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orrection in calibration-free laser-
induced breakdown spectroscopy for quantitative
elemental profiling and chemometric classification
of Spinacia oleracea

Ambreen Aslam, *a Abdul Ghuffara and Zahid Farooqb

Although Laser-Induced Breakdown Spectroscopy (LIBS) is a fast multi-elemental technique, with

increasing applications in agricultural diagnostics, self-absorption can affect its quantitative sensitivity. In

the present work, Calibration Free LIBS (CF-LIBS) of healthy and diseased spinach leaves was combined

with Internal Reference Self Absorption Correction (IRSAC) to enhance the consistency of the spectral

results to profile the elements. Leaf spot infection is known to interfere with ionic transport and

chlorophyll metabolism, leading to variations in macronutrients (Ca, Mg, and K) and micronutrients (Fe,

Mn). Accordingly, corrected LIBS emissions were used to evaluate physiologically relevant trends. Plasma

temperature and electron density were determined using Boltzmann plots and Stark broadening to verify

local thermodynamic equilibrium (LTE) conditions. To establish quantitative reliability, CF-LIBS

concentrations were cross-validated against inductively coupled plasma optical emission spectroscopy

(ICP-OES), yielding deviations within 7–10%, consistent with values reported in established LIBS

validation studies. Multivariate analysis using principal component analysis (PCA) demonstrated clear

clustering between healthy and diseased samples, while supervised machine learning (ML) classifiers

achieved >90% accuracy. The integrated IRSAC corrected CF-LIBS and ML framework demonstrates the

potential of spectroscopically validated elemental profiling and may support further development of

portable systems for precision agriculture and food-quality monitoring.
1. Introduction

Laser-Induced Breakdown Spectroscopy (LIBS) has a severe
drawback known as self-absorption effect, in which strong
emission lines are reabsorbed in the plasma. This distortion
changes the spectral intensities, which results in the impreci-
sion of quantifying elemental concentrations and unreliable
plasma diagnostics.1 This is a critical issue of concern to the
reliability of LIBS, especially in agricultural and biological
research where minor compositional variations between
healthy and diseased tissues need to be resolved. The Internal
Reference Self-Absorption Correction (IRSAC) method is one of
the existing strategies that has proven to be signicant in
restoring the actual line intensities and enhancing the accuracy
of analysis.2 A good example of application in this regard is crop
health monitoring. The conventional methods of analysis, such
as Atomic Absorption Spectroscopy (AAS) and Inductively
Coupled Plasma Optical Emission Spectroscopy (ICP-OES), have
tional University, Faisalabad Campus,

@gmail.com

and Technology, University of Education,

29702
been found to be useful in the analysis of nutrients and
contaminants, but are destructive, demand a lengthy prepara-
tion time, and are only applicable to the laboratory environ-
ment, which limits their use in rapid or eld-based diagnostics.3

Comparatively, LIBS can deliver multiple elements in real-time,
in situ, and with minimum sample preparation, and this is why
it may be applied in agriculture.4

Leafy vegetables, such as spinach (Spinacia oleracea) which
are nutritionally important are very vulnerable to biotic and
abiotic stresses such as nutrient deciencies, pollution and
pathogenic infections.5 Foliar diseases like leaf spots do not
only reduce yield and market quality but also alter tissue
composition which is harmful to food safety and consumer
health. Correct and timely identication of such physiological
and pathological alterations is thus paramount and self-
absorption-corrected LIBS method is a route to proper
elemental proling and successful disease surveillance in
spinach farming. Simultaneously, recent developments in the
eld of the data-driven models have demonstrated that che-
mometric and machine learning algorithms can be used effec-
tively to classify the plant health conditions based on
complicated spectral data sets.6–10 PCA may be used to reduce
the dimensions and visualize the variance, whereas supervised
© 2026 The Author(s). Published by the Royal Society of Chemistry
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algorithms, including Support Vector Machines (SVM), Random
Forests (RF) and k-Nearest Neighbors (kNN) are widely used in
disease identication and crop monitoring.11–13 Although LIBS
and machine learning have been independently studied in the
context of plant health diagnostics, calibration-free IRSAC has
been studied in different applications, no research has been
carried out to systematically integrate IRSAC-corrected LIBS
with machine learning to detect spinach health status.

Even though LIBS and machine learning have been explored
in the past to measure plant-health, all the existing literature
must either use uncorrected spectra or external calibration, or
qualitative classication without accounting for self-absorption
and matrix-related distortions. The current research makes
three important contributions. To obtain physically meaningful
intensities with reliable CF-LIBS quantication, First, Internal
Reference Self-Absorption Correction (IRSAC) was introduced
that provides a systematic correction of line-prole distortion
and recovers physically meaningful intensities. Second, the
xed spectrums are checked with ICP-OES using nutritionally
relevant macro and micronutrients (Ca, Mg, K, Fe, Mn),
showing the deviation to less than 10% and conrming that
IRSAC assisted CF-LIBS is credible in the analysis of leaf
elementals. Third, it combines the xed quantitative charac-
teristics into an ML pipeline of healthy and diseased spinach
into a spectroscopically corrected plasma diagnostics and
quantitative chemistry model and machine-learning-based
classier within a system. Such an approach bridges a serious
gap in the literature as it shows that self-absorption corrected
LIBS intensities are muchmore useful in quantitative elemental
analysis and classication reliability.
Fig. 1 Schematic of the LIBS experimental setup showing laser irra
spectrometer.

© 2026 The Author(s). Published by the Royal Society of Chemistry
2. Materials and methods

Two types of Spinacia oleracea were studied, the samples were
taken in elds of agriculture in Faisalabad, Pakistan: healthy
leaves without obvious symptoms and diseased leaves with clear
symptoms of leaf spots. Here, spinach leaves that display early
to moderate symptoms of leaf spot disease, a prevalent fungal-
bacterial stresses disease in leafy greens, were chosen to provide
biological meaningful comparison of the healthy and diseased
tissue.14 Aer collecting, samples were washed with double
distilled water to remove the stuck dust and soil particles, dried
at ambient conditions and subsequently dried in vacuum oven
at 60 °C conditions, over a duration of 2 h of time.15 Leaves were
dried and crushed to ne powder in a specially designed ball
mill and nally sieved.16 Each fraction (approximately 500 mg)
was squeezed into circular pellets (13 mm diameter, or about
2 mm thickness) under 10 tons of pressure with a hydraulic
press. These pellets were taken as LIBS targets.17 ICP-OES
samples were prepared using the normal wet-acid digestion in
HNO3 and then dilution and ltration followed.3

The second harmonic (532 nm) of a Q-switched Nd:YAG laser
(Q-Smart 850) was used to generate plasma on the surface of the
spinach pellets. The laser delivered pulses of 5 ns duration with
an energy of approximately 103 mJ per pulse. The beam was
focused onto the sample surface using a 10 cm focal-length
lens. To reduce crater formation and improve representative
ablation, the pellets were mounted on a rotating holder so that
a fresh surface was exposed to each laser pulse.18 The plasma
emission was collected in an orthogonal geometry using a lens–
ber assembly and transferred to an Avantes echelle spectro-
graph equipped with a CCD detector, as shown in Fig. 1. The
diation of spinach pellets and optical emission collection into the

RSC Adv., 2026, 16, 29688–29702 | 29689
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spectrometer covered the 190–770 nm range in a single acqui-
sition, with a wavelength resolution of approximately 0.03–
0.08 nm. Spectral acquisition and visualization were controlled
using AvaSo 8.5 soware. The acquisition parameters were
selected to maximize the signal-to-noise ratio and reduce
continuum background, with a gate delay of 1 ms and a gate
width of 10 ms per shot.19,20 Five pellets were prepared for each
sample type, healthy and diseased, and 20 spectra were recor-
ded from each pellet.

All recorded spectra were rst corrected for the dark-current
background acquired with the laser blocked, using the Avantes
AvaSo routine. The continuum baseline was then removed
using an asymmetric least-squares (AsLS) algorithm with
smoothness parameter l = 105 and asymmetry parameter p =

0.001, implemented in Python (SciPy). A Savitzky–Golay lter
with a 7-point window and third-order polynomial was applied
for noise smoothing before peak detection. Peaks were located
using the prominence-based local-maximum routine nd_-
peaks in SciPy v1.13, with prominence and width thresholds
checked against the NIST Atomic Spectra Database within
a ±0.07 nm tolerance. Each detected line was tted with a Lor-
entzian prole to extract the line-centre wavelength, peak
intensity, and FWHM.21–23

All healthy and diseased spinach spectra were acquired
under identical optical geometry, spectrometer settings, gate
delay, gate width and laser energy; therefore, the comparative
spectral analysis was performed under internally consistent
instrumental conditions. The optical-thinness checks used
closely spaced resonance doublets, e.g. Mg II 279.553/
280.270 nm, for which detector-response variation across each
pair is expected to be minimal. The IRSAC-corrected CF-LIBS
concentrations were further cross-veried against ICP-OES for
Fig. 2 Workflow of the IRSAC-corrected CF-LIBS methodology applied

29690 | RSC Adv., 2026, 16, 29688–29702
Ca, Mg, K, Fe and Mn to evaluate quantitative consistency.
Future work may further improve absolute quantication by
applying full radiometric response calibration over the 190–
770 nm range.

IRSAC correction factors and CF-LIBS quantication were
derived from pellet-averaged spectra to improve signal-to-noise
ratio, while PCA and machine-learning classication were per-
formed on individual shot spectra aer applying the corre-
sponding pellet-specic IRSAC correction factors.24 The
emission lines were post-acquisition matched to the NIST
Atomic Spectra Database within ±0.07 nm and categorized into
macro-, micro- and trace/toxic-element groups to form sample-
wise elemental proles.25 Plasma temperature and electron
density were determined using Boltzmann plots and Stark
broadening of isolated lines, respectively. LTE validity was
evaluated using the McWhirter criterion, and IRSAC was
applied before recalculating plasma parameters and concen-
trations to reduce reabsorption-related artifacts and improve
quantitative consistency.26–30 The workow of the present work
is shown in Fig. 2.

Principal Component Analysis (PCA) was initially used to
perform dimensionality reduction of LIBS spectra to emphasize
the difference between healthy and diseased spinach samples.31

To be classied, random forest (RF), k-Nearest Neighbours
(kNN), and Support Vector Machines (SVM) supervised machine
learning algorithms were applied.32,33 The chemometric and
classication analyses were done in MATLAB R2025a (Math-
Works, Natick, USA) Classication Learner Toolbox and Python
3.11 (scikit-learn v1.5.0, NumPy, pandas, and matplotlib
libraries). To ensure strict biological independence and prevent
shot-level data leakage, model performance was evaluated using
Leave-One-Group-Out (LOGO) cross validation (Fig. 3), where all
for healthy and diseased spinach analysis.

© 2026 The Author(s). Published by the Royal Society of Chemistry
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Fig. 3 Schematic of the Leave-One-Group-Out (LOGO) cross validation strategy.
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spectra from one pellet were excluded from training and used
exclusively for testing in each fold. The performance metrics
were confusion matrices, accuracy, and area under ROC curves
(AUC).34,35
Fig. 4 Representative LIBS spectra of healthy and diseased spinach
samples, vertically offset for clarity.
3. Results and discussion
3.1 Spectral characteristics and elemental features

The spectral interpretation of the LIBS data began with pre-
processing of the recorded data to increase the reliability of
the signal and to reduce other artifacts that were due to the
matrix.36 The processes involved in the workow were baseline
subtraction, peak detection, and estimation of the FWHM.
Peaks in the spectrum were then determined automatically by
nding local peaks that passed by a prominent criterion. The
entire width at half maximum (FWHM) (eqn (1)) of detected
lines was determined as shown by:

FWHM = Dl × n1/2 (1)

where Dl is the local channel spacing in nm/pixel (extracted
from the spectrometer's native wavelength array) and n1/2 is the
number of pixels above half-maximum. This relation provides
only an initial FWHM estimate; the value used in all subsequent
analysis was taken from a Lorentzian t to the same line. The
stacked LIBS spectra of healthy and diseased sample spinach
fall under the range of 190–770 nm as illustrated in Fig. 4. The
most signicant emission lines were attributed to the macro-
nutrients like Ca II (393.36, 396.85 nm), Mg II (279.55 and
280.27 nm) and the Na I doublet (588.99, 589.59 nm). There
were also some lines of micronutrient, such as Fe I (407.17,
407.61, 500.20 nm), Zn I(462.98, 468.01 nm) and Mn I (279.83
nm). Moreover, trace and possibly toxic elements were detected
(Pb I 368.96, 368.35 nm), Hg II (391.92 nm), Cr I (425.43, 427.48,
428.97, 430.11, 520.45 nm), Al I (396.15 nm), Al II (399.58 nm)
and Cd I (508.58 nm). Only the most prominent and analytically
relevant lines are labelled for clarity; additional matched lines,
© 2026 The Author(s). Published by the Royal Society of Chemistry
including Hg, V, P, Ag Ti, Ni and Pb, are listed in the supple-
mentary line-assignment table. The Ca II, Mg II, Fe I and K lines
represented nutrient sufficiency in healthy spinach spectra and
suppressed signals of Mg, Ca, K and Mn in diseased spinach,
which are essential in photosynthetic and enzymatic activi-
ties.37,38 Conversely, trace elements like Pb, Hg and Cd showed
a relatively high emission in disease samples connoting that
uptake and accumulation of these elements changed when one
became diseased. Spectra of diseased also exhibited slightly
broader and less sharp peaks, which were associated with
plasma-matrix effects, which are related to biochemical
changes. These spectral intensity changes in macro, micro and
trace element lines form the basis of the further plasma diag-
nostics and chemometric classication. Even before applying
multivariate analysis, the spectra themselves reveal clear
elemental differences between healthy and diseased spinach,
underscoring the discriminative capability of LIBS for plant
health monitoring.39–41
RSC Adv., 2026, 16, 29688–29702 | 29691
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3.2 Plasma diagnostics before and aer IRSAC

The plasma excitation temperature was estimated using the
Boltzmann plot method, which relies on the assumption of
local thermodynamic equilibrium (LTE). According to this
method, the intensity Iij of an emission line from an upper
energy level j to a lower level i is given by eqn (2):

Iij ¼ hc

4p

Ajigj

UðTÞNl exp

�
� Ej

kBT

�
(2)

where (Aji) is the transition probability,(gj) is the statistical
weight of upper level,(Ej) is the upper energy level in eV, (l) is the
transition wavelength, (U(T)) is the partition function, (N) is the
total number density, (T) is the plasma excitation temperature
in Kelvin, (kB) is the Boltzman's constant, (h) is the Planck's
constant and (c) is the speed of light. By taking the natural
logarithm and rearranging, the linearized form is:

ln

 
Iijl

Ajigj

!
¼ � Ej

kBT
þ constant (3)

Plotting

 
ln

 
Iijl
Ajigj

!!
vs: ðEjÞ yields a straight line whose

slope is
�
� 1
kBT

�
, from this slope the plasma excitation

temperature can be calculated. In the study, Boltzmann plots
were constructed for selected neutral and singly ionized
calcium (Ca II) lines in healthy and diseased spinach plasmas.
The estimated plasma temperatures obtained from the Boltz-
mann plots were 7598 K for healthy spinach and 6859 K for
diseased spinach, as shown in Fig. 5(a) and (b). Weak plasma
excitation in diseased spinach plasma indicates low excitation
temperature, which could be caused by changes in the
elemental composition and the levels of the essential nutrients
like calcium (Ca), potassium (K), and magnesium (Mg).42 These
temperature estimates justify the selection of emission lines to
be diagnostic and give the needed input to further calculations,
such as electron density accurate determination, and self-
absorption remediation. In Table 1, the spectroscopic parame-
ters (wavelengths, transition probabilities, upper and lower
Fig. 5 (a) Boltzmann plot for excitation temperature of healthy and (b)
healthy and diseased spinach samples.

29692 | RSC Adv., 2026, 16, 29688–29702
energy levels and statistical weights) of the chosen Ca II tran-
sitions are listed.

The electron density Ne of the plasma was calculated using
the Stark broadening method (eqn (4)), which exploits the
dependence of spectral line broadening on plasma electron
density.43 For an isolated spectral line, the Stark broadening
relation can be expressed as:

Dlmeasured ¼ DlStark z 2w

�
Ne

1016

�
(4)

where Dlmeasured is the experimentally measured full width at
half maximum (FWHM), w is the electron impact parameter
obtained from reference Stark tables, and Ne is the electron
density (cm−3).44 As shown in Fig. 5(c), a Lorentz t to the Ca II
393.366 nm line (healthy: red; diseased: black) provided the
Stark FWHM used to compute Ne. For the present study, the Ca
II line at 393.366 nm was selected due to its well-documented
Stark parameters and high sensitivity to plasma electron
density.45 The validity of local thermodynamic equilibrium
(LTE) was further conrmed using the McWhirter criterion
given in eqn (5):29

Ne $ 1.6 × 1012T1/2(DE)3 (5)

where T is the plasma temperature in Kelvin and DE is the
largest energy gap (in eV) between the upper and lower states
considered in the Boltzmann plot. For the estimation of elec-
tron number density, the Stark broadening of the Ca II line at
393.366 nm was employed as the diagnostic line given in Table
1. In particular, the transition at 393.366 nm served as the
reference for evaluating Stark broadening and deriving the
corresponding electron density values. For healthy spinach
plasma, the measured FWHM was 0.2397 nm, yielding an esti-
mated electron density of (8.38 ± 0.01) × 1017 cm−3. The
McWhirter minimum density was calculated as (8.44 ± 0.01) ×
1015 cm−3, conrming LTE validity. For diseased spinach
plasma, the measured FWHM was slightly lower (0.2366 nm),
corresponding to an electron density of (8.27 ± 0.01) × 1017

cm−3. The McWhirter criterion gave a threshold of (8.02 ± 0.01)
× 1015 cm−3, again conrming LTE.
diseased spinach samples (c) Lorentzian fit of Ca II 393.36 nm line for

© 2026 The Author(s). Published by the Royal Society of Chemistry
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Table 1 Spectroscopic data of Ca II transitions used for Boltzmann plot

Line
Wavelength
(nm)

Transition probability
A × 107 (s−1)

Lower energy
E (eV)

Upper energy
Ek (eV) g gk Transition

Ca II 317.933 36.0 3.150984 7.049551 4 6 3p64d / 3p64p
Ca II 373.690 17.0 3.150984 6.467875 4 2 3p65s / 3p64p
Ca II 393.366 14.7 0.000000 3.150984 2 4 3p64p / 3p64s
Ca II 396.847 14.0 0.000000 3.123349 2 2 3p64p / 3p64s
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3.3 IRSAC inuence on line intensities and element proles

Although the values of the baseline plasma temperature and
electron density are physically sound, the measured distribu-
tion in Boltzmann plots and distortions in the Lorentzian ts
emphasize the weakness of the raw self-absorbed spectra.24 The
intensities of alkali elements such as Na and K were also
abnormally high instead of expected trends and this is a char-
acteristic of self-absorption that is quite familiar.46 These are
effects that may bias quantitative elemental analysis as well as
plasma diagnostics unless mitigated.47 To reduce the effect of
self-absorption on the recorded emission line intensities, the
Internal Reference Self-Absorption Correction (IRSAC) tech-
nique was used.48 The IRSAC methodology is based on the
choice of an optically thin transition in each element-ion group
as an internal reference line, which is referred to as Iref. The
reference was usually selected as one of transitions having high
excitation energy (Eref) and comparatively small transition
probability (Aref) to minimize the possibility of self-absorption
effects. The formulation of the IRSAC method is presented by
the eqn (6).

fk ¼ IkArefgref

IrefAkgk
exp

�
� Eref � Ek

kBT

�
(6)

with Ik the measured raw intensity of line k, Ak the Einstein
transition probability, gk the statistical weight of the upper level,
Ek the excitation energy of the transition, kB the Boltzmann
constant and T the plasma temperature, which in this experi-
ment was 7597.94 K in healthy and 6858.95 K in diseased
spinach. In this approach, the correction is not applied as
a single global scaling factor to the whole spectrum; rather, each
emission line is corrected individually using a line-specic,
wavelength-dependent correction factor. IRSAC was applied to
the peak intensity obtained from the tted Lorentzian prole of
each selected transition. Therefore, each line k receives its own
correction factor fk, calculated from the corresponding spec-
troscopic parameters Ak, gk, and Ek, relative to the selected
internal reference line of the same species and ionization state.
The IRSAC methodology is based on the choice of a minimally
self-absorbed transition in each element-ion group as an
internal reference line, referred to as Iref. The reference line was
selected from transitions having relatively high excitation
energy (Eref) and comparatively small transition probability
(Aref), where possible, to reduce the probability of strong self-
absorption effects. The intensity of the line with the correc-
tion is then provided by:
© 2026 The Author(s). Published by the Royal Society of Chemistry
Ik;corr ¼ Ik

fk
(7)

To evaluate line-prole distortion associated with self-
absorption, representative Na I 588.99/589.59 nm, Mg II
279.553 nm, and Ca II 393.366 nm lines were examined using
Lorentzian tting (SI Table S3 and Fig. S2). The Na I resonance
doublet showed the strongest broadening/central distortion,
whereas Mg II 279.553 nm remained comparatively symmetric
and narrow. The Ca II 393.366 nm line showed moderate
broadening, the FWHM values were used only as diagnostic
indicators of self-absorption related line prole distortion;
IRSAC was applied to the analytical peak intensities used for CF-
LIBS quantication, not as a physical reconstruction of the
measured linewidth. It is important to clarify that the IRSAC
approach applied in the present work is an analytical peak-
intensity correction method rather than full physical recon-
struction or deconvolution of the emission-line prole. Thus,
IRSAC corrects the selected line intensities used for CF-LIBS
quantication, but it does not explicitly resolve the
wavelength-dependent optical thickness across the complete
Lorentzian or Voigt emission prole. Advanced line-prole
modelling frameworks, including s-algorithm-based
approaches and full Lorentz/Voigt prole treatments, can
directly model optical-thickness effects across the line shape
and therefore provide a more detailed description of self-
absorption in laser-induced plasmas. These approaches are
complementary to the present IRSAC-assisted CF-LIBS workow
and represent a useful direction for future renement.49,50 For
an optically thin plasma, the ratio of two emission lines of the
same ionic species and resonance doublet is xed by atomic
constants alone:

Rth ¼ g1A1l2

g2A2l1
(8)

The Mg II 279.553/280.270 nm doublet gave a theoretical
optically thin ratio of Rth z 2.03. The measured ratios were 1.95
for healthy spinach and 1.94 for diseased spinach, with devia-
tions of ∼4.0% and ∼4.5%, respectively, supporting its use as
a near optically thin reference pair. Although the IRSAC refer-
ence lines were chosen on the basis of practical low self-
absorption criteria (high upper level energy, comparatively low
transition probability, isolated and symmetric Lorentzian
prole, and consistency in the Boltzmann plot) following Sun
and Yu51 and following the SAF-LIBS line selection approach
RSC Adv., 2026, 16, 29688–29702 | 29693
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Fig. 6 Effect of IRSAC on LIBS emission intensities of spinach samples. (a) Healthy spinach: log–log plot of raw vs. corrected intensities, (b)
corresponding bar graph showing enhanced Fe, Ca, and K signals. (c) Diseased spinach: similar trend with (d) increased corrected intensities bar
plot.
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reported by Hou et al.,52 the near optically thin behavior of the
selected reference lines was evaluated experimentally using the
well-known doublet intensity ratio test.

The IRSAC correction results of healthy spinach are shown in
Fig. 6(a) and (b) and diseased spinach is shown in Fig. 6(c) and
(d). The log–log scatter plots of corrected and raw intensities in
both instances show a shi to the desired 1 : 1 line (dashed red),
and the bar graphs adjacent to them show that the total
intensities of elements like Fe, Ca, and K improve considerably
aer correction. These results support the effectiveness of
IRSAC in reducing self-absorption-related intensity bias while
preserving the relative behavior of near-optically-thin
transitions.53

The initial plasma temperature was estimated from a Boltz-
mann plot using four Ca II lines at 317.933, 373.690, 393.366,
and 396.847 nm. This temperature was used as the starting
input for IRSAC, consistent with the practical internal-reference
self-absorption correction framework, in which an initial
plasma temperature and selected internal reference line are
used to calculate line-specic correction factors.51,54 Aer
applying IRSAC to the selected peak intensities, a second
Boltzmann plot was constructed from the corrected intensities,
giving updated diagnostic temperatures of 8164 K and 7062 K
29694 | RSC Adv., 2026, 16, 29688–29702
for healthy and diseased spinach, respectively, as shown in
Fig. 7 and Table 2. The moderate changes from the initial
values, approximately 7.5% and 3.0%, indicate improved
Boltzmann-plot consistency while maintaining stable tempera-
ture correction.

To quantify the inuence of self-absorption correction on
each element, eqn (9) was used, an element-wise ratio was
calculated as:

Ri ¼ Ci;IRSAC

Ci;SA

(9)

where, Ci,IRSAC and Ci,SA are the IRSAC corrected and self-
absorbed coefficients of the element i, respectively. When the
ratio is greater than unity it depends on the fact that the
elemental intensity has been underestimated by the self-
absorbed spectrum, and when the ratio is lower than unity
then it is the elemental intensity that has been overestimated.
There were signicantly higher ratios of diseased spinach
compared to non-diseased spinach of macronutrients including
K and Ca (ratio exceeding 3); thus, showing that these lines were
highly repressed by self-absorption and recovered successfully
aer correction (Fig. 8). Na on the other hand had ratios of less
than 1 in both healthy and diseased samples, suggesting
© 2026 The Author(s). Published by the Royal Society of Chemistry
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Fig. 7 Boltzmann plot after IRSAC correction (a) healthy spinach (b) diseased spinach.

Table 2 Plasma excitation temperature (T) and electron density (Ne) of spinach plasma before and after IRSAC correction

Sample
Plasma temp.
before IRSAC (K)

Plasma temp.
aer IRSAC (K)

Electron density
before IRSAC (×1017 cm−3)

Electron density
aer IRSAC (×1017 cm−3)

Healthy 7598 8164 8.38 8.45
Diseased 6859 7062 8.27 8.44
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systematic overestimation in the self-absorbed spectrum. Many
of the micronutrients like Fe and Ni had ratios near unity
meaning that correction was minimal, whereas many of the
toxic elements like Hg and Cd displayed higher ratios (>1)
especially in diseased leaves, which is more easily detectable by
IRSAC.55,56 These ndings point to the fact that IRSAC correction
is not uniformly scaling but an element-specic adjustment
hence producing an improved representation of the spinach
elemental prole.
3.4 Quantitative CF-LIBS analysis

The elemental concentrations (weight%) of healthy and
diseased spinach samples were determined using the
calibration-free LIBS (CF-LIBS) approach combined with
Internal Reference Self-Absorption Correction (IRSAC).57 In this
method, the measured intensity of each emission line was rst
corrected for self-absorption under internally consistent
instrumental conditions and then used to calculate relative
elemental abundances according to the CF-LIBS formalism.58

Plasma temperature and electron density were derived from the
Boltzmann plot and Stark broadening method, respectively, and
incorporated into the concentration evaluation.

For each emission line, the elemental contribution was
initially estimated as:59

Cij ¼ IijZ

Aijgj
exp

�
Ej

kBT

�
(10)

where Iij is the self-absorption-corrected line intensity, Aij the
Einstein transition probability, the statistical weight of the
© 2026 The Author(s). Published by the Royal Society of Chemistry
upper level gj, Ej the upper-level energy, T the plasma temper-
ature, and Z the partition function of the species.

To account for both neutral and ionized species, the Saha–
Boltzmann relation was applied:

neC
zþ1

Cz
¼
�
2pmekBT

h2

�3=2
Uzþ1ðTÞ
UzðTÞ exp

�
� Eion

kBT

�
(11)

where Cz and Cz+1 are the concentrations of neutral and ionized
atoms, ne is the electron density, Eion is the ionization potential,
and Uz(T), Uz+1(T) are the respective partition functions. The
total elemental concentration was then obtained as:

Ci ¼
X
j˛i

Cij ¼ Cz þ Czþ1 (12)

The relative abundance of each element was normalized with
respect to the total contribution of all detected elements:

Crel
i ¼ CiP

k

Ck

(13)

and expressed as weight percentage:

wi = 100 × Crel
i (14)

The procedure adopted is based on the CF-LIBS method-
ology.57,58 Fig. 9 shows the comparative elemental distribution
of healthy and diseased spinach samples in percentages of
normalized weights. The logarithmic scale highlights both
major and trace elements in many orders of magnitude. Ca, Fe,
and Mg were also present in both sample groups, which is also
RSC Adv., 2026, 16, 29688–29702 | 29695

http://creativecommons.org/licenses/by-nc/3.0/
http://creativecommons.org/licenses/by-nc/3.0/
https://doi.org/10.1039/d6ra01889k


Fig. 8 IRSAC-to-SA ratios for spinach samples. Bars represent the ratio of IRSAC-corrected to self-absorbed coefficients (IRSAC/SA) for each
element in healthy spinach (blue) and diseased spinach (orange).

Fig. 9 Comparison of elemental concentrations (weight%, log scale) between healthy and diseased spinach (Spinacia oleracea) determined
using IRSAC-corrected CF-LIBS.
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in line with the established critical roles of these elements in
spinach physiology. On the other hand, the potentially toxic
elements (Cd, Cr, Ni, Pb and Hg) had low absolute concentra-
tions but were always greater in the diseased samples than in
the healthy ones, indicating stress-induced change in the
elemental uptake or retention. Overall, the CF-LIBS with the
IRSACmethod proved to be useful in separating the healthy and
diseased spinach based on the clear distinctions in the macro-,
micro-, and toxic elements proles.
3.5 Method validation: cross verication with ICP-OES

To check the quantitative reliability of the IRSAC-corrected CF-
LIBS values, the elemental concentrations obtained through CF-
LIBS were cross veried against independent values obtained
with inductively coupled plasma-optical emission spectroscopy
(ICP-OES). The validation elements to be used are Ca, Mg, K, Fe,
and Mn which are nutritionally important macro and micro-
nutrients present in leafy vegetables and are widely used as
29696 | RSC Adv., 2026, 16, 29688–29702
reference elements in LIBS validation studies.60 A direct
comparison between the ICP-OES and IRSAC-CF-LIBS
measurements in the healthy and diseased spinach leaves is
given in Table 3. For all selected elements, IRSAC corrected CF-
LIBS values were within 7–11% deviation range with the ICP-
OES standard, and this shows high quantitative convergence.
This agreement also supports the quantitative consistency of
the IRSAC-corrected CF-LIBS results for strongly self-absorbed
elements such as K and Ca, which showed larger correction
ratios but still produced CF-LIBS concentrations within 7–11%
deviation relative to ICP-OES. The close correspondence implies
that IRSAC is efficient in controlling self-absorption impair-
ments and equilibrating the line-intensity ratios, enabling CF-
LIBS to provide with the concentration estimates that are
stable and comparable to the conventional wet-chemical tech-
niques. This degree of correspondence is comparable to the
previous CF-LIBS verications of plant leaves and herbs where
variations of 5–15% in comparison to ICP-OES or ICP-AES were
mentioned.61–63
© 2026 The Author(s). Published by the Royal Society of Chemistry
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Table 3 Comparison of IRSAC-corrected CF-LIBS elemental concentrations with ICP-OES reference values for healthy and diseased spinach
leaves

Element
ICP-OES healthy
(ppm)

IRSAC-CF-LIBS
healthy (ppm)

% Error
(healthy)

ICP-OES diseased
(ppm)

IRSAC-CF-LIBS
diseased (ppm)

% Error
(diseased)

Ca 8200 7610 7.2 6100 5560 8.8
Mg 2950 2720 7.8 2100 1950 7.1
K 28 500 26 480 7.1 21 300 19 580 8.1
Fe 185 170 8.1 142 131 7.7
Mn 68 61 10.3 52 48 7.6
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Moreover, the concentration levels that have been obtained
in this study are in the same order of magnitude with other LIBS
and ICP-based nutrient analysis of spinach and other green
matrices that have been reported in the past. Previous valida-
tion to date of LIBS-ICP has demonstrated that Mg, Ca, Na and
other macronutrients are commonly found usually within the
103–104 ppm range in spinach leaves,64 and that the equivalent
levels of these nutrients have been observed in a wide range of
plant materials with LIBS backed by the ICP-based quantica-
tion system.65 The fact that this literature reported ranges of
nutrients are consistent with the present ndings only further
ascertains the physical viability and analytical strength of the
IRSAC-corrected CF-LIBS method to quantitative elemental
proling of spinach. Na was excluded only from the ICP-OES
cross-validation shown in Table 3 because the Na response in
the digested spinach matrix was saturated at the dilution used.
However, Na was not excluded from the CF-LIBS mass-balance
calculation. In the CF-LIBS procedure, Na remained included
in the normalization sum together with all detected elements,
so that

P
Crel
i = 1. Therefore, the exclusion of Na from the ICP-

OES comparison did not affect the CF-LIBS normalization. The
agreement between IRSAC-corrected CF-LIBS and ICP-OES for
Fig. 10 (a) 3D Principal Component Analysis (PCA) plot of healthy and d
plot of PC1 vs. PC2 with 95% confidence ellipses. Clear clustering of hea
elemental composition differences.

© 2026 The Author(s). Published by the Royal Society of Chemistry
Ca, Mg, K, Fe and Mn, with deviations within 7–11%, provides
an external check of the quantitative consistency of the cor-
rected elemental prole under the present experimental
conditions. Future ICP-OES validation of Na should be per-
formed using a higher dilution or an alternative analytical line.
3.6 PCA and machine learning classication

To ensure reproducibility, the machine-learning workow used
IRSAC-corrected full LIBS spectra (190–770 nm) as input
features aer baseline correction and normalization. For each
class (healthy/diseased), ve biological samples were analyzed,
and each provided 20 independent shots, giving 100 spectra per
class. The 20 individual shot spectra from each pellet were
retained as separate spectra and were not averaged before PCA
or machine learning. IRSAC correction factors were calculated
once for each pellet from the corresponding average spectrum
to improve the signal-to-noise ratio for plasma-temperature and
correction-factor estimation. These pellet-specic, line-
dependent correction factors were then applied to each of the
20 individual shot spectra from the same pellet, thereby
preserving shot-to-shot spectral variability while reducing
systematic self-absorption effects. Principal Component
iseased spinach samples based on LIBS spectral data. (b) 2D PCA score
lthy and diseased spinach samples demonstrates separation based on

RSC Adv., 2026, 16, 29688–29702 | 29697
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Analysis (PCA) was used to assess the potential discrimination
of LIBS data of healthy and diseased spinach samples.66

Fig. 10(a) using the rst three components (PC1= 25.8%, PC2=
12.3%, PC3 = 10.1%) indicated that the cumulative variance
was 48.2. Despite the presence of some overlap, clustering
patterns of healthy and diseased samples can be observed, with
systematic differences in spectral signatures of healthy and
diseased samples being apparent.67 The further separation is
highlighted by the 2D projection of PC1 vs. PC2 given in
Fig. 10(b). The presence of condence ellipses shows that most
of the healthy samples are concentrated in the positive PC1
area, whereas diseased samples are concentrated in the nega-
tive PC1 area. This means that PC1 represents the most corre-
lated elemental variation with the health status of plants. These
results indicate that LIBS spectral data when processed by PCA
can be used to give a good statistical distinction between
healthy and diseased spinach. This kind of separation indicates
the differences in elemental composition that are caused by
disease, and it proves the possibility of PCA as a dimensionality
reduction and classication method of plant health
monitoring.68

Even though PCA has given a preliminary visualization of the
separation of classes, supervised machine learning was utilised
to quantitatively assess the performance of classication.
Discrimination of healthy and diseased spinach with IRSAC-
corrected LIBS spectra was assessed using a variety of super-
vised machine learning models. Classiers were decision trees,
logistic regression, support vector machine (SVM), k-nearest
neighbours (kNN), ensemble classiers and neural
Table 4 Comparative performance of machine learning classifiers for sp

Model family Sub-model Validati

Tree Coarse tree 68.8
Logistic regression Binary GLM logistic regression 93.3

Efficient logistic regression 90.8
SVM Efficient linear SVM 90.3

Linear SVM 93.8
Quadratic SVM 97.1
Cubic SVM 80.0
Fine Gaussian SVM 87.0
Medium Gaussian SVM 97.3

kNN Fine KNN 16.3
Medium KNN 52.5
Coarse KNN 50.0
Cosine KNN 94.8
Cubic KNN 54.4
Weighted KNN 14.4

Ensemble Boosted trees 50.0
Bagged trees 73.1
Subspace discriminant 94.4
Subspace KNN 12.5
RUSBoosted trees 50.0

Neural network Narrow neural net 87.1
Medium neural net 93.8
Wide neural net 94.1
Bilayered neural net 84.4
Trilayered neural net 81.9

29698 | RSC Adv., 2026, 16, 29688–29702
networks.32,33 Table 4 shows model performance under LOGO
cross validation by its validation accuracy, test accuracy and the
computational time. In the LOGO scheme, all 20 spectra from
the same pellet were kept together in the same fold, so that
spectra from a given pellet were never split between training
and testing. This prevented shot-level data leakage and ensured
that model performance reected generalization across pellets
rather than memorization of within-pellet spectral noise. The
confusion matrix was used to compute classication accuracies
as:

Accuracy ¼ TPþ TN

TPþ TNþ FPþ FN
(15)

where TP, TN,FP and FN represent true positives, true negatives,
false positives and false negatives. Among the tested models,
SVM based classiers proved to be the most stable and
consistent at their performance. The linear SVM provided the
best balance between predictive strength and computational
efficiency, with 93.8% validation accuracy and 97.5% test
accuracy under pellet-level LOGO cross-validation, as shown in
Fig. 11(a) and 12(a). Receiver operating characteristic (ROC)
analysis also affirmed that this model has discriminatory
capability, whose area under curve (AUC) values were close to 1.
The performance of other models was relatively lower or less
stable. Quadratic and Gaussian SVMs performed well on vali-
dation accuracy (97%) however showed lower test accuracy
(89.5%) that suggests overtting. Logistic regression models
showed moderate generalization (∼86–87% test accuracy)
whereas neural networks were mixed with the bilayered repre-
sentation having high-test accuracy and low-validation stability.
inach LIBS spectra

on accuracy (%) Test accuracy (%) Computation time (s)

72.5 74.29
87.0 61.77
86.3 51.30
86.5 54.36
97.5 46.07
89.5 118.37
87.5 130.60
84.5 134.66
89.5 146.90
45.0 204.24
52.5 209.11
50.0 224.81
87.5 229.90
52.5 246.11
37.5 251.70
67.5 180.21
75.0 184.21
91.0 196.69
50.0 200.64
67.5 213.11
93.0 87.54
86.0 92.76
88.0 94.49
97.5 99.94
92.5 101.60

© 2026 The Author(s). Published by the Royal Society of Chemistry
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Fig. 11 Validation results of the linear SVM model for classification of healthy and diseased spinach LIBS spectra. (a) Confusion matrix shows
92.5% correct classification of diseased spinach and 95% for healthy spinach. (b) Receiver Operating Characteristic (ROC) curve with an area
under the curve (AUC) approaching 1, confirming excellent discriminative ability.

Fig. 12 Test results of the linear SVM. (a) Confusionmatrix showing 95% correct classification for diseased and 100% for healthy spinach samples.
(b) Receiver Operating Characteristic (ROC) curve with perfect separation (AUC = 1.0), demonstrating outstanding classification performance.
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The ensemble methods yielded moderately high (∼91% test)
accuracy, decision trees and various kNN versions yielded low
(<75%), and the decision tree andmultiple kNN variants yielded
lower performance than ensemble methods, indicating less
relevance to high dimensional LIBS spectral classication.69

Although pellet-level LOGO cross-validation reduces data
leakage, the present dataset includes ve biological samples per
class; therefore, external validation using an independently
collected spinach cohort will be necessary to further conrm
model generalizability.
4. Conclusion

This paper presents the effective combination of Internal
Reference Self-Absorption Correction (IRSAC) and Calibration-
Free Laser-Induced Breakdown Spectroscopy (CF-LIBS) and
machine learning in elemental proling and health monitoring
© 2026 The Author(s). Published by the Royal Society of Chemistry
of spinach (Spinacia oleracea). The IRSAC technique was effec-
tive in reducing distortions in strong emission lines to obtain
more precise plasma parameters and elemental concentrations.
There were evident variations in the macro, micro, and trace-
element distributions in healthy and diseased samples,
disease stress being linked to the repressed Ca, K, and Mg
signals and high concentrations of potentially toxic elements
Cd, Pb, and Hg. The plasma diagnostics established credible
excitation temperatures and electron densities in LTE condi-
tions, which forms a strong foundation on CF-LIBS quantica-
tion which was validated by ICP-OES results. Classiers of
machine learning, especially support vector machines and
logistic regression, obtained accuracy more than 90%, and
linear SVM obtained 97.5% test accuracy on this dataset. This
shows the strength of integrating physically corrected LIBS
spectra with powerful computational models to detect disease.
RSC Adv., 2026, 16, 29688–29702 | 29699
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In general, the CF-LIBS and machine learning system
developed with the help of IRSAC and presented in this paper
provides a fast and potentially eld-deployable once adapted to
portable instrumentation and simplied sample handling. In
addition to spinach, the technology has a great potential in the
wider agricultural use, such as precision nutrient control, early
disease diagnosis, and food safety. Future research can build
upon this by applying the method to multi-crop systems,
incorporating portable LIBS instrumentation, and optimizing
chemometric pipelines to provide real time on-site analysis.
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