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A B S T R A C T

The detection and quantification of microplastics (MPs) in environmental samples remain a significant analytical 
challenge due to the heterogeneity of polymer mixtures and the presence of organic and inorganic interferents. 
While Near-infrared (NIR) spectroscopy has emerged as a rapid, cost-effective alternative, most studies have 
focused on qualitative detection or simplified systems, leaving the influence of environmental interferents largely 
unexplored. This study proposes a quantitative analytical strategy using a portable NIR spectrometer combined 
with multivariate regression for the determination of four target polymers (polypropylene, PP, polyethylene, PE, 
polystyrene, PS, and polyethylene terephthalate, PET) in complex mixtures. MPs were generated through a true- 
to-life protocol, ensuring realistic particle morphologies and surface conditions. Model robustness was system
atically assessed against a wide range of environmental interferents, including non-target polymers (polyvinyl 
chloride, polylactic acid, and polyamide), natural fibres (cotton, silk), vegetal material, and mineral particles 
(CaCO₃). Polymer quantification was performed through Partial Least Squares (PLS) regression, with each 
polymer modelled independently. The proposed modelling approach was subjected to a double cross-validation 
procedure, and their predictive ability was further estimated by external validation procedure. In particular, 
when external validation samples were spiked with interferents, prediction errors increased moderately due to 
added spectral complexity; however, the models maintained satisfactory performance, with PE and PET 
demonstrating the greatest resilience to matrix effects. Finally, the models were successfully applied for the 
quantification in real environmental samples, with a satisfactory accuracy considering the inherent complexity of 
“unknown” environmental matrices. These results demonstrate the potential of portable NIR spectroscopy and 
robust chemometric modelling for quantitative MP analysis in heterogeneous, environmentally realistic 
scenarios.

1. Introduction

The widespread presence of microplastics (MPs), defined by ISO/TR 
21960:2020 as plastic particles from 1 μm to 1 mm (and up to 5 mm for 
larger MPs) [1], poses a serious environmental threat, with potential 
ecological, economic, and social impacts [2–6]. MPs have emerged as a 
major environmental concern due to arise from two main sources: pri
mary MPs, intentionally manufactured at small sizes (e.g., industrial 

pellets, cosmetic microspheres), and secondary MPs, formed through the 
degradation of larger items by physical, chemical, or biological pro
cesses [7–10].

The reliable identification and quantification of MPs in ecosystems 
still face significant methodological challenges, mainly due to the high 
physicochemical heterogeneity (in terms of the size, shape and polymer 
composition) of polymer mixtures and the simultaneous presence of 
organic and mineral interferents. In addition, the long analysis times and 
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high costs often hinder adequate sampling replication, limiting an ac
curate assessment of MPs abundance and composition at a global scale.

A variety of analytical techniques have been proposed for detecting 
MPs in environmental samples [11]. Among other, spectroscopic single- 
point techniques have become key tools for MPs characterization. In 
particular, Fourier-Transform Infrared (FTIR) and Raman micro spec
troscopy are currently the most widely employed approaches for the 
qualitative identification of MPs, owing to their ability to provide 
characteristic molecular fingerprints [12,13]. These methods are now 
recognized as reference analytical tools in the field and are included in 
international standardization efforts that formally define procedures for 
the application of vibrational spectroscopy for MP analysis [14]. How
ever, when operated in micro-spectroscopic modes both FTIR and 
Raman spectroscopies are typically restricted by relatively long analysis 
times and by the need for expensive instrumentation, limiting their use 
in large-scale monitoring or on-site investigations [15,16]. The devel
opment and application of cost-effective analytical methods for detect
ing MPs across different environmental compartments are currently 
stated as a research priority for assessing the risks associated with MPs 
contamination.

Whitin this scenario, Near-Infrared (NIR) spectroscopy is gaining 
increasing attention as a complementary and more operationally flexible 
approach [17–19]. NIR spectroscopy offers several advantages: it is 
rapid, non-destructive, and can be applied directly to bulk or unpre
pared samples, making it particularly suitable for high-throughput on- 
field screening applications [20].

Piarulli et al. first proposed near-infrared hyperspectral imaging 
(NIR-HSI) as a fast and cost-efficient technique for detecting MPs 
directly on filters, without extensive purification or handling steps [21]. 
NIR-HSI has become an increasingly popular technique, with several 
studies demonstrating its applicability for MP detection in environ
mental matrices [22].

However, despite these advantages, the potential of the method 
remain partially underexplored and has so far been limited mainly to 
qualitative applications, as quantitative NIR analysis still faces several 
challenges, such as the broad and overlapped absorption bands, the 
variability introduced aging processes, particle morphology, and pres
ence of interferents [23].

Marchesi et al. provided a preliminary assessment of NIR spectros
copy for quantitative analysis using simplified ternary polymer mixtures 
(polypropylene PP, polystyrene PS, and polyethylene PE), but without 
evaluating the impact of interferents. While this work represents a first 
step toward addressing real-world complexity, the absence of interfer
ents still constitutes a significant simplification compared to actual 
environmental scenarios [24].

In the present study, an analytical method based on the use of a 
portable NIR spectrometer in combination with multivariate regression 
is proposed for the quantification of components in four-polymer mix
tures, under conditions that closely resemble those encountered in ma
rine and terrestrial environmental matrices. To this aim, MPs obtained 
from four polymers (PP, PS, PE, and polyethylene terephthalate PET) 
were prepared using a true-to-life fragmentation protocol designed to 
mimic realistic particle morphologies and surface conditions. The se
lection of the target polymers was based on their well-documented 
prevalence in environmental samples [25–27], where they are consis
tently reported as the most abundant MPs, to develop and evaluate the 
model on the most environmentally relevant materials. The addition of 
PET in the investigated polymer mixtures is particularly relevant in this 
context. Due to its extensive use in packaging and textiles, PET is one of 
the most abundant polymers found in the environment [28,29]. Incor
porating PET into multicomponent models not only increases the envi
ronmental representativeness of the mixtures, but also introduces new 
analytical challenges linked to its different absorption features: since 
PET exhibits distinct chemical and optical properties compared to the 
polymers typically included in previous NIR studies.

Moreover, to further assess the robustness of the method, the 

influence of several interferents, representing both organic and inor
ganic interferents, including additional polymers (polyvinyl chloride, 
PVC, polylactic acid, PLA, and polyamide 66, PA66), natural fibres 
(cotton, silk), vegetal materials (leaves, wood), and mineral particles 
(CaCO₃) was critically evaluated. In fact, environmental samples usually 
contain a complex mixture of polymers and non-plastic materials, which 
introduces additional spectral interferences and may affect both inter
pretation and quantitative analysis [30]. Such components can obscure 
characteristic spectral features of plastics, altering the signal baseline 
and reducing the reliability of quantitative predictions.

To further bridge the gap between controlled laboratory conditions 
and real-world scenarios, the proposed modelling approach was also 
applied to environmental samples collected from coastal areas in Sar
dinia (Italy). The inclusion of field samples provides an additional level 
of validation, allowing the assessment of model performance in the 
presence of naturally aged MPs and complex, unknown matrices. This 
step is essential to demonstrate the practical applicability of the method 
beyond synthetic mixtures and to evaluate its reliability as a screening 
tool under realistic environmental conditions.

2. Material and methods

The workflow adopted in this study comprises the generation of true- 
to-life MPs, the preparation of mixtures for model calibration and 
external validation, spectral acquisition, and data analysis. An overview 
of these phases is provided in the schematic summary in the Supple
mentary Material (Fig. S1), and each step is described in detail in the 
following sections.

2.1. True-to-life approach for the generation of microplastics

Secondary MPs were produced at the laboratory scale following the 
protocol previously reported for ternary mixtures to produce true-to-life 
MPs [24], briefly summarized here with minor adaptations introduced 
to include PET. Commercial day-to-day items were selected as polymer 
sources: chewing gum bottles (high-density polyethylene, HDPE), 
single-use beverage glasses (PP), disposable cutlery (PS), and trans
parent beverage bottles (PET). After removal of printed areas, the ma
terials were washed, cut, embrittled in liquid nitrogen, and 
mechanically fragmented under wet-grinding conditions using an im
mersion blender. The resulting suspensions were dried at room tem
perature and sieved through a 500 μm stainless-steel mesh to obtain the 
target MP fraction. Full procedural details are provided in Section S1 of 
the Supplementary material.

2.2. Mixtures preparation for model calibration

True-to-life MP samples were prepared according to the percentage 
content of each polymer, starting from 0 to 100%, in increments of 10%. 
In total, 89 samples were prepared: 4 samples were composed by pure 
substances, 17 were binary mixtures, 10 were ternary mixtures and 58 
quaternary mixtures. The composition of the samples included in the 
calibration set is provided as a table in the supplementary material 
(Table S1).

2.3. Mixtures preparation for external validation set

A new set of true-to-life MPs was prepared to generate an external 
validation set for model validation, following our previously published 
protocol with specific adaptations for the selected polymers [31]. Four 
polymers were selected from different commercial products to ensure 
chemical and morphological variability compared to the materials used 
for model calibration: PS from a blue disposable plate, PP from green 
food packaging, HDPE from laboratory plasticware, and PET from 
beverage bottles of different brands. Selected items made of PS, PP, 
HDPE, and PET were cleaned, cut into small fragments, cryogenically 
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embrittled, and mechanically fragmented using a mixer mill (MM400, 
Retsch GmbH, Germany). The resulting powders were sieved through a 
500 μm mesh to obtain the target MP fraction. Full experimental details 
are provided in the Supplementary Information (Section S2).

Ten samples were prepared by varying the relative mass fractions of 
the four polymers to cover a broad range of compositions, as reported in 
Table S2, and constituted the external validation set. These samples 
included the four pure polymers (100% of a single component), one 
mixture with equal parts of all polymers (25% each), four asymmetric 
combinations where one polymer was present at a higher percentage 
(40%) while the others were balanced at lower levels (20%) and one 
sample with PS and PP at 30% and the other two polymers at 20%.

2.4. Addition of interferents to the external validation set

Three additional polymers were selected to evaluate the effect of 
interferents: PVC from badge holders, PLA from disposable drinking 
cups, and PA66 from a white cloth fabric. These materials were frag
mented following the same mechanical protocol described for the 
external validation dataset in Section 2.3, using the mixer mill.

In addition to the synthetic polymers, several non-plastic interferents 
were also included to simulate common sources of environmental 
contamination. These consisted of natural fibres (cotton and silk ob
tained from natural organic cloths), organic and vegetal materials (dried 
leaves and wood pieces obtained from natural environments), and an 
inorganic component (calcium carbonate, CaCO₃, Sigma Aldrich). All 
materials were ground and sieved under controlled conditions to ach
ieve particle size distributions similar to the MP powders, ensuring 
comparable scattering behavior during NIR measurements.

The interferents constituted by the additional polymers (PVC, PLA 
and PA66) and non-plastic materials were subsequently added to sam
ples of the external validation set, prepared according to Section 2.3. 
Each contaminated sample was obtained by mixing the original 100 mg 
of MP with a total of 20 mg of interferents, corresponding to approxi
mately 5 mg for each class of interferent (polymeric, vegetal, fibrous, 
and inorganic). This resulted in final samples of 120 mg. The relative 
proportions of the four polymers were recalculated accordingly to pre
serve their original mass ratios while accounting for the additional non- 
plastic material. These ten samples with interferents constituted the 
spiked external validation set.

2.5. Environmental sample collection and preparation

Environmental samples were collected from surface coastal waters at 
four sites in Sardinia (Italy), Castelsardo, Sinis, Teulada, and Capo 
Caccia, selected to represent different coastal environments and poten
tial sources of MP contamination, using a manta trawl net in accordance 
with the standardized coast–offshore transect methodology adopted 
within the Italian Marine Strategy monitoring programme [32]. Samples 
of water were collected on board the vessels of the Sardinian Forestry 
Corps. Samplings were conducted at four coastal sites along orthogonal 
transects extending seaward from the coast, specifically designed to 
capture spatial variability across nearshore and offshore waters and to 
account for local differences in hydrodynamic conditions and anthro
pogenic pressure.

The manta trawl was equipped with a 330 μm mesh and a 25 × 50 cm 
mouth opening and was towed from the side of the vessel at an average 
speed of approximately 23 knots for 20 min. This sampling approach 
was intended to target the upper layer of the water column, where 
floating MPs are most likely to accumulate. A mechanical flowmeter 
installed at the net opening recorded the volume of water filtered during 
each tow, enabling MP concentrations to be expressed as items per cubic 
metre and thus allowing comparisons among stations.

At the end of each haul, the material retained in the cod-end was 
carefully rinsed into pre-cleaned containers using filtered seawater. All 
samples were then labeled with the relevant station information, 

including date, geographic coordinates, transect identity, and tow 
duration, and stored under cold conditions until laboratory processing.

Samples were transported to the laboratory and processed under 
controlled conditions. The collected material was first dried at room 
temperature and subsequently sieved to isolate the fraction of interest. 
MP particles were then visually sorted under a stereomicroscope based 
on morphological features (e.g., color, shape, and texture) and manually 
separated from the bulk.

The samples were kept in the laboratory for approximately 12 h 
during hydrogen peroxide digestion to remove plankton and residual 
organic matter. Once the organic material had been removed, the so
lution was filtered onto 100 mm sieve (Giuliani steel sieves).

Suspected MP particles were collected and stored for further spec
troscopic analysis. Prior to analysis, all samples were handled using 
contamination control procedures, including the use of clean laboratory 
equipment and minimization of airborne particles.

To obtain a reference identification of the polymer composition, 
individual particles isolated from environmental samples were analyzed 
by Fourier-transform infrared (FTIR) spectroscopy. FTIR measurements 
were performed on single particles using a Nicolet iN10 MX infrared 
imaging microscope (Thermo Scientific, USA) operating in Attenuated 
Total Reflectance (ATR) mode. Spectra were acquired in the mid- 
infrared region (4000–675 cm− 1) with a spectral resolution of 8 cm− 1. 
To improve the signal-to-noise ratio, 64 scans were accumulated for 
each spectrum. Background spectra were collected prior to each mea
surement and automatically subtracted. Atmospheric compensation was 
applied to correct for contributions from H₂O and CO₂.

A total of 282 MP particles were analyzed across the four sampling 
sites, namely Castelsardo (25 MPs), Sinis (29 MPs), Teulada (24 MPs), 
and Capo Caccia (204 MPs). Based on the sampling configuration, the 
analyzed fragments were generally in the sub-millimetre to millimetre 
size range, typically from about 500 μm up to 1–2 mm. The distribution 
of polymer types for each site is reported in the Supporting Information 
(Section S3).

After FTIR identification, the particles from each sampling site were 
grouped to reconstruct representative mixed MP samples. Specifically, 
all fragments identified within each site were pooled together to obtain a 
single composite MP sample per location. These pooled samples were 
subsequently analyzed using the portable MicroNIR spectrometer under 
the same acquisition conditions adopted for the laboratory-prepared 
mixtures (Section 2.7).

2.6. Instrumentation and spectra acquisition

NIR spectra were collected using a MicroNIR OnSite-W spectrometer 
(Viavi Solutions, USA), a miniaturized and portable device suitable for 
non-destructive analysis of solid samples with minimal or no pre- 
treatment. The instrument operates in the 910–1675 nm wavelength 
range, employing a Linear Variable Filter (LVF) as the dispersive 
element directly coupled to a 128-pixel InGaAs photodiode array. Each 
pixel corresponds to a specific wavelength defined by the thickness 
gradient of the LVF. Two integrated tungsten lamps serve as internal 
light sources, providing diffuse illumination of the sample. Spectra were 
acquired in diffuse reflectance mode with a nominal spectral resolution 
of 6.2 nm.

For laboratory-prepared samples (i.e., calibration and external vali
dation sets), an aliquot of 100 mg was evenly spread on a clean metal 
plate, ensuring consistent optical thickness across samples.

In the case of environmental samples, the available amount of MP 
material obtained after FTIR identification and pooling was used 
without enforcing a fixed mass, due to the limited and variable quantity 
of recovered particles. The material from each site was evenly distrib
uted on the sample holder to ensure homogeneous surface coverage 
during spectral acquisition.

In all cases, the NIR probe was positioned directly above the surface 
for spectral acquisition and 10 spectra were collected at random 

E.C. Muñoz et al.                                                                                                                                                                                                                               Microchemical Journal 225 (2026) 118027 

3 



positions on each sample to capture spatial heterogeneity and improve 
representativeness. Therefore, the calibration set comprised 89 samples 
(890 spectra), while the external validation sets consisted of 10 samples 
(100 spectra). Finally, the environmental sample set consisted of 4 
samples (40 spectra).

2.7. Data analysis

The acquired NIR spectra were processed using a combination of 
different pre-processing techniques. Initially, each spectrum was crop
ped to the 963–1590 nm range to remove signal distortions caused by 
noisy regions and/or high variability that could compromise subsequent 
modelling [33]. Subsequently, standard normal variate (SNV) was 
applied to minimize additive scattering effects [34]. Furthermore, sec
ond derivatives were calculated to correct drift of spectra baseline and to 
enhance small intensity changes between mixtures resulting from vari
ations in the polymer percentages [35]. Finally, data were mean- 
centered before modelling.

First, the calibration dataset was analyzed by means of Principal 
Component Analysis (PCA) [36], which is a well-known multivariate 
technique for exploratory data analysis. PCA projects the data in a 
multivariate space, defined by orthogonal principal components, which 
are linear combinations of the original variables. Outlier detection was 
performed exclusively on the calibration dataset at this stage, prior to 
model development.

Then, Partial Least Square (PLS) was used [37] for predicting the 
percentages of the polymers in the mixture from the NIR spectra. PLS is 
based on the projection of the predictor matrix X and the response vector 
Y into a space of lower dimensionality called Latent Variable (LV) space, 
by maximizing the covariance between them. As for PCA, these LVs are a 
combination of the original variables. The number of LVs for each model 
was selected on the basis of the cross-validation procedure. In this study, 
the percentage of each polymer in the mixture was modelled 
independently.

Finally, the proposed modelling strategy was evaluated using a 
double cross-validation procedure [38]. In particular, the calibration set 
was randomly divided into 4 folds. For any given sample, all of its ten 
spectra were constrained to be assigned exclusively to the same fold. 
During an iterative process, each fold was used as the test set, while the 
remaining folds were used to train a temporary PLS model. An internal 
cross-validation was performed within the temporary training set to 
select the optimal number of LVs. The resulting model was then used to 
predict the responses of the test set. This process was repeated until each 
fold was served once as the test set.

Subsequently, the models' predictive performances were evaluated 
against the two external validation sets described in Sections 2.3 and 
Section 2.4. Figures of merit such as Coefficient of Determination (R2) 
and Root Mean Squared Error (RMSE) were calculated for calibration, 
double cross-validation, and external validation procedures. Notably, 
these metrics were calculated using individual spectra to account for 
spectral variability and provide a more robust and demanding assess
ment, rather than using sample-averaged spectra. Since four PLS models 
were calculated (one for each polymer), figures of merit were calculated 
independently for each model.

All data analysis was performed by means of ad-hoc MATLAB func
tions based on the Principal Components Analysis toolbox [39] and the 
regression toolbox for MATLAB [40].

3. Results and discussion

3.1. Mechanical fragmentation and MP characterization

The use of mechanical fragmentation for producing true-to-life MP 
particles is increasingly recognized as a valuable approach, because it 
can better approximate the physical, morphological, and surface- 
textural heterogeneity typical of environmental MPs compared with 

pristine laboratory polymers [41,42]. Indeed, recent comparative 
studies have demonstrated that different cryogenic grinding or milling 
techniques yield MP fragments that differ significantly in their size 
distribution, shape, surface roughness, and internal structural properties 
(e.g., cracks, fissures) depending on the fragmentation method adopted 
[43–45]. These morphological and structural features influence critical 
physicochemical properties of MPs, including specific surface area, 
surface chemistry (e.g., oxidation, presence of functional groups), 
porosity, hydrophilicity/hydrophobicity, and mechanical strength, 
which, in turn, may strongly affect environmental behavior such as 
aggregation, settling, adsorption of contaminants, and degradation dy
namics [46,47]. For example, mechanical fragmentation has been 
shown to increase surface area and introduce oxygen-containing func
tional groups (e.g., via cracking, surface oxidation), thereby potentially 
enhancing MP adsorption capacity for heavy metals or organic pollut
ants [44].

In this study, we applied a fragmentation protocol designed to mimic 
realistic environmental fragmentation (cryogenic embrittlement com
bined with mechanical milling / grinding) to generate an MP test ma
terial that captures a plausible level of heterogeneity in terms of polymer 
type, particle size distribution, and surface characteristics, consistent 
with what may be expected in field samples. A comprehensive physi
cochemical and morphological characterization of MPs produced using 
this protocol has been reported in previous studies [24,31,48]. This is 
crucial for the validation of spectroscopic methods combined with 
multivariate modelling, because these methods must cope with the 
spectral variability introduced by morphological and chemical 
heterogeneity.

3.2. NIR spectral characteristic bands

The NIR spectra of PP, PS, PE, and PET are shown in Fig. 1, with the 
interpretation of the most relevant bands provided in Table 1. The four 
polymers exhibit several distinct NIR features that make them identifi
able. However, spectral overlap is also significant, which makes direct 
quantification in mixtures by means of univariate analysis unfeasible.

3.3. Exploratory analysis

The ten NIR spectra measured for each of the 89 calibration samples 
were organized in a data matrix with dimensions 890 rows (spectra) and 
125 columns (wavelengths).

Fig. 1. NIR spectra of pure PP, PS, PE and PET. Spectra were preprocessed 
with SNV.
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PCA was initially calculated considering only the 40 spectra of the 
pure polymers to evaluate the intrinsic variability among replicates 
under these specific NIR acquisition settings, as well as to assess the 
effects of the applied data pre-processing (spectral cropping, SNV, sec
ond derivative, and mean centering). The PCA scores and loadings are 
shown in Fig. 2: the four polymers are clearly clustered within the first 
two principal components, exhibiting distinctive spectral features 
highlighted in the loadings, which are in accordance with the charac
teristic bands shown in Fig. 1 for pure polymers. When looking at the 
score plot, PC1 explains spectral differences between PS (negative 

scores) and the rest of the polymers, while PC2 explains further differ
ences between PP and PE, (positive scores) and PET (negative scores). 
However, spread of scores is also evident, reflecting the certain vari
ability induced by physical measurements. Nevertheless, exploratory 
results provide a solid basis for subsequent quantitative analysis of the 
quaternary mixtures.

Afterwards, a further PCA was calculated on the entire dataset 
composed of 890 spectra, including all pure substances, binary, ternary, 
and quaternary mixtures to explore data referred to the different mix
tures of polymers. Scores of the first three PCs are shown in Fig. 3, where 
samples have been colored according to the percentage of each polymer: 
ranging from 0% (dark blue) to 100% (wine red). The distribution of 
samples in the first three principal components correctly reflects the 
relative percentages of the different polymers in the mixtures, as indi
cated by the observed color spread, with spectra of pure substances 
located at the edges. Moreover, loadings of the first two PCs are shown in 
Fig. 4. These loadings are highly comparable to those derived from pure 
samples. This stability suggests that the intrinsic spectral fingerprints of 
the polymers are maintained within complex mixtures, providing a solid 
foundation for the subsequent multivariate quantitative analysis. Thus, 
the results demonstrate that the information contained in the spectral 
profiles enables the characterization of the mixtures according to the 
relative content of the individual polymers. In addition, an outlier 
diagnostic was conducted by means of Q residual versus Hotelling's T2 

metrics [36], with a total of 143 spectra removed from the dataset as 
potential outliers, as reported in Fig. S4.a. As shown in Fig. S4.b, the 
majority of outlier spectra are related to acquisition artifacts inherent to 
the measurement condition of portable NIR device and the distribution 
of MPs on the metal plate (e.g. signal instability, scattering effects, and 
variations in sample positioning). These outliers do not reflect the 
intrinsic physical heterogeneity of the microparticles, which would have 

Table 1 
Interpretation of the most characteristic NIR bands for the four polymers shown 
in Fig. 1, based on the information provided in [49,50]. (Assignments refer to 
dominant contributions; overlapping combination bands are expected in all 
regions.)

Polymer Band (nm) Interpretation

PP 1160–1205 2nd overtone of aliphatic C–H (mainly CH₃, CH₂)
PP 1205–1260 2nd overtone of CH₃ C–H stretching
PP 1350–1490 Combination bands and 1st overtone of CH₃/CH₂ C–H
PS 1120–1170 Higher overtones of aromatic C–H
PS 1170–1250 2nd overtone of aromatic and benzylic C–H
PS 1360–1490 Combination bands and 1st overtone of aromatic C–H
PE 1150–1260 2nd overtone of aliphatic CH₂ C–H
PE 1350–1400 Combination of CH stretching and CH₂ bending
PE 1400–1490 Combination bands and 1st overtone of CH₂ C–H
PE 1515–1560 Higher-order CH₂ combination / tail of 1st overtone
PET 1105–1145 Higher overtones of aromatic C–H (ring)
PET 1145–1200 2nd overtone of aromatic and CH₂ C–H

PET 1335–1385
Combination of C–H stretch and bending (aromatic +
CH₂)

PET 1385–1490
Combination bands and 1st overtone of aromatic / CH₂ 
C–H

Fig. 2. Scores (a) and loadings (b) of the first two principal components for pure polymers.
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otherwise improved the model's predictive quality, and thus removed 
and not used for modelling.

3.4. Quantification of MP composition

Four independent PLS regression models were subsequently cali
brated to model the percentage of each polymer in the mixtures, using 
the remaining 747 spectra after outlier diagnosis. Therefore, the final 
dataset used for modelling consisted of 40 spectra of pure substances, 76 
binary-mixture spectra, 94 ternary-mixture spectra, and 537 
quaternary-mixture spectra. Using multiple spectra from each sample 
instead of the average spectrum makes it possible to capture the intrinsic 
variability associated with portable devices for in-situ measurements, 
where small variations in the spectral signal are expected when 

acquiring spectra from different points of the sample holder.
Table 2 collects figures of merit for regression performances. While 

model performance slightly differed among polymers, the maximum 
prediction error (RMSE) for the double cross validation procedure was 
11.1% for PE model. Such performance can be regarded as satisfactory 
and therefore supports the proposed modelling strategy for the quanti
tative prediction of quaternary mixtures, particularly considering the 
use of a portable NIR device for in-situ measurements, where a certain 
degree of variability is expected.

In order to understand which spectral information determines the 
quantification of each polymer, PLS regression coefficients were 
analyzed, as shown in Fig. 5.

As observed, the absolute values of the regression coefficients indi
cate that some wavelengths have major contributions. However, the 
quantification relies on the combined information from all wavelengths, 
not only on the most influential ones. With the exception of the PET 
model, where 1125 nm stands out as the most influential wavelength, no 
single wavelength appears to dominate in the other models, aside from 
minor exceptions around 1125 nm, 1200 nm, 1390–1420 nm, and 1385 
nm. As direct interpretation of NIR bands becomes more challenging 
when derivative pre-processing is applied, readers are referred to Fig. 1, 
where spectra of pure polymers are shown using only SNV as pre- 
processing. The wavelength at 1125 nm, whose coefficient was partic
ularly relevant for the PS and PET models, corresponds to the region 
where one of the main bands of PS partially overlaps with one of the PET 
peaks. Moreover, 1200 nm corresponds exactly to the point where one of 

Fig. 3. Score plots of PC1 vs. PC2 based on the NIR spectra of polymer mixtures. Samples are colored according to the percentage of: (a) PP, (b) PS, (c) PE, and (d) 
PET, ranging from 0% (dark blue) to 100% (wine red). (For interpretation of the references to color in this figure legend, the reader is referred to the web version of 
this article.)

Fig. 4. PCA loadings of PC1 (dark green) and PC2 (orange). (For interpretation 
of the references to color in this figure legend, the reader is referred to the web 
version of this article.)

Table 2 
Regression performance of the individual PLS models: coefficient of determi
nation (R2) and root mean squared error in % (RMSE) in calibration and double 
cross-validation.

R2 RMSE

Calibration Double 
cross-validation

Calibration Double 
Cross-validation

PP 0.88 0.84 7.9 9.17
PS 0.86 0.78 8.2 10.31
PE 0.85 0.76 8.7 11.10
PET 0.82 0.78 8.5 9.41
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the main bands of PP, PE and PS overlaps, with PET not presenting any 
band close. In contrast, the 1390–1420 nm region, which contains 
several wavelengths with large coefficients, appears fundamental 
particularly for PP and PE models, although bands of all four polymers 
overlap in this very rich region. It is worth noting that the right inter
pretation of important bands must consider that derivative pre- 
processing emphasizes subtle spectral features. As a result, additional 
information useful for quantification may be highlighted, even if such 
features are not evident in spectra that have not been processed with 
derivatives. However, it is worth mentioning that a direct interpretation 
of PLS coefficients following second-derivative pre-processing requires 
careful consideration, as this transformation significantly alters the 
spectral shape [51]. Specifically, the second derivative effectively in
verts the original absorbance bands, meaning that a peak in the raw 
spectrum appears as a local minimum in the processed data. Conse
quently, the resulting PLS coefficients correspond to the curvature of the 
spectral features rather than their absolute intensity.

3.5. Assessment of true-to-life generalizability and potential interferents

To explore the possible limitations of the proposed models when 
analyzing spectra of mixtures prepared with different true-to-life sam
ples and in presence of interferents, two additional sets of samples (with 
and without addition of interferents) were used to further validate the 
PLS regression models. The predictions obtained for the new true-to-life 
samples before and after the addition of interferents are reported in 
Table S3 and Table S4, respectively. Figures of merit (R2 and RMSE) 

shown in Fig. 6 and Fig. 7 are calculated with respect to the predictions 
based on the individual spectra of the external validation set. However, 
given the large number of predicted spectra, only the average experi
mental versus predicted values are shown in these figures for clarity.

As observed, in the external validation set without interferents 
(Fig. 6) the models performed better than expected, with RMSE values 
comparable to those obtained during internal validation (Table 2). 
Moreover, with few exceptions, the standard deviation was relatively 
low, indicating that the models remain stable despite small variations in 
the NIR signal when different spectra of the sample are acquired.

When predicting the external validation set spiked with interferents 
(Fig. 7), RMSE values increase compared to the prediction of the same 
samples without added interferents. Significant variability was observed 
even between replicates of the same contaminant-mixture combination, 
likely due to NIR acquisition at different points of the heterogeneous 
metal plate. Consequently, prediction error for the PP and PS models 
slightly exceeded those observed during internal validation, while PE 
and PET were associated with similar RMSE (Table 2), suggesting that 
these polymers are less affected by this particular combination of 
interferents.

It is worth noting that, although prediction errors increased moder
ately, experiments performed on spiked samples with environmentally 
relevant interferents, provide valuable insight into the behavior of NIR- 
based quantitative models under realistic conditions. In this study, the 
interferents intentionally covered a broad spectrum of chemical and 
morphological classes, namely rigid polymers (PVC, PA66), semi- 
crystalline biodegradable polymers (PLA), natural fibres rich in O–H 

Fig. 5. PLS coefficients for (a) PP, (b) PS, (c) PE and (d) PET. Variables with high absolute coefficient values are labeled for model interpretation.
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and N–H groups (cotton, silk), vegetal material with heterogeneous 
lignocellulosic signatures, and inorganic minerals such as CaCO₃, thus 
reproducing many of the complex components commonly found in field 
samples.

It is worth mentioning that the varying susceptibility of these poly
mers to matrix effects can be attributed to the level of spectral selectivity 
provided by their diagnostic bands. While PP and PE share similar 
aliphatic C–H overtone structures, the PLS coefficient (Fig. 5) reveals 
that the models exploit distinct features for each MP. For instance, the 
PE model relies on sharp features at 1403 and 1409 nm, whereas the PP 
model is heavily influenced by a specific band at 1385 nm. The higher 
RMSE for PP suggests that its primary diagnostic regions suffer from 
greater spectral overlapping more significantly with the broad absorp
tion signatures of environmental interferents. Conversely, PET demon
strates the greatest resilience to matrix effects. Despite PS having a 
higher aromatic density, the PET model utilizes a more unique ‘finger
print’ characterized by high-magnitude coefficients (e.g., the 1200 nm 
region and the 1403–1416 nm triplet). This enhanced robustness likely 
stems from the presence of carbonyl overtones and specific aromatic 
arrangements in PET that remain resolvable even against the complex 
NH- and OH- signatures of natural fibres and vegetal material.

Additionally, the variability observed among replicates of the same 
interferent-contaminated mixture indicates that sample heterogeneity 
and physical measurements contribute to prediction uncertainty, due to 
the local scattering effects, particles packing and micro-textural 
variations.

3.6. Application to real environmental samples

To evaluate the model's generalizability beyond controlled labora
tory conditions, the quantification strategy was applied to four real 
environmental samples collected from coastal sites in Sardinia, Italy.

For each site, MP particles were first individually identified by FTIR 
spectroscopy, generating a particle-resolved reference dataset. Subse
quently, all identified particles from each sampling location were pooled 
to reconstruct representative mixed MP samples, which were then 
analyzed using the portable NIR spectrometer under the same conditions 
adopted for laboratory-prepared mixtures. This approach enabled a 
direct comparison between NIR predictions and FTIR-derived reference 
compositions for each site.

Experimental and predicted % of MPs are collected in Table 3. The 
prediction performance yielded RMSE of 11% (PP), 15% (PS), 18% (PE), 
and 13% (PET), with an overall average RMSE of 14.3%. While these 
values are slightly higher than those achieved during laboratory vali
dation in the presence of interferences (Fig. 7), the accuracy remains 
satisfactory considering the inherent complexity of “unknown” envi
ronmental matrices. Unlike synthetic mixtures, real samples contain 
polymers with diverse degradation histories and a higher load of un
predictable organic and inorganic interferents.

Additionally, variability in polymer distribution among the investi
gated sites (see Table 3 and Supporting Information, Fig. S2) further 
contributes to the complexity of the system, as different mixtures may 
emphasize or suppress specific spectral features depending on the 
dominant polymer classes.

In the context of on-site monitoring, these results demonstrate that 
the portable NIR approach provides a reliable semi-quantitative 
screening tool. The trade-off between a moderate increase in uncer
tainty and the benefits of a rapid, cost-effective, and non-destructive 
assessment is well-justified for first-tier environmental surveys where 
high-throughput data is prioritized over the precision of laboratory- 
bound reference methods.

Fig. 6. Experimental vs. predicted % for samples included in the external validation set. Regression metrics are calculated by considering each spectrum as an 
independent observation, whereas only mean predicted value is plotted for clarity. Error bars are calculated as ± standard deviation of all the replicate spectra.
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4. Conclusions

In this study, a portable NIR spectroscopic approach combined with 
multivariate regression was developed and evaluated for the quantifi
cation of four polymers (PP, PS, PE, and PET) in complex MP mixtures 
prepared under realistic laboratory conditions. By adopting a true-to-life 
fragmentation procedure, the resulting MPs reproduced the morpho
logical and chemical variability typically encountered in environmental 
samples, thereby providing a robust basis for model calibration.

The proposed PLS regression modelling approach demonstrated 
satisfactory predictive ability, with RMSE in double cross-validation 
below 11.1% for all polymers. A further external validation of these 
models was performed by preparing mixtures of polymers selected from 
different commercial products to ensure chemical and morphological 
variability with respect to the calibration set. In this case, the maximum 
RMSE achieved was 7.6% for PS model These results confirmed the 
applicability of the models, which maintained accuracy levels compa
rable to those achieved during double cross-validation.

When the same mixtures of the external validation set were spiked 
with a wide range of interferents, prediction errors slightly increased, 

reflecting the spectral complexity introduced by other plastic types and 
non-plastic materials. Nevertheless, the models retained a meaningful 
predictive capacity, with PP and PS being more affected by matrix in
terferences in the tested conditions (RMSE equal to 12.4% and 13.1%, 
respectively). These results highlight the potential of portable NIR 
spectroscopy for quantitative MP analysis in heterogeneous matrices.

Moreover, when the models were applied to real environmental 
samples, the RMSE ranged between 11% and 18%. As expected, the 
average RMSE increased, reflecting the inherent complexity of real- 
world matrices compared to controlled laboratory mixtures. Consid
ering the intrinsic complexity of environmental matrices and the prac
tical advantages of portable NIR instrumentation for in situ pre- 
screening analysis, the achieved performance can be regarded as satis
factory. Thus, the proposed modelling strategy is aimed at preliminary 
assessment and screening purposes. Although matrix effects remain a 
critical challenge, especially in the presence of interferents, this work 
represents a significant step toward the development of operational, 
cost-effective methods for on-site MP monitoring. Future efforts should 
focus on expanding calibration datasets, incorporating a broader di
versity of environmental interferents in the modelling approach, and 
improving spectral acquisition strategies to further enhance model 
robustness in real-world scenarios.

Furthermore, the implementation of a hierarchical modelling ar
chitecture could be explored to refine prediction reliability. In such a 
framework, a preliminary qualitative classification step would first 
predict the presence or absence of a specific polymer, followed by 
quantitative PLS1 regression only for confirmed samples. This two-stage 
approach could better address the inherent uncertainty of regression 
near the detection limit (±RMSE) and provide a more sophisticated 
workflow for handling complex environmental matrices.

Fig. 7. Experimental vs. predicted % for samples included in the external validation set spiked with interferents. Regression metrics are calculated by considering 
each spectrum as an independent observation, whereas only mean predicted value is plotted for clarity. Error bars are calculated as ± standard deviation of all the 
replicate spectra.

Table 3 
Experimental and predicted % of microplastics in environmental samples.

experimental % predicted %

samples PP PS PE PET PP PS PE PET

Castelsardo 12 0 36 0 19 19 58 14
Sinis 10 4 72 0 23 9 60 13
Teulada 8 0 71 0 19 16 47 14
C. Caccia 6 1 74 0 20 16 61 12
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[20] J. Grabska, K.B. Beć, C.W. Huck, Current and future applications of IR and NIR 
spectroscopy in ecology, environmental studies, wildlife and plant investigations, 
Compr. Anal. Chem. 98 (2022) 45–76, https://doi.org/10.1016/BS. 
COAC.2020.08.002.

[21] S. Piarulli, G. Sciutto, P. Oliveri, L. Airoldi, Rapid and direct detection of small 
microplastics in aquatic samples by a new near infrared hyperspectral imaging 
(NIR-HSI) method, Chemosphere 260 (2020), https://doi.org/10.1016/j. 
chemosphere.2020.127655.

[22] C. Vidal, C. Pasquini, A comprehensive and fast microplastics identification based 
on near-infrared hyperspectral imaging (HSI-NIR) and chemometrics, Environ. 
Pollut. 285 (2021), https://doi.org/10.1016/j.envpol.2021.117251.

[23] C. Pasquini, Near infrared spectroscopy: a mature analytical technique with new 
perspectives – a review, Anal. Chim. Acta 1026 (2018) 8–36, https://doi.org/ 
10.1016/J.ACA.2018.04.004.

[24] C. Marchesi, M. Rani, S. Federici, I. Alessandri, I. Vassalini, S. Ducoli, L. Borgese, 
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