma
electron temperature and number density must be defined in
a time interval short enough to guarantee that these quantities
would not change appreciably during the measurement.

Erler et al. (2020)*® used a commercially available handheld
LIBS instrument coupled with three different multivariate
regression methods (PLSR, Lasso and GPR) to investigate the
plant available mass fraction of P. The best correlation was
obtained by GPR with R* = 0.35, which is a first proof-of-
principle for predicting plant available nutrient contents
based on LIBS. Slightly worse predictions were achieved by
using Lasso, R*> = 0.25, and PLSR, R> = 0.22. Noteworthy, the
prediction of P available for plants was better than the predic-
tion of the total P content.

The use of phosphates in seafood as an additive is legitimate
for preserving its moisture and maintaining its organoleptic
properties However, an excessive use of these additives, aimed
at fraudulently increasing the weight and size of the product,
has raised some concern. In 2021, Tian et al.*® used LIBS and
machine learning for the quantitative determination of phos-
phorus in seafood. By comparing the results of PLS and SVM
methods with a univariate calibration curve built using the P 1
line at 253.56 nm (with or without normalization by the C 1
247.86 nm line), the authors found that the latter approach was
very sensitive to matrix variation (different calibration curves
were built according to the types of seafood analyzed). Differ-
ently, PLS and SVM were able to build matrix-independent
models, with SVM outperforming PLS in terms of RMSE
(1.42 g kg™ versus 1.68 g kg~') and average RSD (5.2% versus
9.4% of PLS).

Martin et al.* analyzed switchgrass biomass by LIBS for
determining the quality of the feedstock in terms of its inor-
ganic composition. The concentration of major micronutrients
such as silicon, potassium, calcium, magnesium, phosphorus,
and sulfur were determined by PLS analysis. In the case of
phosphorus, a RMSE slightly higher than 80 ppm was achieved
for P concentrations ranging from 200 to 1400 ppm. However,
these results must be interpreted with care, as the PLS method
calculates the concentration of the elements based on spectral
features, which in principle cannot be related to the analyte
emission. The relation between these features and the analyte
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concentration is indeed determined through a calibration
process using reference samples of known composition. If for
the calibration samples a correlation exists between the
concentrations of two elements, one of them can be ‘deter-
mined’ from the spectral features of the other, even if its
emission lines are not visible in the LIBS spectrum. In this work,
this problem is evidenced for sulfur, which is ‘determined’ in
the samples at concentrations and with RMSE similar to those
of phosphorus. The emission lines of sulfur are not visible in
the spectrum, but the sulfur concentration in the calibration
samples is strongly correlated with that of potassium, magne-
sium, and phosphorus. The results reported should be thus
taken with care, especially if the representativity of the reference
samples is not well ascertained.

Sezer et al.”® applied LIBS for discriminating Kashar cheese
(a pasta-filata cheese typical of Turkey) from industrially pro-
cessed cheese, based on the spectral information from Mg, Ca,
Na, P, Zn, and K emission lines in the spectrum. The spectral
lines of these elements were found to be substantially higher in
industrial processed cheese with respect to Kashar cheese,
which suggested a higher concentration of these elements in
industrial processed cheese. The quantitative analysis of cheese
composition was done using PLS regression, and phosphorus
results were the most precise ones among the elements
considered, with R* = 0.965, RSD = 1.03%, REP = 1.07%, RMSE
= 51.45 and LOD = 33.4 ppm.

Nouman Khan et al.”* used chemometric techniques for the
evaluation of major and minor nutrients in the root, leaves, and
seeds of several medicinal plants (Taraxacum officinale, Hyos-
cyamus niger, Ajuga bracteosa, Elaeagnus angustifolia, Berberis
lyceum, and Camellia sinensis). The elements Ca, Mg, Si, and P
were the major ones detected in all the samples, so allowing to
classify with an accuracy of 95% the medicinal plants according
to their content using PLS analysis. The line used for phos-
phorus detection was the atomic phosphorus line at 533.24 nm.

Finally, Steen et al.”> exploited the elemental imaging capa-
bilities of LIBS™7® for mapping the distribution of several
elements, including phosphorus, in cocoa beans. The intensity
of the P 1 line at 213.62 nm (normalized to the C 1 line at 247.86
nm) was used as an indication of the phosphorus content at the
point of analysis. The authors remarked that the density of the
organic material would vary considerably within the seed, with
an inner structure showing a very low melting point. When this
matrix variation was mitigated using roasted seed, the LIBS
analysis required about 90 minutes (about one second per
point) for scanning a single seed (about 30 mm x 20 mm). The
spacing between the laser shots was 300 microns, while the
diameter of the LIBS crater was only 45 um, thus leaving room
for further improvements in elemental imaging resolution. The
authors noted that the overall resolution of the elemental maps
was in general lower than the one obtained using micro-XRF.
However, LIBS micro-imaging is faster and sensitive to low-Z
elements that are not detectable using XRF. Despite the low
intensity of the phosphorus line, the phosphorus elemental
map evidenced a higher accumulation of the element in the
germ of the seed together with magnesium, while manganese,
iron, and zinc signals are more pronounced in the shell.”
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3.2.4. Secondary resources and highly heterogeneous
matrices. Waste-derived materials represent particularly diffi-
cult matrices because of their high heterogeneity and variable
mineralogical composition, making them ideal case studies for
testing model robustness and transferability.

In 2022, Elsayed et al.”” used a CF-LIBS approach for deter-
mining the concentration of phosphorus in phosphogypsum
waste, (CaSO,) which is a byproduct of the treatment of phos-
phate rocks with sulfuric acid for producing phosphoric acid.
The composition of this material is very complex due to the
presence of impurities and contaminants, thus only 15% of
phosphogypsum produced in phosphate rock processing is
recycled in agriculture or as a building material. Given the
interest in the study of this material, the authors’” used
conventional univariate curves for determining the phosphorus
concentration from the intensities of the P 1lines at 213.61 nm,
21491 nm and 215.40 nm. Moreover, they found a linear
correlation between the global plasma parameters (electron
temperature and number density), determined using the CF-
LIBS algorithm, and the phosphorus concentration in the
waste, which suggested an alternative approach for evaluating
phosphorus concentration based on plasma parameters rather
than directly on phosphorus line intensities. This approach, if
confirmed by further experiments, could be interesting because
the experimental determination of the electron number density
from the Stark broadening of the emission lines does not
depend on the hypothesis of plasma in LTE, thus opening the
possibility of use of a CF-LIBS-like approach even in the absence
of LTE conditions.

Massa and co-workers’ introduced an alternative strategy
for assessing phosphorus levels in sewage sludge ash (SSA) by
combining portable LIBS measurements with deep learning
techniques. SSA, which is generated during the thermal pro-
cessing of wastewater residues, represents a valuable secondary
phosphorus resource because its phosphorus content is
comparable to that of low-grade phosphate ores. In this study,”®
LIBS spectra were collected using a handheld LIBS device,
which enabled rapid data acquisition but limited the accuracy
achievable through the instrument's built-in quantification
routines. To overcome this limitation, the authors implemented
a CNN trained on LIBS spectra from laboratory-prepared stan-
dards containing known phosphorus concentrations. To
improve robustness, the training dataset was further expanded
through spectral data augmentation.”” Noteworthy, during
model training, validation was carried out using spectra from
a small number of real SSA samples that were characterized
independently. These samples, which featured a much more
complex and heterogeneous matrix than that of synthetic
standards, provided a demanding benchmark for evaluating the
model's applicability in practical scenarios.

In particular, the CNN architecture was tuned by minimizing
the root mean square error between predicted and measured
phosphorus contents in the SSA validation set. This optimiza-
tion approach ensured that the model achieved not only
a strong agreement with the reference standards, but also reli-
able performance on real samples. The resulting CNN clearly
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outperformed both a simple univariate calibration and
a conventional artificial neural network, the latter failing to
build a model transferable between synthetic and real SSA data.
In contrast, the CNN delivered accurate predictions for both
datasets, indicating its ability to extract spectral features that
remain robust despite significant matrix variations. A coeffi-
cient of determination of R*> = 0.96, with RMSE = 0.9%, was
achieved.

Overall, the studies reviewed in Section 3.2 demonstrate that
LIBS has become a mature analytical technique for phosphorus
determination in a wide variety of matrices. Although satisfac-
tory quantitative performances have been reported in many
applications, the analytical accuracy remains strongly depen-
dent on matrix composition, sample heterogeneity, and cali-
bration strategy. These common issues emerge consistently
across the different application fields and motivate the devel-
opment of more advanced approaches for matrix-effect
compensation, signal enhancement, and data processing,
which are discussed in the following sections.

3.3 Geological applications and field-portable LIBS

Geological applications have played an important role in the
development of portable and stand-off LIBS instrumentation,
where robustness and rapid classification are often more
important than absolute quantitative accuracy.

One of the first works on the application of field portable
LIBS system to the analysis of phosphate ores was developed by
Rosenwasser et al. (2001),*° who successfully used the equip-
ment provided with an installed auto sampler on-site for ore
grading at the Smokey Canyon phosphate mine in Idaho (USA)
with a respectable degree of accuracy and precision. Methods
were developed to automatically perform metallic element
calibrations for supplied phosphate ore samples containing
known concentrations of the following minerals: P,0s5, CaO,
MgO, SiO, and Al,O;. Calibrations were achieved for P, Ca, Mg,
Al and Si with linear regression coefficients of 0.985, 0.980,
0.993, 0.987 and 0.985, respectively. The preparation and
analytical time for each sample was less than 5 min.

Some years later, in 2006, Asimellis et al.®* determined the
ratio between the average of the 213.62 nm and 214.92 nm P 1
lines to the Si 1 line at 212.41 nm, using it as a proxy for the
actual P/Si concentration ratio, which is considered a reliable
indicator of ore rock quality. An acceptable correlation was
found between measured and supplied analytical data, which
allowed them to easily discriminate high-quality from low-
quality Si-rich ore.

The use of LIBS for geological analysis was strongly stimu-
lated by the introduction on the instrumentation market of
portable and handheld LIBS instruments.'**>** For example,
Wang et al® studied the elemental composition of stream
sediments, an issue that could provide essential information
about the geological evolution of a region, helping the recon-
struction of the water environment in different geological
periods. The laboratory analysis aimed at detecting and quan-
tifying the presence of stromatolite phosphorite powder, which
is a biomineral that easily enters in stream sediments due to
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weathering. The discovery of this material in extraterrestrial
environments could thus shed light on the search for extrater-
restrial life. The LIBS measurements were done in a vacuum
chamber (no attempt was made to simulate the Martian envi-
ronment), at a distance of 7 meters from the targets, and in
a configuration similar to the LIBS instruments mounted on
Martian rovers® (Fig. 5). A backpropagation artificial neural
network (BP-ANN) was used to find and quantify, among other
elements, phosphorus. The training set was formed by mixing
stromatolite phosphorite powder with Yangtze River sediment
(Wuhan), in different proportions, with phosphorus concen-
tration ranging from 0.07 wt% to 1.3 wt%. A coefficient of
determination R* = 0.93 with an RMSE = 0.1 wt% was achieved.

Recently, Mezoued et al.*® published a data paper containing
over 12000 LIBS spectra from 170 pure mineral samples,
acquired using a handheld LIBS analyzer. The paper includes
LIBS spectra from, among others, various phosphates (e.g.,
amblygonite, apatite, and topaz).

The reviewed studies clearly show that chemometric
approaches have become an essential component of modern
LIBS phosphorus analysis. Their effectiveness, however,
strongly depends on the representativeness of the calibration
datasets and on the capability of the models to account for
matrix variability.

3.4 Industrial process monitoring and online LIBS analysis

In 2007, Gondal et al.*” used LIBS for determining the concen-
tration of hazardous metals in iron slag wastes collected from
a local industry. Using a conventional calibration curve
approach, the phosphorus concentration in the slag was found
to be 2805 mg kg ', a value that was in good agreement with
ICP-OES measurements.

Gaft et al.®® realized an industrial LIBS machine for on-belt
evaluation of phosphate by detecting Mg, Fe, Al, bone phos-
phate lime (BPL), insoluble phase and metal impurity ratio
(MER). The instrument was also used for measuring the ash
content in coal. The importance of online analysis of phosphate
rock was remarked, as the presence of metallic pollutants may
negatively affect the recovery of phosphate from the rock. The
difficulty of performing quantitative analysis on trace elements
on a moving conveyor belt was also discussed, stressing the
need of fast and efficient methods for spectra selection and
normalization.

Ahamer et al.® used a hybrid method for the analysis of
oxides in steel slags. While the major oxide concentration was
determined using CF-LIBS,” the concentration of minor P,Os
oxide was measured using a univariate calibration curve built
using the 214.92 nm phosphorus line after normalization with
the Si line at 390.55 nm. The reason for using different strate-
gies for major and minor oxides is due to the poor precision of
the CF-LIBS method in measuring low-concentration
elements.”>*> Moreover, the normalization of the phosphorus
signal with the 390.55 silicon line reduced the effect of the
ablated mass variation (both shot-to-shot and matrix-related),
allowing for a good linearity of the calibration curve (R* =
0.998, with a LOD = 0.07 wt%).

J. Anal. At. Spectrom.



JAAS

Channel 8

Channel 7
Hads,
annc! .
. =¥ Channel 4 Computer
¥ Channel 3 .

Channel 2

i ‘ L

- Pulsed laser

Critical Review

Pulsed laser

Cassegrain telescope

\ I’ 5 Forming plasma
Small plasma and ablation pits

Pulse laser focusing on target

Fig. 5 Schematic representation of the experimental setup for the analysis of stream sediments. Figure reprinted from ref. 84 under Creative

Commons CC BY license.

The analysis of phosphate ore slurries has also been under-
taken by various authors (Rifai et al., 2020; Dong et al., 2021;
Zhang et al., 2024). Rifai et al. (2020)* analyzed phosphate
powders, both slurries and pellets, from the production line
using a commercial LIBS equipment. The estimated and refer-
ence concentrations showed a weak correlation (the coefficients
of determination were less than 0.5) when using a univariate-
based calibration model. Thus, in order to achieve a good
correlation between the calculated and reference concentra-
tions for P, Si, Mg, C, Fe, and Al, a chosen set of variables for an
MLR model was tried, which resulted in R* values better than
0.96 and 0.99 for pressed pellets and slurries, respectively.
Compared to pressed pellets, the predicted concentrations of
the validation samples showed a lower bias relative error in
slurries, probably because the slurries involved a better
sampling and more representative larger mass of material.
These findings demonstrate that direct LIBS measurements on
slurry samples are a workable method for monitoring the
phosphate ore extraction process.

In 2021, Dong et al.** introduced the use of CNN for deter-
mining the phosphorus content in the flotation process of
phosphate ore slurries. The authors compared the results of
different lightweight CNN structures to those obtained by PLS
and SVM, finding that CNN predictions (RMSE = 0.89 wt%)
were more accurate than the PLS ones (RMSE = 1.35 wt%),
while PLS was more accurate than SVM (RMSE = 1.57 wt%). The
authors concluded that lightweight CNN models might mitigate
matrix effects and effectively improve the accuracy of prediction
of P,0O5 concentration in phosphate iron ore slurries.

Recently, Zhang et al. (2024)* used a self-developed on-line
LIBS analyzer named LIBSlurry in a phosphate ore flotation
plant in Yunnan Province, China. A method was proposed in
which plasma images in two orthogonal directions were
captured synchronously to describe the irregular plasma and
used as the features. A spectral correction method based on
these features was proposed to solve the problems of large
signal fluctuations and poor measurement accuracy. As a result,
the RSDs of the characteristic spectral intensity decreased from
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more than 20% to less than 3%, improving significantly the
stability of spectra. Furthermore, the combination of the
plasma image projection compensation (IPC) method and PLSR
increased the R* for P,O5 to 0.99 and reduced the MAE of the
test samples to less than 0.5%, so meeting the requirements of
the phosphate rock flotation process.

Li et al. (2023)*® determined total iron (TFe), silica (SiO,),
aluminum oxide (Al,03), and phosphorus using an online LIBS
system optimized for the determination of main components in
the iron ore transported on belt conveyors at a speed of about
4 m s~ ' performed at distance using a Maksutov-Cassegrain
telescope. After the application of specific algorithms for LIBS
signal normalization and baseline removal, a high accuracy was
achieved, with RMSE = 0.0131% and ARE = 0.01% for phos-
phorus analysis in iron ore, at a working distance of 0.78 m.

Recent methodological developments demonstrate that
improvements in instrumentation, signal enhancement tech-
niques, and advanced data processing are progressively
extending the analytical capabilities of LIBS for phosphorus
determination. Nevertheless, further efforts are still required to
improve robustness under real-world operating conditions.

3.5 Biomedical and diagnostic applications

At the beginning of the century, Pharmalaser Inc. introduced on
the market a LIBS instrument for the analysis of pharmaceuti-
cals, called PharmaLIBS 250.°” One of the applications of this
instrument was the analysis of phosphorus in pharmaceutical
tablets for oral use [ref. 76, and references therein]. In this work,
tablets with different loadings of a phosphorus-containing
active agent were analyzed quantitatively based on a calibra-
tion curve built using the intensity of the unresolved P 1 doublet
at 253.40 nm and 253.56 nm, normalized by the C 1 line at
247.86 nm. The authors warned about the fact that carbon is
also contained in the active agent and, therefore, the normali-
zation procedure would not be ideal but concluded that the
ablated mass variations from shot-to-shot and from sample to
sample were more problematic than the use of a less-than-
perfect normalization. The overall quality of the resulting
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calibration curve was considered satisfactory for the quantifi-
cation task.

Gazmeh et al.® in 2015 used chemometric analysis (Partial
Least Square-Discriminant Analysis, PLS-DA) for successfully
discriminating carious from healthy teeth using information
about the spectral emission of several atoms and ions, such as
P, Ca, Mg, Zn, K, Sr, C, Na, H, and O.

Marin-Roldan et al.** studied the Ca/P ratio in bones and
biocompatible materials used for prostheses, since this
concentration ratio provides important information about the
mechanical properties of these biomaterials. The authors used
a CF-LIBS approach, reporting in a Saha-Boltzmann plot***
neutral lines of phosphorus and neutral and ionic lines of Ca,
Mg, and Sr for the determination of the electron temperature,
and measured the electron number density from the Stark
broadening of the H, line at 656.27 nm.'* The authors thus
determined in a bone sample a calcium-to-phosphorus atomic
ratio of 1.6 & 0.4 at 500 ns delay time, not far from the Ca/P =
1.67 value of hydroxyapatite (Cas(PO,);(OH)).

Khan et al.** used LIBS for the discrimination of melanoma
in human tissue samples. In melanoma samples, the concen-
trations of potassium, sodium, magnesium calcium and phos-
phorus (measured through the P u line at 531.61 nm) were
found to be systematically higher than in healthy tissues. The
phosphorus line showed the highest intensity for malignancies.
Through the applications of several machine learning algo-
rithms, the authors obtained high discrimination rates between
healthy and cancerous tissues, with ANN and PLS-DA achieving
the best results with a correct discrimination rate of 100%.

Bali et al'™ analyzed by LIBS fingernails from patients
suffering from chronic kidney disease. A PLS-DA analysis evi-
denced a strong correlation between the concentration of some
elements and the presence of the kidney illness. With respect to
healthy individuals, Ca, P, Fe, and Zn levels were lower in ill
patients, while Mg, Mn, Cu, K, and Si levels were comparably
higher.

In a recent paper, Xie et al.'” analyzed by LIBS 122 calcium-
based urinary stones (some of them containing calcium phos-
phate) for determining their elemental composition. The
authors found that phosphorus was mainly present in the form
of apatite, which substitutes Ca**. Together with apatite, the
Ca*" ions can also be substituted by Mg®" and Sr**, as demon-
strated by the strong correlation between P, Mg, and Sr
concentrations measured in the analyzed samples. Using ANN,
a negative correlation was found between the intensity ratios of
H, P, Mg, Sr, Na, and K over Ca with average stone density and
a positive correlation with urine pH. Furthermore, the higher
values of these ratios within the group of recurrent patients
(patients who had previous occurrences of urine stones) was
outlined, with respect to first-episode ones.

The studies reviewed in this section clearly demonstrate the
wide applicability of LIBS for phosphorus determination in
a broad range of matrices. At the same time, they also highlight
several common challenges, including matrix effects, calibra-
tion transferability, spectral interferences, and the relatively
weak analytical sensitivity of phosphorus emission lines. These
limitations have stimulated the development of dedicated
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methodological approaches aimed at improving analytical
performance. For this reason, the following section focuses on
the principal strategies proposed to overcome these limitations
and enhance the reliability of LIBS-based phosphorus
quantification.

4. Discussion
4.1 What really limits phosphorus quantification in LIBS?

In this paper, we have presented and discussed the current
experimental approaches and analytical methods developed in
recent years for the determination of phosphorus concentration
in complex matrices, such as fertilizers, soils, plants, and
geological and industrial materials, using the LIBS technique.
The discussed studies collectively show that phosphorus
quantification by LIBS cannot be reduced to a simple compar-
ison of calibration performances, since the analytical reliability
strongly depends on matrix complexity, model assumptions,
and validation strategy.

The evolution of the results obtained over the last decade for
phosphorus quantification clearly
demonstrates the continuous improvement of the analytical
performance achieved by LIBS, confirming the maturity of the
technique as a rapid, precise, and environmentally friendly
method for phosphorus analysis, both in laboratory and field
applications. In many applications requiring quantitative
determination of phosphorus content in different matrices,
LIBS is now competitive with traditional laboratory-based
analytical techniques.

From an experimental point of view, conventional laboratory
setups are still employed in most applications, although the use
of combined approaches (e.g., LIBS + LIF, LIBS + digital
imaging, etc.) is steadily increasing, thanks to the availability of
robust data-fusion and data-analysis methods. Another impor-
tant line of development for LIBS-based phosphorus analysis is
represented by the growing diffusion of handheld LIBS instru-
mentation, which has opened new perspectives for in situ
phosphorus analysis.

These recent developments, together with the well-known
sensitivity of LIBS spectra to sample matrix effects, have stim-
ulated the adoption of advanced spectral-analysis strategies
aimed at improving robustness and transferability. The works
discussed in Section 3 can therefore be grouped according to
the quantification strategy adopted, as summarized in Table 2.

in different matrices

4.2 Univariate vs. multivariate approaches

From the analysis of the works reported in Table 2, it appears
that, over the last decade, multivariate techniques have
progressively replaced the conventional univariate approach
based on calibration curves. The literature reveals that, in most
cases, linear methods such as PLS regression are employed,
whereas more complex nonlinear approaches based on artificial
neural networks or deep-learning techniques, such as con-
volutional neural networks, remain relatively limited, although
their use has proportionally increased in recent years.
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Table 2 Works discussed in Section 3, grouped according to the main phosphorus quantification approach and application

Quantification approach

Works discussed

Specific application

Univariate calibration/line intensity, often with
normalization

Simple ratios and semiquantitative proxies

PLS/PLSR and related linear multivariate
regression

Variable selection and sparse/alternative linear
models

Nonlinear machine learning: SVM, ANN, BP-
ANN, GPR

Deep learning/CNN

Calibration-free LIBS and hybrid CF-LIBS

Signal enhancement combined with calibration

Data fusion and auxiliary information

Discrimination/classification using P-
containing spectral features

A closer examination of the studies

shows that the use of increasingly sophisticated algorithms in
LIBS analysis of phosphorus does not necessarily improve the
quality of the analytical results unless both physical matrix
effects, related, for example, to differences in ablated mass and
particle size, and chemical matrix effects, associated with
composition-dependent plasma excitation conditions,

explicitly considered.®*®

For this reason, the simplicity of univariate calibration
methods may still remain attractive when the samples belong to
a sufficiently narrow matrix class or when the analytical objec-
tive is process control rather than absolute traceable quantifi-
cation. This is the case for relatively homogeneous fertilizers,
tablets, steel slags, or controlled liquid-to-solid water residues,
especially when a P line, frequently at 213.62, 214.91, or
253.56 nm, can be normalized to the continuum, carbon,
748 Such procedures can

silicon, or another matrix line.'9-?%294%

Marangoni et al.;*® Nicolodelli et al.;*° Vieira

et al.;¥’ Dib et al;*® Zhang et al.;*° Ma and
Dong;>* Zhao et al.;*" Steen et al.;"*> Gondal
et al;¥” Ahamer et al.;*° St-Onge et al.*®

Asimellis et al.;%' Rosenwasser et al.;*° Steen
et al.”

Li et al.;*” Senesi et al.;** Zhang et al.;** Xu
et al.;**> Sanchez-Esteva et al.;*® Erler et al.;*®
Babos et al.;>” Gamela et al.;°* Tian etal.;*®

Fertilizers; organic fertilizers; biochar-based
fertilizers; water after liquid-to-solid conversion;
pesticide residues on fruit/vegetables; cocoa-
bean imaging; iron and steel slags;
pharmaceutical tablets

Phosphate ore grading; P/Si ratio in ores;
elemental mapping of seeds

Fertilizers; soils and soil P pools; mineral
supplements; beans; seafood; switchgrass
biomass; cheese; phosphate pellets/slurries; on-

Martin et al.;*° Sezer etal.;’° Rifai et al.;”® Zhang line slurry monitoring

et al.”®

Sanchez-Esteva et al.;*® Erler et al.*®

Sha et al;** Zhang et al.;*° Tian et al.;** Wang
et al.;** Erler et al;*® Khan et al.;'* Xie et al.*®
Xu et al.;** Massa et al.;”® Dong et al.**
Aldakheel et al.;** Elsayed et al.;”” Ahamer

et al.;*® Marin-Roldan et al.;'° Ciucci et al.;*°
Tognoni et al.;”* Poggialini et al.*

Nicolodelli et al.;*° Vieira et al.;*” Dib et al.;*®
Soni et al.;**** Zhao et al.**

Babos et al.;*° Sanchez-Esteva et al.;*® Gamela
et al;*® Zhang et al.”®

Ma and Dong;>* Senesi et al.;** Gazmeh et al.;*°
Khan et al.;'% Bali et al.;*** Nouman Khan
et al.”*

summarized above

for

are

Soil total P and extractable P pools; handheld
LIBS analysis of agricultural soils

Fertilizers; water residues; seafood; stream
sediments containing phosphorite; topsoil and
plant-available P; medical tissue and urinary
stones

Soil total P and soil properties; sewage sludge
ash; phosphate ore slurry flotation

Moringa leaves; phosphogypsum; steel slags;
bones and biocompatible materials;
methodological CF-LIBS basis

Double-pulse LIBS for fertilizers; spark-assisted
LIBS for fertilizers; LIBS-LIF for soils;
nanoparticle-enhanced LIBS for pesticide
residues

LIBS plus digital images for fertilizers; LIBS plus
vis-NIRS for soil P pools; LIBS plus WD-XRF for
beans; plasma imaging plus LIBS for slurries
Pesticide detection; fertilizer discrimination;
teeth, melanoma tissue, fingernails; medicinal
plants

Multivariate calibration represents the most common prac-
tical solution adopted in the phosphorus-LIBS literature. PLS,
MLR, Lasso, GPR, and related methods exploit several spectral
variables simultaneously and can account, at least empirically,
matrix-induced

changes in the analyte

signal.1#?%3337-39,48,54-3678,80 prom an operational point of view,
these methods can exploit the spectral fingerprints of Ca, Mg,

Fe, Al, K, C, N, O, or Si, which are often chemically or physically

reduce fluctuations due to ablated mass and instrumental drift,
but they do not fully correct changes in plasma excitation

conditions. Therefore, a univariate calibration built on one
fertilizer family, one soil type, or one biological tissue cannot be
assumed to be transferable to another family without validation

on independent matrix-matched samples.

J. Anal. At. Spectrom.

linked to phosphorus in soils, plants, fertilizers, ashes, ores,
and biological matrices. However, when the model uses vari-
ables that are not direct P emission lines, the prediction may
reflect correlations present in the calibration set rather than
genuine spectroscopic information related to phosphorus. In
practice, this means that the model can perform very well in
cross-validation, yet fails when the source, production process,
soil horizon, organic matter content, moisture, mineralogy, or
particle-size distribution changes.

4.3 Is machine learning really solving LIBS?

The above mentioned issue becomes even more relevant for
machine-learning and deep-learning models that can describe

nonlinear relations between spectra and reference concentra-

tions. Several works report clear improvements over univariate
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calibration and/or linear multivariate methods such as PLS, for
example in fertilizers, seafood, stream sediments, phosphate
slurries, and sewage sludge ash.>®3%646%79

However, the main risk of machine learning in LIBS is the
construction of a chemically plausible yet analytically fragile
black box. The problem is evident in studies where phosphorus
is predicted even though the P emission lines are weak or not
visible.**** In such cases, the model may infer P concentration
from Ca, Mg, Fe, K, organic matter, or other correlated vari-
ables. This can be useful for classification, screening, and
prediction within a well-defined population of samples, but it
should not be presented as a universal determination of phos-
phorus. If, for example, a soil amendment changes the Ca/P
relationship, or a sewage sludge ash has a different mineral-
ogical origin from those represented in the training set, a black-
box model may return an apparently precise yet completely
incorrect value. For this reason, external validation on inde-
pendent datasets, together with explicit reporting of the
selected spectral regions, is more important than the nominal
complexity of the algorithm.

The paper by Massa et al. on sewage sludge ash is particularly
instructive in this respect: real SSA samples, independently
characterized, were used during model validation and optimi-
zation, forcing the CNN to learn spectral features that remained
useful under realistic matrix variability.”® This approach is
closer to real analytical practice than the development of a high-
performing model on a narrow training set followed by valida-
tion on samples drawn from the same distribution.

A practical criterion for evaluating machine-learning models
in LIBS is whether they remain interpretable at the spectro-
scopic level. Useful models should either include P lines among
the influential variables or provide a clear chemical explanation
for the indirect variables used. Variable-selection methods such
as CARS, iPLS, Lasso, and imaging-assisted correction are
valuable because they reduce model complexity and help
identify whether the prediction is driven by P emission, matrix
descriptors, or accidental correlations.’’*>* Similarly, data
fusion with digital imaging, vis-NIRS, WD-XRF, or plasma
imaging can improve robustness when the added information
describes real sources of variability, such as sample texture,
organic matter, mineralogy, or shot-to-shot plasma
geometry.30,37,48,30

4.4 Calibration-free LIBS: promises and limitations

Calibration-free LIBS offers a conceptually different approach.
Instead of learning a sample-specific calibration, CF-LIBS
attempts to reconstruct the elemental composition from
plasma physics by measuring the line intensities and the elec-
tron temperature and number density of the laser-induced
plasma.”7® This is attractive for phosphorus analysis because,
in principle, it should suppress matrix effects while eliminating
dependence on reference standards. In practice, however, its
reliability depends on demanding conditions: the plasma must
be observed within a time window in which temperature and
density are well defined, ensuring that the plasma is close to
LTE and optically thin, or that self-absorption is correctly
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treated.”>**”>77 These requirements explain why CF-LIBS is
more appropriate for laboratory studies, major-element anal-
ysis, or well-controlled samples than for field measurements on
heterogeneous soils, slurries, or biological materials.

For phosphorus, the limitations of CF-LIBS are particularly
evident. When P is present as a minor element, the weak UV
lines may provide insufficient information for robust treatment,
and small errors in the measured line intensities or in the
spectroscopic parameters may produce large concentration
errors.””” The works on Moringa leaves, phosphogypsum,
bones, and steel slags illustrate both the promise of the tech-
nique and the caution required in its application.*>**’*%¢ In
steel slags, a hybrid strategy proved more realistic: CF-LIBS was
used for major oxides, whereas P,0O5 was quantified through
a normalized univariate calibration.” This confirms a practical
conclusion already present in the CF-LIBS literature:
calibration-free procedures are powerful, but they are not
automatically superior to calibrated methods for minor
elements.’>”>77

In any case, it appears clear that the most successful studies
combine an appropriate physical protocol with an analytical
model whose assumptions are consistent with the analytical
task. Normalization can compensate for shot-to-shot variability;
PLS or MLR can partially correct for matrix variation; SVM, ANN,
and CNN can model nonlinearities; and CF-LIBS can provide
standard-free insight under controlled plasma conditions.
None of these approaches, however, eliminates the need for
representative samples and independent validation.

4.5 Practical considerations and future directions

In real practice, the best quantification strategy is therefore
application-dependent. For quality control of a single produc-
tion line, such as phosphate slurry flotation or conveyor-belt ore
monitoring, a multivariate or deep-learning model trained on
representative process samples may be the most efficient solu-
tion, especially if coupled with normalization, plasma imaging,
or spectral refinement.”*®* For regulatory or inter-laboratory
measurements on heterogeneous soils, fertilizers, ashes, or
foods, the model should be validated across independent
sources and should include uncertainty estimates, matrix-class
diagnostics, and warning rules for samples lying outside the
calibration domain. For exploratory field screening, handheld
LIBS can provide rapid classification and approximate quanti-
fication of P, but confirmatory analysis may still require labo-
ratory reference methods or matrix-matched calibration.

Another important point concerns the role of sample prep-
aration. Pelleting, drying, grinding, liquid-to-solid conversion,
and controlled blending with standards may appear to reduce
the immediacy of LIBS, but in many cases they are necessary to
obtain meaningful analytical results.

5. Conclusion

In conclusion, the most convincing phosphorus-LIBS applica-
tions are those in which the model structure, the calibration
design, and the sample population are fully consistent with the
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analytical question. Conversely, models that predict phos-
phorus from hidden correlations in small or homogeneous
datasets may provide an unrealistic impression of accuracy.
Future work should therefore focus not only on the analytical
results obtained, but also on their statistical validity and their
ability to generalize to independent datasets. To this end,
accurate specification of the selected wavelengths or features,
the matrix range covered by calibration and validation, and the
behavior of the model when P lines are weak, absent, or per-
turbed will be essential.
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ANN Artificial neural network
AP Available phosphorus

BP-ANN  Backpropagation artificial neural network

BPL Bone phosphate lime

CF-LIBS  Calibration-free LIBS

CNN Convolutional neural network

CRM Critical raw materials

DIMP Diisopropylmethyl phosphonate

DL Deep learning

EU European Union

ICP-OES Inductively-coupled plasma optical emission
spectroscopy

LIBS Laser-induced breakdown spectroscopy

LIF Laser-induced fluorescence

LOD Limit of detection

MAE Mean absolute error

MAPE Mean absolute percentage error

MEC Multi-energy calibration

MER Metal impurity ratio

MSE Mean squared error

NIST National Institute of Standards and Technology

OP GSA  One-point gravimetric standard addition

PLS Partial least squares

PLS-DA  Partial least square-discriminant analysis

PMM- Partial matrix matching multi-energy calibration

MEC

REP Relative error of prediction

RMSE Root mean square error

RSD Relative standard deviation

SOM Solid organic matter

SSA Sewage sludge ash
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SVM Support vector machine

TK Total potassium

TFe Total iron

TN Total nitrogen

TP Total phosphorus

USA United States of America

USD US dollars

uv Ultraviolet

WD-XRF Wavelength-dispersive X-ray fluorescence
XPS X-ray photoelectron spectroscopy
XRF X-ray fluorescence
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