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f Umweltbundesamt, German Environment Agency, Germany
g Instituto Português da Qualidade, Portugal

A R T I C L E  I N F O

Handling editor: A Campiglia

Keywords:
Microplastics
Automatic identification
μ-Raman spectroscopy
Match threshold
Method validation
True results rate

A B S T R A C T

The assessment of the impact of microplastic contamination on the environment and human health requires a 
reliable identification of the polymer type of these particles. μ-Raman spectroscopy is a popular technique for 
identifying microplastics by comparing the reference spectra with those of the particles analysed. Automatic 
identification of microplastics requires defining an algorithm for the match between these spectra and setting a 
minimum match above which identification is performed with adequately high true and low false results rates. 
Ideally, the algorithm and match threshold should apply to different spectrometers and spectra collection pa
rameters. This research presents a methodology to determine the best match algorithm for polymer identification 
using μ-Raman spectroscopy data collected on different instruments and laboratories, associated with a true 
positive rate (TP) of 95 % and a false positive rate (FP) lower than 5 %. Determining the match threshold (P5»P) 
by the bootstrap method does not require assumptions regarding match distribution. The normal distribution of 
the match between the reference and a particle’s spectra from a different material allows FP determination. 
Identifying PET microparticles was optimal using Pearson’s correlation coefficient (P5»P = 0.6244, TP = 95 %, 
FP = 4.9 × 10− 7 %). Identification quality was tested based on three unweighted and three weighted correlation 
coefficients. Spectra with signal-to-noise ratios lower than 10 were forwarded to manual identifications. The MS 
Excel files used in the research are available as supporting information. The developed methodology for setting 
up identification criteria of microplastics by spectroscopy proved to be adequate for μ-Raman assessments and 
robust to different spectrometers and spectra collection conditions.

1. Introduction

The characteristics of plastic materials that drive their commercial 
success, namely low cost and high chemical and physical resistance, 
combined with the inadequate disposal of these inexpensive materials, 
contribute to the ubiquitous presence of long-lasting plastic particles in 
the environment. The type, size, and shape of plastic materials influence 

their environmental impact, with smaller particles even able to travel 
inside living organisms. While significant research has evaluated the 
abundance of plastic waste [1,2], its impact on ecosystems and human 
health remains largely unknown due to the diversity and unpredictable 
consequences of this type of pollution. Plastic particles can be classified 
according to their size as macroplastics (>25 mm), mesoplastics (from 5 
mm to 25 mm), microplastics (from 1 μm to 5 mm) and nanoplastics (<1 
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μm) [3].
Parallel to determining the toxicological impact of these particles, it 

is necessary to determine their abundance, respective trends, and the 
most relevant sources of contamination by these materials. This infor
mation should support the establishment and monitoring of policies to 
mitigate the environmental and health impacts of plastic pollution.

The harmonisation of procedures for monitoring plastic contamina
tion in food products and environmental matrices is still lacking. 
Additionally, further developments are needed to assess the perfor
mance and evaluate the uncertainty associated with these monitoring 
methods [4,5].

When analysing food or environmental samples, it is necessary to 
identify which particles are indeed plastic before counting them. μ-FTIR 
(Fourier-transform infrared spectroscopy) and μ-Raman are the most 
popular tools for plastic particle identification before characterising 
their size and shape [6].

Compared to μ-FTIR spectroscopy, μ-Raman allows for the identifi
cation of smaller particles — down to the micrometer and even sub- 
micrometer scale — that are beyond the capabilities of FTIR [7]. 
Raman spectroscopy is also largely unaffected by the strong water ab
sorption that constrains FTIR, making it particularly well suited for the 
analysis of aquatic samples [8]. In addition, it produces sharp and 
polymer-specific vibrational spectra, which facilitates better differenti
ation of chemically similar polymers than FTIR. Despite these advan
tages, Raman spectroscopy can be affected by fluorescence interference 
arising from dyes, additives, or biofilms, which may mask characteristic 
signals and hinder accurate polymer identification [9,10].

The spectroscopic identification of microplastics involves comparing 
the unknown particle spectrum with reference polymer spectra. Refer
ence and particle spectra can be compared manually or automatically. 
While manual identifications are time-consuming and must be per
formed by qualified analysts, automatic identifications are faster and 
require less analytical expertise. Given the large number of plastic par
ticles observed in some samples, automatic identifications are thus 
recommended. The most common method for quantifying the similarity 
between particle and reference spectra is the determination of their 
correlation using a correlation coefficient, such as the Pearson or 
Spearman correlation coefficient. The popularity of this method stems 
from its computational efficiency and the ease of interpreting the co
efficients. However, the decrease in correlation values due to fluores
cence interferences, baseline variations, signal noise, and particle 
weathering must be considered in data interpretation. Weighted corre
lation coefficients can be used to highlight relevant spectra features, 
improving identification reliability.

Spectral similarity can also be assessed using more complex che
mometric tools, such as Principal Component Analysis (PCA) and Partial 
Least Squares Discriminant Analysis (PLS-DA). More recently, machine 
learning (ML), through techniques such as Neural Networks (NN), has 
been used to establish flexible and accurate methods for identifying 
microplastics even in the presence of noise and spectral overlap. 
Nevertheless, ML approaches require substantial computational re
sources, large training datasets, careful validation, and computational 
expertise, and they are often less transparent than traditional correlation 
methods. Therefore, the overcome of correlation coefficient fragilities in 
microplastics identification is particularly welcome.

A study by Jin et al. [11] used Raman spectra combined with 
PCA-LDA (LDA - Linear Discriminant analysis) followed by Support 
Vector Machine (SVM) classification to differentiate seven common 
polymers, i.e. polypropylene (PP), polyethylene terephthalate (PET), 
polyvinyl chloride (PVC), polycarbonate (PC), polyamide (PA), high 
density polyethylene (HDPE), and low density polyethylene (LDPE), 
reporting fitting accuracies over 98 % (ratio between true and total 
performed identifications) for most polymers and around 70 % for HDPE 
and LDPE. A study published by Xie et al. [12] extended these methods 
to nanoplastics, using Raman data with Random Forest (RF) classifica
tion to achieve an average accuracy of 98.8 % in identifying individual 

nanoplastic particles.
A more recent work by Zhang et al. [13] introduced a 

one-dimensional Convolutional Neural Network (1DCNN) trained on 
Raman spectra from ten polymer types, achieving a classification ac
curacy of approximately 96.4 %. Additionally, a CNN model applied to 
Surface-Enhanced Raman Scattering (SERS) spectra of six common 
microplastics demonstrated a mean identification accuracy of 99.5 %, 
outperforming classical classifiers such as SVM, PCA-LDA, PLS-DA, RF, 
and K-Nearest Neighbours [14].

Studies using hyperspectral Raman imaging paired with multivariate 
curve resolution have enabled visual mapping of microplastic particles 
in complex matrices, though classification metrics are less frequently 
reported [15]. Recent comprehensive reviews confirm that combining 
Raman spectroscopy with ML techniques — especially PCA, RF, SVM, 
and deep learning architectures — yields robust identification across 
varying environmental matrices [16].

Regarding performance statistics, supervised chemometric models 
consistently achieve high true positive rates (TP) (≥98 %) and low false 
positive rates (FP) (≤1 %), while deep learning approaches maintain 
strong TP (around 96 % to 99 %) with comparably low FP. Techniques 
based on SERS combined with CNNs have shown exceptional accuracy 
(~99.5 %) even with unpreprocessed data.

However, the listed chemometric tools require extensive data pre
processing, which is performed by complex software that consumes 
relevant computational resources. On the other hand, correlation co
efficients are straightforward and computationally efficient, making 
them the preferred tool for rapid comparisons. Correlation determina
tion is also easier to disseminate in harmonised analysis protocols.

Some guidelines and standards designate the quantified spectral 
similarity as a Match or Hit Quality Index (HQI) with a maximum value 
of 100 %. Unfortunately, HQIs are frequently presented and discussed 
without specifying the algorithm or computational tool used. This 
omission makes it impossible to compare values determined by different 
authors and to discern which spectral characteristics contribute most to 
the similarity value. Some documents even define thresholds for reliable 
identifications, such as HQI >60 % [17] or HQI >80 % [18], without 
specifying how HQI should be determined and what data and statistics 
support the threshold. The harmonisation of protocols is only effective if 
supported by adequately described and performing protocols applicable 
to data collected in various laboratories using different instruments. To 
protect match determinations from noisy signals, a signal-to-noise ratio 
(S/N) threshold can be defined, below which spectra should be assessed 
manually or using an alternative tool.

Morgado et al. [4,5] developed a strategy for the automatic identi
fication of microparticles isolated from river and marine sediments 
based on μ-FTIR, where reference and particle spectra were collected 
using the same equipment and spectral parameters. Microparticles were 
manually identified and designated as positive or negative cases based 
on whether they were from the specific polymer type being studied or 
not, respectively. For instance, when identifying PET particles, all par
ticles from this polymer were considered positive cases, while all 
non-PET particles were considered negative cases. After selecting a 
specific match algorithm and reference spectrum, match values between 
the reference and positive or negative case spectra were determined. The 
5th percentile of match values for positive cases, determined by the 
bootstrap method [19], was used as the minimum match for polymer 
identification, with a true positive rate (TP) of 95 %. When the particle 
and reference are from the same polymer, in 95 % of cases, the match 
exceeds the threshold. This threshold was subsequently tested for the 
chance of a particle from a material different from the reference polymer 
producing a spectrum with a match with the reference spectra above the 
threshold, i.e. the false positive rate (FP). Assuming the normal distri
bution of the match with negative cases, this probability was estimated 
using regular parametric statistics. An identification method applicable 
to microplastic identification in environmental samples is considered 
adequate if associated with a TP = 95 % and FP ≤ 5 % [20]. Various 
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algorithms for match determination were tested to identify signal 
transformations and correlation formulas that drive lower FP. Since 
spectral comparison is affected by the low intensity of FTIR bands and 
the absorbance band from non-oxidised biofilm, a minimum value for 
the most intense spectral band and a maximum intensity for biofilm 
bands were defined to exclude spectra from automatic identification. 
Such spectra should undergo manual identification due to observed 
signal fragilities.

This paper advances the state-of-the-art in microplastic identification 
by establishing identification criteria applicable to μ-Raman spectra 
collected using different instruments and experimental conditions. The 
μ-Raman spectra improve identification due to their high selectivity and 
narrow peaks, compared with the broader spectral bands observed in 
FTIR. An algorithm for determining the S/N was developed to identify 
spectra that require manual identification by experienced analysts. In 
this study, PET was chosen as a representative polymer to assess the 
viability of the approach to determine match thresholds and evaluate 
match methods, as a result of its extensive use in food packaging and its 
limited stability under hard oxidative treatments, high temperatures or 
strong alkaline conditions. Furthermore, the reference material provides 
a realistic representation of the morphological variability of micro
plastics, including different shapes and size distribution, commonly 
found in environmental and food samples. Spectra collected from three 
different laboratories and in two matrices, ultrapure water and milk, 
were studied to assess the robustness of the methodology for these fac
tors. The assessment of the ability of the developed method to identify 
other polymers and weathered particles requires collecting additional 
spectra and applying a method development and validation equivalent 
to that performed in this research.

2. Experimental

2.1. Particles and spectra collection conditions

From the 175 particles analysed, 93 were PET and 82 were non-PET. 
PET particles were provided by the German Federal Institute for Mate
rials Research and Testing (BAM) within the framework of the EU- 
funded PlasticTrace project. These reference materials were in the 
form of soluble tablets containing secondary PET microparticles, with 
irregular shapes and sizes ranging from 10 μm to 100 μm.

Non-PET plastic polymers were analysed in different physical forms 
(e.g., pellets, powders, films) with a size distribution from 0.05 mm to 5 
mm.

While most PET tablets analysed were dissolved in ultrapure water, 
some were dissolved in powdered milk (infant formula) after reconsti
tution in ultrapure water. As a result, 4 out of the 175 Raman spectra 
were acquired from particles in the milk-derived matrix.

The Raman spectrometers and their instrumental conditions used by 
the three laboratories (Lab. 1 to Lab. 3) are listed in Table 1. The table 
specifies the wavenumber interval and number of spectral points (De
tector pixels) of the original spectra.

Although the Diffraction Grating expresses the dispersion of 

wavenumber per length unit, since detector pixels can have different 
lengths, this parameter is not directly related to the spectral resolution. 
Instead, the ratio between the spectral range (cm− 1) and the number of 
detector pixels, the Spectral Sampling Interval, Δν, is a better way to 
express spectral resolution. In this work, the spectra were collected with 
a Δν between 1.19 cm− 1 and 5.22 cm− 1, subsequently converted to Δν =
6.51 cm− 1 in the interval 856 cm− 1 and 1787 cm− 1, considering 143 
equidistant points/pixels to allow for spectrum comparison. An Excel 
spreadsheet was used for spectra harmonisation. No obvious resolution 
loss was observed when comparing spectra sampled at Δν = 1.19 cm− 1 

and 6.51 cm− 1.
Since the Raman shift is referenced to the excitation wavelength (in 

this work, 514 nm, 532 nm, or 633 nm), although different lasers can 
produce the same Raman shift peaks, their relative intensities can differ 
due to resonance effects, fluorescence background, or absorption. 
Therefore, the different laser wavelengths of the used spectrometers 
impact the comparability of the spectra.

Though the Raman signal is proportional to the laser output power, 
excessively high power may excite fluorescence that can overwhelm the 
Raman peaks. Too much power can also cause photodegradation of the 
sample. Therefore, this parameter should be optimized to achieve an 
acceptable S/N without damaging the sample.

The microscope objective magnification (MOM) affects the collection 
of spectra from particles smaller than the scanned area, but it does not 
influence the Raman shift positions, the relative intensities of the peaks, 
or the spectral resolution. Depending on the MOM, the numerical 
aperture determines how tightly the laser is focused and how efficiently 
scattered light is collected, and thus requires optimization to achieve a 
better S/N ratio.

Longer acquisition times and signal accumulation reduce the signal’s 
noise. Very short acquisition times can hinder peak detectability, while 
excessively long acquisition times may cause detector saturation, 
nonlinearity, or sample damage, which can compromise polymer iden
tification [21].

2.2. Method validation strategy

The validation of the method for identifying PET microparticles by 
μ-Raman spectroscopy involved collecting spectra from PET and non- 
PET particles using the spectrometers and instrumental conditions lis
ted in Section 2.1. The particles were manually identified, considering at 
least the three most intense characteristic Raman spectra peaks of PET 
occurring at 1615 cm− 1, 1120 cm− 1, and 1000 cm− 1. The Raman shift 
range for spectra comparison was limited between 856 cm− 1 and 1787 
cm− 1. All collected spectra are made available as Supplementary Ma
terial 01 being identified with the following code: "A B (C)", where A 
identifies the polymer type ("PET", "non-PET" or specified polymer 
acronym such as "PE" [22]), B is a sequential number, and (C) specifies 
the laboratory that produced the spectra (F – Fraunhofer CSP, I – Istituto 
Nazionale di Ricerca Metrologica (INRiM) and UP – University of 
Parma).

After selecting a match algorithm identified by the code presented in 

Table 1 
Raman spectrometers and relevant instrumental conditions used by the three laboratories. Lab.1 – Fraunhofer CSP (two equipment used, Sp. 1 and Sp. 2), Lab.2 – 
INRiM and Lab.3 – University of Parma.

Lab. Spectrometer DF/ (gr. nb./mm) LW/nm| OP/mW MOM |NA Detector DP WI/cm− 1 AT/s| AN

1 (Sp. 1) Triple 557 TriVista 1500 514|100 50 × |0.75 LN2| Si-CCD 450 850 to 3200 1 to 10| 5 to 10a

1 (Sp. 2) HORIBA LabRAM HR Evolution 1800 532|100 50 × |0.75 LN2| Si-CCD 450 850 to 3200 1 to 10|5 to 10a

2 HORIBA LabRAM Odyssey 600 633|15 10 × |0.25 LN2| Si-CCD 1024 or 512 664 to 1786 1| 1
3 HORIBA LabRAM HR Evolution 600 532|25 50 × |0.50 LN2| Si-CCD 1024 415 to 2060 1 to 5| 3 to 20a

DF – Diffraction grating in groove number by mm; LW – Laser wavelength in nm; OP – Output power in mW; MOM – Microscope objective magnification; NA – 
Numerical aperture; DP – Number of detector pixels; WI – Wavenumber interval in cm− 1; AT – Acquisition time in s; AN – Accumulation number; LN2| Si-CCD - silicon- 
based charge-coupled device cooled with liquid nitrogen.

a Optimized according to the specific polymer type and its physical characteristics.
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Table 2, including the considered correlation coefficient (CC), the match 
between the reference spectra (PET 01 (F)) and the spectra of all PET or 
non-PET particles was determined. The studied CC are r, ρ, and CPE for 
unweighted Pearson, Spearman, and alternative correlation coefficients, 
and rw, ρw, and CPEw are the weighted versions of the first [4]. The total 
number of studied matches is 81 (9 × 3 matches involving unweighted 
CC and 18 × 3 matches involving weighted CC).

For the unweighted r and ρ, the identification performance is the 
same for signal (I) or (1 - IN). For the unweighted CPE, and the weighted 
correlation coefficients, both signal types ((I) or (1 - IN)) can produce 
different identification performance due to algorithm features.

Positive cases correspond to PET particles, and negative cases refer to 
non-PET particles. The 5th percentile of the match values for positive 
cases was determined using the bootstrap resampling method, which 
simulates its distribution [4,5]. The P5»P, the 5th percentile of the 5th 

percentile distribution of positive cases, is the minimum value of the 
specific match algorithm above which a particle can be defined as PET 
with a true positive rate of not less than 95 %, meaning that, in studied 
PET spectra, there is at least a 95 % probability that a PET microparticle 
spectrum has a match with "PET 01 (F)" spectrum above P5»P. After
wards the mean, M, standard deviation, s, and total number, n, of match 
values between "PET 01 (F)" and negative cases is calculated being the 
false positive rate, FP, the complementary of the cumulative t-distribu
tion of (P5»P – M)/s for n - 1 degrees of freedom. The FP is the estimated 
chance of a non-PET particle, from the studied non-PET population, 
producing a match with the "PET 01 (F)" spectra above P5»P, therefore 
being wrongly identified as PET. All match algorithms (Table 1) were 
tested and considered adequate for PET identification if, together with 
the TP set at 95 %, the FP is not larger than 5 %. In this case, the 
identification performance quantified as a likelihood ratio LR (LR =
TP/FP) or accuracy, A [A = (TP + TN)/(TP + TN + FP + FN); where TN 
and FN are true and false negative rates complementary to FP and TP 

respectively], should not be lower than 19 [4,5,20] or 95 %, 
respectively.

An FP of 5 % is considered adequate for the analysis of environ
mental and food samples with one microplastic, given the number of 
required identifications and the health impact of microplastic contam
ination [4,5,20].

Since the reliability of particle identification is affected by the low 
intensity of peaks compared to the signal’s noise, an algorithm was 
developed to determine the S/N. This algorithm, described in Section 
2.2.1, is applicable regardless of the scale of absolute peak intensities, 
which vary depending on the spectrometers and spectral collection 
conditions used. Spectra with S/N lower than 10 should be forwarded to 
manual identification.

2.2.1. Determination of signal-to-noise ratio
To characterise Raman spectra regarding the spectral information 

clarity, the highest S/N was determined as the ratio between the most 
intense peak of the spectrum and the background noise. The intensity of 
the most intense peak was determined as the difference between the 
maximum signal observed in the spectrum and the minimum signal 
predicted at the wavenumber of the maximum signal by a regression 
line. This regression line, referred to as "baseline", is defined from 
minimum signals of 20 wavenumber segments with equal wavenumber 
ranges. The absolute difference between the average signal and the 
minimum signal within each segment is calculated and then averaged 
across all segments, yielding a value that quantifies the spectrum noise. 
Fig. 1 presents examples of spectra collected by three laboratories with 
S/N equal to 15.

Table 2 
Match algorithm identification code, where CC is the studied correlation coef
ficient [4]. "S" specifies the type of signal considered (I, 1/I and (1-IN) for orig
inal, inverse and complementary intensity after signal normalisation – numbers 
1, 2 or 3 from code "S|#|CC|#|#"). The "d" specifies the use of the original signal, 
S, or its first or second derivative (f’ (S) and f" (S)) (S|d|CC|#|#) (d = 1, 2 or 3). 
For weighted CC, the signal was weighed (SW equal to y for yes – Code "S|d|CC| 
1|#"), and the wavenumber of the Raman shift was weighted directly, ̃v, ("1″) or 
inversely, 1/ ṽ (“2”)) (S|d|CC|SW|RW).

Match S d SW RW Match S d SW RW

1|1| 
CC| 
1|1

I S y ṽ 1|1| 
CC|1|2

I S y 1/ 
ṽ

2|1| 
CC| 
1|1

(1/ 
I)

S y ṽ 2|1| 
CC|1|2

(1/ 
I)

S y 1/ 
ṽ

3|1| 
CC| 
1|1

(1 - 
IN)

S y ṽ 3|1| 
CC|1|2

(1- 
IN)

S y 1/ 
ṽ

1|2| 
CC| 
1|1

I f’(S) y ṽ 1|2| 
CC|1|2

I f’(S) y 1/ 
ṽ

2|2| 
CC| 
1|1

(1/ 
I)

f’(S) y ṽ 2|2| 
CC|1|2

(1/ 
I)

f’(S) y 1/ 
ṽ

3|2| 
CC| 
1|1

(1 - 
IN)

f’(S) y ṽ 3|2| 
CC|1|2

(1 - 
IN)

f’(S) y 1/ 
ṽ

1|3| 
CC| 
1|1

I f’’(S) y ṽ 1|3| 
CC|1|2

I f’’(S) y 1/ 
ṽ

2|3| 
CC| 
1|1

(1/ 
I)

f’’(S) y ṽ 2|3| 
CC|1|2

(1/ 
I)

f’’(S) y 1/ 
ṽ

3|3| 
CC| 
1|1

(1 - 
IN)

f’’(S) y ṽ 3|3| 
CC|1|2

(1 - 
IN)

f’’(S) y 1/ 
ṽ

Fig. 1. Spectra (a), (b) and (c) present spectra with S/N of 15 obtained from 
Fraunhofer CSP, INRiM and the University of Parma, respectively. The mean, 
minimum and base regression lines of 20 wavenumber ranges are also pre
sented. The developed algorithm was implemented in the MS Excel file used to 
quantify the match between the studied spectra (Supplementary Material 02).
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3. Results and discussion

Table 3 presents the best-performing match algorithms, i.e. those 
associated with lower FP, considering all collected spectra and spectra 
with a S/N greater than 10. For r and ρ, only I and 1/I signals were 
considered because I and (1 - IN) produce the same results. The P5»P 
estimated by the resampling bootstrap method slightly varies with the 
simulation run, with an impact on estimated FP and LR. It is reported the 
P5»P, FP, LR and the number of positive, nP, and negative, nN, cases 
considered. For the unweighted correlation coefficients, SW and RW are 
not specified.

Supplementary Material 03 presents the S/N of all spectra, match 
values determined for positive and negative cases for the 81 studied 
match methods and the FP and LR for the match methods.

As expected, identification performance improves and P5»P raises 
when considering a S/N threshold. Several match algorithms enable 
identification with an LR larger than 19 and an accuracy larger than 95 
%, where the unweighted Pearson’s correlation of the original signals 
distinguishes between positive and negative cases more effectively when 
a S/N threshold of 10 is considered.

Several weighted correlation coefficients can support valid PET 
identifications. The weighted alternative correlation coefficient, CPEw , 
for complementary normalised signals (1 - IN) and the two studied types 
of weighing are the most successful weighted algorithms (3|1| CPEw |1|1 
and 3|1| CPEw |1|2).

The TP of 95 % and FP of 4.90 × 10− 7 % of identifications based on 
Person’s correlation coefficient and S/N > 10 are converted into an 
identification accuracy of 97.5 %, comparable to the observed accuracy 
using advanced chemometrics tools that require significantly more 
computational resources.

The identification criteria can be implemented for new spectra using 
the Excel file available as Supplementary Material 04. Detailed 

instructions of how to use this spreadsheet are available in video file 
Supplementary Material 05.

Supplementary data related to this article can be found online at 
https://doi.org/10.1016/j.talanta.2025.128834

Fig. 2 presents a graphical representation of Match values for posi
tive and negative cases and the P5»P for the Match methods listed in 
Table 3 considering (a) all spectra or (b) only signals with a S/N > 10. 
The Match of positive and negative cases are rather distinct being worth 
highlighting the very low dispersion of Match values of both positive 
and negative cases for the Match method 3|1| CPE valid for S/N > 10.

4. Conclusions

The proposed methodology to develop a valid procedure for the 
automatic identification of microplastics using μ-Raman spectroscopy 
applicable to spectra collected from different spectrometers and spectra 
collection conditions was successfully applied to the identification of 
PET microplastics. Different match algorithms were tested, considering 
the use of original or inverse signals, before or after derivatisation, and 
based on unweighted Pearson’s, Spearman’s, an alternative algorithm, 
or weighted versions of these correlation coefficients. For the more 
complex weighted coefficients, signal and two types of wavenumber 
weightings were considered. The minimum match value (P5»P) for 
identifying a PET particle corresponds to the 5th percentile of the match 
between spectra of the PET reference and particle, and it is determined 
by the resampling bootstrap method. The bootstrap method does not 
require match distribution normality. The match values between the 
PET reference spectrum and particle spectra proved not to be PET 
allowed estimating the probability of a non-PET particle producing a 
match value with the PET reference above P5»P. This probability is the 
false positive rate. A methodology for quantifying the signal-to-noise 
ratio was developed, and spectra with an S/N lower than 10 were 

Fig. 2. Graphical representation of Match values for positive and negative cases and the 5th percentile for positive cases, P5»P, for the Match methods presenting LR 
larger than 19. (a) All spectra considered; (b) Only spectra with S/N > 10 are considered.
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excluded from the automatic identification. The unweighted Pearson’s 
correlation coefficient of the original signal proved to be the most 
adequate match algorithm for PET particle identification for a match 
threshold, P5»P, of 0.6244. The identification with this match is asso
ciated with a true positive rate of 95 % and a very low false positive rate 
of 4.90 × 10− 7 %, fit for microplastic identifications in environmental 
and food samples. This performance, which guarantees an accuracy of 
97.5 %, is equivalent to that observed using complex chemometric tools 
that require extensive data processing of a large number of spectra.

The user-friendly spreadsheets used to set the P5»P and for the 
subsequent identification of microparticles are made available as sup
plementary material.

Although promising, the developed methodology should be evalu
ated for its ability to produce a reliable method for the identification of 
other polymer types, aged polymers, and particles contaminated with 
biofilm. Ideally, the identification approach should also be tested 
considering spectra collected by additional spectrometers.
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