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aman spectroscopic platform for
concurrent elemental and molecular analysis

Sungho Shin, a John Park b and Duk-Jo Kong *ab

Microplastic particles (MPs) are emerging environmental contaminants that can adsorb toxic metals and

organic species, posing risks to ecosystems and human health. In this study, a compact analytical

platform combining laser-induced breakdown spectroscopy (LIBS) and Raman spectroscopy (RS) was

developed for the simultaneous molecular and elemental analysis of polymer microbeads. The system

shares a common optical path for consecutive acquisition of LIBS and Raman signals from the same

spot, enabling direct correlation between polymer identity and adsorbed metal content. Characteristic

Raman bands successfully discriminated polystyrene (PS), polyethylene (PE), and polypropylene (PP),

while LIBS analysis of metal-exposed PS beads revealed distinct Pb I (405.8 nm) and Cu I (324.8 nm) lines

with concentration-dependent intensities. Quantitative calibration yielded limits of detection of

2.29 ppm for Pb and 1.61 ppm for Cu, based on the Pb I 405.8 nm and Cu I 324.8 nm lines, respectively.

Machine learning-based clustering of Raman spectra, including Gaussian mixture model and k-means

approaches, achieved up to 99.3% unsupervised classification accuracy. The results demonstrate that the

integrated LIBS-RS system provides analytical performance comparable to laboratory-scale LIBS

instruments, while offering the added capability of molecular fingerprinting for field-deployable

microplastic and contaminant monitoring.
Introduction

Microplastic particles (MPs), typically dened as plastic debris
smaller than 5 mm, have become ubiquitous environmental
contaminants originating from degradation of larger plastic
waste, textile bers, and industrial abrasives.1,2 Continuous
discharge from wastewater effluents, tire wear, and domestic
washing contributes to the accumulation of MPs in aquatic
environments, including surface waters and drinking-water
systems.3 Recent investigations have revealed that MPs can be
detected even in tap water and bottled water samples, suggest-
ing a direct route of human exposure through ingestion and
inhalation.4 Once internalized, MPs have been reported to
penetrate biological barriers, accumulate in tissues such as the
liver and lungs, and induce oxidative stress and inammatory
responses, raising concerns about their potential toxicity to
humans.

Beyond their physical presence, MPs can act as vectors for
hazardous substances. Hydrophobic polymer surfaces readily
adsorb persistent organic pollutants, pathogenic microorgan-
isms, and particularly heavy metals such as Pb, Cu, Cd, and
Zn.5,6 These metals can accumulate on MPs via complexation or
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electrostatic interactions and be transported across ecosystems,
resulting in secondary pollution and enhanced bioavailability.7

Therefore, analytical techniques that can simultaneously char-
acterize both the polymer identity and the associated chemical
species are urgently required.

Several instrumental approaches have been employed for MP
characterization and contaminant analysis, including Fourier-
transform infrared (FT-IR) microscopy, inductively coupled
plasma-mass spectrometry (ICP-MS), and electron micros-
copy.8,9 While FT-IR spectroscopy provides molecular informa-
tion on polymer composition, they are typically limited to
organic species and require long acquisition times and inten-
sive data processing. ICP-MS or atomic absorption spectroscopy
(AAS), in contrast, can quantify heavy metals with high sensi-
tivity but require complete sample digestion and loss of spatial
information. These conventional methods are thus time-
consuming, destructive, and lack the ability to provide corre-
lated chemical and elemental mapping at the single-particle
level.

To overcome these drawbacks, laser-induced breakdown
spectroscopy (LIBS) and Raman spectroscopy (RS) have
emerged as complementary, rapid, and minimally destructive
optical techniques. LIBS is based on plasma emission generated
by a high-energy laser pulse on the sample surface, providing
multi-elemental information across the periodic table without
sample preparation.10 RS, conversely, probes inelastic photon
scattering induced by molecular vibrations, enabling
This journal is © The Royal Society of Chemistry 2026
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Fig. 1 Schematic of the sample preparation process and the
combined LIBS and RS system.
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ngerprint identication of polymer types and organic func-
tional groups.11 Since the two methods are governed by distinct
physical processes including atomic emission in LIBS and
molecular vibration in RS, their combination offers a powerful
route for simultaneous detection of organic and inorganic
constituents in complex samples and rapid and in situ
elemental analysis at the single-particle level, while conven-
tional analytical techniques such as ICP-MS and AAS provide
superior sensitivitiy.12,13

Recent advances in LIBS and RS have focused on improving
quantitative accuracy and lowering detection limits. Notably,
picosecond laser and calibration-free (CF-LIBS) signicantly
improves analytical accuracy and reduce matrix effect, allowing
sub-ppm or ppb-level detection.14,15 Several studies have also
pushed LIBS detection limits to the ppb levels.16,17 Similarly,
surface-enhanced Raman spectroscopy (SERS) have emerged as
a highly sensitive technique through the plasmon-mediated
amplication.18 Despite these advantages, such advanced
congurations typically require complex optical setups, high-
cost laser sources, and additional surface treatment, which
limit their practicality for compact or eld-deployable systems.

Several studies have demonstrated the utility of LIBS for
detecting heavy-metal adsorption on polymeric or sediment
matrices. For instance, N. Fayek et al. demonstrated the appli-
cation of LIBS for heavy metal detection in complex organic
matrices, which are challenges with polymer analysis.19,20

Also, W. A. Farooq et al. analyzed several trace elements (Al, Si,
P, Ca etc.) and molecular lines (Cn, CO, C2 and CH) in polymer
materials.21 In parallel, RS has been widely utilized for classi-
cation of various polymer types in environmental and
laboratory-aged samples.22 These prior efforts conrm that both
LIBS and RS can independently provide key compositional
information but still require separate instruments and
measurement steps. Recent research has sought to integrate
LIBS and RS into a single optical platform, leveraging shared
optics and synchronized laser operation to enable simultaneous
molecular and elemental analysis.23,24 Integrating both tech-
niques minimizes alignment errors between measurement
spots and allows rapid correlation between the chemical iden-
tity of polymers and the elemental composition of adsorbed
contaminants.

In this work, we evaluated a combined LIBS and RS system
for the analysis of MPs and heavy-metal contamination. The
proposed platform enables both spectral modalities to share
a common optical path, allowing consecutive acquisition of
emission and scattering spectra from the same target area.
Using three types of certied plastic beads as model MPs, and
Pb/Cu solutions as representative metal contaminants, we
demonstrate that the proposed system can discriminate poly-
mer types and quantify metal adsorption via calibration-based
LIBS analysis. The 3-sigma criterion limit of detection (LOD)
for Pb and Cu was evaluated to assess quantitative feasibility.
The present study adopts a nanosecond-based combined LIBS-
Raman platform as a deliberate compromise between analytical
performance and system practicality. Rather than targeting
ultimate sensitivity achievable with ultrafast or calibration-free
approaches, the proposed system emphasizes robust low-ppm
This journal is © The Royal Society of Chemistry 2026
quantication, compatibility with semi-portable instrumenta-
tion, and molecular–elemental correlation, thereby addressing
key requirements for microplastic and environmental contam-
ination monitoring.

Experimental
Materials

Three types of plastic beads were prepared for combined LIBS
and RS measurements: polypropylene (PP; 428116; Sigma-
Aldrich), polyethylene (PE; 428043; Sigma-Aldrich), and poly-
styrene (PS; 441147; Sigma-Aldrich). The average diameters of
the beads were approximately 3.5 mm, 3.0 mm, and 2.5 mm,
respectively. For spectral acquisition, each bead was mounted
on a glass slide using an adhesive tape (3M), ensuring that the
relatively at top surface of the bead was oriented toward the
incident laser beam.

To simulate heavy metal exposure, copper (Cu; 38996; Sigma-
Aldrich) and lead (Pb; 16595; Sigma-Aldrich) standard solutions
(1000 ppm stock solutions) were used. Working solutions with
concentrations of 1, 10, 50, 100, and 1000 ppmwere prepared by
appropriate dilution with 2% nitric acid. For sample prepara-
tion, 25 mL of solution was used for concentrations #10 ppm,
while 5 mL was used for concentrations >10 ppm. Five PS beads
were immersed in each solution and exposed for ve days.
During the exposure period, continuous mixing was achieved
using a centrifuge operated at 300 rpm to ensure homogeneous
contact between the beads and the solutions as shown in Fig. 1.

Instruments

Fig. 1 illustrates the schematic conguration of the combined
LIBS and RS system. All optical components and instruments
were mounted on an optical board, with the three-axis trans-
lation stage (XYZ) positioned externally. The lasers, mirrors, and
lenses were rmly xed and aligned using a cage system.

For RS measurements, a continuous-wave laser (L1; CP532;
Thorlabs) with a wavelength of 532 nm was employed. For LIBS
measurements, a pulsed laser (L2; MicroJewel; Quantum
Composers) operating at 1064 nm with a 6 ns pulse width was
used. The shot-to-shot energy deviation of both lasers was
Anal. Methods, 2026, 18, 1270–1278 | 1271
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experimentally evaluated and found to be less than 1.5%,
indicating stable laser output during the measurements. To
ensure collinearity of the two laser beams, a second-harmonic
laser mirror (M1; NB1-K12; Thorlabs), a long-pass dichroic
mirror (DM; DMLP650; Thorlabs), and a dual-order laser mirror
(M2; NB1-K13; Thorlabs) were installed at 45° incidence. Both
beams were then focused onto the sample surface through
a lens with a 50 mm focal length (FL; AC254-050-AB-ML; Thor-
labs). Aer focusing, the measured laser power and pulse
energy were 5 mW and 10 mJ, respectively. The calculated beam
spot sizes, dened as the 1/e2 beam diameters, were approxi-
mately 10 mm for the CW laser and 50 mm for the pulsed laser.
These values were estimated using a Gaussian beam focusing
model, based on the laser wavelength, focal length of the
focusing lens, and the input beam diameter.25

Optical signals generated from LIBS emission and Raman
scattering were collected at 45° relative to the sample surface
(S). The collection optics consisted of two collection lenses (CL;
LA4148-ML), a notch lter (F; NF533-17; Thorlabs), and an
optical ber adapter (A; SM05SMA; Thorlabs). The signals were
guided by a 1 m optical ber (OF; FC-UV1000-1; Avantes) into
a compact CCD spectrometer (Avaspec-mini 2048CL OEM;
Avantes) with a spectral range of 350–600 nm (1200 lines/mm
grating), and a resolution of ∼0.15 nm. The selected commer-
cial CCD spectrometer of dimensions and weight are 95 × 68 ×

20 mm3 and 175 g, respectively. For LIBS acquisition, the gate
delay and width were adjusted to 1 ms and 1.05 ms, respectively.
Notably, the gate width corresponds to the minimum integra-
tion window supported by the compact CCD spectrometer used
in this study. The gate delay was experimentally optimized
during system development to maximize the signal-to-noise
ratio by suppressing early-stage continuum emission under
the xed minimum gate width. Raman spectra were recorded
with an exposure time of 0.5 second.

The entire system, including two lasers, beam-combining
optics, and collection optics, was mounted on a single optical
board with approximate dimensions of 20 × 15 × 7 cm3. While
the current implementation is not fully handheld, this footprint
represents a semi-portable conguration that can be trans-
ported and deployed as a single integrated unit. A photograph
of the assembled system is provided for reference only in the SI
as shown in Fig. S1.
Data acquisition

Three types of plastic beads (PP, PE, and PS) were examined
during RS signal measurements. Five beads were selected from
each type, and ten laser irradiation spots were designated per
bead. At each spot, ten Raman spectra were collected, resulting
in a total of 500 spectra per plastic type (5 beads× 10 spots× 10
spectra). The spot positions were controlled using the XYZ
translation stage, with a spacing of around 2 mm between
adjacent spots. For bead samples, the laser was directed toward
the central region of each bead to minimize edge effects.

To estimate the LOD of heavy metal exposures, ten distinct
spots were examined on each bead, with a single laser shot per
spot. Since ve PS beads were used for each concentration
1272 | Anal. Methods, 2026, 18, 1270–1278
condition, a total of 50 LIBS spectra were obtained per
concentration. Including the control group, 300 LIBS spectra
were collected in total and used to construct calibration curves
for each target element. The integrated peak intensity was
calculated as the area under the emission peak, excluding
contributions from background regions.26 The LOD was calcu-
lated according to the 3-sigma criterion, 3s/s, where s is the
slope of the calibration curve and sis the standard deviation of
the blank (0 ppm) measurements.27,28 Calibration curves were
tted using Origin (OriginLab) program.
Spectral processing and analysis

All spectroscopic data acquired from LIBS and RS were sub-
jected to a standardized pre-processing procedure prior to both
spectral and classication analysis. For both LIBS and RS
measurements, the raw spectra were normalized by dividing the
intensity at each wavelength by the integrated area of the entire
spectrum. This total-area normalization effectively minimizes
variations in absolute intensity caused by instrumental uctu-
ations or sampling geometry while preserving the relative
distribution of spectral features.29 In the case of Raman spectra,
an additional smoothing step was applied using the Savitzky–
Golay lter (polynomial order = 3, window size = 7), which has
been widely reported as an effective method to reduce random
noise while maintaining peak delity.30 Following normaliza-
tion and smoothing, averaged spectra were generated for both
LIBS and Raman data, which were subsequently utilized for
peak assignment and feature interpretation.

For classication of the plastic bead samples, unsupervised
learning approaches were employed to evaluate the intrinsic
separability of the data. To reduce the dimensionality of the
high-resolution spectral data, principal component analysis
(PCA) was performed.31 The rst ten principal components were
retained, cumulatively explaining more than 95% of the total
spectral variance, and these components were used as input
features for clustering. To differentiate the three polymer bead
types, unsupervised clustering was performed using two
conventional algorithms: k-means and Gaussian Mixture Model
(GMM). The k-means algorithm partitions spectra into k groups
by minimizing the within-cluster variance between spectral
vectors and their corresponding centroids.32,33 The GMM algo-
rithm models each cluster as a Gaussian probability distribu-
tion and estimates parameters through the Expectation-
Maximization (EM) procedure, allowing for clusters with
different shapes and covariances when compared with k-means
methods.34,35 Both algorithms were applied to the normalized
Raman spectra without prior label information, providing
a data-driven evaluation of spectral similarity and class sepa-
rability among the three polymers.

To evaluate the quality of clustering results, the Adjusted
Rand Index (ARI) was employed. ARI provides a normalized
measure of similarity between predicted cluster labels and
ground-truth class labels, adjusted for random chance.36

Hungarian matching was further applied to align clusters with
the corresponding true classes prior to reporting classication
accuracy.37 For comparative purposes, two supervised learning
This journal is © The Royal Society of Chemistry 2026
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Table 1 Peak position and assignment of vibrational mode in polymer
bead samples40–42

Peak position Vibrational mode Assignment

992 cm−1 Ring breathing PS
1156 cm−1 C–C stretch PS
1584 cm−1 C]C stretch PS

−1
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methods commonly used in chemometric classication were
additionally implemented. Linear Discriminant Analysis (LDA)
was applied, while Support Vector Machines (SVMs) were also
constructed with a radial basis function (RBF) kernel.38,39 Both
supervised methods were validated by 10-fold cross-validation,
and confusion matrices were derived to quantitatively assess
predictive performance.
1050 cm C–C stretch PE
1120 cm−1 C–C stretch PE
1289 cm−1 CH2 twist PE
1428 cm−1 CH2 bend PE
825 cm−1 C–C stretch PP
1140 cm−1 C–C stretch PP
1314 cm−1 CH3 bend PP
1444 cm−1 CH2 bend PP
Results and discussion
Spectral analysis

Representative Raman spectra of the three polymer bead
samples including polystyrene (PS), polyethylene (PE), and
polypropylene (PP) are shown in Fig. 2. For each polymer type,
ten Raman spectra were recorded at individual surface spots,
accumulated to improve the signal-to-noise ratio, and averaged
over 50 measurements per material. The averaged and
normalized spectra clearly exhibit distinct sets of characteristic
bands corresponding to the molecular vibrations of each poly-
mer, as summarized in Table 1.

The PS spectrum (black trace) is dominated by sharp and
well-dened peaks at 992, 1156, and 1584 cm−1, assigned to the
ring-breathing and C–C stretching vibrations of the aromatic
phenyl group.40 Especially, the pronounced intensity near
1000 cm−1 arises from the symmetric ring-breathing vibration
of the phenyl group. The PE spectrum (red trace) exhibits broad
bands centered at 1050, 1120, 1289, and 1428 cm−1, which are
attributed to C–C stretching and CH2 twisting/bending vibra-
tions characteristic of aliphatic chains.41 These bands indicate
the presence of highly ordered crystalline domains typical of
linear polyethylene structures. The PP spectrum (blue trace)
reveals characteristic peaks at 825, 1140, 1314, and 1444 cm−1.
Each peak corresponds to CH3 rocking and asymmetric bending
of CH3, consistent with previously reported Raman assignments
Fig. 2 Averaged spectra of PS (black line), PE (red line) and PP (blue
line) beads using an excitation wavelength of 532 nm (RS measure-
ment). Note that assignments of RS signal are marked as a symbol of *,
representing in Table 1.

This journal is © The Royal Society of Chemistry 2026
for polypropylene.42 Compared with PE, PP shows additional
CH3-related modes owing to the presence of side methyl groups
on the polymer chain.

The observed Raman patterns conrm that even under short-
integration, moderate-power excitation, the three polymer types
can be unambiguously identied by their diagnostic vibrational
modes. For practical microplastic monitoring, these diagnostic
bands can serve as reference markers for rapid spectral library
matching in microplastic monitoring. Specically, the C]C
stretch of PS (∼1584 cm−1), the CH2 twist of PE (∼1289 cm−1),
and the C–C stretch and CH3 rocking of PP (∼825 cm−1) can be
used for material discrimination in mixed samples. Further-
more, the relatively high signal-to-noise ratios obtained from
the accumulated spectra demonstrate the system's capability
for low-power, non-destructive analysis, which is an essential
requirement for portable eld applications.
Fig. 3 Averaged spectra of PS bead, exposed in the concentrated Pb
solution from 1 to 1000 ppm, using an irradiation wavelength of
1064 nm (LIBS measurement). Note that assignments of emission lines
and molecular bands are marked as a symbol of *, as detailed in Tables
2 and 3, respectively.

Anal. Methods, 2026, 18, 1270–1278 | 1273
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Table 3 Peak wavelength of neutral atomic Pb and Cu emission lines45

Elements
Wavelength
(nm)

Pb I 405.8
Cu I 324.8
Cu I 327.4
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Fig. 3 presents the averaged and normalized LIBS spectra of
PS beads exposed to Pb solutions with concentrations ranging
from 1 to 1000 ppm. Each spectrum was obtained by averaging
50 individual laser shots acquired from 10 distinct surface
spots, followed by total-intensity normalization to compensate
for shot-to-shot uctuation. Prominent molecular bands are
indicated by a symbol (*), with their respective assignments
summarized in Table 2. The broadband features correspond to
molecular CN and C2 Swan bands that are commonly observed
during LIBS analysis of polymeric or carbon-rich materials.43

These bands arise from plasma recombination reactions of
ablated carbon and nitrogen species from the polymer matrix.
As shown in Table 2, the CN violet and C2 Swan systems
contribute to the main background structure but remain nearly
constant in relative intensity across all Pb concentrations. For
example, an averaged relative standard deviation (RSD) of CN
violet (Dv = −1) area (from 410–420 nm range) was estimated at
5.03%. Their stability indicates that the plasma formation and
ablation efficiency are consistent under identical irradiation
conditions.

In contrast, the neutral atomic Pb I line at 405.8 nm, iden-
tied using the NIST Atomic Spectra Database, exhibits a clear
and monotonic increase in intensity with rising Pb concentra-
tion (inset of Fig. 3). This trend demonstrates successful
quantitative detection of Pb adsorbed onto the PS surface. For
Cu analysis, emission peaks of Cu typically appear near 510–
515 nm. However, this region overlaps strongly with the C2

Swan band at 516.3 nm in the present spectra as shown in Fig. 3,
complicating quantitative isolation of the Cu signal. To
circumvent this spectral interference, a secondary spectrometer
covering the 320–340 nm region was employed, where the Cu I

line at 324.8 nm and 327.4 nm listed in Table 3 are free from
molecular background. The resulting Cu emission proles
across all concentrations are provided in the SI as shown in
Fig. S2.

Overall, the LIBSmeasurements clearly distinguished Pb and
Cu emission lines from the persistent polymer-derived molec-
ular bands. The observation that molecular bands remained
invariant while Pb intensity increased with concentration
supports the robustness of normalization and the quantitative
potential of the combined LIBS-RS platform for trace-metal
analysis on polymeric microbeads.

Multivariate analysis

To evaluate the classication performance of different machine
learning approaches applied to Raman spectra of PP, PE, and PS
Table 2 Peak wavelength of molecular bands of the emission lines43,44

Molecular species
Wavelength
(nm)

CN violet (Dv = +1) 388.3
CN violet (Dv = −1) 419.7
C2 swan (Dv = +1) 471.5
C2 swan (Dv = 0) 516.3
C2 swan (Dv = −1) 563.3

1274 | Anal. Methods, 2026, 18, 1270–1278
polymer beads, both unsupervised and supervised algorithms
were employed. The corresponding confusion matrices are
shown in Fig. 4, and the two-dimensional t-SNE projections
used for visual interpretation of clustering structures are pre-
sented in Fig. 5.

In the unsupervised framework, Gaussian Mixture Model
(GMM) and k-means clustering were implemented to auto-
matically group Raman spectral features without prior label
information. To evaluate their clustering accuracy relative to the
ground-truth labels, the predicted clusters were aligned using
Hungarian matching, and quantitative performance was
assessed via the Adjusted Rand Index (ARI). The resulting
confusion matrices in Fig. 4(a) and (b) reect these matched
cluster–class correspondences. The GMM achieved an overall
classication accuracy of 99.3%, slightly outperforming the k-
means result (97.3%). This superior performance of the GMM
can be attributed to its probabilistic modeling of class bound-
aries, which enables exible representation of clusters with
anisotropic covariance structures, in contrast to the rigid,
spherical partitions assumed by k-means.46

The unsupervised methods include (a) Gaussian Mixture
Model (GMM) and (b) k-means clustering, while the supervised
methods correspond to (c) Linear Discriminant Analysis (LDA)
and (d) Support Vector Machine (SVM). The t-SNE maps in
Fig. 5(a) and (b) further visualize these differences. The t-SNE
algorithm, a widely used nonlinear dimensionality reduction
method in spectroscopic data analysis, was applied for visuali-
zation.47 Both methods yielded three clearly separated clusters
corresponding to PP (black), PE (blue), and PS (red), yet GMM
produced more compact and well-dened cluster boundaries
Fig. 4 Confusion matrices for the classification of Raman spectral
datasets from PP, PE, and PS polymer beads. Panels (a) and (b) show
the results for unsupervised clustering with GMM and k-means,
respectively, with cluster labels matched to true classes via Hungarian
matching. Panels (c) and (d) show the 10-fold cross-validation results
for the supervised classifiers LDA and SVM.

This journal is © The Royal Society of Chemistry 2026

http://creativecommons.org/licenses/by-nc/3.0/
http://creativecommons.org/licenses/by-nc/3.0/
https://doi.org/10.1039/d5ay01789k


Fig. 5 2D t-SNE mapping of Raman spectral data for plastic bead
classification: (a) GMM clusters; (b) k-means clusters for PP (black
color), PE (blue color), and PS (red color) beads.

Fig. 6 Quantitative analysis of heavy metals using LIBS: calibration
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with minimal overlap, especially between PP and PE distribu-
tions. The k-means clusters showed slightly elongated shapes,
reecting its sensitivity to variance differences among spectral
dimensions.

For comparison, supervised algorithms such as Linear
Discriminant Analysis (LDA) and Support Vector Machine (SVM)
were additionally performed using the same dataset with
known class labels as shown in Fig. 4(c) and (d). Both methods
achieved perfect classication (100% accuracy) across all poly-
mer types, conrming that Raman spectral ngerprints are
sufficiently distinct for linear separation in feature space. These
results indicate that minimal model complexity is sufficient
when Raman spectral bands exhibit strong class-specic
intensity patterns.

In this study, the GMM yielded a slightly higher accuracy
than k-means for an unsupervised classication of polymer-
class Raman spectra. In polymer or microplastics spectros-
copy, spectral variables are oen correlated (shared vibrational
envelopes) and class clouds show anisotropic covariance due to
baseline, uorescence, and band-ratio variability. Under these
conditions, model-based clustering that learns full covariance
(GMM) can better capture elliptical and partially overlapping
manifolds than distance-based k-means.35 Similar advantages
of GMM have been documented in microplastics spectral
This journal is © The Royal Society of Chemistry 2026
screening workows, where probabilistic mixtures improved
cluster interpretability over hard partitions.48 Moreover, B.
Greve et al. reported that a method based on GMM seems to be
more exible compared with the commonly applied k-means
method using a chemical data.

Collectively, the multivariate analysis conrms that both
unsupervised and supervised learning methods can reliably
classify polymer-specic Raman spectra, with GMM providing
the most accurate unsupervised performance. These ndings
validate the suitability of machine-learning-assisted RS for
automated identication of microplastic particles in complex
mixtures.
Estimation of LOD

Fig. 6 presents the calibration curves derived from integrated
emission intensities as a function of metal concentration for (a)
Pb and (b) Cu, obtained from PS beads exposed to concentra-
tions ranging from 1 to 1000 ppm. For each concentration, 50
LIBS spectra (10 spots × 5 beads) were averaged and normal-
ized, and the resulting integrated peak intensities were plotted
against concentration.

At higher concentrations, a clear deviation from linearity was
observed, which is attributed to self-absorption and plasma
saturation effects, particularly for resonance emission lines.
Such behavior is well documented in LIBS analysis and typically
curves of (a) Pb; (b) Cu with linear fitting (red dashed lines).
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limits the usable linear dynamic range for quantitative cali-
bration. Self-absorption occurs when emitted photons are
reabsorbed by atoms of the same species within the plasma,
leading to nonlinear signal saturation.49 This effect becomes
more pronounced at elevated analyte concentrations and for
strong resonance lines, such as the Cu I emission at 324.8 nm
examined in this study.

Therefore, linear tting (red dashed lines in Fig. 6) was
intentionally restricted to the lower-concentration region (<100
ppm), where the relationship between integrated emission
intensity and analyte concentration remained approximately
linear and less affected by self-absorption. The limits of detec-
tion were calculated using the standard 3s criterion, based on
the slope of the linear calibration region and the standard
deviation of the background signal. By excluding the non-linear
high-concentration regime, the calculated LODs more accu-
rately reect the system's sensitivity for trace-level detection.
Using this approach, the LODs were determined to be 2.29 ppm
for Pb and 1.61 ppm for Cu, representing the practical analytical
threshold of the semi-portable system for metal-loaded polymer
beads under controlled measurement conditions.

The full calibration curves over the entire concentration
range up to 1000 ppm, including the non-linear regime, are
provided in the SI as shown in S3. These results conrm that
beyond approximately 100 ppm, the Pb and Cu emission signals
begin to saturate, consistent with self-absorption and matrix
effects in polymer substrates.

In the context of previous literature, these LODs fall within
a typical range for LIBS heavy-metal quantication on complex
substrates. For example, Zhang et al. achieved LODs of around
1.5 ppm for Cr, Pb, and Cu in PMMA polymer matrices using
a combined LIBS-machine learning approach.50 Similarly, LIBS
analysis of trace heavy metals in aqueous systems has reported
detection limits in the range of ∼1–5 ppm under single-pulse
excitation conditions.51 This agreement indicates that the
semi-portable conguration adopted in the present work
maintains a competitive analytical performance, while addi-
tionally providing molecular-level compositional information
via Raman spectroscopy (RS). The dual-modality conguration
therefore bridges the gap between elemental trace quantica-
tion and polymer identication within a single optical platform.

Several advanced quantitative strategies have been proposed
to mitigate self-absorption effects in LIBS, including self-
absorption correction (SAC) methods, internal standardiza-
tion, and calibration-free approaches.49,52,53 SAC techniques
typically rely on plasma diagnostics, line-shape analysis, or the
use of non-resonant emission lines to compensate for reab-
sorption losses. However, such correction schemes oen
require additional spectral lines, higher spectral resolution,
which increases experimental and computational complexity.

In the present work, SAC-based corrections were not applied,
as the primary objective was to evaluate the practical quantita-
tive capability of a compact, nanosecond-based LIBS-Raman
spectroscopic platform under simplied measurement condi-
tions. Instead, quantitative rigor was ensured by restricting
calibration to the low-concentration regime where self-
absorption effects are minimal and well controlled. This
1276 | Anal. Methods, 2026, 18, 1270–1278
strategy is consistent with established LIBS practices for trace-
level analysis and is well suited for semi-portable systems
intended for rapid environmental screening rather than high-
concentration bulk quantication.

The portability and versatility of the present system highlight
its potential for in-eld environmental applications, particu-
larly for real-time screening of metal-adsorbed microplastics in
aquatic systems. By integrating LIBS and RS data, future work
can enable automated classication of microplastic particles
according to both polymer type and contamination level. Such
integration would signicantly enhance environmental moni-
toring, offering simultaneous information on particle compo-
sition, surface chemistry, and adsorbed contaminant burden.
Furthermore, extending this technique to additional metals and
organic pollutants could enable comprehensive contaminant
proling. The demonstrated synergy between molecular and
atomic spectroscopies thus provides a pathway toward compact,
multi-purpose analytical instruments capable of addressing the
growing analytical demand in environmental and industrial
microplastic assessment.
Conclusions

This study demonstrates a compact, integrated LIBS-Raman
spectroscopic platform capable of concurrent molecular iden-
tication of polymer microplastics and quantitative detection of
associated heavy-metal contaminants. Raman spectroscopy
enabled clear discrimination of polystyrene, polyethylene, and
polypropylene through characteristic vibrational ngerprints,
while LIBS analysis provided quantitative sensitivity toward Pb
and Cu, yielding limits of detection of 2.29 ppm and 1.61 ppm,
respectively, within a linear concentration range below 100 ppm
where self-absorption effects were minimal. These detection
limits are well aligned with concentration ranges reported for
metal adsorption on microplastic surfaces in contaminated
aquatic environments, indicating that the proposed system is
suitable for practical environmental screening applications
rather than solely laboratory-scale demonstrations.

Importantly, the principal novelty of this work lies in the
simultaneous and spatially correlated analysis enabled by the
combined platform. Unlike conventional bulk analytical
approaches such as ICP-MS or AAS coupled with FT-IR or
Raman spectroscopy, which require separate measurements
and sample preparation steps, the present system allows direct
correlation between a specic polymer type and its associated
heavy-metal burden at the single-particle level. This capability
provides a unique analytical advantage for investigating
contaminant transport mechanisms, and potential toxicity
pathways of microplastics in environmental systems.

Future work will exploremid-level data fusion approaches, in
which extracted Raman features are combined with LIBS-
derived elemental intensities to enable automated classica-
tion of microplastic particles according to both polymer type
and contamination level. Such developments would facilitate
rapid, high-throughput analysis and further strengthen the
applicability of the proposed LIBS-Raman platform for in situ
This journal is © The Royal Society of Chemistry 2026
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environmental monitoring and risk assessment of microplastic
pollution.
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