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Microplastics are present in nearly all environments. The detection of microplastics in the field is an

important step toward understanding and regulating the proliferation of plastic waste, particularly in

natural environments. Real-time surveys require robust instruments, rapid acquisition, and minimal

processing. Near infrared (NIR) spectroscopy is an ideal technique to detect polymer composition

regardless of spectral interference by water and/or organic matter. Here we report a fiber-based NIR

instrument designed for simple and efficient spectral acquisition of consumer plastic particles across

a range of sizes. Data augmentation with measured interferent spectra has been used to generate

machine-learning based classification models that can identify polymer compositions in plastic particles

that are wet and/or mixed in with organic plant material. These models achieve 98.5% accuracy on

synthetic data and 86.4% accuracy when transferred to spectra of plastic particles of nine common

polymers with particle sizes as small as 500 mm. Our model paves the way for the development of

equipment to perform real-time surveys of microplastic compositions in the field.
Sustainability spotlight

Microplastics are a growing global environmental concern, contaminating soil and water. Measuring their presence is the rst step in mitigating pollution and
its effects on ecosystems and human health. This work advances sustainability by providing an efficient, eld-deployable method for identifying microplastics
even in contaminated environments. By using near-infrared (NIR) spectroscopy coupled with machine learning, the method accurately detects common
polymers despite interference from water and plant materials, supporting the reduction and management of plastic waste. This research aligns with UN
Sustainable Development Goals: Clean Water and Sanitation as well as Responsible Consumption and Production, promoting environmental protection and
sustainable waste management.
1 Introduction

Plastic waste is an increasingly challenging global problem. The
OECD has found that plastic waste generation has more than
doubled between 2000 and 2019.1 Sources of plastic include
both commercial and consumer products.2,3 Both macroscale
plastic pollution and microplastics cause harm to terrestrial,
aerial, and aquatic organisms.4–7 Larger scale plastics (>1 mm)
are oen connected with physical damage to organisms, while
smaller plastics can accumulate in tissues or interact with
metabolic pathways.8,9 Microplastics, which are less than 5 mm
in size, span both regimes. Their presence even in remote
xas at Austin, Austin, TX, USA. E-mail:

nvironmental Engineering, University of

ESI) available: Images of plastic sources
prole of the NIR instrument. See DOI:

86–1899
regions such as polar ice and marine sediments, further
emphasizes their global prevalence and persistence in the
environment.10,11 These small plastics can be directly intro-
duced into the environment or be the result of cracking or
degradation of larger objects.12 One specic issue with micro-
plastics, due to their small size, is that they can be carried and
distributed throughout the environment by a variety of factors
including waterways, tides, and wind.8,13,14 Due to the numerous
sources and methods of dispersion, detailed tracking of
microplastics across the globe is important for identifying their
sources, understanding their mechanisms of transport, and
building out regulations.

Current methods for tracking microplastics oen involve
physical surveying teams collecting samples from the eld,
sorting the samples by size, cleaning the samples, potentially
sorting them visually, and then using identication techniques
to determine the composition of the collected plastics.15–17 A
variety of microplastic identication techniques are used,
including attenuated total reectance Fourier transform
© 2025 The Author(s). Published by the Royal Society of Chemistry
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Fig. 1 Schematic of the near infrared (NIR) instrument. A broadband
light source is focused onto a sample and the remitted light is
collected at a 45° angle between the illumination and collection
sources. The collected light is sent to a spectrometer for measure-
ment, as described in the text.
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infrared (ATR-FTIR) spectroscopy, laser-induced breakdown
spectroscopy (LIBS), Raman spectroscopy, and pyrolysis gas
chromatography/mass spectrometry (PY-GC/MS).18–24 Many
other previous works have also focused on characterizing
machine learning classication algorithms for automated pro-
cessing of spectroscopic datasets.18,25–28 Many of the established
techniques, come with challenges. For example, PY-GC/MS is
destructive to the samples, LIBS poses safety concerns due to
the creation of plasma on plastics, and Raman spectroscopy is
susceptible to uorescence background. Moreover, these tech-
niques oen require extensive sample preparation, making
them impractical for onsite microplastic detection. Auto-
uorescence spectroscopy has also been explored as an alter-
native; however, its accuracy is affected by dyes in plastics,
which can interfere with identication.29 These methods are not
only time consuming but also require the transport of mate-
rials, which can be very limiting in remote environments.15,17,30

Given the ongoing challenges, alternative techniques that
allow for high-throughput on-site analysis without sample
preparation are needed. Indeed, a recent study has compared
many spectroscopic methods with the goal of identifying those
promising for eld work.31 Near-infrared (NIR) has been
extensively used to sort plastic because its due to its ability to
provide rapid, non-destructive measurements. Here, we
selected NIR for its unique combination of portability, robust-
ness, and rapid data acquisition, making it well-suited for real-
time analysis.32 The described NIR geometry in this study uses
a room temperature InGaAs detector, operates without a laser
source, and is designed to be relatively insensitive to mechan-
ical vibrations. In the 6000 cm−1 to 11 000 cm−1 region, NIR
spectroscopy provides insights into the overtones and combi-
nation bands of vibrational modes related to CH, CO, NH, and
OH bonds.33 For different plastics, these bands can be highly
characteristic. Especially because Fermi resonances can
enhance spectral features in a way that is specic to the
molecular conguration.33 However, applications of NIR detec-
tion and classication of plastics have focused on larger-sized
material and/or clean samples.31,32,34

NIR is ideally suited to interface with machine learning (ML)
classication algorithms, including multimodal methods, for
automated processing of spectroscopic data to provide in situ
detection and characterization of microplastics.26,32,34–36 Tech-
niques such as optimized feature selection in ML models have
enabled successful identication of MPs in complex matrices
like chicken feed and soil, even with minimal preprocessing.37,38

However, these methods primarily rely on controlled datasets,
making them less effective when applied to uctuating real-
world conditions. Interferent signals from the environment,
such as water and plant matter, oen dominate the eld of light
andmay obscure plastic-specic signals. While previous studies
focus on static conditions, there is a need to address the vari-
ability in interference-to-signal ratios. The present study intro-
duces a novel approach to address these challenges.

In this manuscript, we implement a robust ber-based NIR
geometry and ML classication approach designed towards
remote deployment in the environment. The training set
includes contaminants, which are essential to increase the
© 2025 The Author(s). Published by the Royal Society of Chemistry
accuracy of the classier. The contaminants are synthetically
combined withmicroplastic spectra at varying ratios to generate
a robust training set. This method of detection, spectral pro-
cessing, and augmenting classier algorithms produces 98+%
accuracy detecting nine common plastics, water, and plant-
matter on samples or in the eld of light that have been spec-
trally interfered with noise, water, and plant spectra. The
composition of particles as small as 500 mm have been
successfully measured. This approach creates practical solution
for microplastic in complex and uctuating environmental
matrices by data augmentation which is a commonly for
improving ML performance.25
2 Methods
2.1 Sample acquisition

Polyethylene terephthalate (PET), high-density polyethylene
(HDPE), low-density polyethylene (LDPE), polyvinyl chloride
(PVC), polypropylene (PP), polystyrene (PS), nylon (PA6), poly-
lactic acid (PLA), and rubber bands were collected in the resi-
dential areas of Austin, Texas and on the premises of University
of Texas at Austin. The collected plastics were identied using
resin identication codes, cross-validated against known
samples with NIR spectroscopy, and compared with literature
spectra.31,32,39,40 These plastics were washed with water and
stored under ambient conditions.

Additionally, acrylonitrile butadiene styrene (ABS) sheets
(1/1600), polyvinyl chloride (PVC) sheets (1/3200) and lms
RSC Sustainability, 2025, 3, 1886–1899 | 1887
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(0.01600), polystyrene (PS) sheets (1/3200), and neoprene rubber
sheets (1/6400) were purchased from McMaster-Carr.

Furthermore, plant-based materials such as cardboard and
white paper as well as plant materials like wood, bark, and dry
grass were collected from the University of Texas at Austin
premises. Both plant-based materials and plant materials were
categorized as ‘plant-based’ data, while all the collected rubber
bands and purchased neoprene rubber were categorized as
‘rubber’. All the samples were cut into small pieces in the size
Fig. 2 Schematic overview of the data generation and augmentation p
plastic spectra without interferents and interferent spectra from water
simulations. The augmented training set and testing set, include noisy sp
comprises spectra of plastics collected in the presence of water and/or

Fig. 3 Schematic of the notable peaks in the NIR region. Primary identify
first overtone and the CH bend (n(1)CH + dCH) as well as the CH stretch secon
The water spectral features are shown in blue, and the NH spectral feat

1888 | RSC Sustainability, 2025, 3, 1886–1899
range of 5 mm and below. The subsamples (microplastics and
rubber) were stored in labeled Eppendorf tubes to maintain the
provenance of each material.
2.2 NIR spectroscopy and processing

Near infrared spectra were measured using a custom-built
instrument in a reection and backscattering geometry
(Fig. 1). A ber-couple tungsten halogen lamp (Ocean Optics
rocess for near-infrared (NIR) spectra. The measured spectra include
and plant matter. Synthetic noise is added through Gaussian noise
ectra with and without interferents. The measured benchmarking set
plant matter, providing real-world validation for the model.

ing regions for the plastics are the combination band of the CH stretch
d overtone (n(1)CH). These and the aromatic CH bands are shown in green.
ures are shown in red.

© 2025 The Author(s). Published by the Royal Society of Chemistry

http://creativecommons.org/licenses/by-nc/3.0/
http://creativecommons.org/licenses/by-nc/3.0/
https://doi.org/10.1039/d4su00612g


Paper RSC Sustainability

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 2

7 
Fe

br
ua

r 
20

25
. D

ow
nl

oa
de

d 
on

 2
1.

06
.2

6 
04

:4
8:

52
. 

 T
hi

s 
ar

tic
le

 is
 li

ce
ns

ed
 u

nd
er

 a
 C

re
at

iv
e 

C
om

m
on

s 
A

ttr
ib

ut
io

n-
N

on
C

om
m

er
ci

al
 3

.0
 U

np
or

te
d 

L
ic

en
ce

.
View Article Online
HL-2000-LL-FHSA) was used for illumination. The light is
focused on the sample using a collimating lens (Ocean Optics
74-VIS). The beam waist was determined to have a full width at
half max of 900 mm. An identical collimating lens and ber optic
cable (Ocean Optics QP600-2-VIS-NIR) are used for collecting
the remitted light. The illumination and collection arms are
oriented at a 45° angle. The remittance geometry allows for the
collection of plastic spectra even when the plastic samples are
rough, angled, rounded, or poorly positioned because the
spectral data is typically carried via scattered light. The collected
signal is measured with an InGaAs-based spectrometer (Ocean
Optics NIRQUEST+1.7).

Samples were placed on a stone for data collection, with data
acquired from single particles of each sample. A stone was
chosen that had amatching NIR spectrum to that of sand. Using
a stone instead of sand allows for quicker sample positioning,
exchange, and reduces the risk of cross-contamination. Dark
and reference spectra were measured before the samples. The
absorbance, A, was calculated according to eqn (1), where
Rsample represents the intensity of the sample, Rreference is the
intensity of the stone, and Rdark is the output of the spectrom-
eter with the input aperture blocked.

A ¼ �log10
�

Rsample � Rdark

Rreference � Rdark

�
(1)

Second order polynomial tting was used for baseline
correction of the spectra. A Fourier lter was applied to remove
some diffractive noise. This process involves applying a half-life-
based exponential decay with a cut-on at ±0.5 ps in the Fourier
domain. The half-life of the exponential decay is 0.2 ps. i.e., the
signal at ±0.7 ps is reduced by half. The spectral acquisition
time was 100 ms.
Fig. 4 Averaged absorbance spectra of each category of material.
Frequency in cm−1 is on the x-axis and absorbance is on the y-axis. The
definition of each plastic is included in the Methods.
2.3 Augmentation and classication

NIR spectra of plastics and environmental interferent mate-
rials were collected. They were categorized as ABS, nylon, PET,
PE, PLA, PP, PS, PVC, rubber, plant-based, and water, as
described above. Water spectra were collected by measuring
a wetted stone, similar to a wet sand environment found on
a beach. A total of 119 plastic spectra were collected, 8 plant-
based spectra, 1 water spectrum, and 5 blank spectra. The
blank spectra were augmented with uncorrelated Gaussian
noise only.

Using the basis set of plastic and interferents (water and
plant) spectra, two larger training sets were generated in parallel
via data augmentation (Fig. 2). The plastic spectra were
combined with Gaussian noise at multiple signal-to-noise
levels. The ratio of the standard deviation of the noise to the
peak height of the signal was between 0 and 0.4. Aer adding
noise, one set of the spectrum was saved as is, while the second
set was created by combining the spectrum with water and/or
plant spectra at varying ratios from 0 to 4. In this way,
there are two training sets with identical basis sets and
noise, but that differ in the presence of interferent spectra. In
all, 48 000 × 2 spectra were generated for training the
© 2025 The Author(s). Published by the Royal Society of Chemistry
algorithms and 48 000 × 2 spectra were generated for testing.
An additional set of 48 000 × 2 spectra with Gaussian noise
ratios ranging from 0 to 2 was generated for further character-
ization of the models' performance at high noise levels.

This comprehensive dataset ensures robust training and
benchmarking, allowing the model to handle real-world spec-
tral challenges effectively.

A second order polynomial background was subtracted from
each spectrum. The polynomial was t to baseline points
between 7550 cm−1 to 7850 cm−1 and 9550 cm−1 to 10
500 cm−1. Each NIR spectrum was normalized to a maximum of
1 between the range of 6500 cm−1 to 9200 cm−1, which is the
region that contains the CH stretch rst overtone + CH bend
combination band (n(1)CH + dCH) and the CH stretch second
overtone band (n(2)CH), among other identifying features.33 The
wavelength information was discarded as each spectrum is
identical in this regard. The 512 points of the spectra were used
as predictor variables for classication. Each observation
(spectrum) was labeled with the material category. Classier
algorithms were trained inMATLAB R2023b. For both the noise-
only and noise-plus-interferent-augmented data sets, linear
discriminant (LDA), support vector machine (SVM), k-nearest
RSC Sustainability, 2025, 3, 1886–1899 | 1889
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neighbor (KNN), and neural network (NN) classier models
were trained.

2.4 Non-synthetic testing data

In addition to generated testing data, further testing spectra
were collected by measuring NIR spectra of plastics in the
presence of interferent sources. This was achieved by placing
plastic samples on top of or next to plant material to generate
mixed spectra. Additionally, some samples had water added to
the plant material, the stone, or on top of the plastic. In this
way, 59 spectra were collected to benchmark the trained
models. A photograph of one such sample is included in the
Section S1.†

3 Results and discussion
3.1 NIR spectra

The collected NIR spectra are characterized by a set of spectral
features which are overtones or combinations of fundamental
molecular vibrations (Fig. 3). Different plastics have identifying
Table 1 Classification performance of the top-performing models on te
without environmental interferent spectra. SVM3 is the cubic support ve

Algorithm
Ac
da

SVM3 99
SVM3 trained with interferent augmentation 99
WNN 99
WNN trained with interferent augmentation 99

Fig. 5 Confusion matrix of the cubic SVMmodel trained on spectral data
SVMmodel trained on spectral data augmented with both noise and inter
predicted class, while the y-axis represents the true class. True positives a
samples. False positives are shown as off-diagonal elements in a colum
negatives are represented by off-diagonal elements in a row, where a
interferent data during training in the model (B) significantly reduces mis

1890 | RSC Sustainability, 2025, 3, 1886–1899
spectra because the unique chemical composition for each
plastic contributes to the myriad of higher order combinations,
overtones, and Fermi resonances.33 However, the spectral bands
can generally be characterized by a handful of features. For
aliphatic hydrocarbons, the basis of many consumer plastics,
the CH stretch second overtone (n(2)CH) as well as the combination
band of the CH stretch rst overtone and the CH bending
fundamentals (n(1)CH + dCH) are well suited for classifying plastics
with specicity. Hydrocarbons with aromatic rings show the
aliphatic bands as well as narrower peaks which are blueshied
in the same regions. Plastics which contain NH groups show
rst-overtone stretching features (n(1)NH) in a slightly lower energy
region than the CH stretch–bend combination band. Finally,
OH groups present in water and carbohydrates (plant-material)
show broad rst overtone stretching features (n(1)OH) as well as
combination bands between the stretches and water
bending (n(1)OH + dHOH) in the case of water, or alcohol CO
stretches (n(1)OH + nCO) in the case of carbohydrates.

Fig. 4 contains averaged experimental spectra of each plastic
measured. Plastics containing aromatic rings in their polymer
st data that has been augmented with noise and augmented with and
ctor machine model and WNN is the wide neural network model

curacy on test
ta with noise only

Accuracy on test data
with noise and interferents

.8 52.3

.5 98.5

.6 53.3

.4 98.4

augmented with noise only. (Interferent-free model) (A), and the cubic
ferents (B) tested on the synthetic testing set. The x-axis represents the
re represented by the diagonal elements, indicating correctly classified
n, where a sample is incorrectly classified into a certain class. False
sample is incorrectly excluded from its true class. The inclusion of
classifications compared to the model (A).

© 2025 The Author(s). Published by the Royal Society of Chemistry
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structure are characterized primarily by their blueshied peaks
in the rst (n(1)ArH) and second (n(2)ArH) overtone region with respect
to the plastics lacking aromatic rings. The presence of both
aliphatic and aromatic CH in these plastics results in
a “doublet” in the second overtone region with highly unique
spacings and peak ratios. The aliphatic plastics in this study
tend to have more variance in the peak structure and more
small peaks in the overtone region as compared to the aromatic
polymers. One distinguishing feature of the nylon spectra is the
NH stretch overtone (n(1)NH), which is centered around 6500 cm−1.
Both water and plant/wood spectra are dominated by OH
contributions, distinguishable primarily in the lower-energy
portions of the spectral range. Even though there is an abun-
dance of CH and other aliphatic groups in polysaccharides,
these do not contribute strongly to the plant spectra. This may
be a combination of lower absorption strength as well as the
presence of water in wood and paper material.
Fig. 6 Two-dimensional histogram tiles illustrating the performance of
noise and interferents for polypropylene. Signal-to-noise ratios (SNR) are
accuracy is depicted by the color scale. White regions indicate areas witho
with frequency (cm−1) on the x-axis and absorbance on the y-axis. As SN
while higher ISR values reflect greater overlap of spectral features by tho

© 2025 The Author(s). Published by the Royal Society of Chemistry
3.2 Classication algorithms

The MATLAB 2023b classication learner was used to train
classication algorithms using the labeled training data set.
Algorithms were selected based on those which are common
and perform well in other classication studies.31,35,41,42 Many
variations of SVM, KNN, neural network, and discriminant
models were trained. The highest performing algorithms on the
training set were the cubic SVM (SVM3) and the wide neural
network (WNN). The wide neural network consisted of a single
fully connected layer with 100 nodes, a ReLU activation func-
tion, and was trained over 1000 iterations. The cubic SVM and
wide neural network were tested on two testing data sets, one of
which had water and plant added in. The accuracy of these
algorithms is summarized in Table 1.

The cubic support vector machine (SVM3) models and wide
neural network (WNN) models retain a high degree of accuracy
when transferring from the training to the testing data sets which
the cubic SVM model trained on spectral data augmented with both
shown on the y-axis, interferent-to-signal ratios (ISR) on the x-axis, and
ut data. A sample spectrum from each quadrant of the plot is included,
R decreases, spectral features become increasingly unclear by noise,
se of water and plant matter.

RSC Sustainability, 2025, 3, 1886–1899 | 1891
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are only augmented with Gaussian noise. The models trained on
interferent-augmented data have a slightly worse performance
when tested on spectral data augmented with noise only. The
interferent-free models are likely more optimized over this
feature space because their training sets have four times as many
interferent-free spectra as the models trained with interferent
augmentation. However, the models trained with interferent
augmentation exhibit minimal performance losses when trans-
ferring to an interferent-rich testing set, while the interferent-free
models experience a signicant drop-off. This accuracy reduction
is characterized by a sharp rise in the false-positive rate of plant-
based, water, and rubber classication (Fig. 5).

Plant-based and water false positives are rationally explained
by the lack of training data for the cubic SVM model that
includes plant-based and water interferents. Rubber false
Fig. 7 Two-dimensional histogram tiles showing the performance of the
and interferents for each plastic, with signal-to-noise ratios (SNR) on th
represented by the color scale. White regions have no data.

1892 | RSC Sustainability, 2025, 3, 1886–1899
positives are more surprising, considering the existence of
rubber as an equivalently sampled class in the training set. The
rubber basis spectra tend to have a slight upward curve in the
baseline towards the red region of the spectrum (Fig. 5). This
upward curve may mimic low levels of water or plant-based
spectra and be the source of the false positives.

While the confusion matrix gives an overall performance
metric, the true positive rate for each plastic depends on the
signal-to-noise ratio (SNR) as well as the presence and magni-
tude of interferent signals, hereaer quantied by the
interferent-to-signal ratio (ISR), which is the ratio of the
maximum intensity of the plant spectrum plus water spectrum
to the maximum intensity of the plastic sample spectrum. The
dependence of accuracy on SNR and ISR is shown via a two-
dimensional histogram tile plot. Fig. 6 is an annotated form
cubic SVMmodel trained on spectral data augmented with both noise
e y-axis, interferent-to-signal ratios (ISR) on the x-axis, and accuracy
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of this plot which identies four quadrants: high-SNR low-ISR,
high-SNR high-ISR, low-SNR low-ISR, and low-SNR high-ISR.

As expected, the algorithms trained with synthetic interfer-
ent data perform optimally at high SNR and low ISR, with the
worst performance at low SNR and high ISR. For the SVM3+I
model, the accuracy drop is minimal. The performance of the
SVM3+I algorithm for all plastics is shown in Fig. 7, which can
be compared to the SVM3 model in Fig. 8.

The algorithm cubic SVM model trained on spectral data
augmented with both noise and interferents generally shows
small accuracy drops at low SNR and high ISR. Some plastics lack
>50 SNR spectra due to the lack of these spectra in the basis set.

Fig. 7 also does not have ISR data greater than 1 for the water
and plant-based spectra. This is because water and plant-based
spectra are both used as interferents, so a spectrum that is 1
Fig. 8 Two-dimensional histogram tiles showing the performance of the
for each plastic, with signal-to-noise ratios (SNR) on the y-axis, interfere
color scale. White regions have no data.

© 2025 The Author(s). Published by the Royal Society of Chemistry
part nylon to 2 parts water should be classied as nylon, but
a spectrum that is 1 part plant to 2 parts water should be clas-
sied as water.

In contrast to the model trained on augmentation of inter-
ferent data, the model trained on augmentation of noise data
performs well only when the ISR is low. The exception to this
rule is the PET which maintains accuracy to a ISR of approxi-
mately 2. The rubber and PLA samples maintain accuracy
towards ISRs of approximately 1. Notably, both rubber and PET
have baselines that curve upward towards the red region of the
spectrum, which is similar to the effect caused by lower levels of
plant and water spectra. While the false positive rate for rubber
shown in Fig. 4 is attributed to this curve, the curving baseline
also appears to confer higher true positive rates for these
moderate ISR levels. The curved baselines may be due to
cubic SVM model trained on spectral data augmented with noise only
nt-to-signal ratios (ISR) on the x-axis, and accuracy represented by the
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spectral features or non-ideal baseline subtraction. However,
automated baseline subtraction of the plastic spectra is very
challenging to improve because the spectral regions that are not
overlapped by any plastic peaks are very narrow. It may not be
possible to improve upon polynomial subtraction without
a wider detector range or different baseline techniques. Some
prior approaches have used rst derivatives to reduce baseline
effects, but this can also confer greater noise sensitivity.32,39
3.3 Testing classication algorithms on measured sample
data

In this manuscript, authentic data refers to plastic spectra
collected in the presence of water and/or plant material, in
contrast to synthetic data, which is plastic spectra that has been
augmented with linear additions of plant and/or water spectra.
Testing the trained algorithms on synthetic data is useful in
characterizing the models and diagnosing their shortcomings,
but these models must also work on measured samples. It is
possible that environmental and plastic spectra may not line-
arly combine. Therefore, new spectra were collected with plastic
samples and the interferents. We considered the interferents as
both neighboring plant matter and water within the eld of view
of the spectrometer and as well as those adsorbed onto the
plastic surfaces. Neighboring plant matter and water in the eld
of light contribute to obvious spectral interference due to their
strong vibrational features. When plant matter or water is
adsorbed onto the plastic surface, the detection signal
Fig. 9 Confusionmatrix of the cubic SVMmodel trained on spectral data
SVMmodel trained on spectral data augmented with both noise and inter
predicted class, while the y-axis represents the true class. True positives a
samples. False positives are shown as off-diagonal elements in a colum
negatives are represented by off-diagonal elements in a row, where a sam
reduced misclassifications compared to the model (A).

1894 | RSC Sustainability, 2025, 3, 1886–1899
returning to the spectrometer can originate from both the
plastic and the interferent, thereby creating a signicant inter-
ference scenario. However, if the light becomes trapped within
the plant matter or water and does not reach the plastic, this
scenario will not be applicable, as no meaningful plastic-
specic signal will be returned. Similarly, if the plastic is posi-
tioned on top of plant matter or water and the light reaches both
materials, the resulting signal will contain features from the
interferents and the plastic. In such cases, plant- or water-
augmented plastic spectra will provide an equivalent repre-
sentation of the real scenario of interferents impacting micro-
plastic detection.

The cubic SVM models trained on spectral data augmented
with noise only and on noise and interferents were evaluated on
these authentic samples (Fig. 9).

The accuracy of the cubic SVMmodel trained on spectral data
augmented with noise only and cubic SVM model trained on
spectral data augmented with both noise and interferentsmodels
are 40.7% and 86.4%, respectively. This is a drop in performance
with respect to the synthetic testing data (Table 1), but the model
with interferent augmentation performs signicantly better than
the interferent-free model. The primary false positives for the
interferent-free model are water, plant-based, and rubber. This
matches the set of false positives from the synthetic testing set.
Interestingly, the model trained on interferents also suffers from
a small number (3) of rubber false positives. It is likely that the
water and plant levels are higher in some of the testing data than
they are in the training data. This may cause differences in
augmented with noise only. (Interferents-freemodel) (A), and the cubic
ferents (B) tested on the authentic testing set. The x-axis represents the
re represented by the diagonal elements, indicating correctly classified
n, where a sample is incorrectly classified into a certain class. False
ple is incorrectly excluded from its true class. The model (B) shows the

© 2025 The Author(s). Published by the Royal Society of Chemistry
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polynomial background subtraction which could result in the
rubber false positives. This may be further addressed by
increasing the plant and water levels in the training set.
3.4 Signal to noise ratio and particle size determination

To further characterize the model accuracy related to the SNR,
an additional pair of testing data sets were created with
augmented noise to signal ratios. This new testing set provides
more sample spectra at low SNR, which allows for statistics
about the accuracy of the algorithms in this regime. Fig. 10
shows the accuracy of the SVM3+I algorithm on the noisy
spectra with interferents over a range of SNRs.

Fig. 10 shows that the cubic SVM model trained on inter-
ferents has nearly perfect identication capabilities above an
Fig. 10 Accuracy of the cubic SVM model trained on interferents evaluat
across different signal-to-noise ratios (SNRs). Data is plotted as a line
histogram bin centers. Error bars are standard deviations determined by
each time. Gray dashed lines indicate the SNR at which the model is 50

© 2025 The Author(s). Published by the Royal Society of Chemistry
SNR of 7.5. The performance of the algorithm drops to 50% at
an SNR of around 4 for each plastic. Interestingly, the training
data had a maximum added noise level at an SNR of 2.5.
Therefore, this performance may be near the limit of possibility
for this set of samples. To get a better sense of the practical
implications of SNR on classifying plastics in the eld, the SNRs
of neat plastics of a range of particle sizes were determined.
Fig. 11 summarizes the correlation between SNR and particle
size with the described NIR instrument.

The SNR scaling displayed in Fig. 11 shows that many of the
plastic materials maintain very high SNR levels (>30) even at sizes
as low as 0.5 mm or less. The samples which tend to have lower
SNR are approaching an SNR of 10 at sizes of around 0.5 mm.
Based on the performance measurements in Fig. 10, this should
ed on noisy data with added interferents as the testing dataset, plotted
plot of histogram data with the horizontal axis representative of the
bootstrapping the accuracy estimates 100 times with 50% of the data
% accurate as determined via linear interpolation.
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Fig. 11 Variation of SNR with size for different plastic types. Each subplot represents a different plastic type, with SNR on the y-axis and size
in mm on the x-axis.
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correspond to accuracies of around 100% on most plastics for
0.5 mm particles, even with high levels of interferent signal.
4 Discussion

Despite the success, there are many possibilities for improve-
ment in performance. The neoprene rubber false positives
suggest a better baseline cleaning methodology may be neces-
sary, which could involve data collection at a wider spectral
range. Many prior studies have incorporated rst derivatives in
order to enhance differences and help remove baselines,
however these may introduce more sensitivity to low signal-to-
noise conditions.32,39 Signal-to-noise can be further improved
by reducing the spot size or using longer acquisitions, this
particularly when measuring smaller or dark-colored samples.
Given that integration times can be dynamically changed,
1896 | RSC Sustainability, 2025, 3, 1886–1899
adaptive-sampling methods can be further implemented to
produce spectra with uniform signal-to-noise ratios. In the
present work, the ∼1 mm spot size was designed to add
robustness for the possibility of eld use, where source and
detection optics can become partially misaligned.

If signal-to-noise can be improved by reducing the spot size
or using longer acquisitions, this would also help with smaller
or dark-colored samples.

In this study, black colored plastics were not considered due
to their strong absorption and low reectance properties. These
challenges have been discussed in recent studies, emphasizing
and exploring the need of innovative advanced vibrational
analysis.43,44

One other shortcoming in the present model is the lack of
categorization for mixed plastics. While not the focus of this
work, the data augmentation method described in this
© 2025 The Author(s). Published by the Royal Society of Chemistry
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manuscript is compatible withmachine learning techniques that
classify mixed plastics. Another possible avenue for improve-
ment in model transferability between synthetic and authentic
data could be augmentation techniques beyond linear combi-
nations of spectra. For FTIR, explainable machine learning
models have proven to be a superior augmentation method,
though not demonstrated in the context of environmental
contaminants.35 One additional shortcoming of infrared based
classication is the difficulty of collecting spectra of samples
submerged in water. Spectra of immersed plastics would likely
contain too much water contamination to be successfully clas-
sied. Furthermore, plants and water represent an important but
small subset of the many potential spectral contaminants, and
future models could also include the ability to detect or ignore
many other materials. For example, some plastic dyes and soil
materials can produce additional peaks in the NIR range. As
others have suggested, future classication algorithms should be
tested and trained on weathered plastics that may have chemical
changes or contaminants not explored in this work.32,34

Naturally, machine learning models need to be trained and
evaluated in an iterative approach, oscillating between exposing
model shortcomings with real-world data and rening the
algorithm to include the new information.
5 Conclusions

The detection of microplastics in the eld would be an impor-
tant component to developing future quantication standards.
Currently, microplastic surveys typically rely on sample trans-
portation and several processing steps. Achieving the goal of
mobile sensing requires plastic identication technology that is
cost-effective, compact in size, sensitive to different materials,
and can lter out common interferents with soware rather
than complicated and time-consuming physical processing of
samples. NIR spectroscopy has both compactness and sensi-
tivity, and machine learning completes the requirements by
conferring robustness to sample identication despite water
and plant environmental interferents. In this work, we
demonstrated that augmentation of a limited spectral basis set
with interferent spectra signicantly improves machine
learning performance on real-world data classication, going
from 40.7% accuracy to 86.4%.

Future work should focus on developing machine learning
models that incorporate a wider range of spectral interferences,
including dyes, soil materials, and other environmental
substances. Testing the current machine learning model with
datasets of weathered plastics is also essential for checking the
classication accuracy and robustness. Finally, achieving real-
time, in-eld plastic detection will require further optimiza-
tion of compact NIR spectroscopy systems and machine
learning algorithms to ensure high accuracy under diverse
environmental conditions. By addressing these challenges,
future advancements can direct the research toward more
effective environmental monitoring and plastic identication
technologies.
© 2025 The Author(s). Published by the Royal Society of Chemistry
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