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ongoing validation of microplastic
identification by micro-FTIR using optimal
resources
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FTIR is widely used for identifying microplastics due to its performance and affordable equipment. However,

there is a need for a universal method for the automatic identification of microplastics by FTIR, robust to

different spectra collection conditions, and capable of adapting to the diversity of particle spectra. This

research presents a method for developing a reliable and simple algorithm for inter-instrumental

microplastic identification using micro-FTIR. Spectra collected from different equipments and settings

across various laboratories, from microparticles previously confirmed as PET (positive cases) and non-PET

(negative cases), were compared with a PET reference using multiple algorithms (match methods) based

on six weighted and unweighted correlation coefficients. After excluding low signal-to-noise spectra with

a newly developed universal algorithm, the 5th percentile of the match values for positive cases, estimated

using a robust bootstrap method, was used as a minimum match (P5»P) to ensure a 95% true positive rate

(TP). Assuming a normal distribution of the match values for negative cases, the false positive rate (FP) was

calculated. The best method identified uses an unweighted correlation of differentiated signals, resulting in

a P5»P = 0.4140 and FP = 0.0005% for spectra with a minimum signal-to-noise ratio of three. This

identification performance, estimated from 117 spectra, is statistically equivalent to that observed from the

identification of 405 additional particles using the validated method, at a 99% confidence level set by the

Clopper–Pearson method, thereby extending the method's applicability to 522 particles. The developed

method for PET identification by FTIR is robust across various acquisition conditions and instruments, was

implemented in a user-friendly MS Excel spreadsheet, and can be easily tested with more particles and

different instrumental settings. The validity of the identification algorithm and the defined criteria cannot be

extrapolated to a different reality with respect to spectral collection conditions and the diversity of negative

cases without a prior performance assessment.
Environmental signicance

This work delivers a transparent, low-computational-resource methodology for the inter-instrument identication of PET microplastics by m-FTIR, combining
statistical evaluation of spectral-matching algorithms with a robust signal-to-noise metric tailored to FTIR baseline variability. In contrast to existing
approaches, the method was not only validated across multiple laboratories and instrumental conditions but was also subjected to an independent performance
assessment using spectra not included in the model development, experimentally conrming the predicted true-positive and false-positive rates. This dual
validation strategy establishes a practical and harmonised framework for reliable FTIR-based microplastic identication, offering accuracy comparable to
complex chemometric tools while remaining accessible for routine environmental analysis.
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Introduction

Plastics are synthetic or semi-synthetic polymers employed in
a range of applications, such as packaging, textiles, medicine,
electronics, and construction, primarily due to their mallea-
bility, chemical and thermal stability, lightweight nature, and
low cost.1 Due to their low price and societal weaknesses,
plastics are oen discarded improperly, contributing
© 2026 The Author(s). Published by the Royal Society of Chemistry
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signicantly to public waste. Plastic waste is extremely diverse
in composition, colour, size, and shape. The range of sizes
results from their initial dimensions and subsequent frag-
mentation through multiple processes. Plastic fragmentation
mainly results from natural processes like mechanical action,
biodegradation, and ultraviolet degradation, which mostly
occur during the use or aer the disposal of these materials.
When the particles have dimensions between 1 mm and 1 mm,
they are classied as microplastics.2 Microplastics are wide-
spread worldwide and have contaminated soil, water, and air.3,4

As studies demonstrate its harmful effects on human and
animal health, the concern over microplastic pollution is
increasing, and so is the need to recognise their contamination
patterns.4 It is not only essential to thoroughly understand the
source of microplastics in the environment, but also their
migration and distribution. To accomplish this goal, it is
essential to collect and process information obtained from the
efforts of researchers from all over the world, which demands
reliable, and equivalent or interchangeable protocols for
sampling, sample treatment, and microparticle identication
and quantication.

Typically, polymer identication is achieved by comparing
the particle spectra with a reference spectrum of the target
material, using vibrational spectroscopies such as Raman or
Fourier-transform infrared (FTIR). Both are non-destructive
analysis methods, allowing re-analysis and analysis through
other techniques, and can be used to characterise particles
isolated from different matrices, such as those collected from
various environmental compartments. These techniques,
however, are not competitive but complementary: Raman
spectroscopy measures variations in molecular polarizability,
whereas FTIR measures variations in electric dipole moment.5

In FTIR, information about molecules' functional groups is
retrieved from the spectral region between 3600 cm−1 and
1250 cm−1. The ngerprint region, between 1200 cm−1 and
600 cm−1, where small structural and constitutional changes
lead to signicant differences in both appearance and band
distribution, has bands that are challenging to attribute to
a specic molecular movement.5,6 Overall, the bond environ-
ment affects vibrational modes, leading to vibrational coupling
and alterations in their characteristic wavenumber. Conse-
quently, there may be uncertainty in identifying the functional
groups responsible for certain bands. Nevertheless, this also
creates a unique spectrum which allows for a selective
compound identication.5

Raman is superior to FTIR spectroscopy when analysing
particles smaller than 10 mm. However, FTIR is less affected by
uorescence and particle pigmentation than Raman. For labo-
ratories unable to afford both FTIR and Raman spectroscopies
due to equipment and operational costs, FTIR offers the addi-
tional benet of more cost-effective instruments.7

The main challenge of FTIR and Raman spectroscopic
methods is the necessity for skilled analysts to interpret spectra
manually, which is time-consuming. Automatization of polymer
identication of microplastics involves quantifying the simi-
larity between particle and reference spectra through a simple
algorithm, such as a correlation coefficient, or a complex
© 2026 The Author(s). Published by the Royal Society of Chemistry
chemometric tool, such as a machine learning (ML) algorithm
like k-nearest neighbours (k-NN) or support vector machines
(SVM).8 These ML algorithms are highly complex, require
appropriate computational resources, and depend heavily on
large libraries that can be private and/or limited to a particular
spectral range.8

Primpke et al. (2020)9 developed siMPle, an open, indepen-
dent piece of soware with over 90% of correct assignment rates
for microplastic identication using FTIR spectroscopy. The
soware offers harmonised spectral matching across multiple
instruments from four major manufacturers and various
detection modes, covering common polymers found in envi-
ronmental studies such as polyethylene (PE), polypropylene
(PP), polyethylene terephthalate (PET), and polystyrene (PS).
The match is calculated by combining the weighted Pearson's
correlation coefficient for untreated data and their rst and
second derivatives. The user-selected weights for each coeffi-
cient must be specied for inter-study comparison, requiring
subsequent thorough validation. Willans et al. (2023)10 applied
partial least squares-discriminant analysis (PLS-DA) to FTIR
reectance imaging of marine salt samples, where particles
were typically 25–75 mm in size. Their method achieved a very
high true negative rate (TN) (100% for PE and PP) but a some-
what lower true positive rate (TP) (around 78–82%), high-
lighting both the potential and limitations of advanced
statistical models when dealing with real-world noisy spectra.

Clough et al. (2024)11 introduced conformal prediction as
a novel framework for microplastic identication. Contrasting
with previous literature, this method promises to associate an
uncertainty with each individual match, based on the user-
chosen condence level. To achieve robustness for real
samples, an open spectra library, including both pristine poly-
mer samples and aged environment-sourced particles, was
utilised.

Regardless of the computational tool used, all automated
processes require setting a threshold for the quantied spectral
similarity above which there is a sufficiently high chance of
correct classication.1,12 Dening this threshold requires the
statistical analysis of similarity values for particles known to be,
or not, from the same polymer as the reference spectrum. A
challenge in setting the threshold is the unique combination of
instrumental conditions and preprocessing steps from each
piece of spectrometer soware, as well as their unknown effects
on the match value, which complicates comparisons between
instruments.

Fernandes et al. (2025)13 have recently developed and vali-
dated an algorithm for the inter-instrumental identication of
PET microparticles by Raman spectroscopy, where reference
spectra acquired from a single instrument are applied across
multiple instruments and varying instrumental conditions.
Identication with a minimum Person's correlation coefficient,
P5»P, of 0.6244, a TP not lower than 95%, and a false positive
rate, FP, of no greater than 4.9 × 10−7% was achieved for
spectra with a signal-to-noise ratio (S/N) greater than 10. These
authors have developed an algorithm to quantify the S/N of
Raman spectra regardless of the values of the scattered light,
reported in arbitrary units, which depends on particle size and
Environ. Sci.: Adv., 2026, 5, 2026–2032 | 2027
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spectra collection parameters. This research did not discuss
how to assess the need to update the identication algorithm as
additional particles are studied.

This paper describes the development of a strategy for the
ongoing validation of an inter-equipment method for the
identication of microplastics by FTIR spectroscopy. The
method takes the specicity and characteristics of micro-FTIR
spectra into account and allows an easy assessment of the
need for algorithm updating as more particles are studied.

The identication algorithm adjusts to the sensitivity, band
resolution, baseline variations, spectral patterns, and spectral
variability function of particle characteristics and spectra
collection conditions of micro-FTIR. Due to the wider spectral
bands and relevant baseline variations, a new universal algo-
rithm for quantifying the S/N ratio for FTIR spectra was
developed.

The algorithm, validated with a limited number of spectra
used to dene a minimum S/N and set identication criteria,
was tested on a set of particles different from those used in the
validation, extending the method's scope or determining the
need to update the algorithm. This strategy supported an
ongoing validation process, meaning that as more particles are
studied, the scope of the method can be expanded with or
without adjustment.

The predicted performance of themethod from its validation
and the observed performance from the identication of an
independent set of spectra are compared using the Clopper–
Pearson method at a 99% condence level. This approach
considers the number of spectra involved in the assessment.

The developed approach has the advantages of comprehen-
sibility, statistical soundness, and low computational resource
requirements without compromising performance, making it
suitable for general use.
Experimental materials and equipment

Spectra were collected using three spectrometers from three
laboratories: Lab 1 – Fraunhofer CSP, Lab 2 – Istituto Nazionale
di Ricerca Metrologica, and Lab 3 – Instituto Hidrográco. Only
non-PET spectra are available from Lab 1. Table 1 lists the
spectrometers and the most relevant instrumental conditions.

In this work, the identication method was developed and
validated using 117 particles, of which 67 belonged to non-PET
particles and 50 to PET particles. Non-PET particles are from
organic matter (19 particles), other polymers such as PE, PP and
Table 1 FTIR spectrometers and instrumental conditions used to collec

Lab Spectrometer BS Detector/mode M

1 Bruker Vertex 70 coupled with a
Hyperion 2000 IR microscope

KBr MCT/PC 15

2 Thermo Scientic™ Nicolet iN10 KBr MCT/PC 15

3 PerkinElmer FT-IR microscope
Spotlight 200i

OptKBr MCT/PC 1

a BS – beam splitter; MCT –mercury cadmium telluride detector; PC – poin
interval in cm−1; WR – wavenumber resolution in cm−1; TS – time per sca

2028 | Environ. Sci.: Adv., 2026, 5, 2026–2032
PS (8 particles), or were not identied (40 particles). PET parti-
cles were supplied by the German Federal Institute for Materials
Research and Testing (BAM) as part of the EU-funded Plastic-
Trace project. These reference materials consisted of soluble
tablets with secondary PET microparticles, which had irregular
shapes and sizes ranging from 10 mm to 100 mm. Non-PET
plastic polymers were analysed in various physical forms (e.g.,
pellets, powders, lms) with a size range from 0.05 mm to 5
mm. While most PET tablets analysed were dissolved in ultra-
pure water, some were dissolved in powdered milk (infant
formula) aer reconstitution in ultrapure water. Out of these 50
PET spectra, 14 were within the milk matrix.

Conrmation of method performance was achieved by ana-
lysing 405 particles from the same source of particles used for
method validation, 57 of which were classied as PET and 348
as non-PET, to verify the determined TP and FP during method
validation.

In micro-FTIR, the spectral resolution is mainly inuenced by
the beam splitter, detector type, and selected wavenumber reso-
lution setting. The beam splitter determines the spectral range
and efficiency of light transmission, which in turn affects how
distinctly spectral bands are separated. The detector type affects
sensitivity and response speed; for instance, mercury cadmium
telluride (MCT) detectors provide higher sensitivity and faster
response times than deuterated triglycine sulphate (DTGS)
detectors, allowing for higher-resolution data collection. The
microscope magnication also inuences the results: higher
magnication decreases the sampling area, which can limit the
number of photons reaching the detector and thus reduces the
effective resolution of ne spectral details if insufficient signal is
collected. The selected wavenumber resolution setting (e.g.,
2 cm−1 vs. 8 cm−1) directly controls how sharply adjacent peaks
are distinguished—the lower the spectral resolution, the higher
the resolving power, but the longer the acquisition time.14

The S/N is heavily affected by time per scan, the number of
co-added scans, and detector sensitivity. Longer scan times and
more co-added scans both enhance S/N by averaging out
random noise, with S/N improving approximately as the square
root of the number of scans. However, these settings increase
acquisition time. Detector type also plays a crucial role: MCT
detectors typically yield a higher S/N than DTGS detectors due to
their superior sensitivity, although they may require cooling.
Microscope magnication reduces the sampling area, lowering
photon throughput and thus decreasing S/N, if the sample is
small or weakly absorbing.14
t IR spectraa

M [WI]/WR (cm−1) TS (s)/NS Substrate

× [600 to 4000]/2 1/32 Silicon lter
[5 mm pore size, 9 mm diameter]

× [650 to 4000]/8 3/16 Silicon lter
[5 mm pore size, (10 × 10) mm]

× [600 to 4000]/4 1/4 Glass bre membranes
[1.2 mm pore size, 47 mm diameter]

t collection; MM –microscopemagnication in times; WI – wavenumber
n in s; NS – number of co-added scans.

© 2026 The Author(s). Published by the Royal Society of Chemistry



Fig. 1 Monomeric structure of PET.

Table 2 Compilation of match algorithm identification codes. The
codes are listed in the order (SjdjCCjSWjRW), where “S” indicates signal
type (I, 1 − I, and 1 − IN, for original, inverse and complementary
intensity after signal normalization – numbers 1, 2 and 3); “d” denotes
the original signal (S), first derivate (f0(S)) or second derivate (f00(S))
(numbers 1, 2 and 3); “CC” represents the studied correlation coeffi-
cient; “SW” signifies signal weighting, applicable only to weighted
coefficients and always set to 1; “RW” indicates direct (~v) or inverse (1/~v)
wavenumber weighting (numbers 1 or 2)

Match S d RW Match S d SW

1j1jCCj1j1 I S ~v 1j1jCCj1j2 I S 1/~v
2j1jCCj1j1 (1/I) S ~v 2j1jCCj1j2 (1/I) S 1/~v
3j1jCCj1j1 (1 − IN) S ~v 3j1jCCj1j2 (1 − IN) S 1/~v
1j2jCCj1j1 I f0(S) ~v 1j2jCCj1j2 I f0(S) 1/~v
2j2jCCj1j1 (1/I) f0(S) ~v 2j2jCCj1j2 (1/I) f0(S) 1/~v
3j2jCCj1j1 (1 − IN) f0(S) ~v 3j2jCCj1j2 (1 − IN) f0(S) 1/~v
1j3jCCj1j1 I f00(S) ~v 1j3jCCj1j2 I f00(S) 1/~v
2j3jCCj1j1 (1/I) f00(S) ~v 2j3jCCj1j2 (1/I) f00(S) 1/~v
3j3jCCj1j1 (1 − IN) f00(S) ~v 3j3jCCj1j2 (1 − IN) f00(S) 1/~v

Paper Environmental Science: Advances
Method validation strategy

To validate the method for PETmicroparticle classication using
FTIR, spectra from PET and non-PET particles were collected
using the spectrometers under the spectral conditions listed in
the Section “Materials and equipment”. Spectra were converted
into 95 points of “Transmittance vs.Wavenumber” at equidistant
values between 670 cm−1 and 3960 cm−1. All spectra, provided as
SI 01, were manually identied by considering characteristic
bands to act as a reference for method validation.

PET is a polymer whose monomer contains multiple and
distinct functional groups, such as a carboxylic acid and ester,
both presenting a shared benzene substituent, as is shown in
Fig. 1. In the literature,6,15 a C]O stretch for aryl esters is ex-
pected to be observed at wavenumbers between 1730 cm−1 and
1715 cm−1, while for carboxylic acids the wavenumber should
be between 1725 cm−1 and 1700 cm−1. Aryl esters also exhibit
two strong C–O stretches, one between 1275 cm−1 and
1200 cm−1, and another between 1075 cm−1 and 1020 cm−1.6 A
peak is also expected to be observed between 3000 cm−1 and
2900 cm−1, due to the C–H stretch.5 Additionally, PET spectra
may present a characteristic broad band around 2500 cm−1 and
2700 cm−1 as a result of hydrogen-bonded carboxylic acids.5

Consequently, spectra were manually identied as PET if
they exhibit, at least, the simultaneous presence of peaks at
approximately (1730–1715) cm−1, (1275–1200) cm−1, (1175–
1075) cm−1, (840–874) cm−1, and (700–740) cm−1.6,16 Two
different collected PET spectra, shown in Fig. 2, present all ve
characteristic peaks considered, although they differ in the
intensity of the broad band at wavenumbers 3100 cm−1 to
2850 cm−1. This band can represent both characteristic C–H
stretching and/or O–H stretching.
Fig. 2 Harmonised PET spectra collected with different equipment
and under various spectra collection conditions. The vertical lines
indicate wavenumbers at 1723 cm−1, 1238 cm−1, 1125 cm−1, 857 cm−1

and 720 cm−1, representing PET characteristic peaks.

© 2026 The Author(s). Published by the Royal Society of Chemistry
The match between the reference, a PET spectrum obtained
by attenuated total reectance (ATR), and PET or non-PET
particle spectra was determined for each algorithm listed in
Table 2. The studied correlation coefficients (CC) are Pearson's,
r, Spearman's, r, and an alternative coefficient, CPE, as well as
their respective weighted versions. Overall, 81 matches were
analysed, comprising 27 with unweighted coefficients and 54
with weighted coefficients.

In this work, PET particles were classied as positive cases,
while non-PET particles were classied as negative cases. For
the spectra of positive cases, the 5th percentile (P5»P) was
determined using the bootstrap resampling method, which
simulates its distribution without assuming normality.1,17 In
fact, P5»P is the 5th percentile of the 5th percentile distribution
of match values for positive cases simulated by the bootstrap
method; 95% of match values for positive cases are above P5.

FP is then calculated as the complementary of the cumula-
tive t-distribution of (P5»P − M)/s for n − 1 degrees of freedom,
where M, s, and n represent the mean, standard deviation, and
total number of match values between reference and negative
cases, respectively. The FP estimates the probability of a non-
PET particle being misclassied as a PET particle, meaning it
assesses the chances of the algorithm establishing a correlation
between a non-PET particle spectrum and a PET reference
spectrum above P5»P.

Among the tested algorithms, only those with a TP of 95%
and FP no greater than 5% were regarded as adequate. Since an
FP of 5% is adequate for assessing the contamination with
microplastics of environmental samples, a likelihood ratio (LR)
or accuracy (A) should not be lower than 19 (LR= TP/FP) or 95%
(A = (TP + TN)/(TP + TN + FP + FN)), respectively.1,17,18
Determination of signal-to-noise ratio

In FTIR, baseline inconsistencies are occasionally observed
throughout the spectra. Oen, the baseline appears sloping
down or raised, either in a proportional manner throughout the
Environ. Sci.: Adv., 2026, 5, 2026–2032 | 2029



Fig. 3 FTIR spectrum demonstrating the robustness of S/N
measurement despite baseline variations for three different peaks. Red
and green lines indicate the first and second baseline segments for
three wavenumber intervals. The dashed lines identify transmittance
peaks.

Fig. 4 Representation of match values for positive and negative cases
by the valid match methods for (a) all spectra, and (b) spectra with S/N
> 3.

Environmental Science: Advances Paper
entire wavenumber range or in specic spectral zones. The
baseline variations are typically caused by light scattering
resulting from instrumental problems, background measure-
ment, sample characteristics, or biolm. Biolm tends to
present a lowered baseline in the ngerprint region (between
1280 cm−1 and 860 cm−1).1 Therefore, an algorithm to deter-
mine the signal-to-noise ratios suitable for such baseline
movements was developed. The spectral region examined was
divided into 20 uniformly spaced wavenumber intervals.
Subsequently, each wavenumber interval was split into two
equal segments, and the baseline for each was established
using a two-point regression considering the maximum signal
intensity and the corresponding wavenumber of both equal
segments. Using this regression, the baseline signal at the
wavenumber of the lowest signal peak within the interval was
obtained. Aer subtracting the lowest intensity signal from the
baseline signal, the highest absolute difference obtained from
all 20 intervals was considered the signal, SH, of the more
intense peak of the spectrum. Noise value, N, was determined
by subtracting the maximum signal intensity from the average
signal for each interval, then averaging these values across all 20
intervals. The ratio SH/N, designated as the maximum signal-to-
noise ratio, was used to quantify the intensity of the spectral
bands. Fig. 3 illustrates the determination of the SH/N of
a spectrum.
Results and discussion

Table 3 lists the valid algorithms for identifying PET particles,
considering the rst 117 spectra (50 nP and 67 nN spectra for
positive and negative cases, respectively) and only those spectra
Table 3 The best-performing match algorithms for all spectra and those
total number of PET and non-PET spectra, respectively. The match nota

All spectra (nP = 50 and nN = 67)

Match P5»P FP/% LR

1j2jCPE 0.4140 7.4 × 10−4 13 × 104

1j3jr 0.3240 9.0 × 10−4 11 × 104

1j3jCPE 0.3242 9.1 × 10−4 10 × 104

1j2jr 0.4082 1.2 × 10−3 7.8 × 104

1j2jp 0.2895 1.6 58

2030 | Environ. Sci.: Adv., 2026, 5, 2026–2032
with an S/N ratio greater than 3 (nP = 50 and nN = 55). The table
lists the minimum match value for a TP = 95%, P5»P, the FP,
and the LR. For an identication criterion set for a TP of 95%,
identications are considered valid if FP # 5%. Fig. 4 displays
a graphical representation of the correlations between reference
and particle spectra for both positive and negative cases, as well
as the threshold, P5»P, for each valid match, including (a) all
spectra, and (b) only spectra with S/N > 3. Overall, all matches
with FP # 5% demonstrate a clear ability to differentiate
between positive and negative cases, which strongly indicates
the method's effectiveness. The identication performance
improves slightly when only signals with an S/N ratio above 3
are considered.

The match with the lowest false positive rate, specically
1j2jCPE, was subjected to a performance assessment. This
with a signal-to-noise ratio (S/N) greater than 3. nP and nN denote the
tion listed in Table 1 is utilised

Spectra with S/N > 3 (nP = 50 and nN = 55)

Match P5»P FP/% LR

1j2jCPE 0.4140 5.0 × 10−4 19 × 104

1j2jr 0.4140 6.6 × 10−4 14 × 104

1j3jr 0.3021 1.4 × 10−3 6.6 × 104

1j3jCPE 0.2910 2.2 × 10−3 4.3 × 104

1j2jp 0.3212 0.5 17 × 101

© 2026 The Author(s). Published by the Royal Society of Chemistry



Fig. 5 Overlapped FTIR spectra of the PET reference (dashed line) and
a manually identified PET particle (continuous line) misclassified by the
validated automatic method 1j2jCPE. The vertical lines correspond to
wavenumbers 1723 cm−1, 1238 cm−1, 1125 cm−1, 857 cm−1 and
720 cm−1 of PET characteristic peaks.

Paper Environmental Science: Advances
involved applying the validated PET identication tool to 405
particles, of which 57 had been manually identied as PET and
348 as non-PET. In this test, one false negative (a PET particle
misclassied as non-PET) and zero false positives (a non-PET
particle misclassied as PET) were observed, resulting in an
experimentally determined FN of 1.8% (1/57) and FP of 0%
(0/348). Assuming binomially distributed classication errors
with nominal FN = 5% and FP = 5.0 × 10−4%, the 99% Clop-
per–Pearson condence intervals are 1.1% to 13.9% for the FN
and 0% to 1.3% for the FP.19 Therefore, the independently
estimated FN and FP values, 1.8% and 0%, respectively, are fully
consistent with those obtained during method validation.

Fig. 5 shows the PET spectra with an S/N of 7.1 that was
incorrectly identied as non-PET, overlapped with the reference
PET spectra. The 1j2jCPE match value is 0.363, which is below
the P5»P of 0.4140, due to more signicant spectral mismatches
at the lower wavenumbers of the ngerprint region.

It should be noted that the match algorithm selected as the
best performing, and the determined FP, depend on the
equipment studied, their instrumental conditions, and the
diversity of positive and negative cases. For instance, only
spectra from negative cases are available from Laboratory 1.
More importantly, the described Clopper–Pearson method can
be used to identify cases where new data represent a reality
more diverse than the previously studied one, requiring the
revision of the identication method.
Conclusions

A methodology described for developing valid methods to identify
microplastics using micro-FTIR, applicable across various instru-
ments and conditions, was successfully applied to the identica-
tion of PET microplastics with three spectrometers and different
instrumental settings—these settings inuenced spectral resolu-
tion and S/N, thereby affecting comparison with reference spectra.
PET spectra from two spectrometers were considered. Identica-
tions were considered valid if they were associated with a true
positive rate of 95% and a false positive rate of no more than 5%.

Various match methods, including spectral preprocessing
such as differentiation and unweighted or weighted correlation
© 2026 The Author(s). Published by the Royal Society of Chemistry
coefficients, were tested. It was concluded that when spectra
have an S/N greater than three, the unweighted correlation
coefficient CPE, an alternative to Pearson's and Spearman's,
applied to the original spectra aer differentiation, yields
identication with a match threshold of 0.44 (P5»P), a true
positive rate of 95%, and a false positive rate of 0.0005%. The
performance estimated during method validation was assessed
by experimentally determined false result rates from the iden-
tication of 405 particles not considered in the method vali-
dation. The estimated FN of 1.8% and FP of 0% are compatible
with the TP of 95% and FP of 0.0005%, given the number of
particles identied as proven by the Clopper–Pearson method
for a 99% condence level. This assessment expanded the
method scope to a total of 522 particles.

The performance of the developed identication method is
equivalent to that reported in the bibliography, which involves
a more computationally intense processing using complex
chemometric tools.

The developed methodology should be applied to additional
equipment and used for identifying other polymers and aged
particles to assess their robustness or any need for an algorithm
update.
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